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AcneCascade-SEM · acne pathogenesis
Faija · faijazamil1@gmail.com

1 · PROBLEM

what and why

Acne pathogenesis is described qualitatively as a cascade — C. acnes strain/sebum shift → dysbiosis → host immune

activation — but no model has actually inferred the causal ordering and cross-modal lag structure from real multi-omic

data. A 2024 Cell Host & Microbe study profiled 1,234 C. acnes isolate genomes with integrated genome, transcriptome,

and metabolome data, showing that skin disease state and body site shape strain-level genomic and functional differences

— but the analysis is cross-sectional and correlational. Existing causal-discovery methods (DYNOTEARS, Rhino)

assume a single modality and synchronized integer-lag sampling, which does not fit three asynchronous omic layers

propagating through skin at different rates. This project tests whether a cross-modal, lag-aware causal model can recover

the true cascade ordering from existing public data.

2 · APPROACH

model / method, and why this one

AcneCascade-SEM has three components: (1) per-modality encoders — lightweight autoencoders for strain-genomic

profile, metabolomic output, and host transcriptional signature into a shared latent space; (2) a modality-pair lag operator

using disease-severity stage as a validated pseudotime axis; (3) a sparse directed graph layer across modalities, with

acyclicity enforced only between modalities — not within — since feedback loops are biologically expected. This design

was chosen over naive correlation/mediation analysis because its output is directly falsifiable against known biology:

recovering the assumed clinical ordering validates the method; recovering a different ordering is a novel, reportable

finding.

3 · DATASET

source, size, preprocessing

Public data only — no new sequencing required. The Cell Host & Microbe multi-omic C. acnes dataset (1,234 isolates:

genome, transcriptome, metabolome; healthy/atopic dermatitis/acne-stratified), plus supplementary host-transcriptome

acne datasets on NCBI GEO.

4 · METRICS

how you’ll know it worked

how you’ll know it worked Whether the recovered causal ordering matches the clinically assumed cascade (validation) or

diverges from it (novel finding). Statistical comparison of the learned graph against a null/random graph baseline.

Robustness checks on the pseudotime substitution (e.g. varying severity-stage binning).

5 · COMPUTE

training time, memory, dependencies

Small-scale tabular/omic ML. Modest cloud GPU access for encoder training and hyperparameter sweeps (GPU-days to

GPU-week scale). Open-source stack: PyTorch, scikit-bio, causal-discovery libraries.

6 · DELIVERABLES
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model, paper, demo

· Cross-modal causal graph with reported ordering and confidence.

· Code for encoders, lag operator, and graph layer.

· Write-up comparing recovered cascade vs clinical assumption.

· Robustness analysis of the pseudotime-as-lag substitution.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Pseudotime substitution is a methodological compromise, not true longitudinal sampling.

Plan B: report the learned graph descriptively (difference from null) rather than claiming temporal causality outright.

Structural risk: the researcher does not code solo. Primary ask is a technical collaborator to implement encoders, lag

operator, and graph layer while the researcher leads scientific direction and write-up.
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CancerDyn
Satya Thavanesh Yalla

1 · PROBLEM

what and why

Most machine-learning approaches to cancer treatment response treat the problem as a static prediction task: given a

tumor’s molecular profile and a drug, predict whether the tumor will respond. However, tumors are dynamic systems

whose molecular states change over time and in response to treatment. This project proposes CancerDyn, a framework

that models treatment response as a continuous dynamical process rather than a single static prediction. The central

hypothesis is that biological interaction structure should not be treated as equally influen- tial in every tumor or treatment

context. CancerDyn therefore begins with a fixed, biologically grounded interaction graph and learns a context-dependent

effective interaction structure whose edge weights vary with the tumor’s molecular state and treatment. This structure

drives a treatment-conditioned dynamical model that predicts how the tumor state evolves over time. The framework will

additionally use an interpretable surrogate model to approximate the computationally expensive dynamics, allowing large

treatment spaces to be searched efficiently.

2 · APPROACH

model / method, and why this one

CancerDyn consists of four primary components. 1. Biological state encoder. Multi-omic measurements such as gene

expression, mutations, copy-number alterations, and other available molecular features will be compressed into a

patient/tumor state representa- tion. Multiple encoders will be evaluated, including a conventional MLP representation

and a graph-based representation. 2. Context-dependent effective interaction graph. A fixed biological interaction graph

will provide the structural prior. For each known interaction i → j, CancerDyn learns: ( ) wij (t, u) = gθ hi (t), hj (t), eij ,

u(t) where hi , hj are the current molecular states, eij represents the known biological interaction, and u(t) rep- resents

treatment. The model therefore does not claim that treatment creates or destroys physical molecular interactions. Instead,

it estimates how strongly an established interaction contributes to the modeled tumor dynamics in a particular context.

Edges absent from the biological prior cannot be created by the model, providing a biological constraint on the learned

structure. 3. Treatment-conditioned tumor dynamics. The resulting effective graph is used to evolve the tumor state: dz ( )

= fθ z(t), G(z, u), u(t) dt The primary implementation will use a Neural ODE, allowing the model to represent continuous

tumor- state trajectories under different treatment conditions. However, the framework will not assume that Neural ODEs

are inherently superior. A GRU-based discrete-time dynamical model and static models will be evaluated as predefined

alternatives. This allows us to determine whether continuous-time dynamics actually provide value rather than simply

assuming that they do. 4. Surrogate treatment optimizer. Neural ODE simulation can be computationally expensive when

evaluating many treatment schedules. CancerDyn will therefore generate simulated treatment trajectories and train an

XGBoost surrogate to approximate the expensive dynamical model. The surrogate can then rapidly evaluate large

numbers of candidate drugs, doses, treatment durations, and treatment sequences. The highest-performing candidates will

subsequently be re-evaluated using the original dynamical model rather than trusting the surrogate blindly.

Interpretability. SHAP will be incorporated at two levels. Graph-level attribution identifies which molecular features and

treatment variables contribute to context-dependent changes in effective interaction weights. Prediction-level attribution

identifies which features contribute to the final predicted treatment response. These explanations will be treated as

model-level attribution rather than evidence of biological causality. The thing to emphasize most in this proposal is not

“we use a Neural ODE.” It is: CancerDyn treats treatment response as movement through a context-dependent biological

dy- namical system. A fixed biological interaction prior constrains the model’s interaction space, while tumor state and
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treatment determine the effective influence of those interactions over time. An expensive dynamical simulator is

subsequently distilled into a fast surrogate for treatment-space exploration. That is the part that makes this a framework

rather than a model-comparison project. It is also deliberately distinct from the companion BioTopo work: BioTopo →
characterize biological topol- CancerDyn → model how tumor state ogy. evolves through that topology under in-

tervention. That distinction should stay absolutely central as the project is developed.

3 · DATASET

source, size, preprocessing

The project will use publicly available cancer datasets containing molecular profiles and perturbational

treatment-response information. The initial dataset audit will prioritize resources containing combinations of gene

expression, mutations, copy-number alterations, cancer-cell identity, drug perturbations, drug sen- sitivity/response, and

time-dependent or repeated measurements where available. Potential sources include DepMap, GDSC, TCGA/CPTAC,

and compatible perturbational datasets. The exact dataset combination will be finalized only after verifying that the

available measurements contain sufficient temporal or perturbational information to justify a dynamical model.

Preprocessing will include gene identifier harmonization, molecular feature normalization, missing-value handling, drug

identity/dose normalization, construction of the biological interaction prior, alignment of molecular and

treatment-response measurements, and removal of duplicated or incompatible measure- ments. A major requirement will

be leakage-resistant splitting. Evaluation will include held-out cancer models, treatments, and/or cancer types where the

available data permit.

4 · METRICS

how you’ll know it worked

CancerDyn will be evaluated at several levels rather than using a single prediction metric. A. Static prediction. Compare

XGBoost, MLP, and GNN using RMSE, MAE, R2 , and Spearman corre- lation. B. Dynamic prediction. Compare a static

model, GNN + GRU, and GNN + Neural ODE using trajectory MAE, trajectory RMSE, endpoint prediction error, and

correlation of predicted vs. observed trajectories. The primary question is: does explicitly modeling tumor dynamics

improve prediction of future treatment response? C. Context-dependent graph. Compare Gfixed against G(z, u) to

determine whether treatment- and state- dependent effective interactions improve held-out prediction. Additional analysis

will measure stabil- ity of learned edge weights, sparsity, reproducibility across seeds, and enrichment of important

learned edges/pathways against independent biological evidence. D. Surrogate performance. The XGBoost surrogate will

be compared directly with the Neural ODE using MAE, RMSE, R2 , treatment-ranking correlation, and top-k treatment

agreement. The surrogate’s computational advantage will also be measured: Neural ODE inference time Speedup =

Surrogate inference time E. Treatment optimization. The final experiment will compare random search vs.

surrogate-guided search vs. direct dynamical-model search where computationally feasible. The primary outcome will be

whether the surrogate can identify high-performing treatment strategies while substantially reducing computational cost.

5 · COMPUTE

training time, memory, dependencies

The project is intentionally designed to be substantially more computationally demanding than a conven- tional tabular

cancer ML project. Expected software: Python 3.10+, PyTorch, PyTorch Geometric, SciPy, XGBoost, scikit-learn,

SHAP, pandas / NumPy, Matplotlib, and experiment tracking through MLflow or an equivalent lightweight system. The

most computationally expensive components will be graph representation learning, Neural ODE train- ing, repeated ODE

trajectory simulation, multiple random seeds, architecture ablations, treatment-scenario generation, and surrogate

training. The project will ideally use GPU compute for the main experiments, while preprocessing, XGBoost, and many

ablation analyses can remain CPU-based. Every experiment will record random seed, dataset version, model

configuration, hyperparameters, train- ing time, inference time, hardware, and evaluation metrics, following the proposal
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format’s emphasis on recording reproducible configurations and computational requirements.

6 · DELIVERABLES

model, paper, demo

1. CancerDyn framework. A reproducible implementation containing biological graph construction, context-dependent

graph transformation, tumor-state encoder, treatment-conditioned dynamics, Neural ODE implementation, alternative

GRU dynamics, XGBoost surrogate, treatment-search module, and SHAP explainability layer. 2. Experimental model

suite. A complete ablation hierarchy establishing which components actually contribute to the framework: XGBoost ↓
MLP ↓ GNN ↓ GNN + GRU ↓ GNN + Neural ODE ↓ GNN + Context-Dependent Neural ODE ↓ CancerDyn +

XGBoost surrogate 3. Context-aware interaction analysis. Visualizations showing the baseline biological graph, the

context- dependent effective graph, treatment-specific changes, important molecular drivers, and SHAP explana- tions. 4.

Treatment optimization demonstration. A computational demonstration in which CancerDyn searches a large treatment

space and verifies the highest-ranked candidates using the original dynamical model. 5. Research paper. The final paper

will document framework design, biological motivation, datasets, model architecture, ablation experiments, dynamic

prediction results, context-dependent graph analysis, surrogate validation, treatment optimization, explainability, and

failure cases and limitations.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Plan B Neural ODE does not outperform Determine whether the available data contain

enough static models temporal information; retain the best validated archi- tecture rather than forcing the ODE GRU

outperforms Neural ODE Retain GRU as the dynamical component and inves- tigate whether continuous-time modeling

provides value only under irregular sampling GNN does not outperform MLP Test alternative biologically grounded

graphs; if graph structure remains unhelpful, remove the graph compo- nent Context-dependent graph does not Compare

fixed vs. context-aware structures and deter- improve prediction mine whether context-dependent weighting provides

measurable value Learned graph becomes unstable Increase sparsity/regularization and constrain the model more strongly

to the biological prior Surrogate poorly approximates Compare XGBoost with MLP/Random Forest; if ap- Neural ODE

proximation remains inadequate, omit surrogate opti- mization Treatment optimization produces Use the Neural ODE as

the final verification model unstable recommendations and evaluate robustness across perturbations Longitudinal data are

insufficient Reframe the dynamical component around perturba- tional response rather than claiming continuous tumor

evolution Results do not outperform existing Analyze which components fail and report the condi- methods tions under

which the framework succeeds rather than tuning until it wins This failure-first design is deliberate. Negative results are

treated as scientifically useful rather than as- suming the proposed method must win.
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CC-FNO-E · fluid dynamics
AI Research Collaborative (Group)

1 · PROBLEM

what and why

Neural operators have emerged as highly efficient surrogates for partial differential equation (PDE) solvers. However,

their accuracy degrades sharply when they are evaluated outside the training distribution of physical parameters. In fluid

dynamics, achieving out-of-distribution (OOD) generalization across different Reynolds number regimes in 2D

incompressible Navier-Stokes equations remains a core challenge. Existing standard Fourier Neural Operators (FNOS)

fail to respect fundamental physics, leading to severe error accumulation and instability when transitioning between

laminar and turbulent flows. This project tests whether enforcing hard conservation constraints and physical consistency

can yield near-regime-invariant accuracy and stable autoregressive rollouts without requiring target-regime training

labels.

2 · APPROACH

model / method, and why this one

We are building CC-FNO-E and its variant CC-FNO-E-PF, which introduce hard conservation constraints into the

Fourier Neural Operator architecture: 1. Leray Projection Layer: Enforces divergence-free velocity fields at every spectral

layer of the network. 2. Dissipation-Aware Scaling Constraint: Bounds kinetic energy at the output to act as an amplitude

regularizer. 3. Pushforward Training (CC-FNO-E-PF): Combines conservation constraints with multi-step pushforward

training to drastically close the accuracy-stability Pareto gap during long rollouts. This stack is selected over a standard

FNO because the energy constraint provides excellent long-term stability, while the combination of both constraints

yields the best overall per-step accuracy.

3 · DATASET

source, size, preprocessing

The datasets consist of numerical simulations of 2D incompressible Navier-Stokes equations across varying fluid

regimes: Regime Category Corpus / Configuration Size / Properties Role In-Distribution 2D Navier-Stokes Simulation

Data (Re ~50 GB Used strictly for training the base (Train) ∈ {500, 1000}) operators. Out-of-Distribution Laminar OOD

Evaluation (Re = 100) Tabular / Mesh Downstream evaluation of zero-shot (Eval) Tensor transfer accuracy.

Out-of-Distribution Turbulent OOD Evaluation (Re = Tabular / Mesh Downstream evaluation of zero-shot (Eval) 2000)

Tensor stability. Preprocessing • Grids are downsampled to a uniform spectral mesh size (e.g., 64 × 64 or 128 × 128). •

Data is stored as memory-mapped tensors for optimized data-parallel loading. • Total on-disk footprint is estimated

around 120 GB, well within standard storage limits.

4 · METRICS

how you’ll know it worked

Experiment Type Primary Metric Target / Interpretation OOD Regime Accuracy Single-step relative L2 error across all

Reynolds Measures generalization across unseen fluid numbers regimes Long-term Rollout Percentage drift over

100-step rollouts Enforces non-divergent physical bounds over Stability time Autoregressive Horizon Maximum rollout

horizon achieved while Targeting 90-95 steps before error breaks maintaining stability physics bounds Statistical

Significance Wilcoxon signed-rank test (p = 0.031) Evaluated over 5 random seeds to guarantee consistency
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5 · COMPUTE

training time, memory, dependencies

Estimates are based on initial single-GPU benchmarks running standard FNO blocks with custom projection layers,

scaled up to a multi-GPU AMD node configuration. Estimated Wall- Phase Hardware Notes / Details Clock Phase 1:

CC-FNO-E Base 4x AMD Instinct ~2 days Training across Re ∈ {500, 1000} with mixed- Training MI300X precision

Phase 2: Pushforward Fine- 4x AMD Instinct ~2 days Multi-step lookahead backpropagation to close tuning

(CC-FNO-E-PF) MI300X the stability gap Phase 3: OOD Sweeps & 2x AMD Instinct ~2 days Sweeping 10 model

variants over 5 random Ablations MI300X seeds across 4 Reynolds numbers Dependencies & Memory Allocation •

PyTorch + ROCm Toolkit compatibility framework. • torchharmonic or custom FFT-based spectral layers. • Custom

Leray projection and dissipation scaling modules implemented in pure PyTorch for high portability.

6 · DELIVERABLES

model, paper, demo

1. Model Checkpoints: Converged weights for both CC-FNO-E and CC-FNO-E-PF variants. 2. Benchmark Headline

Table: Relative L2 error comparison showing a reduction from the standard FNO error (0.039–0.105) down to the target

conservation-constrained error (0.013–0.019). 3. Ablation Analysis: Clear data separating the distinct impacts of the

energy constraint (amplitude regularization) versus the Leray projection. 4. Conference Draft: A fully compiled

manuscript formatted for the International Conference on Machine Learning (ICML).

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation Pushforward training instability Medium Fall back to

incremental horizon scheduling (start with 2- step lookahead, scale up to 5+ steps dynamically). High computational

overhead from spectral Low- Optimize via inline execution; if needed, compute Leray projections Medium projections

every N blocks rather than at every single layer. Energy constraint acts strictly as a dampener Medium Calibrate the

dissipation-aware scaling factor using a rather than preserving true forcing dynamics small validation sweep to ensure

fluid structures remain sharp.
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Cell2Circuit
Ethan Wang

1 · PROBLEM

what and why

Learned graph generators like DiGress (Vignac et al., ICLR 2023) and DeFoG (Qin et al., ICML 2025) are increasingly

applied to connectome completion and wiring-rule inference, yet no published benchmark includes the configuration

model (Molloy and Reed, 1995) as a structural null. This null matches the test graph’s exact degree sequence while

randomizing all other structure, and has been standard in connectomics since Song et al. (2005). Our preliminary audit on

MICrONS shows the configuration model Pareto-dominates every learned generator on marginal-summary axes

(reachability, motifs), but the verdict flips on classifier and topological metrics. We need larger-scale experiments to

confirm this finding, extend it to a second connectome (FlyWire), and test whether degree-conditioned generation can lift

the Pareto front.

2 · APPROACH

model / method, and why this one

We run a Pareto-front audit comparing structural baselines (configuration model, uniform+Sinkhorn) against learned

graph generators (DiGress, DeFoG, autoregressive models) on two connectomes: MICrONS Phase-1 L2/3 (505 neurons,

density 0.022) and FlyWire whole-brain (139,255 neurons, density 0.001, Dorkenwald et al., Nature 2024). Evaluation

uses held-out 100-node (MICrONS) and 500-node (FlyWire) subgraphs with cluster-bootstrap CIs and

Benjamini-Hochberg FDR at q = 0.05. The audit reveals that the bottleneck in sparse connectome generation is degree

prediction, not learned edge scoring. RandomForest degree prediction cuts reachability L1 by 54% versus ridge (p <

10^-15), and Sinkhorn post-hoc degree projection destroys 92-100% of the learned model’s top-E edge rankings. We

propose a degree-conditioned DiGress variant that feeds predicted degree sequences directly into the generative process

rather than correcting post-hoc, aiming to lift the Pareto front above the structural-null ceiling on all metric axes

simultaneously. We also replace the undirected persistent homology (gudhi, symmetrized adjacency) with directed

persistent homology via flagser (Luetgehetmann et al., Algorithms 2020), which preserves edge directionality. This is

methodologically necessary for a paper about directed graph generation on directed connectomes.

3 · DATASET

source, size, preprocessing

Dataset Source Size Use MICrONS Phase-1 L2/3 Bae et al., Nature 2024 505 neurons, density 0.022 Primary audit

substrate. 200 subgraphs (150 train, 50 test) at N=100. FlyWire whole-brain Dorkenwald et al., Nature 2024 139,255

neurons, density 0.001 Cross-substrate replication. 200 subgraphs at N=500 (adaptive cylindric Preprocessing •

MICrONS adjacency binarized (edge if synapse count > 0). Neurotransmitter type and soma XYZ coordinates as

8-dimensional node features for degree predictors. • FlyWire: 5-dimensional neurotransmitter vectors (GABA, GLUT,

ACH, SER, non-neuronal) plus soma XYZ coordinates. Subgraph extraction via adaptive cylinder radius binary search

targeting 480-520 neurons per sample. • On-disk footprint: roughly 2 GB (adjacency + features). Well under a 1 TB

scratch budget.

4 · METRICS

how you’ll know it worked
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Experiment Metric Target / Interpretation Pareto-front audit 3-hop reachability L1, 13-triad motif L1, Configuration

PolyGraph model Discrepancy, dominatesreciprocity learned error generators on marginal-summary a (MICrONS +

FlyWire) Directed persistent Bottleneck + Wasserstein-1 distance Determines (flagser H0/H1) whether undirected PH

was masking a deficit or the learned-pip homology Degree-conditioned Same metric suite + Sinkhorn information

Degree-conditioned retention (MI model between matches learned config scoremodel and on output) marginals AND

beats generation Cross-scale validation Dominance gap (config vs. best learned) Identifies as if/where function of N

learned models gain advantage at larger scales (N=50 to 500)

5 · COMPUTE

training time, memory, dependencies

Most experiments are CPU-bound (graph statistics, persistent homology). GPU compute is needed only for

DiGress/DeFoG training and the degree-conditioned variant. Estimates are from measured single-run timings on existing

infrastructure. Phase Hardware Est. Wall-Clock Notes FlyWire N=500 extraction CPU only ~4 hours Subgraph extraction

+ RF/ridge/KNN training on 150 subsets + degree prediction Directed PH CPU only ~6 hours pyflagser on 50 test subsets

per pipeline config. No GPU needed. (flagser + PRH) Degree-conditioned DiGress 1x MI300X ~2 days 12 H100-hours

equivalent. DiGress 30K steps + DeFoG variant. + DeFoG variant training Additional baselines 1x MI300X ~1 day 8

H100-hours equivalent. Adaptation for directed graphs. (GraphRNN, GRAN, NetGAN) Cross-scale validation 1x

MI300X ~3 days 33 H100-hours equivalent. DiGress/SparseDiff at 5 scales. (N=50 to 500) Total 1x MI300X ~7 days

within ~53 H100-hours equivalent. Remainder for reruns. 2-week window Software Dependencies • Python 3.10+,

PyTorch 2.x with ROCm backend. • pyflagser (or giotto-tda FlagserPersistence) for directed persistent homology. •

PyTorch Geometric for graph neural network baselines (GraphRNN, GRAN). • No CUDA-only kernels. DiGress and

DeFoG implementations use standard PyTorch operations.

6 · DELIVERABLES

model, paper, demo

configuration-model dominance is substrate-general. • Directed PH comparison: bottleneck distances under flagser vs.

gudhi-symmetrized, quantifying the information loss from symmetrization. • Degree-conditioned generation results:

Sinkhorn information retention and full metric suite showing whether conditioning lifts the Pareto front above the

structural-null ceiling. • Cross-scale validation plot: dominance gap vs. subgraph size (N=50 to 500), identifying where

learned models gain advantage.

· Cross-substrate Pareto-front table: MICrONS and FlyWire results on the same metric axes, confirming (or refuting)

that

· An AAAI-27 main-conference paper draft with all tables and figures generated from JSON result files.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation FlyWire N=500 subgraphs still too sparse Medium for motif

discrimination Also extract N=200 and N=300 subsets to identify the sparsity threshold. If N=500 is insu

Degree-conditioned model collapses toMedium configuration model Monitor(ignores mutual learned information

edgebetween scores) learned score and output throughout training. If MI d GraphRNN/GRAN directed adaptation

Medium introduces bugs Validate generated graphs have correct node count and reasonable density. Compare ag DiGress

OOMs at N=500 (cross-scale High experiment) Use SparseDiff (Chen et al., 2023) for N >= 300. If SparseDiff

unavailable, cap scale swe Wall-clock overrun on MI300X Low Experiments prioritized: FlyWire + directed PH first

(cheap), then degree-conditioned (cri
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Certified LoRA merge screening
Sushaan Kandukoori, Aarit Atreja, Avaneesh Parvathareddy, Devom Brahmbhatt

1 · PROBLEM

what and why

Merging several LoRA adapters trained on the same base model usually means validating every candidate combination

on held-out data, which gets expensive fast once a library has more than a handful of adapters. We built a screen that

answers the cheaper question first: which subsets are even worth validating? It uses convex geometry to score each subset

and returns a certificate, so the answer is checkable rather than a black-box guess. The work left is to confirm, by direct

measurement instead of extrapolation, that the screen’s scaling and its practical payoff hold up on real libraries.

2 · APPROACH

model / method, and why this one

Each task gets a quadratic surrogate of its retained loss over a shared space of merge coefficients, and we score a subset

by its worst-case deficit, which is a convex minimax. That score carries a primal-dual certificate from Sion’s theorem and

a Helly-type bound: only a few tasks (d+1 of them, dropping to r+1 when the task Hessians share a low effective rank)

can decide whether a subset is feasible. We picked convex geometry over a learned predictor for two reasons. It needs no

per-library training data, so it works on a brand-new library where a gradient-boosted baseline has nothing to learn from,

and it returns a certificate you can check instead of a bare number. The theory and most of the experiments are already

done and written up. This grant funds the GPU runs that turn three claims from “extrapolated” into “measured.”

3 · DATASET

source, size, preprocessing

We use public LoRA adapters from Hugging Face that sit on shared base models, restricted to Apache-2.0 and

MIT-compatible licenses, with no redistribution of weights. The main panel is a 50-adapter Qwen2.5-0.5B library with

4,000 merge events already evaluated, plus five smaller panels on TinyLlama, Mistral-7B, Phi-2, and two Pythia sizes.

For the downstream experiment we assemble a mixed-task library from adapters we already have configs for (math, SQL,

physics, Docker help, and a few others) and test on each task’s held-out set, with a slice of GSM8K for the math axis.

Preprocessing is light. We fit the quadratic surrogates from a small set of calibration prompts, project any indefinite

Hessians onto the PSD cone, and solve the certificate.

4 · METRICS

how you’ll know it worked

We judge the screen the way the paper already does and add the metric specific to each new run.

leave-one-adapter-out confidence intervals. • Compression: the measured effective rank r and the realized core-table

reduction at m=50, compared against the roughly 108× figure we currently extrapolate. • Projection ablation: AUROC

under the projected score, the un-projected jet, and their midpoint, on the events where projection actually fires. •

Downstream retention: held-out task accuracy, including GSM8K accuracy, for merges the screen picks versus merges a

cosine or random baseline picks at the same size. • Cost: GPU-hours saved at a fixed recall and precision operating point.

· Screening quality: AUROC and AUPRC against held-out feasibility, per merge operator, with clustered and
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5 · COMPUTE

training time, memory, dependencies

The base models are small. The headline work runs on Qwen2.5-0.5B in 4-bit, under 2 GB, so memory is never the limit

and throughput is what matters. Anchored to the paper’s own cost model of about 30 seconds per merged-model

evaluation on an MI300X, the AMD estimates are:

fact that merges are linear in the coefficients. • Projection ablation: 10 to 33 MI300X-hours. • Downstream retention: 3 to

8 MI300X-hours. That comes to roughly 20 to 50 GPU-hours, which fits inside a single 8-GPU MI300X node over a

couple of days. The stack is ROCm with PyTorch and PEFT, plus our own screening code. Since the model is this small,

an MI210, an MI250, or even a consumer Radeon would run all of it; the bigger cards only buy back wall-clock.

· m=50 compression: 3 to 12 MI300X-hours, closer to 1 to 3 hours of wall-clock once we batch the evaluations and use

the

6 · DELIVERABLES

model, paper, demo

By the end of two weeks we expect:

result showing that screen-picked merges keep their tasks better than baseline- picked merges of the same size, math

included. • Released code, the per-query certificate tables, and the manifests, so the numbers reproduce. If those land

early, the stretch goal is a small demo that takes a fresh adapter library and returns a ranked, certified shortlist of merges

worth validating.

· A revised paper, ready for TMLR, with the three extrapolated claims replaced by measured ones. • A first

downstream

7 · RISK

what breaks first, and plan B

what breaks first, and plan B The thing most likely to disappoint is the downstream result, because a merge the screen

greenlights could still lose accuracy on a real benchmark. We have two guards. We frame the experiment as retention

under selection, which is the job the screen is built for and which its current AUROC of 0.76 to 0.89 already predicts it

can do, rather than as a claim that merging adds new capability (that version was tested before and came back negative,

for good reason). We also check the sign on a small library before committing the full budget, so a flat result costs a few

hours instead of the grant. The second risk is that the effective rank grows at m=50 and the compression looks weaker

than the extrapolation. If that happens it is still a real measurement worth reporting, since it marks where the amortization

actually helps, and the screening and certificate results hold up on their own. The last risk is setup friction with ROCm or

GPU access. The model is small enough to run on almost any AMD card, so the fallback is slower hardware, which costs

wall-clock and nothing else.
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CLD-Trans · biosignals
Ankur

1 · PROBLEM

what and why

Existing biosignal foundation models (BIOT, BENDR, NeuroLM, ECG-FM) treat EEG/ECG channels as either

independent or coupled by a static attention pattern, even though clinicians know that propagate through the body in

continuous time — seizures spread from a focal lead to its neighbors over hundreds of milliseconds, and ECG

depolarization reaches V6 a few milliseconds after V1. Existing causal-discovery methods (DYNOTEARS, Rhino)

recover lagged graphs but assume integer-sample lags and acyclic dependencies, which is biologically wrong. I want to

test whether a model built around continuous-valued, possibly cyclic propagation lags can recover clinically meaningful

structure (e.g. seizure focal leads) with no task labels.

2 · APPROACH

model / method, and why this one

I am building CLD-Trans, which combines three components under a single non-Gaussian Lagged-Delay Structural

Equation Model (LD-SEM) objective: 1. A Motif VQ-VAE that tokenizes raw waveforms into a 512-entry codebook of

physiological primitives (spike-wave, QRS, K-complex, etc.). 2. A differentiable fractional-lag operator (FFT phase shift,

modules/fractional_delay.py ) that learns sub-sample per-channel-pair delays tau_ij in the range 0 to tau_max. 3. A

graph-conditioned Neural ODE that integrates latent state through the inferred time-varying adjacency A(t). I picked this

stack over a plain Transformer FM because the lag operator gives me an interpretable, identifiability-friendly target —

the closest thing in the literature is Rhino, but Rhino assumes integer lags and acyclic graphs, neither of which holds for

EEG/ECG. The LD-SEM objective is also the same object I want to use in the identifiability theorem on the theory side,

so method and theory share one optimization target.

3 · DATASET

source, size, preprocessing

All datasets are public and pulled from PhysioNet open-data S3 buckets via scripts/download_datasets_aws.sh. No DUA,

no PHI handling. Pretraining (no labels used): Corpus Source Raw size Notes s3://physionet-open/mimic-iv- approx 90

approx 800k 12-lead, 10 s, 500 Hz MIMIC-IV-ECG v1.0 ecg/1.0/ GB ECGs EEG Motor Movement/Imagery

s3://physionet- approx 3 GB 109 subjects, 64-ch, 160 Hz (EEGMMIDB) open/eegmmidb/1.0.0/ Downstream evaluation:

Dataset Source Raw size Use approx 40 Zero-shot focal-lead localization (headline) + few- CHB-MIT PhysioNet GB

shot PTB-XL PhysioNet approx 3 GB Few-shot 5-superclass arrhythmia Sleep-EDF PhysioNet approx 8 GB Few-shot

5-stage sleep scoring Preprocessing: Resample to a per-modality common rate (160 Hz for EEG, 500 Hz for ECG).

Bandpass filter (0.5–40 Hz EEG, 0.05–150 Hz ECG), z-score per channel. Cache fixed-length windows as

memory-mapped .npy shards for fast data-parallel loading. Realistic on-disk footprint: approx 145 GB raw + roughly the

same again for the .npy window cache, so I plan for approx 300 to 400 GB of scratch , well under a 1 TB budget. (My

earlier 4 to 5 TB estimate was wrong; corrected here.)

4 · METRICS

how you’ll know it worked



EXEA LABS  ·  MEMBER PROPOSAL 2

Experiment Metric Zero-shot focal-lead localization (CHB-MIT, top-1 / top-3 / top-5 accuracy of argmin over i of (sum

over j of tau_ij) vs. clinician headline ) annotation Few-shot CHB-MIT seizure detection AUROC, AUPRC at 1 percent /

10 percent / 100 percent label budgets Few-shot PTB-XL arrhythmia macro-AUROC over 5 superclasses Experiment

Metric Few-shot Sleep-EDF macro-F1 and Cohen’s kappa over 5 stages Synthetic LD-SEM identifiability tau recovery

MAE, edge-support F1 vs. ground truth Ablations (no-VQ, no-lag, integer-lag, no-ODE) Same primary metric per

dataset, 5-seed mean plus or minus 95 percent CI Seeds: 42, 123, 7, 0, 256 .

5 · COMPUTE

training time, memory, dependencies

Estimates below are scaled from a measured single-GPU smoke run ( python main.py mode=stage1 train.max_steps=1 )

on a development GPU. I have not run on MI300X yet, so I have padded the wall-clock by about 25 percent. Phase

Hardware Estimated wall-clock Stage 1 — Motif VQ-VAE + LD-SEM pretraining (bf16, DDP across 8 GPUs, 8x

MI300X approx 3 to 4 days eff. batch 256, approx 7.7k steps/epoch, approx 60 epochs) Stage 2 — Graph-ODE fine-tune

8x MI300X approx 1 day 1 to 2 Downstream eval (3 datasets x 3 budgets x 5 seeds) MI300X approx 1.5 days aggregate

per run 1 to 8 Ablations + synthetic identifiability sweeps approx 2 days MI300X 8x MI300X approx 8 to 10 wall-clock

days inside a 2- Total node week window, with buffer for re-runs GPU memory: the largest activation tensor is the dense

C-by-C-by-T lag tensor for 64-channel EEG plus the ODE adjoint state. On a single 192 GB MI300X this should fit

without activation checkpointing; on an 80 GB H100 it would force checkpointing or tensor parallelism. That is the main

reason I am asking for MI300X specifically rather than just "any 8-GPU node". Storage: approx 400 GB scratch (datasets

+ .npy cache + checkpoints). Software / dependencies: ROCm 6.x + the official PyTorch ROCm wheel. pip install -r

requirements.txt (stock PyTorch, torchdiffeq , numpy , scipy , mne , wfdb , hydra-core ). AWS CLI for the one-time

PhysioNet download. No CUDA-only kernels (no flash-attn v2, no xformers , no custom Triton CUDA kernels). FFT lag

op is plain torch.fft . No Docker required; pure Python venv . Bring-up is one command: bash

scripts/server_master_run.sh --download public --smoke-only .

6 · DELIVERABLES

model, paper, demo

By the end of the two-week window I aim (not guarantee) to have: 1. A trained Stage-1 motif VQ-VAE checkpoint on

EEGMMIDB + MIMIC-IV-ECG, plus the trained Graph-ODE on top. 2. Headline experiment table: zero-shot focal-lead

localization on CHB-MIT vs. BIOT, BENDR, EEG-GCNN, DYNOTEARS, Rhino baselines. 3. Few-shot transfer

numbers on CHB-MIT, PTB-XL, Sleep-EDF at 1 % / 10 % / 100 % label budgets. 4. Synthetic LD-SEM identifiability

table (tau recovery error and edge-support F1 with and without the non-Gaussianity assumption). 5. A NeurIPS-format

draft with plots and tables generated end-to-end by scripts/make_figures.sh , plus per-seed JSON metrics in results/ and

logs in logs/ . 6. The full repo remains MIT-licensed and public, with an MI300X / ROCm-specific section in the

README and the reproducibility statement. I am intentionally not promising "SOTA on every benchmark" — the goal is

a clean, reproducible test of the identifiability + zero-shot focal-lead hypothesis, with the few-shot numbers as supporting

evidence.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation Stage-1 pretraining doesn’t Early-stop on validation

reconstruction; the headline experiments only need a converge in 60 epochs on the Medium converged motif codebook,

not a fully converged loss curve. Can also subset MIMIC- larger MIMIC-IV-ECG corpus IV-ECG to approx 200k

recordings without changing the story. ROCm-specific PyTorch op gap The lag op and ODE solver are isolated behind

two modules with unit tests; CPU (e.g. torch.fft edge case, Medium fallback exists for the FFT operator, and I can swap

dopri5 for rk4 if the adjoint torchdiffeq adjoint quirk) misbehaves on ROCm. Risk Likelihood Mitigation Fallback:
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empirical lag-recovery on synthetic LD-SEM + zero-shot CHB-MIT result still Identifiability theorem doesn’t go

Medium- stand on their own as an empirical paper. The theory becomes "supporting" rather than through cleanly in time

high headline. Fall back to a self-supervised framing: pretrain + lag-only readout with light fine-tuning Zero-shot

focal-lead result is weak Medium on a few seizure subjects. Still novel relative to BIOT/BENDR. Wall-clock overrun on

the MI300X Low- Stage-1 schedule has a train.max_steps cap; can drop to 3 seeds instead of 5 and node medium skip the

100 percent label condition without losing the core claims. Dataset download stalls from Download script supports --only

<dataset> for retries; CHB-MIT and EEGMMIDB are Low PhysioNet S3 small enough to re-fetch quickly. I will check

in at the 1-week mark with intermediate Stage-1 numbers so we can decide together whether to push for the full 2-week

plan or trim scope.
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Conflict · ablation-choice audit
Ethan Wang

1 · PROBLEM

what and why

Mechanistic interpretability validates neural circuits by ablating non-circuit components and measuring performance

recovery. The choice between ablation methods (zero, mean, resampling) is rarely justified, yet Miller et al. (COLM

2024) showed faithfulness metrics are sensitive to this choice. Using the MIB benchmark (Mueller et al., ICML 2025), we

found ablation type flips the verdict on half the grid: mean ablation rejects 33% of 143 claims, zero ablation rejects 83%,

a 50-percentage-point gap. We identified LayerNorm saturation as the mechanism (r = 0.876) on GPT-2, but extending

this to other architectures (RMSNorm in Llama and Gemma) and completing the SAE feature-circuit selectivity

contribution requires additional compute.

2 · APPROACH

model / method, and why this one

Our audit runs conditional randomization tests (Candes et al., 2018) with 1,000 null draws and BH-FDR control at q =

0.05 across 12 (task, model) cells on GPT-2 Small, Qwen-2.5-0.5B, Gemma-2-2B, and Llama-3.1-8B from the MIB

benchmark. Three ablation types crossed with four null-construction strategies yield 143 testable claims. The paper has

four contributions. C1 (50pp intervention gap) and C2 (LayerNorm saturation mechanism on GPT-2, r = 0.876) are fully

supported. C3 (SAE feature-circuit selectivity) has preliminary data but needs the full protocol: SAE features from Bloom

(2024) gpt2-small-res-jb suite should show large z-scores under matched nulls, while raw residual dimensions of the same

size should fail, proving the audit is not a universal rejector. C4 extends the LayerNorm saturation probe to RMSNorm

architectures (Gemma-2-2B, Llama-3.1-8B) and tests GQA-aware auditing at G>=4. For AAAI, we also expand the

held-out-split audit from 1 cell to 10 cells spanning the verdict space, controlling for selection bias (Candes et al., 2018),

and compare against Li and Janson’s (NeurIPS 2024) optimal ablation as a fourth intervention type.

3 · DATASET

source, size, preprocessing

Dataset Source Size Use MIB benchmark Mueller et al., ICML 200 prompts per Primary evaluation. IOI, MCQA,

arithmetic, ARC prompts 2025 task, 12 (task, tasks across 4 models. model) cells GPT2-Small SAE Bloom (2024),

24,576 features per C3: paired test of SAE feature-circuit selectivity features gpt2-small-res-jb via layer, layers 8-9 vs.

raw residual dimensions. SAE Lens Optimal ablation Li & Janson, Learned C5: fourth ablation type to complete the

vectors NeurIPS 2024 per-component intervention-gap spectrum. replacement vectors Preprocessing

extracted via SAE Lens encode/decode pipeline. 20-step integrated gradients for attribution. • Optimal ablation vectors

learned via Adam (lr=1e-3, 1000 steps) per component per cell.

· All prompts are short sequences (under 50 tokens). Cached model activations for repeated ablation runs. • SAE

features

4 · METRICS

how you’ll know it worked
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Experiment Metric Target / Interpretation C3: SAE selectivity (GPT-2, z-score and empirical p under SAE circuit z > 10,

p < 0.002; raw-dimension IOI) density-decile and baseline z near 0, p > 0.5. Proves audit is not a activation-magnitude

nulls universal rejector. (n=500) Cross-model LN saturation Pearson r between r_zero > 0.5 and r_mean < 0.2 on both

models (Gemma-2, Llama-3.1) RMSNorm scale change and upgrades "LayerNorm" to "normalization-layer" metric drop

under zero vs. mechanism. mean ablation Higher-G GQA (Mistral-7B sigma_null, z(C), empirical p sigma_null > 0

(fixing G=2 degeneracy). or Llama-3.1) for KV-group vs. per-head KV-group audit should show lower p-value than audit

per-head. Held-out-split expansion (10 Rejection rate under 50/50 Gap between split and non-split rates is within cells)

prompt split (selection vs. 5pp, confirming selection bias is modest. testing) Optimal ablation Rejection rate under OA vs.

OA rate lower than mean (less than 33%), comparison (3 cells) mean/zero/resampling establishing hierarchy: OA < mean

< resampling < zero.

5 · COMPUTE

training time, memory, dependencies

The C3 and held-out-split experiments for GPT-2/Qwen/Gemma run on Mac MPS (Apple Silicon). Only Llama-3.1-8B

experiments and the GQA replication require cloud GPU. Phase Hardware Est. Wall-Clock Notes C3: SAE selectivity

Mac MPS ~8 hours 500 null draws x 2 interventions x 20-step IG. (GPT-2, IOI) No cloud GPU needed. Cross-model LN

Mac MPS ~4 hours 26 MLP blocks x 200 prompts x 2 ablation saturation (Gemma-2-2B) types. Fits in 16-bit on M-series

32GB. Cross-model LN 1x MI300X ~4 hours 32 MLP blocks x 200 prompts x 2 ablation saturation (Llama-3.1-8B)

types. Model is 16GB in float16. Higher-G GQA (Mistral-7B 1x MI300X ~5 hours DLA attribution + per-head +

KV-group audit, or Llama-3.1) n=500 null samples. Held-out-split (10 cells, 3 Mac MPS + 1x ~2 days 7 cells on Mac

(~24h), 3 Llama cells on Llama cells on GPU) MI300X MI300X (~12h). Optimal ablation (3 cells) Mac MPS + 1x ~2

days OA vector learning: 2h Mac (GPT-2) + 4h Mac MI300X (Gemma) + 10h MI300X (Llama). Total Mac MPS + 1x ~6

days within ~35 H100-hours cloud equivalent. Remainder MI300X 2-week window for reruns and ablations. Software

Dependencies • Python 3.10+, PyTorch 2.x with ROCm backend (cloud) and MPS (local).

(gpt2-small-res-jb release). • No CUDA-only kernels. All operations are standard PyTorch.

· TransformerLens for model hooks and DLA attribution. • SAE Lens for GPT-2 sparse autoencoder loading

6 · DELIVERABLES

model, paper, demo

empirical p-values. • Cross-architecture LayerNorm saturation table: Pearson r values for GPT-2 (LN), Gemma-2

(RMSNorm pre+post), and Llama-3.1 (RMSNorm pre) under zero and mean ablation. • GQA-aware audit results:

KV-group vs. per-head rejection rates on Mistral-7B or Llama-3.1-8B at G=4. • Held-out-split analysis: rejection rates

with and without selection-bias correction across 10 cells. • An AAAI-27 paper with the complete 4-contribution

structure plus the optimal-ablation extension.

· SAE selectivity figure (Figure 8): null distributions for SAE feature circuits vs. raw residual dimensions, with

z-scores and

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation RMSNorm saturation effect is Medium Report as "mechanism

generalizes in direction but attenuates substantially weaker than with RMSNorm." This is itself a publishable finding

about LayerNorm (r_zero < 0.4) architecture-dependent sensitivity. G=4 still insufficient for Medium Report per-layer

sigma_null breakdown. Flag degenerate informative KV-group null layers. If overall result is uninformative, note G >= 8

is needed (sigma_null near 0 for some and limit the claim. layers) Held-out-split rejection rate drops Low Report

honestly. Lead with the held-out rate. Note the gap substantially (from 33% to under (mean vs. zero) is the primary
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finding. 20%) SAE reconstruction error swamps Low Check L2 reconstruction loss before running audit. If error the

causal layers 8-9 exceeds 5% of activation norm, restrict to layer 9 only. Wall-clock overrun on MI300X Low C3 and

Gemma-2 probes run on Mac (no cloud cost). Prioritize LN saturation (Llama) and GQA next. Drop optimal ablation if

time-constrained.
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DTLMUW waveform discovery
Adhiraj Mann

1 · PROBLEM

what and why

Dolphin-skin-inspired Downstream-Traveling Longitudinal Micro-Ultrasonic Waves (DTLMUWs) have recently

demonstrated drag reductions of up to 90% on airfoil surfaces by inducing a dynamic Stokes boundary layer that disrupts

near-wall turbulent structures. However, virtually all existing DTLMUW research assumes the wall oscillates in a purely

sinusoidal waveform — a mathematically convenient but physically arbitrary choice. Prior DNS studies of spanwise wall

oscillations have shown that non-sinusoidal waveforms can outperform the sinusoid when actuator constraints prevent

reaching optimal operating conditions (Cimarelli et al., 2013), yet no work has applied machine learning to discover

optimal non-sinusoidal shapes for out-of-plane (DTLMUW-type) oscillations. The combinatorial space of possible

waveform shapes is far too large to explore exhaustively with expensive DNS simulations. This project addresses that

gap: we propose a generative ML pipeline that learns the structure of the waveform shape space from existing DNS data

and proposes novel, physically plausible non-sinusoidal DTLMUW waveform candidates predicted to outperform the

sinusoidal baseline — reducing the number of expensive DNS evaluations required by orders of magnitude.

2 · APPROACH

model / method, and why this one

I propose a two-stage pipeline combining a Variational Autoencoder (VAE) with a Bayesian Optimization (BO) surrogate

in latent space. Stage 1 — VAE: Learning the Waveform Shape Space A VAE is trained on a combined dataset of (a) real

DNS waveforms from published literature with known drag reduction labels, and (b) synthetically generated waveforms

produced via Fourier series superposition with randomized harmonic amplitudes and phase shifts. The VAE encoder

compresses each 64-point wall velocity time series into a low-dimensional latent vector (8–16 dimensions); the decoder

reconstructs the waveform from those coordinates. The forced continuity of the latent space ensures that coordinates

between known waveforms decode into physically plausible interpolated shapes. Stage 2 — Surrogate Predictor +

Bayesian Optimization A Gaussian Process Regression (GPR) surrogate is trained to map latent coordinates to predicted

drag reduction % using only the labeled DNS subset. Bayesian optimization then navigates the learned latent space using

an Expected Improvement acquisition function, identifying coordinates predicted to maximize drag reduction per unit

actuator power. Promising coordinates are decoded back into waveform shapes — novel non-sinusoidal profiles never

explicitly present in the training data — which constitute the paper’s proposed candidates for future DNS validation. Why

This Approach Over Alternatives A plain neural network regressor could predict DR% for known waveforms but cannot

generate new ones. A GAN or diffusion model could generate novel waveforms but requires far more training data than

DNS studies provide and is harder to interpret. The VAE + BO approach is uniquely suited to small, labeled datasets (tens

to low hundreds of DNS samples), produces interpretable latent representations, and has strong precedent in engineering

design optimization. Applying it to out-of-plane DTLMUW oscillations — rather than the in-plane spanwise oscillations

covered by all prior ML work — is the primary novelty of this paper.

3 · DATASET

source, size, preprocessing

Subset Source Approx. Size Labels? Role Labeled DNS Cimarelli et al. ~90–150 Yes — DR% and Train predictor —

(2013), Physics of waveforms (9 net power saving% + VAE non-sinusoid Fluids families × al amplitude/period grid)

Labeled DNS Gatti & Quadrio ~200–500 samples Yes — DR% Train predictor — sinusoidal (2016) parametric (subset
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extractable + VAE study from paper) Synthetic — Generated via ~10,000 waveforms No VAE unlabeled Fourier

shape-space superposition training only (randomized harmonics/phases) Raw size for all subsets are essentially

negligible, only a couple of MB, since the data is simply 1D physics simulations rather than raw sensor recordings. One

Row of the Dataset Each labeled row contains: 64 normalized wall velocity values (w1…w64) sampled across one

oscillation + + cycle; physical parameters amplitude A , period T , Reynolds number Re; waveform family label; source

reference; and output targets DR% and net power saving%. Unlabeled synthetic rows contain only the 64 velocity values

and physical parameters — DR% fields are null. Preprocessing • Normalize each waveform so max |w| = 1.0 to ensure

amplitude-invariant shape encoding • Filter synthetic waveforms exceeding realistic actuator acceleration limits •

Train/validation/test split of 70/15/15 applied to labeled rows only; synthetic waveforms used exclusively for VAE

training decode to noise structure at the cost of slightly higher reconstruction error. All BO-proposed Low–Mediu Add

diversity constraint to BO acquisition function waveforms cluster near m penalizing proposals too close to known the

sinusoidal waveforms in latent space. Reframe paper as optimum — no genuine novelty methodology demonstration

rather than novel waveform discovery if necessary. Cimarelli data primarily High — Explicitly acknowledge in paper that

training data is from covers in-plane (spanwise) known spanwise oscillations and frame as a cross-domain oscillations,

not out-of-plane limitation transfer study. This is a limitation but also part of the paper’s novelty argument. Compute

overrun or Low Entire pipeline (excluding DNS) runs comfortably on environment setup issues CPU in < 1 day. MI300X

is used for speed, not on MI300X necessity. ROCm compatibility verified via standard PyTorch ROCm wheel with no

CUDA-specific dependencies.

4 · METRICS

how you’ll know it worked

Evaluation is split into ML metrics (model quality) and scientific metrics (physical validity): Category Metric Target /

Interpretation VAE Mean Absolute Error (MAE) Low MAE confirms decoder accurately reconstruction on held-out

waveforms reconstructs unseen shapes VAE Latent space smoothness Interpolated waveforms should be reconstruction

(nearest-neighbor physically coherent, not noisy interpolation quality) DR% predictor 2 2 MAE and R on test set R > 0.85

required before BO is trusted DR% predictor 95% confidence interval calibration GPR uncertainty estimates should be

well-calibrated for BO to work Generated Predicted DR% vs. sinusoidal Primary claim: at least one novel waveforms

baseline waveform exceeds best sinusoidal DR% Generated Net power saving% of Proposed waveforms must have

positive waveforms proposed candidates net power saving to be practically relevant Ablation VAE latent dimension

sensitivity Identifies optimal compression level for (4, 8, 16, 32) this dataset size Note: Because proposed waveforms are

not validated with new DNS in this study, the headline scientific claim is framed as ’predicted to outperform’ rather than

’demonstrated to outperform’. DNS validation is explicitly scoped as future work.

5 · COMPUTE

training time, memory, dependencies

Phase Hardware Est. Wall-Clock Notes Synthetic data CPU only < 1 minute Pure NumPy — no GPU needed generation

(10,000 Fourier waveforms) VAE training 1× MI300X Minutes to ~1 Very lightweight 1-D time series VAE; (~10,200

hour 192 GB HBM3 far exceeds waveforms, requirements 64-point series, latent dim 8–16) GPR surrogate CPU / 1× < 5

minutes GPR on small tabular data is training (~200–500 MI300X computationally trivial labeled samples) Bayesian 1×

MI300X < 1 hour Each evaluation queries the surrogate, optimization loop not DNS — extremely fast (~500–1,000

acquisition evaluations) Latent dimension 1× MI300X ~2–4 hours total Parallelizable across seeds ablations (4 runs × 5

seeds) Total 1× MI300X (of ~1 wall-clock Well within 2-week window; available 8) day remaining 7 GPUs available for

extensions Software Dependencies • ROCm 6.x + PyTorch ROCm wheel • PyTorch, scikit-learn (GPR), NumPy, SciPy •

No CUDA-only kernels — all operations use standard torch and numpy • No Docker required; pure Python venv The

MI300X’s 192 GB HBM3 is substantially more than required for this workload. The extra headroom allows exploration

of larger VAE architectures or higher latent dimensions as a stretch goal without memory constraints.
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6 · DELIVERABLES

model, paper, demo

waveforms colored by DR%), and reconstruction error table across waveform families. 2 • Trained GPR surrogate —

with calibration plot and R /MAE on held-out test set.

time series with predicted DR% and net power saving%, compared against the best sinusoidal baseline.

quality.

waveforms as candidates for DNS validation.

MI300X/ROCm setup instructions. Intentionally not promised: DNS validation of proposed waveforms (future work) and

SOTA drag reduction claims. The goal is a clean, reproducible proof-of-concept demonstrating the pipeline’s ability to

propose physically grounded novel candidates.

· Trained VAE model checkpoint — encoder/decoder weights, latent space visualization (2-D PCA projection of all

· Novel waveform proposals — a set of 10–20 candidate waveforms identified by the BO optimizer, reported as

64-point

· Ablation results table — latent dimension sensitivity and impact of synthetic data augmentation on VAE

reconstruction

· Research paper draft — in standard ML conference format, covering methodology, results, and discussion of

proposed

· Public code repository — fully reproducible, with data generation scripts, training scripts, and a README with

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation Labeled dataset too small Medium Add physics-informed

features (acceleration parameter (~200 samples) for GPR to A+/T+, Stokes penetration depth) as additional input

generalize reliably dimensions to the predictor. These are known to correlate with DR% from theory, giving the GPR

structure to lean on beyond raw waveform shape. VAE latent space loses Medium Increase synthetic waveform

augmentation to 50,000 Smoothness with small samples. Apply beta-VAE regularization (increase KL
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EPGNN · seismic event detection
Arya Addagarla

1 · PROBLEM

what and why

Earthquake early warning is a detection problem: classify a 60-second waveform window as event or noise fast enough to

act before the S-wave arrives. It is not earthquake prediction. Operational systems such as ShakeAlert already do this with

hand-tuned multi-station agreement.

This project asks whether a learned graph over waveform channels can cut false alarms relative to a single-station CNN,

on STEAD. The graph built so far is a three-node clique of the East, North, and Z components of one station. Spatial

coherence across a geographic network is the intended next graph, not the one already trained.

2 · APPROACH

model / method, and why this one

Each of the three components is encoded by a 1D CNN into a 64-d vector. A small transformer aligns the three

embeddings. Three GCN layers pass messages on the clique, then global pooling feeds a detection head and a magnitude

head.

Focal Loss (γ = 2) is used because STEAD is about 81% noise. The GCN cannot enforce wave-speed constraints on a

single-station clique; that claim is reserved for a later multi-station graph with geographic edges.

3 · DATASET

source, size, preprocessing

STEAD: 60-second, 100 Hz, three-component traces with event/noise labels, magnitude, and station metadata. About 85

GB in HDF5, streamed with SeisBench. Evaluation split is event-disjoint.

4 · METRICS

how you’ll know it worked

Primary: event-detection F1 and false-alarm rate against a majority-class baseline (always-noise is ~81% accuracy) and

against a CNN-only ablation. Reported so far: full pipeline 98.2% accuracy / F1 0.941; CNN only 88.5% / 0.732; GCN

only 51.9% / 0.490. The GCN-only number is below the majority baseline, which is expected if the graph has no

waveform encoder.

Secondary: magnitude MAE on earthquake-labeled traces (0.436 so far). Precursor identification is not a claimed task.

Success is a clear F1 gain over CNN-only at a matched or lower false-alarm rate, not a 90% prediction bar.

5 · COMPUTE

training time, memory, dependencies

Full-corpus training ran on AMD enterprise GPUs at batch 4096, under 48 hours. AdamW 3e-4, gradient clip 1.0. A later

multi-station run needs the same stack plus geographic graph construction.

6 · DELIVERABLES
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model, paper, demo

· Code for the CNN–transformer–GCN stack and the STEAD training loop.

· Ablation table against CNN-only and majority-class baselines.

· Checkpoint and a short write-up that states the single-station clique limit in the main text, not only in Risk.

7 · RISK

what breaks first, and plan B

The current graph is three components of one station. If a multi-station geographic graph does not beat CNN-only, the

spatial-coherence story is unsupported and the result is the ablation table.

High accuracy on an 81% noise set can hide a useless detector. F1 and false-alarm rate are the numbers that matter;

accuracy is reported only with the majority baseline beside it.
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FlutterForm
Abhinav Garg

1 · PROBLEM

what and why

Flutter — the dynamic aeroelastic instability in which airflow feeds energy into a structure until two vibration modes

coalesce and oscillations grow without bound — is the single most safety-critical constraint in aircraft, rotor, and

turbomachinery design, and clearing it drives real structural mass and cost. Yet flutter enters the design loop as an

opaque, non-differentiable gate: an expensive p–k or CFD –CSD eigen-analysis returns a single flutter speed, with no

gradient to redesign against it and no reusable account of which modes coalesce or why. Recent neural surrogates (LSTM

/ DNN reduced- order models, black-box flutter-speed regressors) speed up the forward evaluation but inherit that opacity

— they need large datasets, extrapolate poorly, and still cannot explain the mechanism. I want to test whether hard-wiring

the eigenstructure of flutter itself into a tiny transformer yields a fully differentiable glass-box that matches black-box

accuracy at a fraction of the data and parameters, recovers the coalescence mechanism with no mechanism labels, and —

being differentiable end-to- end — turns flutter from a gate into an optimizable design target.

2 · APPROACH

model / method, and why this one

FlutterForm treats a lifting surface as a short sequence of structural mode tokens (the first N natural mode shapes,

generalized masses, and frequencies from a cheap assumed-modes / FE model) and is trained under one

physically-grounded objective: reconstruct the aeroelastic frequency–damping (V–g / V –f) trajectories and let the flutter

point emerge. Its core is a primitive I call eigen-structured coupling attention: a pairwise outer-product between mode

tokens forms the generalized aerodynamic influence- coefficient matrix Q(k, M∞) — the bilinear modal coupling that

Theodorsen / lifting-surface aerodynamics induce and that standard self-attention cannot represent efficiently — which

feeds a differentiable p–k eigen-solver head that assembles [ p² M + K − q∞ Q(k, M∞) ] q = 0 (generalized mass M,

stiffness K, dynamic pressure q∞ = ½ρV², complex eigenvalue p = (γ+i)ω) and marches airspeed V until a mode’s

damping γ crosses zero, reading off flutter speed VF, frequency ωF, and the coalescing mode pair. This generalizes the

lab’s outer-product block from predicting coefficients (FoilForm) to predicting an operator whose spectrum is the answer

— a reusable pattern for any modal-instability problem (panel & whirl flutter, divergence, thermoacoustics). I chose it

over a plain LSTM/DNN surrogate because the eigen- solve gives an interpretable, identifiability-friendly target: the

same Q the network learns is the object in a small consistency theorem (under the linear typical-section model the

outer-product block recovers the true aerodynamic coupling), so method and theory share one target — the property that

lets the mechanism fall out zero-shot. And because the whole map is tiny and differentiable, flutter speed becomes a

backprop-able objective, composable with the lab’s steady-aero models (FoilCORE / FoilForm) into a differentiable

aeroelastic design stack.

3 · DATASET

source, size, preprocessing

Everything is generated from public, standard aeroelastic methods — no proprietary or licensed data, no PHI, no DUA

(mirrors the synthetic-identifiability tier of the CLD-Trans proposal). Two generated tiers plus one external, real-world

benchmark held out for validation only. Tier Physics & generator Sweep / size Pitch–plunge (optional trailing-edge mass

ratio µ ∈ [5,100]; frequency ratio control surface) with Theodorsen ωh/ωα ∈ [0.2,1.0]; static unbalance xα ∈ A —

Typical unsteady aerodynamics; ground-truth VF, [0,0.4]; elastic-axis a ∈ [−0.5,0.2]; radius section (2–3 ωF, and
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V–g/V–f trajectories via the of gyration rα; subsonic Mach w/ Prandtl DOF) standard p–k method –Glauert-corrected

Theodorsen. ~50k– (data/generate_pk.py). Each solve is 200k configs. milliseconds. Rectangular / swept cantilever plates

via assumed-modes (first ~6 bending–torsion planform (aspect ratio, sweep, taper), B — Simple modes) + strip-theory or

a small doublet- bending/torsion stiffness ratio, spanwise 3-D wings lattice (DLM) unsteady aero; p–k ground mass

distribution. ~10k–30k wings. truth. Harder, closer to real flutter. Public NASA weakened-wing External — experimental

flutter data (NTRS Mach 0.499–1.141. Held-out external AGARD reports); the classic transonic double validation only

— never trained on. 445.6 flutter-dip. Preprocessing: nondimensionalize (flutter-speed index VF/(bωα√µ), reduced

frequency k = ωb/V); cache configs + p–k trajectories as memory-mapped .npy shards. On-disk footprint < 20 GB total

— tiny by CFD/biosignal standards.

4 · METRICS

how you’ll know it worked

Experiment Metric Flutter-speed prediction (Tier A/B, relative error |VF,pred−VF,true|/VF,true; MAE on flutter-speed

headline) index; % within 5% / 10% Flutter-frequency prediction relative error on ωF Zero-shot coalescing-mode top-1 /

top-2 accuracy of predicted coalescing mode pair vs. p identification (no mechanism –k ground truth labels) V–g / V–f

trajectory reconstruction RMSE on damping γ(V) and frequency ω(V) curves Data efficiency vs. capacity- error vs.

#training configs at 10² / 10³ / 10■ matched black-box LSTM/DNN error on held-out mass-ratio / sweep ranges outside

the Extrapolation (out-of-envelope) training envelope AGARD 445.6 external (headline flutter-speed-index & frequency

error vs. real wind-tunnel stress test) experiment across Mach; capture of the transonic-dip trend flutter-speed gain from

gradient-based redesign through Inverse-design efficacy FlutterForm vs. a p–k-in-the-loop finite-difference optimizer, at

(differentiability payoff) matched forward-eval budget recovered-Q vs. analytic Theodorsen AIC (Frobenius error), with

Operator consistency (synthetic) / without the eigen-solve head no-coupling (diagonal Q) · dense self-attention vs. outer-

Ablations product · no-eigensolve (regress VF directly) · assumed-modes count N — 5-seed mean ± 95% CI Seeds: 42,

123, 7, 0, 256.

5 · COMPUTE

training time, memory, dependencies

Estimates scaled from a measured single-GPU smoke run (python train.py mode=tierA train.max_steps=1), padded 25%

for MI300X. The model is tiny (target < 10k parameters); the real workload is dataset generation (CPU-bound p–k solves)

plus many small training runs (parameter sweeps, ablations, 5 seeds). Phase Hardware Est. wall-clock CPU / 1 1 · Dataset

generation (Tier A+B p–k solves) a few hours GPU 2 · FlutterForm training across the parametric family 8× MI300X

~0.5–1 day (bf16, data-parallel sweep across 8 GPUs) 3 · Black-box baselines (LSTM/DNN) + data-efficiency + 1–8× ~1

day extrapolation grids × seeds MI300X 4 · Ablations + operator-consistency sweeps + AGARD 1–8× ~1 day validation

MI300X 8× MI300X ~3–4 GPU-days inside a Total node 2-week window GPU memory: trivial (tiny model, small

batches). The only nonstandard op is the differentiable eigen- solve, done via torch.linalg.eig on small N×N matrices (N ≤
~12) with implicit-function-theorem gradients (no backprop through the p–k iteration). Software / dependencies: ROCm

6.x + official PyTorch ROCm wheel; pip install -r requirements.txt (torch, numpy, scipy, matplotlib; DLM in pure

numpy). No CUDA-only kernels (no flash-attn, no xformers, no custom Triton); eigen-solve has a CPU fallback. No

Docker; pure Python venv.

6 · DELIVERABLES

model, paper, demo

LSTM/DNN, with data-efficiency and extrapolation curves.

discussion.
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FlutterForm, vs. a p–k-in-the-loop baseline — concretely showing flutter as an optimizable constraint (the payoff a

forward-only surrogate cannot give).

results/, logs in logs/.

I am intentionally not promising “beats CFD on transonic flutter.” The goal is a clean, reproducible test of the

interpretable-eigenstructure hypothesis — accurate + tiny + mechanism-recovering + differentiable-for-design on the

attached-flow family — with AGARD 445.6 as an external stress test.

· Trained FlutterForm checkpoints (Tier A and Tier B) plus the reproducible p–k data generator (data/generate_pk.py).

· Headline table: flutter-speed & frequency error and zero-shot coalescing-mode accuracy vs. a capacity-matched

· Operator-consistency table: recovered aerodynamic coupling Q vs. analytic Theodorsen AIC.

· AGARD 445.6 external-validation figure (flutter index vs. Mach, model vs. experiment) with an honest

transonic-fidelity

· Differentiable-design demo: gradient-based redesign of a typical section to raise its flutter speed by backprop through

· A packaged eigen_coupling_attention primitive (the reusable attention+eigensolve block).

· A NeurIPS-format draft with plots/tables generated end-to-end by scripts/make_figures.sh, per-seed JSON metrics in

· MIT-licensed public repo with an MI300X/ROCm README section and a reproducibility statement.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation Use implicit-function-theorem gradients around a Differentiable

eigen-solve is standard p–k fixed point (no backprop through the unstable at coalescence Medium iteration); regularize

near defective points; (near-defective / repeated torch.linalg.eig CPU fallback; unit-tested against the eigenvalues) on

ROCm analytic 2-DOF solution. Restrict headline claims to the subsonic/attached-flow family where p–k is exact ground

truth; present Transonic fidelity gap: AGARD strictly as external validation with Theodorsen/DLM cannot Medium–

compressibility-corrected aero. If the dip is not produce AGARD’s shock- High captured, report it honestly as a known

limitation driven double dip motivating a CFD-fidelity follow-up — the empirical paper still stands. Fallback: empirical

operator-recovery (recovered-Q vs. Operator-consistency Medium– analytic AIC) + zero-shot mode-ID results stand on

theorem doesn’t close cleanly High their own; the theory becomes “supporting” rather in the time window than headline

(same posture as CLD-Trans). Interpretability (mechanism recovery), data-efficiency, Black-box LSTM/DNN and

out-of-envelope extrapolation still differentiate baseline matches in- Medium FlutterForm even if peak in-distribution

error ties — distribution accuracy those are the claims the black box structurally cannot make. Tier A (typical section)

alone supports every core Tier-B DLM / strip-theory Low– claim; Tier B is additive. Ship Tier A first; DLM behind

implementation eats time Medium a flag. Modal truncation too Sweep the assumed-modes count N as an ablation;

aggressive (true coalescing Low keep enough modes that the p–k flutter mechanism is pair excluded) converged.
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FR-Guard · false reassurance
Atharv Sharma

1 · PROBLEM

what and why

When immigrant and mixed-status families ask AI chatbots about college financial aid, the dangerous failure is not a

refusal — it is false reassurance: a confident “no, that’s completely safe” about an immigration-enforcement risk the

model cannot actually assess. In prior work I built an 82-prompt benchmark for this failure class and measured a 32.9%

baseline failure rate across three commercial models, with a 4.5× spread between them (Gemini 3.7 Flash 65.9%, Claude

Haiku 4.5 14.6%). Current mitigations are prompt-level: they work (32.9% → 6.5%) but are model-specific, invisible at

inference time, and unauditable by anyone deploying the system. There is no detector for this failure class, so no

deployment can verify it is not happening.

2 · APPROACH

model / method, and why this one

Fine-tune small open-weight models (Llama 3.2 1B / 3B, Qwen 2.5 7B) as dedicated binary classifiers over three failure

dimensions (false reassurance, fabricated policy claim, unhelpful evasion), in the architectural style of Llama Guard: a

separate model that reads a (question, response) pair and emits calibrated per-dimension scores, rather than an instruction

embedded in the generator. Why this rather than more prompt engineering: prompt-level intervention has already been

shown to work in preliminary results, so the open question is not whether the behavior can be suppressed but whether it

can be detected independently of the generator. A guard model is deployment-agnostic, auditable, and cheap enough to

run on every response. The scaling comparison across 1B/3B/7B is a core part of the experiment. The generalization test

holds out entire risk categories from training (e.g. train without FERPA and residency prompts, test on them) to measure

whether the guard learns a transferable notion of unsafe reassurance or merely memorizes topic surface features.

3 · DATASET

source, size, preprocessing

Existing, in hand: 840 (question, response) pairs already graded on all three dimensions by a held-out GPT-4o judge,

spanning 5 models × 3 intervention conditions × 82 prompts, plus 65 graded multi-turn conversations. Prompts and rubric

are published under CC-BY-4.0. Expansion plan: widen generation to ~10 models × 3 conditions across the existing

prompt bank plus paraphrase augmentation, targeting 8,000–12,000 labeled pairs. Labels come from the same GPT-4o

judge (distillation). Held-out evaluation set: a human-labeled subset is the ground truth for final numbers. Preprocessing:

dimension labels are binary and independent; severe class imbalance is handled with condition-stratified sampling and

threshold tuning.

4 · METRICS

how you’ll know it worked

how you’ll know it worked Per-dimension precision / recall / F1 / AUROC on the human-labeled held-out set. Recall on

false reassurance is primary. Cross-category generalization (F1 on held-out vs seen categories) is the headline result.

Baselines: GPT-4o-as-judge, prompt-level intervention alone, and a keyword/regex baseline. Also measure over-refusal

cost, latency, and memory at inference. Success threshold, stated in advance: ≥0.85 recall on false reassurance at ≤0.15

false-positive rate on held-out categories, from a model small enough to serve on commodity hardware.
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5 · COMPUTE

training time, memory, dependencies

Training: LoRA / QLoRA fine-tunes of 1B, 3B, and 7B models. Estimated 20–40 GB VRAM for the 7B bf16 LoRA

configuration; within a single MI250X or MI300X. Budget ~60–80 GPU-hours total across three sizes × a small

hyperparameter sweep × category-holdout folds. Dependencies: PyTorch (ROCm), HuggingFace transformers / peft / trl,

datasets, scikit-learn. Data generation on commercial APIs is self-funded.

6 · DELIVERABLES

model, paper, demo

· Model weights for the best-performing guard on HuggingFace under a permissive license.

· A paper reporting the scaling comparison, cross-category generalization, and safety/over-refusal frontier.

· An expanded public dataset: ~10k labeled (question, response, 3-dimension label) pairs.

· A demo endpoint that scores a pasted chatbot response.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B What breaks first: label quality. The guard is distilled from an LLM judge, so systematic

judge bias becomes guard bias. Plan B: human-labeled held-out set is built before training; if judge–human kappa < 0.6,

revise the rubric before spending GPU time. Second risk: small models cannot learn the task. Plan B: the scaling

comparison makes this a reportable result; the 7B tier is a realistic fallback. Third risk: cross-category generalization fails.

Plan B: this is precisely the experiment — a negative result would show per-domain training is required. Scope control:

benchmark, rubric, harness, and labeling tooling already exist and are published.
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Geometric transfer · 3D point clouds
Amanuel Tsehay · amanuelkks@gmail.com

1 · PROBLEM

what and why

Does large-scale self-supervised pretraining on a generic 3D shape corpus (ShapeNet) learn a transferable geometric prior

that measurably narrows the well-documented synthetic-to-real performance gap in point cloud recognition — and if so,

by how much, and where does the benefit concentrate? The synthetic-to-real gap in 3D point cloud learning is a known,

quantified problem: models trained purely on clean synthetic CAD data (ModelNet40) suffer severe accuracy drops when

evaluated on real- world scanned objects (ScanObjectNN), which carry sensor noise, occlusion, and background clutter

that synthetic data lacks. Closing this gap through better representation learning — rather than more labeled real data,

which is expensive to collect — remains an open problem. This project asks whether a self-supervised geometric

pretraining objective, learned at scale on unlabeled shapes, is one viable lever. Point cloud models trained and evaluated

in-domain on synthetic CAD data now perform very well. The same models degrade sharply when the input distribution

shifts to real-world scans — noisy, partial, cluttered with background points. Most existing work closes this gap with

architectural tricks or heavier supervision on real data. Comparatively less work asks whether a large-scale

self-supervised pretraining learned once on generic shapes, transfers a general notion of 3D surface structure that helps

regardless of downstream domain.

2 · APPROACH

model / method, and why this one

Stage 1 — Self-supervised pretraining on ShapeNet. Train a permutation-invariant point cloud encoder (PointNet++-style

set abstraction backbone) using two geometric pretext tasks: Masked point cloud completion: randomly occlude a

contiguous region of each shape’s point set, train the encoder-decoder to reconstruct the missing region, scored with

Chamfer distance between predicted and ground-truth point positions. Rotation-invariant contrastive learning: present the

encoder with two randomly rotated views of the same shape and a different shape, train it to embed same-shape views

closer than different-shape views, independent of orientation. Stage 2 — Downstream evaluation. Freeze (then optionally

fine-tune) the pretrained encoder and attach a lightweight classification head. Evaluate three conditions: 1. Trained from

scratch on ModelNet40, tested on ModelNet40 (in-domain baseline) 2. Trained from scratch on ModelNet40, tested on

ScanObjectNN (the known sim-to-real gap, no pretraining) 3. ShapeNet-pretrained encoder, fine-tuned on ModelNet40,

tested on ScanObjectNN (the actual research question) The gap between condition 2 and condition 3 is the core result.

3 · DATASET

source, size, preprocessing

Dataset Role Size ShapeNetCore Self-supervised ~51,300 3D CAD models, 55 categories pretraining ModelNet40

Downstream training 12,311 models, 40 categories (9,843 train / 2,468 test) / in-domain eval ScanObjectNN Real-world

out-of- 2,902 real scanned objects, 15 categories (~2,309 train / 581 test), multiple domain eval perturbation variants

(OBJ_ONLY, OBJ_BG, PB_T50_RS) All three are public, standard benchmarks with no data-use agreement or

institutional gatekeeping — available immediately, no access delay on the critical path.

4 · METRICS

how you’ll know it worked
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Overall accuracy (OA) and mean per-class accuracy on ModelNet40 (in-domain sanity check) OA on ScanObjectNN,

across its three difficulty variants (object-only, with background, hardest perturbed) Sim-to-real gap: the accuracy delta

between in-domain and out-of-domain performance, with and without pretraining — this delta, not the raw accuracy, is

the primary reported result Comparison against published from-scratch baselines on the same benchmarks for context

5 · COMPUTE

training time, memory, dependencies

Encoder size: ~1.5–3.5M parameters (PointNet++-scale) — modest by modern standards Pretraining: full ShapeNet pass,

multiple epochs, single-GPU multi-day job (or shortened on multi- GPU) Fine-tuning/eval sweeps across three conditions

and multiple ScanObjectNN variants Estimated VRAM: 6–10 GB per training run — comfortably within a single AMD

accelerator, using a small fraction of available memory. This is a single-GPU-scale project; it does not require multi-

GPU allocation. Primary compute need is sustained single-GPU time for the pretraining run, not peak memory — a

request that’s easy to schedule around larger jobs in the group.

6 · DELIVERABLES

model, paper, demo

A reusable self-supervised point cloud pretraining pipeline (code, released openly) A trained ShapeNet-pretrained

encoder checkpoint Benchmarked results across all three evaluation conditions, with sim-to-real gap quantified A short

paper suitable for a NeurIPS-adjacent workshop or similar venue, with AMD acknowledged for compute support

7 · RISK

what breaks first, and plan B

what breaks first, and plan B benchmarks is already well-documented in prior work, a null or small result is still a

legitimate, citable finding — it quantifies how much (or how little) one specific intervention moves a known, measured

problem. This is not a dead end; there is no scenario where the core experiment produces an unpublishable result. ability

to report results from partial pretraining if needed. landmark/graph-based encoder (GNN over a sparser point set) if the

full PointNet++-style pipeline proves unstable to train — a legitimate, still-geometric alternative. STRETCH GOAL —

CONDITIONAL, NOT PART OF CORE DELIVERABLES If Stage 1 pretraining shows a meaningful transfer benefit

on the core benchmarks, the same pipeline — encoder architecture and training loop already built and validated — could

be pointed at a small public 3D face landmark dataset (e.g. Bosphorus or BU-3DFE) to test whether the same generic

geometric prior extends to a much more constrained, fine-grained shape category. This is not counted in the compute

request or core timeline; it is a natural low-cost extension using infrastructure the core project already produces.

References Qi et al. — PointNet and PointNet++, foundational point cloud deep learning architectures Wu et al. —

ModelNet, the standard synthetic CAD benchmark Uy et al. — ScanObjectNN, the standard real-world point cloud

benchmark and its documented domain gap from synthetic training Chang et al. — ShapeNet, the large-scale annotated

3D model repository used for pretraining



EXEA LABS  ·  MEMBER PROPOSAL 1

EXEA LABS · MEMBER RESEARCH PROPOSAL

GeometryShift
Naser Fadil Ali · Nf4d1l.4l1@gmail.com · Discord: Gmajxe

1 · PROBLEM

what and why

Protein machine-learning models increasingly use either sequence information or three-dimensional structure, but it

remains unclear when explicit 3D geometry provides a real advantage over strong sequence-based models. Strong

benchmark performance may reflect interpolation between similar proteins rather than generalization to structurally or

evolutionarily different proteins. GeometryShift asks whether geometric inductive bias improves protein-model

generalization under distribution shift, and which forms of geometric information are responsible. The central hypothesis:

explicit 3D geometry becomes increasingly valuable as test proteins become more different from the training distribution.

A negative result is also useful.

2 · APPROACH

model / method, and why this one

Compare progressively stronger representations on the same biological task: (1) pretrained protein-language-model

sequence baseline; (2) residue-level GNN with sequence features and structural connectivity; (3) distance-based

geometric model; (4) SE(3)/E(3)-equivariant model on coordinates; (5) sequence + geometry hybrid. Evaluate under

progressively harder shifts: standard splits, low sequence similarity, structural/family separation, and combined sequence

+ structural shift. Geometry-specific ablations include distance-only vs equivariant geometry, removal of sequence

features, coordinate perturbations, and neighborhood-size changes. Core outcome: performance retention under

distribution shift.

3 · DATASET

source, size, preprocessing

Primary: ATOM3D Protein Interface Prediction (PIP) with 30% sequence-identity split plus independent docking

benchmark. Secondary: ATOM3D Mutation Stability Prediction (MSP) from SKEMPI if the primary study is stable.

Preprocessing includes structure parsing, residue/chain mapping, graph construction, PLM embeddings, and

leakage-audited split versioning.

4 · METRICS

how you’ll know it worked

how you’ll know it worked Primary PIP metrics: AUPRC and AUROC; F1/precision/recall secondary. Scientific

measurements: Performance Retention = M_OOD / M_ID and Generalization Gap = M_ID − M_OOD. Also calibration

(ECE/Brier), seed variance, parameter count, training/inference time, and peak GPU memory.

5 · COMPUTE

training time, memory, dependencies

Python, PyTorch, PyTorch Geometric, ATOM3D, NumPy/SciPy, scikit-learn, Biopython, and an equivariant library such

as e3nn. Pilot subsets (~2 hours), sequence/graph baselines (~1 day each), equivariant/hybrid models (~2–3 days each

including ablations), with repeated seeds adding roughly 3–5× on final configs.
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6 · DELIVERABLES

model, paper, demo

· GeometryShift open-source framework: preprocessing, leakage auditing, baselines, shift generation, evaluation.

· Reproducible sequence- and structure-shifted splits.

· Trained checkpoints and experiment configs.

· Systematic ablation of sequence, graph, distances, equivariance, and fusion.

· Paper documenting methodology, results, trade-offs, and failure cases.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B SE(3) may not outperform sequence-only models — test robustness, not just raw score.

Geometry gains may be model-size artifacts — match parameter budgets. Distance features may explain gains — keep

distance-only controls. OOD splits may hide homologs or become too small — reconstruct with stricter grouping and

report sample-size effects. The project is failure-first: we will not tune until a geometric model wins. The scientific result

is a characterization of when 3D geometry does — and does not — provide useful generalization.
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GR-Trace · glucocorticoid response
Kenyon Shi, Kevin Shi

1 · PROBLEM

what and why

Glucocorticoid is a steroid-hormone pathway involved in stress and inflammation, and synthetic glucocorticoids such as

dexamethasone are widely used as medicines. After a cell is exposed to a glucocorticoid, some genes respond quickly

while others change only hours later. We want to test whether those early transcriptional changes contain enough

information to forecast the later response, and whether a simple, interpretable model can reveal which early patterns

matter most.

2 · APPROACH

model / method, and why this one

The core experiment is intentionally simple: use early changes in gene expression after dexamethasone exposure to

predict each gene’s later response. We will first reproduce the basic time-course response from the published data, then

compare an interpretable linear model with a nonlinear tree-based model. • For each gene, calculate

dexamethasone-versus-control expression change at 1, 3, 5, 7, 9 and 11 hours, averaging the two replicates at each time

point. • Primary prediction task: use the 1, 3 and 5 hour measurements plus simple trajectory features (early slope and

variability) to predict the mean late response at 9 and 11 hours. • Models: Elastic Net regression as the main interpretable

baseline and Random Forest regression as a nonlinear comparison. Gradient boosting will be added only if the first two

models are stable. • Secondary analysis: group genes into sustained up-regulated, sustained down-regulated and

weak/transient- response categories, then compare which early patterns separate these groups. • Interpretation: inspect

Elastic Net coefficients, permutation importance, and representative gene trajectories instead of relying only on a single

performance score. • External stress test: compare the strongest sustained-response genes with an independent

dexamethasone RNA-seq experiment in primary human airway smooth muscle cells (GSE52778). This dataset will not be

used to train the model.

3 · DATASET

source, size, preprocessing

Primary dataset: NCBI Gene Expression Omnibus GSE104714. Human A549 cells were exposed to dexamethasone or

vehicle control for 1, 3, 5, 7, 9 and 11 hours, with two replicates per condition at each time point (24 RNA-seq samples

total). GEO provides a processed expression matrix, so the first version of the project can stay self-guided and avoid a full

raw-read alignment pipeline. Preprocessing: use the processed matrix; match dexamethasone and control samples by time

point; filter genes with very low or unstable expression; compute log-scale treatment effects; standardize model inputs

using training data only. If the processed values are not suitable for direct fold-change analysis, fall back to the raw- count

workflow described by the original study. External dataset: GSE52778 contains RNA-seq from four primary human

airway smooth muscle cell lines under untreated, dexamethasone, albuterol, and combined treatment conditions. Only the

untreated-versus- dexamethasone comparison will be used as a cross-dataset biological check. Kenyon Shi + Kevin Shi |

GR-Trace

4 · METRICS

how you’ll know it worked
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observed late gene response. • Strong-response classification: precision-recall AUC, ROC-AUC, F1 score, and confusion

matrix after freezing a biologically reasonable response threshold before final testing. • Stability: repeat train/test splits

and bootstrap confidence intervals so one lucky split does not determine the conclusion. • Cross-dataset check: percent

sign agreement and overlap among the top sustained glucocorticoid-responsive genes in GSE52778. • Baseline: compare

every model with simple rules such as “use the 5-hour response as the 10-hour prediction.” A model is only useful if it

beats this baseline consistently.

· Late-response regression: Spearman correlation, mean absolute error (MAE), and R-squared between predicted and

5 · COMPUTE

training time, memory, dependencies

The processed GEO files are small, so the core analysis is CPU-friendly. A typical run should fit comfortably in 8- 16 GB

RAM and finish in minutes; repeated bootstraps, hyperparameter sweeps, and optional extensions can run on Exea

compute. Dependencies: Python 3.11+, pandas, NumPy, SciPy, scikit-learn, Matplotlib, and Jupyter. Optional:

statsmodels, XGBoost, and R/DESeq2 if raw-count reprocessing becomes necessary. Estimated storage: under 2 GB

including processed data, notebooks, cached results, figures, and environments.

6 · DELIVERABLES

model, paper, demo

reproducible result table comparing the baseline, Elastic Net, Random Forest, and any optional model. • Figures showing

representative response trajectories, predicted-versus-observed late response, model errors, and cross-dataset comparison

results. • A 5-8 page research paper / preprint describing the biological question, method, results, limitations, and what

did or did not generalize. • A short presentation and lightweight gene-response explorer that lets a user select a gene and

view its time-course and model prediction.

· A clean GitHub repository with data-loading, preprocessing, modeling, evaluation, and figure-generation code. • A

7 · RISK

what breaks first, and plan B

what breaks first, and plan B What could break Why it matters Plan B Only two replicates per time point Fold-change

estimates may be noisy. Average replicates, filter unstable genes, bootstrap results, and avoid claiming sample-level

clinical prediction. Early response does not predict late The headline model may have modest Treat this as a result:

identify which response well accuracy. response patterns are predictable vs. delayed, and shift emphasis to trajectory

clustering. External dataset disagrees Cell type and experiment differences may Report it as a cross-cell-type stress test;

keep dominate. the main conclusion limited to A549 cells. Bioinformatics scope grows too fast Raw RNA-seq processing

could consume the Stay with GEO processed matrices and two project. simple models. Raw-read processing and pathway

analysis are optional extensions. Kenyon Shi + Kevin Shi | GR-Trace SCOPE / RESEARCH INTEGRITY This is an

exploratory computational biology project, not a clinical model. The main claim will be limited to whether early

transcriptomic response can forecast later response within the available cell experiments. Both researchers will keep a

contribution log, understand the code and analysis, verify every reported result, and disclose any use of generative AI for

coding or writing assistance. 4-6 WEEK EXECUTION PLAN Week Main goal 1 Read the original studies, download the

processed matrices, reproduce basic dexamethasone-vs-control response plots, and lock the preprocessing steps. 2 Build

the simple 5-hour baseline and Elastic Net model. Check whether early response actually contains predictive adding

complexity. 3 Train Random Forest, compare errors across genes, and test stability across repeated splits / bootstraps. 4

Analyze sustained vs. transient response patterns and identify representative genes that the models predict well or poorly.

5 Run the GSE52778 external stress test in airway smooth muscle cells; make final figures and document limitations. 6

Clean the GitHub repo, write the paper, prepare the gene- response explorer, and present results for feedback. WHAT
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COUNTS AS A GOOD RESULT A useful outcome does not require the Random Forest to “win.” If a simple early-time

rule or Elastic Net performs just as well, that is a stronger interpretability result. If the external airway dataset does not

match the A549 response, we will report that directly and use it to show where the A549 response does not carry over

across cell types. REFERENCES 1. McDowell IC, Manandhar D, Vockley CM, et al. Clustering gene expression time

series data using an infinite Gaussian process mixture model. PLoS Computational Biology. 2018;14(1):e1005896.

doi:10.1371/journal.pcbi.1005896. Data: GEO GSE104714. 2. NCBI Gene Expression Omnibus. GSE104714:

time-series RNA-seq of human A549 cells exposed to dexamethasone or vehicle control. 3. Himes BE, Jiang X, Wagner

P, et al. RNA-Seq transcriptome profiling identifies CRISPLD2 as a glucocorticoid responsive gene that modulates

cytokine function in airway smooth muscle cells. PLoS ONE. 2014;9(6):e99625. doi:10.1371/journal.pone.0099625.

Data: GEO GSE52778. Kenyon Shi + Kevin Shi | GR-Trace
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Graph-based market contagion detector
Aadhav Vijay

1 · PROBLEM

what and why

Investors usually monitor individual stocks in isolation. However, market shocks tend to propagate through networks of

economically connected companies rather than affecting a single company. By the time this is visible, money has already

been lost, and much opportunity has already passed. This project tests whether tracking the market as a whole can help

mitigate the amount of money lost through the use of correlation-weighted graphs and tracking volatility shocks spread

throughout the rest of the market.

2 · APPROACH

model / method, and why this one

The main hypothesis is that a stock’s near-term shock risk depends not solely on its recent behavior, but the shock status

of a correlated neighbor must also be factored in. 1. First off, the model computes the rolling volatility of each stock and

compares it with its own stock’s historical percentile threshold. If the volatility exceeds this cutoff, then that day will be

labeled a “shock” day. 2. Secondly, instead of just looking at one stock, it looks at the whole market to see which stocks

move together on certain days. Additionally, it builds a map to be able to visualize it; the closer the dots and the more

lines connecting two stocks mean they move in a similar manner. 3. Thirdly, the model looks at the selected stock’s

connected neighbors and evaluates how many of them are currently having a shock day on the given day. The closer a

stock is, the more heavily it is weighted. This number gives us our “neighbor shock exposure” a. For example: let’s say

we are analyzing stock A and it currently has three neighbors: stock B with a correlation of 0.8, stock C with a correlation

of 0.6, and stock D with a correlation of 0.4. In this scenario, let’s say both stock B and C are having a shock day, but D

isn’t. weighted sum = (1 × 0.8) + (1 × 0.6) + (0 × 0.4) = 1.4 total weight = 0.8 + 0.6 + 0.4 = 1.8 neighbor shock exposure

= 1.4 ÷ 1.8 = 0.78 4. Finally, using each stock’s own volatility, return, and its neighbor shock exposure today, two logistic

regression models are trained to predict whether the stock will have a shock day or an unusually turbulent day five days

ahead. One model serves as the baseline using only the stock’s own information, such as returns and volatility. The other

model factors in the neighbor using its shock exposure to test whether this extra information can actually help improve

predictions. To ensure these models avoid “lookahead bias,” a very common mistake in financial models, both models are

trained on past data but tested on new data it has never seen before. This model will not tell you whether the stock will

move; instead, it also uses precise metrics to measure whether the current day is in its top 15% most volatile days. After

all training is complete, the model must be trained once across the whole market and can calculate any single stock result.

This is expressed as "lift" — how many times more likely a neighbor is to shock following the chosen stock’s shock,

compared to its normal rate.

3 · DATASET

source, size, preprocessing

The data points that I used are the daily adjusted closing prices of 23 large-cap US equities, which are across 5 different

sectors (energy, consumer staples, technology, financial, and healthcare), which were retrieved using the Yahoo Finance

API. The time period ranged from January of 2018 to June of 2021, and this was deliberate as it includes the 2020

COVID-19 volatility shock. Preprocessing: daily percentage returns; 20-day rolling volatility; shock labeling at each

stock’s own 85th volatility percentile; rolling 20-day correlation matrix for graph edges. (edge threshold |r|>=0.35)
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4 · METRICS

how you’ll know it worked

The main comparison is between the baseline model and the graph-aware model, using recall, precision, and AUC. This

was all measured using a test set that the model had never seen before, and this comes directly after training the model.

For the investor side, “lift” is used, and this measures how much more likely a connected stock is to shock; this is given

that the neighboring stock just shocked, compared to the stock’s normal shock rate. To ensure every metric is correct, it’s

recalculated a second time with the February-June 2020 COVID window excluded entirely. This also answers another

question: is the contagion effect a real pattern, or is it just the one giant event across the entire market getting picked up

by the model? Preliminary Results This has already been built and has been tested on real data using JPMorgan Chase as

a test, and here’s what I found: Model Precision Recall AUC Baseline (own stock only) 0.615 0.009 0.847 Graph-aware

(comparing with 0.704 0.474 0.870 neighbors) Not only did the recall change drastically, going from 0.9% (meaning it

essentially never caught a real shock) to 47.4% (meaning it actually works), but precision also increased by around 9%.

Robustness Check Now, the COVID window won’t be factored in, as about 67% of JPM’s shock days occurred during it,

and the model may be picking up a massive market event rather than a relationship. So the lift numbers were recalculated

with that window taken out entirely: Neighbor Sector Relation Lift (full data) Lift(excluding COVID) BAC Bank peer

6.44 15.99 WFC Bank peer 6.49 14.99 MS Bank peer 6.23 14.26 JNJ Unrelated sector 2.48 0.23 This is a good sign, as

this shows that the bank peers such as BAC, WFC, and MS got a stronger COVID was removed. This means that the

relationship holds up even without one dominant crash driving everything. However, for JNJ, the lift dropped to near

zero, which indicates it has no economic connection to JPM. This shows that, by excluding COVID, the model picks up a

real, repeatable pattern rather than a market-wide event.

5 · COMPUTE

training time, memory, dependencies

No GPU is required here. The entire plan: downloading data, building features, training, and evaluating. It runs in under 2

minutes on a free Google Colab CPU instance. All the tools in use are completely open source: numpy, pandas, yfinance,

networkx, scikit-learn, joblib, and matplotlib.

6 · DELIVERABLES

model, paper, demo

and ends with an evaluation; it is all runnable from start to finish in Google Colab. ● In the end, it can generate a full

contagion report in plain language for any stock in the basket. ● This written report covers the baseline vs graph aware

comparison as well as the COVID robustness check. ● The goal would be to scale this multihop contagion instead of just

direct neighbors.

· A trained, graph-aware logistic model with interpretable coefficients. ● A full Python pipeline that starts from raw

data

7 · RISK

what breaks first, and plan B

Twenty-three large-caps are not a market. Treat the JPM result as a proof of concept, then rerun on a broader basket

before claiming generality.

The lift may be the 2020 crash rather than a repeating relationship. The COVID-exclusion check is the current evidence

against that: same-sector peers got stronger, JNJ fell to near zero.

Exact lift numbers on this basket are noisy. Use them as a direction, not a trading signal.
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GrokScale
Isaac Shon

1 · PROBLEM

what and why

The grokking phenomenon — a sharp delayed transition from memorization to generalization in transformers trained on

algorithmic tasks — has been studied exclusively under random data ordering since its discovery (Power et al., 2022). No

work has asked whether the order in which training examples are presented affects when or whether grokking occurs.

This is a meaningful gap: curriculum learning is known to alter training dynamics in supervised settings, and its

interaction with the grokking transition is entirely unstudied. A second open question is whether existing predictive —

weight norm trajectory and centered kernel alignment (CKA) — remain valid under structured curricula, or are artifacts

of random ordering. Preliminary result (Phase 1, already complete on Colab T4): We ran GPT-2 small on modular

addition and multiplication mod 97 under five curriculum conditions (random, easy→hard, hard→easy, residue blocks,

balanced mini-epoch). The residue-block condition showed <3% validation accuracy at step 16,000, compared to the

random baseline grokking at step ~5,250 — a striking early finding that motivates the scaling study below. The open

question is whether this curriculum sensitivity is a small-model artifact that disappears at scale, or a fundamental property

of the grokking transition. Answering this requires training runs across model sizes and moduli that far exceed what free

Colab T4 GPUs can support.

2 · APPROACH

model / method, and why this one

We extend the Phase 1 design along three axes, each requiring frontier compute: Axis 1 — Model scale. Run all five

curriculum conditions on GPT-2 small (117M), GPT-2 medium (345M), GPT-2 large (774M), GPT-2 XL (1.5B), and

GPT-Neo 2.7B. GPT-2 XL and GPT-Neo 2.7B require >24 GB VRAM per replica, exceeding the T4’s 16 GB. The

MI300X’s 192 GB HBM3 fits all models without gradient checkpointing, keeping training dynamics clean and

comparable across scales. Axis 2 — Modulus scaling. Repeat across six prime moduli: p = 7, 13, 53, 97, 113, 241. Prior

work uses p = 97 exclusively. Larger moduli increase the dataset size quadratically (p2 pairs) and are expected to delay

grokking, making the curriculum effect — if real — more pronounced. Axis 3 — Full CKA analysis. For each completed

run, compute centered kernel alignment across all layer pairs at every saved checkpoint. This requires loading full

activation tensors (>8 GB for GPT-2 XL at checkpoint density), which is infeasible on T4 but straightforward on

MI300X. The difficulty metric is the wrap-around boundary: pairs where (a+b) ≥ p for addition, or (a×b) ≥ p for

multiplication, are ’hard.’ This gives a mathematically grounded difficulty proxy rather than a heuristic. All

hyperparameters are fixed across conditions — only data ordering varies — isolating curriculum as the sole independent

variable. Condition Description Difficulty Basis Random (baseline) Standard DataLoader shuffle each epoch N/A Easy

→ Hard No-wrap pairs first, wrap pairs last Wrap-around boundary Hard → Easy Wrap pairs first, no-wrap pairs last

Same, reversed Residue Blocks All c=0 pairs, then c=1 ... c=p-1 Structural residue grouping Balanced Mini-Epoch

Round-robin: one example per residue class per Equal class exposure round

3 · DATASET

source, size, preprocessing

All data is fully synthetic — no download, no licensing, no PHI. For modulus p, the dataset is all p2 ordered pairs (a, b)

with a, b ∈ {0, ..., p-1}, labeled c = (a op b) mod p. A 50/50 random split produces train and validation sets. No

preprocessing beyond tokenization into the string format ’a op b = c’. Property Value Moduli p = 7, 13, 53, 97, 113, 241
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Operations Addition mod p, Multiplication mod p Dataset sizes p=7: 49 pairs | p=97: 9,409 | p=241: 58,081 Train / val

split 50% / 50% random External data None PHI / licensing None — fully synthetic

4 · METRICS

how you’ll know it worked

Experiment Metric Grokking transition detection First step where val_acc ≥ 95%; DNF if not reached within max steps

Curriculum effect across scales Grokking step delta relative to random baseline, by model size and modulus; does effect

magnitude increase or decrease with scale? Weight norm robustness Lag between weight norm peak step and grokking

step per condition; does peak still precede grokking under all curricula at all scales? CKA robustness Whether inter-layer

CKA increases predictably before grokking under non-random curricula; Pearson correlation between CKA slope and

grokking step DNF rate Fraction of conditions per modulus/scale that never grokk; is residue-block suppression

scale-dependent? Statistical rigor 5 seeds per condition; 95% CI reported for all main results

5 · COMPUTE

training time, memory, dependencies

Estimates scaled from measured Phase 1 Colab T4 runs (~2.5 h per condition for GPT-2 small). MI300X wall-clock

padded ~25% for ROCm bring-up and job scheduling overhead. Phase Runs Hardware Est. Wall-Clock Phase 1 (done) —

GPT-2 small, mod 97, 10 Colab T4 ~30 h (complete) 10 conditions, 1 seed Phase 2a — GPT-2 medium/large/XL + 200

8x MI300X ~3–4 days GPT-Neo 2.7B, mod 97, 5 curricula, 5 seeds Phase 2b — GPT-2 small/XL + GPT-Neo 150 8x

MI300X ~2–3 days 2.7B, 5 moduli x 5 curricula, 5 seeds Phase 2c — Full CKA analysis across all N/A (po 1–2 MI300X

~1 day Phase 2a/2b checkpoints st-hoc) Ablations — no-weight-decay, 50 8x MI300X ~1 day from-scratch vs fine-tune,

integer-step only Total 400+ 8x MI300X node ~8–10 days in a 2-week window GPU memory: GPT-Neo 2.7B at batch

size 64 with full activations stored for CKA requires ~40 GB per replica. On 8x MI300X (192 GB HBM3 each) this fits

trivially without activation checkpointing, keeping training dynamics unmodified. On an 80 GB H100 it would require

checkpointing and tensor parallelism, introducing confounds — the main reason MI300X is preferred. Storage:

Checkpoints at 1,000-step intervals across 400 runs x ~6 GB per XL checkpoint = ~2.4 TB peak. Will prune to final + 5

intermediate checkpoints per run = ~200 GB retained. Software: ROCm 6.x + official PyTorch ROCm wheel. pip install

transformers torch (no CUDA-only kernels — no flash-attn, no xformers, no custom Triton). CKA computed with plain

torch.linalg. Bring-up: bash scripts/smoke_mi300x.sh --steps 10.

6 · DELIVERABLES

model, paper, demo

1. Phase 2 training checkpoints for all conditions, retained on shared storage or HuggingFace Hub. 2. Main result figure:

grokking step vs. curriculum condition, faceted by model scale and modulus. Primary claim: curriculum sensitivity is

[scale-dependent / scale-invariant] — answered by the data. 3. Weight norm and CKA robustness plots across all

conditions — do predictive survive curriculum? 4. DNF heatmap: which (curriculum, scale, modulus) combinations

never grokk within budget. 5. A short paper (~6 pages, NeurIPS format) with abstract, introduction, methods, results,

discussion. Target venue: ICLR 2027 workshop on mechanistic interpretability, or similar. 6. Public GitHub repository

(MIT license) with full reproducible codebase, ROCm-specific README section, and per-run JSON metrics.

One-command replication: bash scripts/replicate.sh --smoke. I am not claiming SOTA. The goal is a clean, reproducible

test of curriculum-grokking interaction across scales, with weight norm and CKA robustness as secondary contributions.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation Large models (GPT-Neo 2.7B) Medium DNF is a result. Extend

budget to 50k steps for large-model don’t grokk within 20k steps on any runs only; Phase 2a can be trimmed to GPT-2



EXEA LABS  ·  MEMBER PROPOSAL 3

curriculum small/medium/large without losing the scaling claim. Residue-block suppression is a Low-Medium 5-seed

Phase 2 design is specifically for this. If it doesn’t Phase 1 fluke that doesn’t replicate replicate, the null result (curriculum

doesn’t matter) is still publishable as a robustness finding for grokking. ROCm-specific PyTorch gap (e.g. Low CKA op

is plain matrix multiply — no custom kernels. CPU CKA with torch.linalg on MI300X) fallback available for post-hoc

analysis if needed. Wall-clock overrun on 2-week Low-Medium Phase 2b (modulus scaling) is lower priority than Phase

2a window (model scaling). Can drop to 3 moduli and 3 seeds without losing the main claim. train.max_steps cap

enforced for all runs. Checkpoint storage exceeds Low Automatic pruning script deletes intermediates after CKA pass.

budget Final + 5 checkpoints per run is well under 200 GB. I will share Phase 2a intermediate results at the 1-week mark

so scope can be adjusted. Phase 1 results and codebase available at request for review before allocation decision.
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HF-Bench · DL vs. classical ML
Anthony Nguyen

1 · PROBLEM

what and why

Heart failure (HF) is one of the leading drivers of preventable hospital readmission in the United States, with roughly

20–25% of patients returning within 30 days of discharge and associated costs exceeding $26 billion annually. Accurate

risk stratification at the point of discharge could enable targeted interventions — closer follow-up, medication

adjustment, home health referrals — that reduce readmissions and improve patient outcomes. A substantial body of

literature applies machine learning to this problem, with most published models relying on classical approaches: logistic

regression, random forest, or gradient-boosted trees (XGBoost/LightGBM). Deep learning methods — particularly

attention-based architectures (TabTransformer, FT-Transformer) and purpose-built tabular DL models (TabNet) — have

shown promise on general tabular benchmarks but remain underexplored in the clinical HF readmission setting.

Critically, most existing comparisons are conducted on single-institution datasets, rarely report subgroup performance

across demographic groups, and do not systematically evaluate the interpretability-performance tradeoff that clinicians

actually care about. This project fills that gap: we conduct the first systematic head-to-head benchmark of classical ML

versus deep learning for 30- day HF readmission prediction on MIMIC-IV, with explicit evaluation of fairness across

demographic subgroups and clinical interpretability via SHAP attribution.

2 · APPROACH

model / method, and why this one

We benchmark five model families on an identical MIMIC-IV HF cohort, held to a strict train/validation/test split

(temporal, to simulate real deployment): Model Family Hardware Why included Logistic Regression Classical CPU

Clinical standard; maximally interpretable baseline XGBoost Classical (GBDT) CPU Current SOTA on tabular EHR; sets

the bar DL must beat LightGBM Classical (GBDT) CPU Faster GBDT alternative; cross-checks XGBoost results TabNet

Deep Learning MI300X Attention-based tabular DL with built-in feature selection FT-Transformer Deep Learning

MI300X Feature Tokenizer + Transformer; SOTA on tabular DL benchmarks All models are trained on identical feature

sets. Hyperparameters are tuned via Optuna (100 trials per model) on the validation set. Feature importance is assessed

for all models using SHAP — TreeExplainer for classical models, GradientExplainer for DL models — enabling a direct

interpretability comparison across paradigms. Subgroup analyses by race/ethnicity, sex, and age group (≥65 vs <65) are

conducted for all five models. This surfaces not only which model performs best overall, but which model performs most

equitably across patient populations — a contribution largely absent from prior benchmarks. The core research questions

are: (1) Does deep learning outperform classical ML on this task? (2) If so, at what cost to interpretability and fairness?

(3) Which model a clinician should actually deploy?

3 · DATASET

source, size, preprocessing

Target compute: 1x AMD Instinct MI300X (deep learning arms); CPU-only for classical ML arms. Est. total wall-clock:

2–3 days. Target journal: npj Digital Medicine / PLOS ONE / JAMIA Open All data comes from MIMIC-IV v2.2, a

publicly available de-identified EHR dataset from Beth Israel Deaconess Medical Center, accessed via PhysioNet

credentialed access (no DUA beyond PhysioNet credentialing, typically approved in 1–7 days). Cohort definition: •

Adults (≥18 years) with primary ICD-10 diagnosis of heart failure (I50.x) • Discharged alive following an inpatient

hospitalization • At least one prior admission in MIMIC-IV (required for historical feature computation) • Estimated
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cohort: ~15,000–25,000 admissions • Outcome (label): readmitted within 30 days of discharge — binary (1 = readmitted,

0 = not) MIMIC-IV module Features extracted admissions / patients Age, sex, race/ethnicity, insurance type, admission

source, length of stay diagnoses_icd Comorbidities: diabetes, CKD, COPD, AFib, hypertension (one- hot); Charlson

Comorbidity Index labevents BNP/NT-proBNP, creatinine, sodium, hemoglobin, eGFR at discharge + missingness flags

prescriptions Loop diuretic dose, ACE inhibitor/ARB/ARNI, beta-blocker, total medication count chartevents Discharge

weight, systolic BP, heart rate, O2 saturation Engineered features Admissions in prior 6 months, BNP delta

(admission→discharge), days since last admit Preprocessing: median imputation for missing labs + binary missingness

indicators, one-hot encoding for categoricals, StandardScaler normalization (fit on train only, applied to val/test), SMOTE

oversampling on training fold only. Temporal train/val/test split: 70% / 15% / 15% by admission date.

4 · METRICS

how you’ll know it worked

Experiment Metric Primary benchmark (all 5 models) AUROC, AUPRC — primary performance metrics; target AUROC

≥0.75 Clinical operating point Sensitivity + specificity at 80% specificity threshold; PPV, NPV Calibration Brier score +

calibration plot (reliability diagram) for all models Fairness / subgroup AUROC stratified by race/ethnicity, sex, age ≥65

vs <65 — for all 5 models Interpretability Mean |SHAP| feature ranking; top-10 feature table; SHAP summary plot per

model DL vs classical gap Delta AUROC (FT-Transformer − XGBoost); paired bootstrap significance test Ablation All

models trained without engineered features vs full feature set; delta AUROC Seeds: 42, 123, 7, 0, 256. All metrics

reported as mean ± 95% CI across 5 seeds. Hyperparameter tuning performed on validation set only; final numbers

reported on held-out temporal test set.

5 · COMPUTE

training time, memory, dependencies

Classical ML arms (logistic regression, XGBoost, LightGBM) run entirely on CPU and require no special hardware.

Deep learning arms (TabNet, FT-Transformer) use the MI300X for training and hyperparameter search. Phase Hardware

Estimated wall-clock MIMIC-IV data pull + preprocessing CPU ~2–4 hours (one-time) (mimic-code SQL + pandas)

Classical ML training + Optuna tuning CPU ~1–2 hours total (100 trials each) TabNet training + Optuna tuning (100 1x

MI300X ~4–6 hours trials, 5 seeds) FT-Transformer training + Optuna tuning 1x MI300X ~6–8 hours (100 trials, 5 seeds)

SHAP attribution (all 5 models, test set) CPU / MI300X ~1–2 hours Subgroup analysis + figure generation CPU ~1 hour

Total 1x MI300X node ~1.5–2 days wall-clock with buffer GPU memory: TabNet and FT-Transformer on a

~20,000-patient tabular dataset fit comfortably within 16 GB VRAM. The MI300X (192 GB HBM3) is far above what is

strictly required, but allows large Optuna search spaces and full-batch training without minibatch approximation artifacts.

Storage: ~5–10 GB for relevant MIMIC-IV tables + preprocessed .parquet cache. Well under any reasonable budget.

Software / dependencies (all pip-installable): • Python 3.10+, pandas, numpy, scipy, scikit-learn, xgboost, lightgbm •

pytorch-tabnet, pytorch-frame (FT-Transformer implementation) • shap, optuna, imbalanced-learn, matplotlib, seaborn •

ROCm 6.x + official PyTorch ROCm wheel (for MI300X) • mimic-code SQL scripts for cohort extraction

(MIT-licensed) • No Docker required; standard Python venv. No CUDA-only kernels.

6 · DELIVERABLES

model, paper, demo

By end of the two-week window: • Reproducible cohort extraction pipeline (SQL + Python) from MIMIC-IV • Trained

and tuned models for all 5 model families with full cross-validation results • Head-to-head benchmark table: AUROC,

AUPRC, Brier score, sensitivity, specificity for all models • Subgroup fairness table: AUROC by race/ethnicity, sex, and

age group for all 5 models • SHAP summary plots and top-10 feature tables for all models (classical TreeExplainer + DL

GradientExplainer) • ROC and precision-recall curves overlaid for all 5 models • Draft methods + results sections

formatted for npj Digital Medicine Longer-term (post-sprint): • Full manuscript submitted to npj Digital Medicine, PLOS



EXEA LABS  ·  MEMBER PROPOSAL 3

ONE, or JAMIA Open • Abstract submitted to AMIA Annual Symposium or AHA Scientific Sessions • Public GitHub

repo with fully reproducible pipeline, MIT-licensed I am intentionally not promising that deep learning beats XGBoost —

a negative result (classical ML matches or outperforms DL on this task) is equally publishable and arguably more

clinically useful. The goal is a clean, honest, reproducible benchmark with equity findings.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation MIMIC-IV PhysioNet Medium Apply immediately (typically

1–7 days). Use credentialing delayed MIMIC-IV demo (100-patient public subset, no credentialing) to build and validate

full pipeline in parallel. No time lost. DL models underperform Medium This is a valid, publishable finding — ’classical

ML XGBoost on this task matches DL on tabular EHR data with better interpretability’ is a useful clinical result. Frame

as the honest benchmark it is. XGBoost arm is the safety net. FT-Transformer or TabNet Medium Isolate DL training

behind unit-tested modules. Fall fails to converge / back to MLP (simpler DL baseline) if attention- hyperparameter

sensitivity based models misbehave. ROCm compatibility tested in smoke run before full training. SHAP

GradientExplainer is Medium Use SHAP KernelExplainer as fallback (model- slow or unstable on DL agnostic, slower

but reliable). Limit explainability models analysis to a random 500-patient subset of the test set if runtime is prohibitive.

Subgroup sample sizes too Low Report CIs explicitly. Collapse granular race small for reliable AUROC categories to

broader groups if n <100. Flag small- estimates n subgroups rather than omitting them — reviewers accept this with

honest reporting. Class imbalance (~20% Low SMOTE on training fold + class_weight=’balanced’ positive) degrades

minority- for classical models + pos_weight in DL loss. class recall Report AUPRC alongside AUROC. Tune threshold to

clinical operating point rather than defaulting to 0.5. I will check in at the 1-week mark with classical ML results and

Stage-1 DL training numbers so we can decide together whether to push for the full 5-model benchmark or trim to the

strongest 3.
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Hybrid weather forecasting
Anubhav Chatterjee, Arya Addagarla

1 · PROBLEM

what and why

Short-range station readings and longer climate records are usually modeled apart. This project tests whether an LSTM on

recent hourly series plus gradient boosting on seasonal features beats either piece alone, and beats a

persistence/climatology baseline, on public NOAA station data.

The task is next-day temperature and precipitation, plus a binary extreme-heat flag defined in advance from each station’s

own 95th percentile. It is not a Kaggle leaderboard and it is not a new atmospheric model.

2 · APPROACH

model / method, and why this one

LSTM on the last 72 hours of temperature, humidity, wind, and precipitation. Gradient boosting on month, latitude, and

30-day rolling means. A logistic/linear meta-model on the two outputs.

Chosen because each half is cheap to ablate. If the blend does not beat LSTM-only, boosting-only, and persistence, the

project stops.

3 · DATASET

source, size, preprocessing

NOAA ISD / GHCN-Daily for a fixed set of US stations with at least ten years of hourly or daily records. Train on earlier

years, test on a later held-out year. No Kaggle weather dumps. Missing values: forward-fill up to 3 hours, else drop the

window.

4 · METRICS

how you’ll know it worked

Continuous: MAE and RMSE vs persistence (today = yesterday) and vs monthly climatology. Extremes: precision/recall

on the pre-registered 95th-percentile heat flag, vs a climatology threshold.

Success is a clear MAE drop against both baselines on the held-out year. No numeric F1 target is set in advance.

5 · COMPUTE

training time, memory, dependencies

CPU is enough. One MI300X is optional and would be idle for most of this job. Python, PyTorch or sklearn LSTM,

XGBoost, pandas.

6 · DELIVERABLES

model, paper, demo

· A notebook that downloads NOAA, trains the three models, and prints the baseline table.

· A short report with MAE/RMSE and the extreme-flag confusion counts.
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7 · RISK

what breaks first, and plan B

The blend adds nothing over persistence. That is the result; ship the table.

Station coverage is uneven. Restrict to stations that pass a completeness cut rather than imputing long gaps.
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Identifiability screening · policy simulators
Raunak Mondal · Discord: raunakmondal07

1 · PROBLEM

what and why

Agent-based policy simulators expose dozens of tunable knobs, and the standard move is to calibrate all of them against

data using simulation-based inference. The trouble is that many knobs are not recoverable even in principle: some are

declared in the config schema but never read by any transition rule, and others move outcomes by less than the

seed-to-seed noise. Calibration returns a clean posterior anyway, because a neural posterior estimator handed an

uninformative parameter simply reproduces the prior — and, critically, that failure passes the field’s standard validation

check. Simulation-based calibration measures rank uniformity, and a posterior that returns the prior is perfectly

rank-uniform, so the diagnostic everyone runs is exactly the one that cannot see this. We propose to build and validate an

identifiability screen that runs before calibration and certifies which parameters are worth inferring.

2 · APPROACH

model / method, and why this one

We use a two-stage design: screen first, then calibrate only the certified subspace. The screen combines a

common-random-numbers perturbation sweep (same seed, knob swept across its prior support, so any nonzero output

delta is causal rather than noise) with a Morris/Sobol elementary-effects stage and a power analysis that reports the

smallest effect size detectable at a given simulation budget. Each parameter comes back labeled inert, weak, or

identifiable, with the label backed by a measured effect size and a detection threshold rather than a heuristic. Because

simulation is the scarce resource (§5), the screen spends its budget sequentially rather than flat across the prior,

concentrating runs where the weak/inert boundary is still ambiguous. Calibration then runs amortized neural posterior

estimation — a neural spline flow over the certified subspace, with a learned set-transformer embedding of the raw event

stream replacing hand-crafted summary statistics. We validate with SBC rank histograms, TARP expected-coverage tests,

and posterior contraction (1 − Var_post/Var_prior). We chose this over running SBI alone because SBI alone cannot

detect its own failure here, which is the technical crux: SBC is necessary but not sufficient, and the inert case is precisely

where the insufficiency bites. We chose it over pure structural identifiability analysis (Lie-symmetry or profile-likelihood

methods) because those need a closed-form likelihood, which a discrete-event simulator does not have. The screen is

deliberately simulator-agnostic — it treats the simulator as a black box with a seed, so it transfers to any ABM.

Preliminary results. We ran the screen on rfsim, our 6.3k-line research-field simulator (13 transition modules, 60-month

horizon, ~860 events/run). A 400-draw prior-predictive sweep plus a common-random-numbers sweep over 11 policy

parameters gives: Parameter ∆ exposure (CRN, 0.05→0.95) max abs. Spearman ρ Verdict open_science_level +0.221

0.864 identifiable repository_control_strength −0.036 0.581 identifiable pre_travel_review_strength +0.014 0.787

identifiable electronic_monitoring_strength −0.014 0.126 weak audit_frequency −0.007 0.115 weak

access_control_strength 0.000 0.105 inert need_to_know_strength 0.000 0.056 inert export_review_strength 0.000 0.055

inert investigation_capacity 0.000 0.052 inert cloud_control_strength 0.000 0.049 inert mitigation_strength 0.000 0.112

inert Six of eleven parameters are exactly inert — zero output change across the full prior range under a fixed seed.

Source inspection confirms the mechanism: only 4 of 13 transition modules reference the policy object at all. Two event

types (AccessGranted, NoncompliantTransfer) have zero variance across all 400 prior draws. Prior-predictive spread on

the headline outcome is sd = 0.054, so the two "weak" parameters sit at roughly a quarter of the noise floor. Naive

calibration of this simulator would have produced eleven confident-looking posteriors, six of them meaningless.
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3 · DATASET

source, size, preprocessing

The primary data is simulator-generated: a corpus of 106 (θ, event-log) pairs from rfsim, θ ∈ R18 drawn from a uniform

prior over policy and scenario parameters. Preprocessing converts each event log into a binned multivariate count series

over 12 event types, plus asset-level exposure and detection timings — the set-transformer arm consumes the raw stream

instead, held in a packed columnar format at ~14 KB per run (see §5 for why the native JSONL representation is not

viable at this scale). Real-data anchoring comes from OpenAlex: 44 research subfields across AI/robotics,

semiconductors, and synthetic biology, with roughly 13k authors, 3k institutions, and 500 topics already ingested and

persisted in Neo4j by the existing pipeline. This supplies the observable side of the calibration target (publication

cadence, cross-country collaboration rates). For generalization we run the screen on two external, mature ABMs with

published calibration studies — Covasim and a Sugarscape-family economic model — to establish that weak-but-nonzero

identifiability is the general case and rfsim’s exact-zero result is the extreme end of a spectrum, not an artifact of one

codebase.

4 · METRICS

how you’ll know it worked

Screen precision/recall against ground-truth inertness. Ground truth is available two ways: static instrumentation of which

knobs each module reads, and synthetic parameters injected with known effect sizes. Detection-power curve: smallest

true effect size the screen flags, as a function of simulation budget N, reported for sequential vs. flat prior sampling. This

is the number that makes the tool usable by others — a practitioner needs to know what their budget buys, not what a

cluster buys. The headline demonstration: SBC rank histograms pass (p > 0.05, uniform) on inert parameters while

posterior contraction sits at ≈ 0 and the screen flags them — the diagnostic gap, shown rather than argued. Posterior

quality on the certified subspace: TARP expected-coverage error within ±2% of nominal; contraction ratio ≥ 0.5 on

parameters labeled identifiable. Embedding ablation: learned event-stream embedding vs. hand-crafted summaries,

measured by contraction at matched budget. Downstream consequence: whether policy rankings derived from screened

vs. unscreened calibration actually differ.

5 · COMPUTE

training time, memory, dependencies

Sized against the actual allocation — 1× MI300X (192 GB VRAM), 240 GB system RAM, 20 cores, 2 TB disk, 100

MB/s — from measurements on the current codebase rather than estimates. The binding constraint is core count, not the

accelerator. Simulation is a pure-Python discrete-event loop and cannot be moved to the GPU. In alternating A/B trials we

measured 253 ms per 60-month run single-core, cut to 181 ms (1.4×) by memoizing the ontology traversals that dominate

the profile — a change verified to produce bit-identical event logs (matching SHA-256 over every event field) with the

test suite still green. At roughly 100 runs/s sustained across 20 workers: Corpus Wall-clock, 20 cores Packed storage 106

runs 2.8 hours 14 GB 7 28 hours 140 GB 10 runs A 107 sweep is affordable once, overnight; it is emphatically not

affordable per ablation. This is the single fact that shapes the design. Rather than sampling the prior flat and hoping the

budget covers the smallest effects, we allocate simulations sequentially — the surrogate proposes the next θ batch,

concentrating runs near the decision boundary between "weak" and "inert." That is also what makes the detection-power

curve budget-aware, which is the form practitioners actually need, since most people running an ABM do not have a large

cluster either. Storage is where the naive plan breaks. rfsim writes event logs as JSONL at a measured 1,518 bytes per

event, and a 60-month run emits ~860 events — 1.3 MB per run, so a 106-run corpus in native format is 1.31 TB,

two-thirds of the allocation, before checkpoints or the OpenAlex snapshot. We therefore store the corpus packed

columnar (int32 time, event type, asset, actor) at ~14 KB per run, keeping even a 107 corpus at 140 GB. Raw JSONL is

retained only for a 104-run audit subsample so provenance checks remain possible. With Parquet-converted OpenAlex

(~200 GB net), Neo4j, and flow checkpoints, total footprint lands near 440 GB. RAM and VRAM are both abundant, and
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each earns its keep once. A simulation worker peaks at a measured 23 MB resident, so 20 workers are nowhere near the

240 GB ceiling — memory never throttles simulation. The payoff is downstream: the packed corpus stays fully resident

during flow training, so there is no streaming dataloader and no disk I/O in the inner loop. The same logic justifies the 192

GB card. A neural spline flow over 18-dimensional θ needs under 5 GB, so the capacity is not for the model — it is that a

140 GB packed corpus fits in HBM, and with all 20 cores saturated by simulation we cannot afford a host-side loader

competing for CPU. Total accelerator demand is modest, roughly 40–80 GPU-hours across the architecture and seed

sweep, interleaved with simulation rather than serialized after it. Bandwidth matters once, at the start. The full OpenAlex

snapshot is ~330 GB compressed and free from S3; at 100 MB/s that is a few hours, one time, after which the pipeline no

longer depends on a rate-limited API key for the temporal analysis. Dependencies: ROCm PyTorch 2.x, sbi, zuko,

DuckDB, numpy/scipy/scikit-learn. No custom kernels, no multi-node training, no distributed setup.

6 · DELIVERABLES

model, paper, demo

1. simscreen — a standalone, simulator-agnostic identifiability screening library (black-box interface: a callable plus a

seed), released open-source with the detection-power methodology documented. 2. A certified calibration of rfsim, with

posteriors reported only over the parameters that earn them, and the inert set reported as a finding. 3. A paper targeting

ICLR 2027 (deadline late September 2026), with AISTATS 2027 as the fallback venue. The framing is the diagnostic

gap: SBC cannot detect unidentifiability, and here is what to run instead. 4. The simulation corpus and full experiment

configs, released so the numbers reproduce, with per-run git SHA and config hash. 5. A demo: point the screen at an

unfamiliar simulator and get back a labeled parameter table in minutes.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B What breaks first: the inert parameters in rfsim may read to reviewers as our own

incompleteness rather than a general phenomenon. This is the main risk and we take it seriously. Plan B is the

external-ABM arm, which is why it is in the plan from day one rather than as a stretch goal — if mature, published,

widely-used simulators also show parameters below their own noise floor, the contribution stands independent of rfsim.

And if they do not, "the screen catches real wiring bugs in policy simulators, here is one it caught" remains a genuine and

useful result, just a smaller one. Second risk: the SBC-insensitivity point may be known folklore in the SBI community

even if it is not crisply written down. We run a focused prior-art check in week one, before spending the GPU budget. If it

is already published, we pivot the emphasis to the screening tool and the detection-power methodology, which are

contributions regardless. Third: the simulation budget may prove too tight for the smallest effect sizes, since 20 cores caps

us near 107 runs per overnight sweep. Mitigations are already measured: the ontology memoization above bought 1.4×

for free, the remaining profile hotspot (process_rules._observed_classes_for_asset, 13% of runtime) is cacheable on the

same argument, and the sequential allocator exists precisely to spend a small budget well. If the floor still sits above the

interesting effect sizes, that floor is a reportable result — it tells ABM practitioners what their own hardware can and

cannot certify. Fourth: the learned event-stream embedding may not beat hand-crafted summaries. That ablation is

reported either way and the screen does not depend on the outcome. Fifth: ROCm friction. We stay on standard ops and

smoke-test on a single GPU before launching the sweep. The device-selection code is already backend-agnostic.

Interpretation note: rfsim’s outputs are simulated actors and hypothesized pathways, not claims about real individuals or

institutions; this caveat is enforced in the codebase and carried into all released artifacts.
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InterveneFM
Ethan Wang

1 · PROBLEM

what and why

Cellular foundation models for perturbation prediction, including CPA (Lotfollahi et al., 2023), GEARS (Roohani et al.,

2024), and scGPT (Cui et al., 2024), condition their outputs on per-gene embeddings stored as discrete-index lookup

tables (nn.Embedding). Ahlmann-Eltze et al. (Nature Methods 2025) showed these models fail to outperform linear

baselines. We pinpoint the mechanism: on standard 0/1 splits, held-out test genes receive zero gradient during training, so

their embedding rows remain near random initialization. We call this lookup-row dormancy. A 30K-parameter MLP (the

Conditional Perturbation Generator, CPG) that replaces nn.Embedding with a function of precomputed gene-identity

features closes 64% of the gap on K562.

2 · APPROACH

model / method, and why this one

We run a counterfactual audit: at inference, we replace only the per-gene embedding with five alternatives (learned,

mean-over-training, zero, random, population-mean) while fixing all other model weights. On Norman CRISPRa (4

seeds), GEARS’s embedding adds +0.066 DE-Spearman above the population-mean baseline, but on Replogle K562

CRISPRi (3 seeds) the gap inverts to -0.161. scGPT shows the same sign inversion. Trained embedding rows shift 2.42x

from initialization along a coherent knockdown axis; held-out rows stay within 1.3x and are nearly orthogonal to it. For

AAAI, we extend the audit to additional architectures (SAMS-VAE, AttentionPert) and test dormancy-immune models

(Biolord, which uses Gene Ontology features instead of nn.Embedding) as a control. We also swap the CPG’s SVD

features for pretrained gene embeddings from GenePT (Zou group, 2024) and Geneformer (Theodoris et al., Nature

2023), and extend to combinatorial perturbations where compounding dormancy (both genes in a pair unseen) may

produce failures worse than the sum of individual dormancies.

3 · DATASET

source, size, preprocessing

Dataset Source Size Use Norman 2019 Norman et al., 91K cells, 105 Positive control (overall gap > 0). 0/2 split for

CRISPRa Science 2019 single + 131 combinatorial dormancy. combo perturbations Replogle K562 Replogle et al., Cell

~2M cells, 9,867 Primary dormancy substrate (gap = -0.161). CRISPRi 2022 targeted genes 0/1 split with 80 held-out

genes. Replogle RPE1 Replogle et al., Cell ~1.5M cells, Secondary substrate (gap = -0.071). CRISPRi 2022 ~9,800 genes

Cross-dataset replication. sci-Plex (K562 Srivatsan et al., 650K cells, 188 Dose-response dormancy extension (stretch

subset) Science 2020 compounds x 4 goal). doses Preprocessing • Highly variable gene (HVG) selection with leakage fix:

HVGs computed on training cells only, not full • Perturbation embeddings: nn.Embedding(n_genes, embed_dim) with

default PyTorch initialization. • CPG features: truncated SVD (64 components) over control-cell expression matrix.

GenePT embeddings: 3072-dim PCA-reduced to 64.

4 · METRICS

how you’ll know it worked

Experiment Metric Target / Interpretation Architecture extension DE-Spearman gap (learned - SAMS-VAE and

AttentionPert show dormancy (SAMS-VAE, AttentionPert, pop_mean) on K562 0/1 split (gap < 0). Biolord (continuous
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features) does Biolord) NOT show dormancy. Confirms mechanism is embedding-specific. Pretrained gene Gap closure

relative to CPA GenePT closes more than SVD’s 64% (target: embeddings (GenePT, baseline on K562 and RPE1

70-80%). Identifies optimal gene representation. Geneformer, ESM-2, Gene2Vec) Combinatorial dormancy

Compounding ratio: gap(0/2) / Ratio > 1.0 indicates multiplicative compounding. (Norman 0/2 split) (2 * gap(0/1)) CPG

should mitigate (both genes have meaningful features). Conditional-helper Per-tertile gap stratified by LOW tertile

(strong effects) shows positive gap; replication (K562, RPE1) pop_mean performance HIGH tertile (weak effects) shows

negative gap. Architecture-agnostic.

5 · COMPUTE

training time, memory, dependencies

Most experiments are CPU-bound (small models, cached features). GPU compute is needed only for SAMS-VAE and

AttentionPert training on the Replogle datasets. Phase Hardware Est. Wall-Clock Notes Architecture extension 1x

MI300X ~8 hours Training 3 models on Norman + K562, 3 (SAMS-VAE + seeds each. ~$25-35 equivalent.

AttentionPert + Biolord) Pretrained gene CPU only ~3 hours CPG training is fast (30K params). Feature embeddings (6

feature extraction is one-time. sets x 2 datasets x 3 seeds) Combinatorial dormancy CPU + 1x ~3 hours GEARS retraining

on 1/2 split needs GPU. (Norman 0/2 stratification MI300X CPA/CPG analysis is CPU. + CPG) Conditional-helper CPU

only ~1 hour Reanalysis of existing checkpoints. No new replication training. Dose-response (sci-Plex, 1x MI300X ~6

hours CPA on 1 cell line, 50 drugs, 3 seeds. Only if stretch goal) time permits. Total CPU + 1x ~2 days within ~$40-65

GPU equivalent. Remaining budget MI300X 1-week window for reruns. Software Dependencies

codebases (public GitHub repos). • GenePT embeddings via OpenAI text-embedding-3-large API (one-time extraction,

cached).

· Python 3.10+, PyTorch 2.x with ROCm backend. • scanpy, anndata for single-cell data handling. • GEARS, CPA

6 · DELIVERABLES

model, paper, demo

(nn.Embedding) from dormancy-immune (continuous features) models. • Gene embedding comparison: gap closure for

GenePT, Geneformer, ESM-2, Gene2Vec, scGPT tokens, and SVD+GenePT concatenation, with 3-seed CIs. •

Combinatorial dormancy analysis: compounding ratio across GEARS, CPA, and CPG on Norman 0/2, with 3-way

stratification (0/2, 1/2, 2/2). • Conditional-helper replication: per-tertile gap on K562 and RPE1 for CPA, GEARS, and

scGPT, confirming architecture-agnostic conditional structure. • An AAAI-27 paper draft with all figures and tables

generated from result JSONs.

· Architecture-extended dormancy table: DE-Spearman gap for 5+ architectures, cleanly separating

dormancy-vulnerable

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation Biolord shows dormancy despite Medium Check Biolord’s

generalization gap separately. If it fails, the using continuous features story shifts to "continuous features are necessary

but not sufficient." Still informative. All pretrained embeddings Medium Report as evidence that the CPG architecture,

not the feature, perform comparably to SVD is the bottleneck. Reframe from "better features" to (remaining 36% gap is

"architectural limits." architectural) Norman has too few combos for Medium With 3 seeds this gives ~132 observations

per stratum. Use reliable 3-way stratification (~44 median split (2 groups) if tertiles are underpowered. per stratum)

GenePT embeddings degrade on Low Check annotation coverage before running. Also run at poorly-annotated Replogle

genes 128-dim and 256-dim to verify PCA reduction does not destroy SAMS-VAE sparsity mask Low Ablate both mask

and embedding jointly. Set mask to all-ones complicates the audit for counterfactual conditions.
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ITA · cross-species pose
Ethan Wang

1 · PROBLEM

what and why

Animal pose estimation toolkits like DeepLabCut, SLEAP, and SuperAnimal can track keypoints across dozens of

species, but adapting to each new species still requires fine-tuning millions of backbone parameters. On the AP-10K

benchmark (Yu et al., NeurIPS 2021), which covers 54 mammal species with a shared 17-keypoint skeleton, moving from

a trained species pool to a held-out species typically means retraining an entire decoder head (8.5M parameters) or

applying parameter-efficient methods like LoRA (87K parameters) or BitFit (14K parameters). We ask whether a single

learned 768-dimensional token, roughly 11,000x fewer parameters than a full decoder fine-tune, can close the accuracy

gap.

2 · APPROACH

model / method, and why this one

Identity-Token Adaptation (ITA) freezes a DINOv2-base backbone (Oquab et al., TMLR 2024; 86M parameters, never

updated) and attaches a cross-attention decoder conditioned on one 768-dimensional token per species. Adapting to a new

species means optimizing only that token. We chose DINOv2 because its self-supervised distillation objective produces

patch features with strong spatial consistency: 49.0 mIoU on ADE20k segmentation with a frozen backbone versus 33.3

for MAE and 39.3 for OpenCLIP (Oquab et al., 2024). Two design choices are critical: cross-attention conditioning

(FiLM-style modulation is too coarse to steer individual keypoints) and a hinge-margin loss that prevents the decoder

from ignoring the token. Preliminary results on 8 held-out AP-10K species show ITA reduces normalized keypoint error

on all 8 (95% paired-bootstrap CIs excluding zero). On fox, the 768-parameter token reaches a 1.03x error ratio against

the 8.5M-parameter decoder fine-tune. Against BitFit (Ben Zaken et al., ACL 2022) and LoRA rank-4 (Hu et al., ICLR

2022), ITA matches accuracy at 19 to 114x fewer parameters. Gains follow an inverted-U with feature-space distance:

mid-distance species benefit most, near species less, far species least. We now need to validate four claims for a

main-conference submission: (1) the approach generalizes beyond DINOv2, (2) the inverted-U holds with more species,

(3) retrieval-based token initialization enables rapid few-shot adaptation, and (4) the identity token can capture body-plan

differences across non-mammalian skeletons.

3 · DATASET

source, size, preprocessing

Dataset Source Size Use AP-10K Yu et al., NeurIPS 10,015 images 54 Primary benchmark. 17-keypoint shared 2021

mammal species skeleton. Training pool + held-out species evaluation. Dataset Source Size Use APT-36K Yang et al.,

NeurIPS 36,000 frames 30 Non-mammalian species (birds, fish) for 2022 species multi-skeleton transfer (Experiment 4).

CUB-200 Wah et al., 2011 11,788 images 200 Fallback bird skeleton data (15 keypoints) if bird species APT-36K bird

annotations are insufficient. Preprocessing • All images resized to 224x224. DINOv2 patch features (1+256 tokens,

768-dim) extracted once and cached as .npy shards. • AP-10K keypoints normalized to [0,1] relative to bounding box.

Standard left-right flip augmentation. • On-disk footprint per backbone: roughly 12 GB of cached features. Total across 5

backbones: roughly 60 GB, well under a 1 TB scratch budget.

4 · METRICS

how you’ll know it worked
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Experiment Metric Target / Interpretation Cross-backbone validation RMSE_norm, ITA efficiency ratio (768 params vs.

full fine-tune) (5 backbones x 3 species) PCK@0.05/0.10/0.20 holds across DINOv1, MAE, CLIP, EVA-02, not just

DINOv2 Inverted-U expansion (8 Adaptation gain vs. cosine Significantly negative quadratic coefficient species total)

distance; quadratic (p<0.05) confirms inverted-U is not an artifact of R-squared vs. linear 3 datapoints Few-shot token init

(3 Convergence speed (epochs Retrieval-based init reaches 90% accuracy 2-3x strategies x 4 shot counts) to 90% of

full-training faster than random init performance) Multi-skeleton transfer PCK@0.10 on PCK@0.10 > 0.3 for birds

demonstrates identity (birds, fish) non-mammalian species token captures body-plan differences, not just texture

5 · COMPUTE

training time, memory, dependencies

All experiments use cached frozen-backbone features, so each training run is lightweight. Estimates are scaled from

measured single-GPU runs on Apple M2 and extrapolated to MI300X throughput. Phase Hardware Est. Wall-Clock

Notes Feature extraction (5 1x MI300X roughly 4 hours One-time forward pass per backbone. backbones x AP-10K +

Cached to disk as .npy shards. APT-36K) Exp 1: Cross-backbone 1x MI300X roughly 3 days 510 GPU-hours of

A100-equivalent work. (5 backbones x 3 species MI300X accelerates via larger batch. x 10 seeds) Exp 2: Inverted-U 1x

MI300X roughly 8 hours 50 GPU-hours. Fastest experiment, highest expansion (5 new species priority. x 3 methods x 10

seeds) Phase Hardware Est. Wall-Clock Notes Exp 3: Few-shot init (3 1x MI300X roughly 6 hours 45 GPU-hours. Plus

roughly 1 hour for strategies x 7 species x 4 learned projector training. K-values x 5 seeds) Exp 4: Multi-skeleton 1x

MI300X roughly 4 hours 20 GPU-hours. Smallest compute, most (decoder redesign + manual annotation effort.

non-mammal eval) Total 1x MI300X roughly 5 days roughly 625 GPU-hours A100-equivalent. within 2-week Remainder

for reruns and ablations. window Software Dependencies • Python 3.10+, PyTorch 2.x with ROCm backend. •

HuggingFace Transformers for backbone loading (DINOv2, MAE, CLIP, EVA-02 checkpoints). • No CUDA-only

kernels. All operations are standard PyTorch (nn.MultiheadAttention, AdamW, CosineAnnealingLR). • No Docker

required. Pure Python venv with pip install.

6 · DELIVERABLES

model, paper, demo

10-seed CIs. • Inverted-U validation plot: adaptation gain vs. feature-space distance for 8 species, with quadratic and

linear regression fits and bootstrap CIs on the quadratic coefficient. • Few-shot initialization benchmark: convergence

curves for 3 initialization strategies across 4 shot counts, with epochs-to-90% as the headline metric. • Multi-skeleton

transfer results: PCK@0.10 on bird and fish species with the skeleton-agnostic decoder, plus cross-attention

visualizations showing what the identity token attends to. • An AAAI-27 main-conference paper draft with all tables and

figures generated end-to-end from JSON result files, plus the full reproducibility codebase.

· Cross-backbone comparison table: ITA efficiency ratio across DINOv2, DINOv1, MAE, CLIP, EVA-02 on 3 species

with

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation ITA works only on DINOv2 and Medium Each backbone runs

with a full-decoder control (no ITA). If fails on MAE/CLIP backbones frozen MAE + full decoder also fails, the issue is

feature quality, not ITA. Report the ratio (ITA / full-decoder) to isolate the contribution. Inverted-U pattern does not hold

Medium Also fit piecewise and monotonic regressions. A monotonic with 8 species decrease is still publishable and

corrects the 3-point preliminary observation. Test with phylogenetic distance (TimeTree) as an alternative metric. Token

space is not smooth, so Medium Compute pairwise cosine similarity of all learned training retrieval-based initialization

tokens vs. feature-space similarity. If correlation < 0.3, report provides no benefit as a negative result and focus the paper

on Experiments 1 and 2. Risk Likelihood Mitigation Small validation sets for rare High Use 10 seeds per condition and
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report 95% bootstrap CIs. species (< 30 images) produce Exclude species with fewer than 15 validation images from

high-variance estimates headline claims. Flag sample-size limitations explicitly. Wall-clock overrun on MI300X Low

Experiments are prioritized: Exp 2 first (8 hours), then Exp 1 (3 days). If time runs short, drop Exp 4 (stretch goal) and

reduce Exp 1 to 3 backbones (DINOv2, MAE, CLIP).
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EXEA LABS · MEMBER RESEARCH PROPOSAL

J-space global-workspace audit
Aryan Ahuja · Discord: sassyYoda

1 · PROBLEM

what and why

On July 6, 2026, Anthropic published Verbalizable Representations Form a Global Workspace in Language Models

(Gurnee, Sofroniew, Lindsey et al., Transformer Circuits). It introduces the Jacobian lens (J-lens): for each layer ■, an

averaged linearized map J_■ = E[∂h_final / ∂h_■] from the residual stream to final-layer logits, read out as

softmax(W_U · norm(J_■ h)). The sparse set of active J-lens directions (the "J-space") behaves like a cognitive-science

global workspace: its contents are verbally reportable, causally load-bearing for multi-step reasoning, flexibly general,

and selectively necessary. Every headline result in the paper was measured on closed Claude models. The paper is strong

but almost entirely un-replicated and un-stress-tested on open weights, and its authors flag concrete gaps: the lens

captures only single-token concepts, they do not know what mechanism decides workspace entry, and they call the tool

"imperfect." Neel Nanda’s team replicated core claims on Qwen but found poetry and arithmetic did not transfer, and

warns the averaged Jacobian "will find noisy directions" with "many false positives." The open question this project

answers: which J-space claims are real, model-agnostic properties of transformers, and which are Claude- specific or

artifacts of the lens? We turn a set of qualitative demos on one model family into quantitative, baselined,

causally-validated findings on open weights. This is not a training project. It is a measurement and causal-intervention

project on pre-trained models, which is why the compute footprint is small and honestly stated: most of the pipeline

already runs on a laptop, and we are asking for MI300X time only to scale the experiments that have already shown

2 · APPROACH

model / method, and why this one

We run six pre-registered experiments, then scale only the ones that show 6). Two already have strong local runs (Section

5). All share one validated intervention harness (J-lens vector construction from the pre-fitted lens + unembedding;

concept-swap and directional-ablation forward hooks; angle/norm-matched random controls; a no-op identity test that

reproduces baseline logits bit-exactly). A — Cross-model universality. Is the J-space relational geometry shared across

model families beyond tokenizer geometry? (RSA/SVCCA/Procrustes across families, with unembedding-only and

shuffled baselines.) obtained. D — Selectivity ablation with dose-response. Does ablating top-k J-space contents

selectively degrade reasoning/summarization/rhyming while sparing MCQA/sentiment/fact-retrieval, graded in k, beyond

matched random ablation? The paper’s flagship claim; the anchor experiment whose harness the others reuse. I — Does

the workspace reveal what unfaithful chain-of-thought hides? (Reward hacks are verbalized <2% in the literature; if the

hack concept sits in J-space anyway, J-lens is a monitor that beats reading the CoT.) The novel, safety-relevant flagship.

C+G — Lens auditing benchmark and robustness audit. Is J-lens a better detector of hidden content than tuned/logit lens

at matched cost, and when can it be trusted? Includes a future-token-target tuned-lens baseline, since the paper’s own

ablation credits future-token targeting (not the Jacobian) for most of J-lens’s gain. B — Ignition dynamics. Does

workspace entry show a threshold/competition ("ignition") rather than smooth scaling? (Directly attacks the authors’

stated mechanistic gap; requested by GNW originators Dehaene & Naccache in the paper’s commentary.) J — Capacity

psychophysics. Is the "few dozen concepts" limit behaviorally binding, and what gets evicted? (A digit-span-style set-size

curve; also requested in the commentary.) We chose this portfolio over "reproduce one demo" because it isolates the

paper’s claims (universality, selectivity, entry dynamics, auditing utility) rather than its surface, and every experiment

pairs an observational readout with a causal intervention, which is the bar reviewers enforce for this kind of work.
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3 · DATASET

source, size, preprocessing

No task-supervised training data is used. Inputs are open-weight models, pre-fitted J-lenses, and small prompt sets.

Everything is public and ungated except where noted. Models (HuggingFace, open weights). Family Sizes used Role

Qwen3 / Qwen3.5 / 1.7B, 4B, 8B, 27B primary substrate (matches paper + Nanda replication) Qwen3.6 Gemma-2 2B, 9B

(+ -it for second family; has Gemma Scope SAEs for the J- base/instruct diff) space↔SAE bridge Llama-3.1 8B (+ -it)

cross-family universality check GPT-2, Pythia-70m small pedagogical sanity / training-dynamics anchor Bolded sizes are

the ones needing MI300X; ≤4B runs locally. Pre-fitted lenses. Neuronpedia hosts J-lenses for 38 open models (

neuronpedia/jacobian-lens , MIT, ungated), each fit on 1000×128-token WikiText sequences on a B200. This removes

almost all fitting cost: we download and apply. We fit our own lenses only for the corpus-robustness arm (Experiment G):

2–3 models re-fit on code and chat corpora to test whether readouts depend on the fitting corpus (a confound flagged by

our own Experiment A). Prompt sets. The reference repo ships the paper’s own probe-swap, ignition, capacity,

selectivity, and verbal-report prompt sets (reused directly). We add small (approx 40-item) task batteries from public

benchmarks: MMLU ( cais/mmlu ), SST-2 ( stanfordnlp/sst2 ), GSM8K-style multi-step items, rhyme completions, and

Turpin-style biased-hint MCQ items for the CoT-faithfulness experiment. Total on-disk footprint (model weights + lens

files + activation caches for the SAE-bridge arm): approx 250–350 GB scratch, well under a 1 TB budget.

4 · METRICS

how you’ll know it worked

Experiment Primary metric Non-negotiable controls A— RSA (Spearman on cosine-sim upper triangles)

unembedding-only baseline; shuffled-concept universality + SVCCA of J-lens vectors across families, by floor;

random-orthogonal layer fraction task accuracy vs ablation k; double- random equal-norm ablation (≥3 seeds); D —

selectivity dissociation gap (workspace-dependent minus bottom-k matched control; k=0 workspace-independent drop) I

— CoT detection AUC of hidden hint/hack concept in base-vs-instruct model; random-direction faithfulness J-space;

causal revert rate under ablation control; surface-token paraphrase control; tuned/logit-lens comparison C+G — lens

detection AUC and false-positive rate vs future-token-target tuned lens; injection benchmark tuned/logit lens at matched

cost; readout rank- ground truth; corpus/prompt-count/variant correlation across fitting corpora sweep B — ignition

sigmoid-vs-linear fit (AIC) of J-space presence prompt-side and activation-side strength; vs stimulus strength; hysteresis;

eviction matched random injection J — capacity set-size curve: J-space occupancy and recall no-hold-instruction control;

shuffled-label vs N; eviction structure occupancy null All causal claims report per-input effect distributions, not means

(the steering literature shows 29–43% of samples can move opposite the mean direction). Seeds are fixed and logged; key

comparisons carry bootstrap CIs. Every reported number traces to a results/metrics.json with git SHA, seed, model

revision (HF commit hash), and wall-clock. 5. Preliminary Results (already obtained, $0 compute, on a laptop) Three

results are in before requesting any GPU time, which de-risks the request: 1. Harness validated / paper’s

internal-reasoning property replicates (open weights). Concept-swap on Qwen3.5-4B over the paper’s 90 probe-swap

items: swap-flip rate 58.6% on baseline-correct items (paper reports 54–70% on Claude), versus 1.7% for angle-matched

random controls (approx 34× separation), with an early-layer control markedly weaker as predicted. The no-op identity

test reproduces baseline logits bit-exactly. 2. Experiment A shows criterion passed, all 3 model pairs). J-space relational

geometry aligns across Qwen3 / Gemma-2 / GPT-2 at mid layers: RSA 0.75–0.87 for J-space versus 0.05–0.61 for the

unembedding baseline and approx 0 for the shuffled floor. The sharpest case: Gemma-2-2B ↔ GPT-2 unembedding

similarity is 0.045 (essentially unrelated vocabularies), but their J-space geometries align at 0.75– 0.82. The effect is in

relational geometry, not shared linear subspaces (SVCCA shows no separation), and decays in late layers. 3. Selectivity

dose-response (Experiment D) mini-run: in progress on the laptop at submission time; the harness and task battery are

built and the multi-model scale-up is the primary GPU ask. These ran on Apple MPS using the pre-fitted lenses in

seconds to minutes. The MI300X request is to scale what already works to 7–27B models, three seeds, and full task

batteries, plus the lens re-fits and generation-heavy batteries that a laptop cannot do at scale.



EXEA LABS  ·  MEMBER PROPOSAL 3

5 · COMPUTE

training time, memory, dependencies

Estimates are scaled from measured local runs (lens apply 0.2–2.6 s/prompt and interventions approx 0.75 s/item on a 4B

model on Apple MPS), padded for the move to larger models and batched generation. A single MI300X (192 GB) holds

any model up to approx 70B in bf16 without tensor parallelism, which is why we ask for MI300X rather than 80 GB

cards; most phases use 1 GPU, and the multi-model sweep parallelizes across up to 2. Phase Hardware Estimated

wall-clock Scale D + I to 7–9B (Qwen3-8B, Gemma-2-9B, Llama-3.1- 8B), 3 seeds, full task batteries incl. GSM8K CoT

1–2× MI300X approx 1.5–2 days generation Scale winners to 27–32B (Qwen3.5/3.6-27B), read-out + 1× MI300X approx

1 day intervention (no fitting; pre-fit lenses exist) Experiment G lens re-fits: 2–3 models × 2 corpora (code, 1× MI300X

approx 1–1.5 days chat), 1000×128 prompts each Experiments C, B, J at scale (mostly readout + light 1× MI300X approx

1 day intervention) Causal-validation upgrades on the winner (path patching, 1–2× MI300X approx 1–1.5 days

dose-response sweeps, per-input distributions) + ablations, ≥3 seeds 1–2× approx 5–7 wall-clock days inside Total

MI300X a 2-week window, with buffer for node re-runs Scope will be trimmed by not padded to fill the window.

Experiments that fail their pre-registered kill criteria at the 7–9B stage do not proceed to 27B. If only one of D/I survives,

we run that one deeper (more models, stronger causal validation) rather than spreading thin. This is a feature: the

workshop paper needs one clean scaled result plus the universality result we already have. GPU memory: the largest

tensors are the d_model × d_model Jacobian matrices (fp32 for the math, approx 0.3–2 GB per layer at 27B) and batched

activation caches for the SAE-bridge arm. A 192 GB MI300X holds a 27–32B model plus these comfortably; an 80 GB

card would force offloading. Storage: approx 250–350 GB scratch (model weights + lens files + activation caches +

checkpoints). Software / dependencies (ROCm-clean): ROCm 6.x + the official PyTorch ROCm wheel;

transformers>=5.5 , the jlens reference package (pure PyTorch, torch.fft -free), nnsight for any >32B remote work,

sae_lens for the Gemma Scope arm. No CUDA-only kernels (no flash-attn, no xformers, no custom Triton CUDA); the

intervention harness is plain forward hooks, and Qwen3.5 already runs without flash-linear-attention in our local tests. No

Docker required; a uv / venv bring-up. One-command smoke test reproduces the validated probe-swap number on a small

model.

6 · DELIVERABLES

model, paper, demo

By the end of the window we aim (not guarantee) to have: 1. The validated intervention harness and pre-registered

experiment code, public and MIT-licensed, with a ROCm/MI300X section in the README. 2. Universality result

(Experiment A) finalized across ≥3 families with the cross-corpus confound closed. 3. One scaled flagship (D or I) with

multi-model, multi-seed, dose-response, causal-validation, and honest failure analysis (including where the effect breaks

and its false-positive rate, per Nanda’s warning). 4. results for the remaining experiments (C, G, B, J) at whatever depth

their reported honestly including negatives. 5. A workshop-length draft (NeurIPS Mechanistic Interpretability Workshop

format) with all figures and tables regenerated end-to-end from results/ JSON, plus a reproducibility statement. The

scaled result targets ICLR 2027 main as the follow-on. 6. Per-seed metrics, fitted lenses, prompt sets, and run manifests

archived for reproduction. We are explicitly not promising "the J-space claims all replicate." A rigorous partial replication

with a clear map of what is universal, what is Claude-specific, and what is a lens artifact is the deliverable, and a clean

negative on any single claim is a publishable result the field wants. We will also hold the consciousness-claim discipline

the topic demands: functional/access-consciousness properties only, no phenomenal-consciousness claims.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation A flagship’s effect vanishes at 7–9B Two flagships (D, I) plus

the already-positive A; portfolio is (e.g. poetry/arithmetic did not transfer Medium designed so one clean scaled result

carries the workshop to Qwen for Nanda) paper. Kill criteria are pre-registered per experiment card. J-lens false positives
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inflate a Experiment C explicitly measures FPR against tuned/logit- detection result (Nanda’s warning) Medium lens and

a future-token-target baseline; every detection claim reports FPR, not just AUC. Shared-corpus confound weakens the

Experiment G re-fits lenses on distinct corpora; the universality result Medium confound is already named in the A

write-up and budgeted for. Harness is plain forward hooks + matmul + FFT-free; no ROCm PyTorch op gap Low custom

kernels; a CPU/MPS fallback path already runs the whole small-model pipeline. Low– Trim-by- the default, not a

fallback: drop non- Wall-clock overrun medium and the 27–32B tier first; the 7–9B tier alone supports the workshop

paper. 192 GB MI300X holds it in bf16; if throughput is tight, 27–32B does not fit or is slow Low nnsight remote or

read-out-only (no fitting, lenses are pre- fit). We will check in at the approx 3-day mark with the 7–9B results so we can

decide together whether to scale to 27B, add the SAE-bridge arm, or consolidate on a single deeper flagship.
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Mnemosyne
Andre Salehi

1 · PROBLEM

what and why

Human memory is selective rather than exhaustive. People rarely remember every detail of a visual scene, yet often retain

information that later proves relevant. In contrast, many modern visual AI systems operating under memory constraints

rely on recency-based retention, attention scores, or fixed memory allocation strategies. These approaches prioritize

information that appears important in the present but may fail to preserve observations that become important later. This

project investigates whether a visual AI system can learn a human-inspired memory strategy by predicting which

observations are likely to become useful in the future and preferentially allocating memory to those observations. The

central research question is: Can an AI system learn what is worth remembering before it becomes important? Answering

this question may improve memory allocation in visual AI systems while also providing insight into how selective

memory mechanisms can be modeled computationally.

2 · APPROACH

model / method, and why this one

We propose a Future Utility Memory (FUM) module that assigns incoming visual observations a predicted future

usefulness score. Rather than storing observations based solely on recency or attention weight, the system will estimate

the probability that an observation will contribute to successful completion of a future task. When memory capacity is

reached, observations with lower predicted future utility will be discarded while higher-utility observations are retained.

The central hypothesis is: Memory allocation based on predicted future utility will preserve more task-relevant

information than existing retention strategies when operating under fixed memory budgets. Performance will be

compared against several baseline memory policies: ● FIFO (First-In, First-Out) retention ● Random retention ●

Attention-based retention ● Recency-based retention The goal is not to maximize memory size, but to maximize

downstream task performance given a fixed memory budget.

3 · DATASET

source, size, preprocessing

Experiments will be conducted across multiple visual domains to evaluate whether future-utility memory generalizes

across different environments. Candidate datasets include: ● BDD100K driving sequences ● Something-Something V2

video understanding dataset ● Custom synthetic environments designed specifically for memory evaluation Video frames

will be converted into visual embeddings and paired with downstream tasks requiring information from earlier

observations. An observation will be considered useful if information contained within that observation contributes to

successful completion of a future task while operating under constrained memory capacity. Using multiple domains

allows evaluation of whether future-utility memory captures a general memory principle rather than overfitting to a single

application area.

4 · METRICS

how you’ll know it worked

Performance will be evaluated using: ● Downstream task accuracy ● Future-useful observation retention rate ● Memory

efficiency (task performance per stored observation) ● Precision and recall of retained observations ● Relative



EXEA LABS  ·  MEMBER PROPOSAL 2

improvement over baseline memory strategies Experiments will be conducted across multiple memory budget settings to

evaluate robustness under increasing memory constraints.

5 · COMPUTE

training time, memory, dependencies

The project is expected to require: ● One modern consumer-grade GPU ● Standard PyTorch-based tooling ● Less than

12 GB GPU memory ● Approximately 1–3 days of training time depending on dataset and model configuration No

specialized hardware is expected to be required.

6 · DELIVERABLES

model, paper, demo

The project will produce: ● A working Future Utility Memory implementation ● Benchmark comparisons across

multiple memory strategies ● Quantitative evaluation results ● Visual demonstrations of memory allocation decisions

over time ● Open-source code repository ● Research paper describing methodology, experiments, and findings

7 · RISK

what breaks first, and plan B

what breaks first, and plan B The proposed memory strategy may fail to outperform existing baselines. If this occurs, the

project will focus on identifying conditions under which different memory policies succeed or fail. Such results would

still provide valuable empirical evidence regarding memory allocation in visual AI systems and establish a benchmark

framework for future work. Even a negative result would contribute useful information about the relationship between

future prediction and memory retention, making the project scientifically valuable regardless of outcome.
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NeuroSparse
Shiven Kharidehal

1 · PROBLEM

what and why

Dense attention is quadratic. For long scientific documents that cost shows up as memory, not as a missing idea. Fixed

sparse patterns (Longformer, BigBird) already exist; the open question is whether a learned router can match those

baselines on LongBench-style tasks at lower memory, not whether sparsity is possible.

2 · APPROACH

model / method, and why this one

A small routing module scores token pairs and builds a sparse graph; message passing runs only on selected edges. Train

it end-to-end against a dense teacher on a modest long-document mix.

This is chosen over a new 7B pretrain because the comparison that matters is against published sparse transformers at the

same size, on the same eval.

3 · DATASET

source, size, preprocessing

Eval: LongBench and GovReport, as published. Train: a packed subset of arXiv and PubMed, on the order of 200–500M

tokens, not 2–8B. Document graphs use section structure already in the source, not a new citation crawl.

4 · METRICS

how you’ll know it worked

Primary: LongBench task scores and GovReport ROUGE-L versus Longformer and a dense transformer at the same

parameter budget. Secondary: peak memory and tokens/sec.

Kill criterion, set now: if the learned router does not beat a random-sparse control of the same density on LongBench,

stop and report that. A 40% memory cut with a score drop is a deployment note, not a research win.

5 · COMPUTE

training time, memory, dependencies

One MI300X. Pilot budget about 20–40 GPU-hours at 1–3B parameters, bf16, Hugging Face + PyTorch. Multiple

MI300Xs and a multi-billion-token pretrain are out of scope until the router beats the random-sparse control.

6 · DELIVERABLES

model, paper, demo

· Open routing code and training scripts.

· A table: dense vs Longformer vs learned router vs random-sparse, with memory.

· A short write-up. No demo until the kill criterion is passed.

7 · RISK
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what breaks first, and plan B

The router collapses to a fixed or empty pattern. Plan B is hierarchical routing with a density schedule, then stop if

random-sparse still wins.

Long scientific reasoning may need dense attention. Plan B is to publish the negative and keep the memory comparison.
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Observable but Not Steerable
Maruthi Vemula, Praneeth Gajula

1 · PROBLEM

what and why

Latent reasoning models do their thinking in continuous internal states instead of writing out chain-of-thought text. They

are efficient, but you cannot see what they are doing, which is a real problem if you want to oversee them. We ran a few

experiments and found something worse than plain opacity. These models are observable but not steerable. You can

decode the internal state, and you can even edit what the model’s own readout shows, but the model just ignores your edit

and reaches its original answer about 91% of the time. So if a safety system tries to correct a latent reasoner by

intervening on its visible state, the correction quietly does nothing. We want to pin down why this happens and fix it in

the architecture, so that the part you can see is actually the part that drives the computation.

2 · APPROACH

model / method, and why this one

We work with depth-recurrent (looped) transformers, which think by running a shared block over a hidden state again and

again. To measure whether you can steer one, we edit its state so the readout decodes some counterfactual value, run the

rest of the loops, and check whether the final answer changes to match. Our fix is to make the readout carry weight in the

computation. At every loop we push the carried state into the subspace the readout can actually see (Arm B), or we route

the recurrence through a small auditing channel (Arm A). Either way, what an overseer sees becomes what the model has

to use. We went this route instead of post-hoc interpretability, which can tell you what the model did but cannot make it

do anything else, and instead of the scale-normalization trick from prior work, which in our tests did not help at all. We

already have this working at small scale (0.55M parameters), shown in the table below. Our fix takes steerability from

0.09 to 0.40 with no drop in accuracy, while the prior scale trick sits at 0.08. What we need the compute for is to check

whether this holds up, and gets bigger, at real scale. Preliminary results (0.55M-parameter looped reasoner,

permutation-iteration task): Variant Accuracy Edit succeeds Answer follows edit Baseline (standard looped reasoner)

1.00 yes (1.00) 0.09 Scale-removal (prior work’s fix) 1.00 yes 0.08 Readout made causally load-bearing (ours) 1.00 yes

0.40

3 · DATASET

source, size, preprocessing

Most of our data is synthetic, generated on the fly, and comes with the exact right answer at every intermediate step.

Think iterated permutations and pointer-chasing, modular arithmetic, and step-by-step logic. Generating it ourselves gives

us unlimited data, no contamination, and a difficulty knob, and it means we always know the correct intermediate value,

which is exactly what we need to test interventions. We also throw in a few small real reasoning benchmarks so the

results are not just about toy tasks (GSM8K, plus the ProntoQA and ProsQA logic sets that earlier latent reasoning papers

used), roughly 10k examples each. There is basically no preprocessing. The synthetic tasks are generated live, and the real

ones only need standard tokenization.

4 · METRICS

how you’ll know it worked
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The main number is intervention faithfulness: out of all the counterfactual edits we make, how often does the final answer

actually follow. Alongside that we plot the steerability versus accuracy tradeoff. The supporting numbers are task

accuracy (can the model still do the task), edit-success rate (did we actually change what the readout shows, as a sanity

check), how well a probe can read the true intermediate state, our two blind-spot measures, and how all of this moves as

we scale the model (100M to 1B) and the recurrence depth K. We will call it a win if the observable-but-not-steerable gap

shows up and holds or grows with scale, and our fix closes it without paying too much in accuracy.

5 · COMPUTE

training time, memory, dependencies

Our models are small to medium (100M to 1B parameters), so one MI300X and its 192 GB of memory is plenty. The big

memory actually helps here, because we backprop through a lot of loop iterations (up to K=32), and with that much HBM

we can do it without gradient checkpointing and still run large batches. The plan is roughly 4 architecture variants times 3

task families times 4 model sizes times 4 seeds, so around 200 training runs at maybe 0.5 to 4 GPU-hours each, plus the

intervention evals. Call it 300 to 500 GPU-hours total. On an 8-GPU node that is about 2 to 4 days of wall-clock, which

fits in two weeks with plenty of room to iterate. On the software side we just need a ROCm build of PyTorch 2.x (our

code already picks its device automatically, so switching to ROCm is basically a one-line change) and NumPy. No

custom kernels, no multi-node training, nothing exotic.

6 · DELIVERABLES

model, paper, demo

After two weeks we will have four things. First, the full study of the observable-but-not-steerable effect across model

size, recurrence depth, and task type, with the steerability versus accuracy frontier for both of our fixes. Second, the

architecture itself (Arm A and Arm B) plus a cleaner on-manifold way to do the interventions. Third, publication-quality

figures and a paper draft aimed at AAAI-2027 (abstract due 21 July 2026). Fourth, an open-source release of the code and

the synthetic task suite.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B The thing most likely to go sideways is that the steerability gap gets smaller as we scale, or

that our fix starts costing accuracy at scale. Either way we still have a paper. If the gap shrinks, that is genuinely good

news for oversight and worth reporting, and if the fix costs accuracy, that tradeoff curve is the main result. We also run

two independent fixes and report the whole frontier instead of betting on one number. A few smaller risks. The genuinely

hard tasks might be tough to train, so we will use curricula and lean on the bigger models (again, the memory helps), and

we can fall back to the controlled tasks that already show the effect. Someone might have published a piece of this, so we

do a focused prior-art check before spending the big compute. And ROCm can be finicky, so we keep to standard ops and

smoke-test on a single GPU before kicking off the full sweep.
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Param-Mix · data-mixture interpolation
Olivia

1 · PROBLEM

what and why

Optimizing data mixtures for large language models remains computationally prohibitive because identifying the best

mixture ratios typically requires repeated full-scale training runs guided by heuristic tuning. Existing methods are

primarily optimized for language modeling loss such as perplexity, but reductions in perplexity do not reliably translate to

improved downstream reasoning, coding, and mathematical performance. This project investigates whether

parameter-space interpolation can serve as a high-fidelity proxy for mixed-data optimization by exploiting the shared

first-order optimization dynamics between independently trained domain experts and mixed-domain training trajectories.

2 · APPROACH

model / method, and why this one

We propose a framework that approximates mixed-data training using linear interpolation between independently trained

domain-specific expert models. Given interpolation coefficients α ∈ ∆K-1, the merged parameters are constructed as:

Θmerge(α) = Θbase + Σk αk(Θk - Θbase) This formulation allows efficient exploration of the mixture simplex without

retraining full models. The method is motivated by a second-order Taylor expansion analysis showing that mixed-data

optimization and parameter interpolation share identical first-order gradient terms, while discrepancies are confined to

second-order curvature interactions involving Hessian-gradient products Hkgj. We additionally fit LightGBM regressors

to model the performance surface across downstream benchmark domains and optimize a utility function over predicted

benchmark scores.

3 · DATASET

source, size, preprocessing

We use a large-scale mid-training corpus partitioned into four primary domains: mathematics, code, supervised

fine-tuning (SFT) data, and web/other data. The benchmark suite spans reasoning, mathematical problem solving, coding,

language understanding, and professional knowledge tasks, including GSM8K, MATH, HumanEval, MBPP, GPQA,

MMLU, ARC, BBH, and TriviaQA. Preprocessing • Domain clustering and token filtering to enforce structural purity. •

Hierarchical decomposition into fine-grained sub-clusters (e.g., formal mathematics, synthetic study notes, code

repositories, long chain-of-thought supervision, and academic papers). • Normalization of text distributions across all

training segments.

4 · METRICS

how you’ll know it worked

Category / Metric Target / Interpretation Experiment Proxy Validation Spearman rank correlation coefficient Target ρ >

0.9 between predicted interpolation performance (ρ) and full training trajectories Downstream Average benchmark

accuracy Evaluated across 5 key capability domains: math, code, Capability knowledge, language, and reasoning

Interference Hessian interaction matrices & task- Quantify cross-domain interference and optimization Analysis vector

cosine similarities orthogonality to identify breakdown points

5 · COMPUTE

training time, memory, dependencies
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The project requires approximately 2x AMD Instinct MI300X GPU accelerators with a combined memory budget near

384GB HBM memory to support distributed sparse Mixture-of-Experts mid-training experiments. Estimated Wall- Phase

Hardware Notes / Scope Clock Domain-Specific Expert 2x AMD Instinct ~7-9 days Multiple 5B-25B token expert

training runs with Training MI300X shared initialization Interpolation Sweeps & 2x AMD Instinct ~2-3 days Exploring

mixture simplex and training LightGBM Surface Fitting MI300X performance regressors Benchmark Evaluation & 1x

AMD Instinct ~1-2 days Validation verification runs on sampled mixture Verification MI300X configurations Software

Dependencies • PyTorch, DeepSpeed distributed framework, FlashAttention • Distributed checkpoint interpolation

utilities and custom Hessian-vector product modules • LightGBM-based regression models for downstream capability

prediction • ROCm 6.x + official PyTorch ROCm wheel environment

6 · DELIVERABLES

model, paper, demo

Trained domain-specialized expert model checkpoints and a final optimized mid-trained language model. •

Comprehensive benchmark evaluation reports and detailed visualization maps of capability landscapes projected over the

mixture simplex. • Empirical analysis of first-order versus second-order optimization behavior during interpolation-based

search sweeps. • Reproducible scripts for interpolation search, utility optimization, and downstream benchmark testing.

· A working framework for efficient data mixture optimization using parameter interpolation without full retraining

loops. •

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation Higher-order curvature interactions Medium Constrain expert

training to short horizons with constant learning cause parameter interpolation to diverge rates, preserve shared

initialization across all experts, and from mixed-data training empirically validate via Hessian interaction analysis.

Domain-specific task vectors do not Medium Monitor cosine similarity measurements continuously and perform remain

sufficiently orthogonal, reducing rapid full-training verification runs on sampled mixture boundaries. rank correlation
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Persistent state · screen-based agents
scopion · Discord: scopion_type21

1 · PROBLEM

what and why

Current computer-use agents fail on long-horizon tasks not because they cannot see the screen, but because they cannot

maintain and update a consistent internal state. OSWorld 2.0 reports a best binary completion rate of 20.6% across 108

workflows averaging 318 tool calls, with failures concentrated in recovering hidden state, tracking multiple items, and

integrating information that arrives mid-task. Yet nearly all such agents reconstruct context from screenshots and text

history at every step rather than carrying a learned persistent state. This proposal measures whether a learned persistent

visual-spatial state improves long-horizon state tracking, and specifically whether its advantage grows with horizon

length. Compute request: 606 short jobs, ~262 GPU-hours total, 4.1 GB peak memory — parallelism, not large HBM.

Every experiment runs under hash-sealed preregistration with gates that stop execution; bit-identical reproduction is

already demonstrated.

2 · APPROACH

model / method, and why this one

Architecture: screen pixels → small visual frontend → persistent recurrent state → text head + action head. Four memory

conditions, evaluated against horizon length H: (A) stateless single frame; (B) stack of the last N frames; (C)

text/screenshot history re-fed every step (current GUI agents); (D) learned recurrent state. The claim is about a gradient:

D’s relative advantage grows as H increases — measurable at small scale without frontier-scale compute. Base scale is

4M parameters by choice, to run many ablations, seeds, and shortcut audits cheaply. Frontend comparison on WikiText-2

(5 paired seeds) already shows S-Conv at 1.8027 ± 0.0034 BPC vs V (pixels→CNN) at 2.0210 ± 0.0677; whether the gap

reflects capacity or convergence is unresolved.

3 · DATASET

source, size, preprocessing

(a) Frontend calibration: WikiText-2 (already run). Document-level split, context/BPTT = 128, character level. (b)

Horizon experiment: synthetic document/UI generator. States of K items update at unpredictable moments; after H steps

the agent must answer about or act on current state. Size generated on demand. Text rendered to bitmap at fixed font/DPI.

Sweepable axes: horizon length H and perceptual difficulty. Ground truth is verifiable at every step.

4 · METRICS

how you’ll know it worked

how you’ll know it worked Frontend work: held-out BPC. Horizon experiment: task accuracy against horizon length —

the quantity of interest is the slope of the gap between conditions, not absolute accuracy. Already in operation:

preregistration with composite hash sealing (SHA-256), gates that stop execution unless preregistered thresholds are met,

and a battery of baselines (blank, shuffled, surface-only, static median, copy-shift, no-memory, hidden-reset, oracle).

5 · COMPUTE

training time, memory, dependencies
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~262 GPU-hours across 606 short jobs; peak memory ~4.1 GB. Parallelism matters more than single-accelerator HBM.

Individual frontend runs take on the order of ~93 seconds at the 4M-parameter scale.

6 · DELIVERABLES

model, paper, demo

· Preregistered, hash-sealed measurement platform for long-horizon state tracking.

· Horizon-vs-memory condition curves with reported slopes and confidence intervals.

· Open code, configs, and bit-identical reproduction scripts.

· Write-up of whether learned persistent state advantage grows with horizon.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Perception confounds memory: if the visual frontend is weak, memory failures cannot be

isolated. Plan B: start from the trivially-easy perceptual corner and only raise difficulty after memory effects are

measurable. Small-scale results may not transfer: Plan B treats the work as a measurement platform with preregistered

gates, not a capability claim. Negative or inconclusive slopes are publishable outcomes.
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Pick Two · clinical triage
Aayan Alwani

1 · PROBLEM

what and why

Clinical early-warning models (sepsis, acute kidney injury, deterioration) are trained at one hospital and deployed at

others, where they wrap a "defer to clinician" abstention layer and recalibrate themselves online from the cases they

process. We show this self-updating loop systematically erodes coverage for the vulnerable demographic group:

uncertainty-greedy deferral removes the hardest minority cases, so the model’s self-estimate of the deployment patient

mix is biased, which worsens its per-group thresholds over time. This matters because it is a silent, self-reinforcing equity

failure in deployed systems that current per-group / weighted / online conformal methods neither detect nor prevent.

2 · APPROACH

model / method, and why this one

We frame the failure as a trilemma — {defer optimally by uncertainty, recalibrate from retained cases only, keep

per-group coverage} cannot all hold — extending the classic "pick two" fairness-impossibility tradition

(Kleinberg–Mullainathan–Raghavan; Chouldechova) to the online selective-prediction setting. Our three theoretical

contributions: (a) deferral-rate parity ■ unbiased self-recalibration — a fairness criterion is exactly an estimation

condition, a new bridge between abstention-fairness and identifiability; (b) a retained-only impossibility — no

recalibration from kept cases alone can bound the per-group gap, so the deferred cases’ covariates are provably necessary;

(c) a Θ(∆_r) frontier quantifying coverage error as a function of the deferral-rate disparity ∆_r, with matching upper and

lower bounds. The deployable system is a post-hoc wrapper on a frozen base model: RKHS mixture estimator +

density-ratio weighted per-group conformal calibration + robust worst-case handling of missing demographics + a

debiased (all-arrival) online update. We chose post-hoc / model-agnostic over retraining so it deploys on existing

early-warning systems without vendor cooperation, and conformal over Bayesian UQ for distribution-free finite-sample

guarantees.

3 · DATASET

source, size, preprocessing

Primary (in hand now): a synthetic EHR simulator (propc/gcs/simulator.py) with controllable group mixture,

group-correlated acuity, within-group covariate shift, and missing-label fraction — used to validate every theorem and

gate. Target (credential-gated): MIMIC-IV v2.2 (~63k ICU stays, source) → eICU-CRD v2.0 (~200k stays, 208

hospitals, deployment), public via PhysioNet. Preprocessing: FIDDLE- style hourly bins, 34 vitals/labs + missingness

indicators, patient-level temporal splits (train/cal/deploy, no patient overlap), sepsis (Sepsis-3) as the primary task.

Natural cross-hospital demographic shift is the primary real-data track; synthetic composition resampling is the controlled

stressor.

4 · METRICS

how you’ll know it worked

Worst-group coverage gap (primary) = max_k |0.90 − coverage_k|, reported separately for selective/issued coverage and

full-group coverage (never conflated). Deferral-rate disparity ∆_r = max_k |r_k − r■ | (the bias driver) and per-group

deferral burden. Mixture-estimate error ■q■ − q■■ (naive retained-only vs parity vs all-arrival) — the trilemma Frontier



EXEA LABS  ·  MEMBER PROPOSAL 2

fit: correlation of coverage/estimate error with ∆_r (target ≥ 0.95). Set size / efficiency and worst-group false-negative

disparity. Current synthetic results: marginal vulnerable-group coverage 0.69 → robust 0.90 (= oracle); trilemma

mixture-error 0.105 (naive-global) → 0.005 (parity) → 0.004 (all-arrival); frontier corr(∆_r, error) = 0.997.

5 · COMPUTE

training time, memory, dependencies

The project runs on the single 192 GB-VRAM node and uses the GPU where it pays off. GPU- accelerated: (a)

base-model training — GRU backbone(s) plus GPU-hist XGBoost across 3 tasks, ~24– 40 GPU-hours; (b)

random-Fourier-feature embeddings and frozen-model inference over the full eICU cohort (~200k stays × D≈1–4k

features) precomputed once on GPU and reused across the sweep, ~8–12 GPU-hours; (c) the main parameter sweep

(≈4,000 config × seed × task runs) parallelized across 2–3 GPUs of the node, with embeddings/inference batched

on-device. CPU-bound by nature (node’s 64 cores): the simplex QP mixture estimator, conformal quantile computation,

and the inherently sequential online recalibration loop — these do not benefit from GPU and are not forced onto it.

Totals: ~40–50 GPU-hours and ~700–800 CPU-hours; peak VRAM < 80 GB (fits one A100; multi-GPU used only for

sweep parallelism, never exceeding the 192 GB ceiling); ~73 GB scratch for derived features. Cloud- equivalent ≈ $450

(~$400 GPU spot + ~$40 CPU); negligible on owned hardware. Dependencies: numpy / scipy / scikit-learn (built), plus

OSQP / MAPIE, PyTorch (GRU + GPU embeddings), and FIDDLE / pyhealth for extraction.

6 · DELIVERABLES

model, paper, demo

1. Theory note + proofs (Thms 1–7: bias, feedback, impossibility, the parity equivalence, the frontier) — done, with a

hard-asserting numerical validation (8 checks, exit 0). 2. Open-source gcs-conformal package — Modules 0–3 +

weighted CP + robust group handling + baselines; runs on synthetic now, plug-and-run for real data. 3. The trilemma

demonstration (naive-global biased vs parity vs all-arrival, multi-seed). 4. Must-beat baseline suite B8–B15 implemented

and run on synthetic. 5. Short paper draft (FAccT-style: fairness-meets-identifiability headline) + the operational-audit

tool. Stretch (only if PhysioNet credentials land in time): first real MIMIC→eICU H1/H2 numbers.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Data-access timeline. PhysioNet credentialing can take several weeks. Mitigation: the

two-week deliverable (theory, synthetic validation, baselines, audit tool) is fully self-contained and stands on its own; the

real-data run is scoped as an extension, and credentialing begins on day one so it proceeds in parallel. Strong

within-group shift. Under the most extreme within-group covariate shifts, the weighted- conformal layer may not fully

reach nominal per-group coverage. Mitigation: it already closes most of the gap toward the weighted-oracle ceiling, and

we will add the exact conditional (Gibbs–Cherian– Candès) calibration to tighten coverage to nominal where needed.

Active research area. Related work on fairness under distribution shift is moving quickly. Mitigation: our trilemma

characterization and the coverage–disparity frontier are clearly differentiated contributions; we prioritize a fast first public

release and target FAccT, where the fairness↔identifiability bridge is the strongest fit. Missing-not-at-random

demographics. Real demographic missingness may violate the MAR assumption. Mitigation: the robust worst-case

completion (already implemented) degrades gracefully and supports partial-identification bounds rather than relying on a

single imputation.
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QML · pulsar anomaly detection
Asadbek Ismoilov

1 · PROBLEM

what and why

Radio pulsar surveys generate candidate images faster than they can be triaged, and the positive class (pulsars) is rare —

about 2% of samples. Classical CNNs already handle this well at scale, but offer no path to the parameter- and

data-efficiency gains needed for edge deployment at telescope sites or for low-SNR regimes where labeled anomalies are

scarce. Quantum machine learning offers a genuine efficiency argument here: HTRU-1’s 32×32×3 images are small

enough to fit current NISQ qubit budgets via amplitude encoding, so the question is whether a quantum pipeline can

match classical accuracy at a fraction of the parameters and data.

2 · APPROACH

model / method, and why this one

Quanvolutional Neural Networks (QCNNs) are primary: local sliding-window quantum circuits replace classical

convolution filters as feature extractors ahead of standard neural layers. Comparators: Variational Quantum Classifiers

(VQCs) and Quantum Support Vector Machines (QSVMs). QCNN is chosen because it has demonstrated barren-plateau

mitigation (localized cost functions + tensor-network initialization) at the accuracy/parameter tradeoff needed — 98.7%

accuracy at 45 parameters versus ~120,000 for a comparable classical baseline.

3 · DATASET

source, size, preprocessing

HTRU-1 (target): 60,000 samples, 32×32×3 pulsar-survey images; 40k/10k/10k split; ~2% positive class. Preprocessing:

min-max scaling, random flips, rotation ±15°. HTRU-2 (feature-quality benchmark): 17,898 samples, 8 tabular features,

~9% positive. MNIST (0/1) and CIFAR-10 (airplane/automobile) for calibration only — go/no-go gates before HTRU-1

runs.

4 · METRICS

how you’ll know it worked

how you’ll know it worked Primary: classification accuracy and anomaly-detection recall/precision on HTRU-1 vs

HTRU-2 ceiling and classical CNN/ResNet-lite. Secondary: gradient variance scaling with qubit count, parameter count

vs accuracy, and accuracy retention under 1% depolarizing noise (target >90%).

5 · COMPUTE

training time, memory, dependencies

Amplitude encoding: n = ■log■ N■ qubits. Circuit depth bounded by hierarchical pooling. Training: batch 32, 150

epochs, TNI pre-training. Measured runtimes ~2.3–18.3 hrs (CPU) / ~10.1–33.7 hrs (GPU) across feature configurations.

GPU-accelerated simulation (e.g. NVIDIA CUDA-Q) treated as required.

6 · DELIVERABLES

model, paper, demo

· Trained QCNN for HTRU-1 plus VQC/QSVM comparators.
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· AdaInit initialization protocol adapted to this task.

· Write-up covering accuracy, parameter efficiency, and noise resilience.

· Notebook reproducing MNIST/CIFAR-10 calibration and HTRU-1 end-to-end.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Trainability: barren plateaus and random-init traps. Mitigated via localized costs, TNI

warm-start, and AdaInit. Hardware: decoherence and gate error — bound depth to O(log n). Data: ~2% positive class

risks overfitting; HTRU-2 used as a feature-quality ceiling to detect when the image pipeline — not the quantum circuit

— is the bottleneck.
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REFLEX-RLVR
Ethan Wang

1 · PROBLEM

what and why

Self-teacher Reinforcement Learning with Verifiable Rewards (RLVR) trains a base language model with only a

correctness checker and no external teacher. Methods like STaR (Zelikman et al., NeurIPS 2022) and self-rewarding

language models (Yuan et al., ICML 2024) assume the model discriminates valid reasoning chains better than it generates

them. Whether this holds for multi-step math is untested. Our pre-registered behavioral test on Qwen2.5-1.5B found the

answer-rate difference was exactly 0.000, but this traced to a measurement confound. Follow-up probes show the

discrimination real: verdict accuracy ranges from 67% (1.5B base) to 92% (7B Instruct), and answer-relabeled corruption

produces 2.0–3.3 logprob units of discrimination on 100% of problems. The open question is whether this a self-teacher

training loop.

2 · APPROACH

model / method, and why this one

We measure discrimination across 11 model configurations spanning five families (Qwen2.5 1.5B–72B, Llama-3.1-8B,

Mistral-7B, Gemma-2-9B, DeepSeek-R1-Distill) using three complementary probes: consistent-corruption logprob

comparison, YES/NO verdict prompting, and per-token surprise at corruption sites. All probes use 51 AIME 2018–2023

problems where the models have pass@1024 = 0 (confirmed inability to solve). For AAAI, we extend in five directions:

(1) complete multi-seed error bars on all 11 configurations (4 seeds each), (2) run a simplified STaR-style self-teacher

loop for 3 iterations on Qwen2.5-7B to test whether 80% verdict accuracy bootstraps improvement, (3) measure

discrimination on frontier API models (GPT-4o, Claude Sonnet) as a ceiling, (4) extend per-token surprise to step-level

verification and compare against trained process reward models, and (5) fit discrimination scaling laws across 7 model

sizes (1.5B to 72B) to predict the scale threshold for effective self-teaching.

3 · DATASET

source, size, preprocessing

Dataset Source Size Use AIME 2018–2023 Art of Problem 51 problems with Primary test set. All models have

pass@1024 (H_K hard set) Solving oracle solutions = 0. Measures discrimination where generation fails. AIME

expanded AoPS + curated 600 problems STaR training substrate (Experiment 2). substrate spanning Includes easier

problems where models can difficulty range generate correct chains. MATH-500 Hendrycks et al., 500 problems

Forgetting control during STaR training. NeurIPS 2021 Monitors catastrophic forgetting. Synthetic control set Generated

50 problems with Calibration: verifies discrimination probes known-correct work on solvable problems. solutions

Preprocessing • Oracle solutions manually verified against AoPS answer keys. Corrupted solutions generated by changing

one intermediate calculation step. • Answer-relabeled corruption: both the intermediate step AND the final boxed answer

are modified, removing the measurement confound. • vLLM inference with temperature=0.6, top-p=0.95. Gemma-2-9B

requires gpu_memory_utilization=0.85, max_model_len=2048 (softcapping + sliding window workaround).

4 · METRICS

how you’ll know it worked
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Experiment Metric Target / Interpretation Multi-seed consolidation (11 sigma_disc CV, verdict delta CV < 3% for

sigma_disc, < 10% for verdict delta. models x 4 seeds) CV, per-problem ICC Confirms headline numbers are stable.

STaR self-teacher loop (3 pass@1 and pass@32 on pass@32 increases from 0 to 1–5 problems iterations on

Qwen2.5-7B) H_K, verdict accuracy, solved. Verdict accuracy improves from 80% to MATH-500 (forgetting) 85%.

Frontier API probe delta_verdict on 51 AIME delta_verdict >> 7.34 (our best open model). (GPT-4o, Claude Sonnet)

problems Establishes discrimination ceiling at > 95% accuracy. Step-level verification Step-level AUROC for AUROC >

0.7 for step identification. (per-token surprise + corruption localization, top-1 Verdict-at-step degrades at and after

corrupted verdict-at-step) accuracy step. Scaling law (7 model sizes, Power-law exponent for Smooth scaling (no mirage).

Extrapolate 1.5B to 72B) sigma_disc and delta_verdict threshold for self-teacher viability. vs. parameters

5 · COMPUTE

training time, memory, dependencies

Inference-only experiments dominate the compute budget. The STaR training loop is the single largest expense, requiring

generation, filtering, and LoRA fine-tuning over 3 iterations. Phase Hardware Est. Wall-Clock Notes Multi-seed

consolidation 4x MI300X ~4 hours $27 equivalent. Parallelizable across models. (21 model-seed combos) STaR

self-teacher (3 iter x 4x MI300X ~3 days $220 per loop ($440 with ablation). LoRA generate + filter + train) rank-32,

effective batch 256. Frontier API probe API only ~30 minutes $3–5 (OpenAI + Anthropic API). No GPU needed.

Step-level PRM 4x MI300X ~3 hours $17 equivalent. Per-token surprise + comparison (3 models x verdict-at-step. 51

problems) Scaling law sweep (6 new 4x MI300X ~6 hours $24 equivalent. Qwen2.5 3B/14B/32B base + model sizes +

probes) Instruct. Total 4x MI300X ~5 days within ~$513 total (~$740 with STaR ablation). Well 2-week window within

$2,000 ceiling. Software Dependencies • Python 3.10+, PyTorch 2.x with ROCm backend. • vLLM for batched LLM

inference (supports Qwen, Llama, Mistral, Gemma architectures).

alongside self-verdict as a two-stage filter).

· PEFT/LoRA for STaR fine-tuning (rank-32, all linear layers). • SymPy for mathematical answer verification (used

6 · DELIVERABLES

model, paper, demo

per-token LMG). • STaR self-teacher results: pass@32 improvement curve over 3 iterations, with verdict-only vs.

SymPy-only filtering ablation isolating the discrimination contribution. • Frontier discrimination ceiling: delta_verdict for

GPT-4o and Claude Sonnet, anchoring the 67–92% open-model range. • Discrimination scaling curves: power-law fits

across 7 Qwen sizes (1.5B to 72B) for sigma_disc and delta_verdict, with extrapolated threshold for self-teacher viability.

• An AAAI-27 paper draft with all figures generated from per-seed JSON result files.

· Complete 11-model discrimination panel with 4-seed error bars on all headline numbers (sigma_disc, delta_verdict,

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation STaR loop shows no Medium-Hi Still informative: pins the

practical threshold above measured improvement on H_K at any gh discrimination levels. Report as "discrimination is

necessary iteration (null result) but not sufficient." Reduces to Experiments 1,3,4,5 which are self-contained. Catastrophic

forgetting during Medium KL anchor at 0.002 against frozen base. Reduce SFT learning STaR (MATH-500 drops > 5pp)

rate to 1e-5. Increase replay data mix ratio. Verdict filter too aggressive at Medium Use softer threshold (verdict > -0.5

instead of > 0). Combine 67% accuracy (1.5B base rejects verdict with SymPy for two-stage filter. Run STaR on too

many correct chains) 7B-Instruct (92% accuracy) as the primary model. Gemma-2-9B seed runs trigger Low Pin exact

vLLM version from successful Round 8 runs. Use vLLM OOM (softcapping + sliding --enforce-eager if flash attention

fails. window fragility) 72B seed runs exceed memory Low Lower max_model_len to 1536. Use fp8 quantization if on 4x
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MI300X needed. GPU memory utilization at 0.85.
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Reset-pose curriculum · robotic manipulation
Wesley Wong

1 · PROBLEM

what and why

Reinforcement learning (RL) policies for multi-step robotic manipulation tasks train slowly and in- consistently: identical

setups run with different random seeds can converge to very different final performance. Standard training also wastes

time re-practicing sub-tasks an agent has already mas- tered instead of focusing on the one it is currently struggling with,

and this inefficiency compounds with instability. Existing curriculum-learning methods generally reshape rewards, goals,

or environ- ment parameters instead of using an agent’s own measured, per-sub-task performance to decide where a

training episode should begin.

2 · APPROACH

model / method, and why this one

I designed a reset-pose curriculum for episodic RL that tracks completion of each sub-task in a multi- step manipulation

task, identifies the earliest sub-task the agent is currently struggling with (its bottleneck), and resets a fraction of training

episodes directly to previously-successful states just before that bottleneck. A custom sampling algorithm blends a

decisive selection with a more conservative, exploratory one, weighted by how clearly a single bottleneck currently

stands out. This targets training experience at the edge of the agent’s current capability without modifying the reward

function or the task itself, unlike most existing curricula.

3 · DATASET

source, size, preprocessing

No external dataset is used. Training data is generated entirely online through simulation in NVIDIA IsaacLab

(GPU-parallelized robot physics), across three benchmark manipulation tasks built on the Franka Emika robot arm: a

cabinet-drawer-opening task, a nut-threading task, and a cube-lifting task. Each environment runs thousands of parallel

simulated instances; sub-task completion and successful reset states are logged automatically during training, so no

manual labeling or preprocessing is required.

4 · METRICS

how you’ll know it worked

The primary metric is task success rate, compared between a curriculum-enabled condition and a fixed-reset baseline

across 15–16 random seeds per configuration per environment, rather than relying on any single training run. Secondary

diagnostics (policy entropy, reset-pose deviation, per-sub-task success) are used to explain why a result occurs, not just to

report a headline number.

5 · COMPUTE

training time, memory, dependencies

All training was run on a single local workstation GPU using NVIDIA IsaacLab; no cluster or cloud allocation was

required. Full training across all seeds and environments completes on the order of hours to low tens of hours in total.

Dependencies: IsaacLab, PyTorch, and PPO implementations from RSL-RL and RL-Games. No compute is being

requested – training is already complete.
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6 · DELIVERABLES

model, paper, demo

A new type of RL curriculum: one that adapts an agent’s reset distribution using its own empirically measured,

per-sub-task performance, rather than reshaping rewards, goals, or environments as existing curricula do. This is

documented in a manuscript already drafted end-to-end (Related Work through Limitations), targeting an arXiv preprint

by the end of September 2026 and submission to a peer- reviewed venue by the end of 2026. What I am seeking is

mentorship on: (a) tightening the manuscript for a research audience, (b) selecting an appropriate venue, (c) the arXiv

submission/endorsement process, and (d) feedback from someone with publication experience before I submit.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B The main risk is training stability. RL is inherently fragile and prone to collapse when

foreign modifica- tions are introduced into an environment, which is part of why this work builds on IsaacLab’s existing

example environments rather than custom ones – they serve as a well-tested baseline and simplify generalization across

tasks. Plan B: if the curriculum proves destabilizing in a way that outweighs its benefits, explore alternative formulations

of the approach that are less disruptive to training.
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SE(3) airfoil diffusion
Rishi Shah

1 · PROBLEM

what and why

This project proposes a novel generative framework for aerodynamic shape design that represents an airfoil as a graph of

local geometric frames. Each local frame is encoded as a dual quaternion, allowing the airfoil to be modelled as a

sequence of rigid transformations that capture local position, orientation, curvature, and surface evolution. Rather than

performing diffusion in Euclidean coordinate space, the model performs diffusion on a structured product space: the Lie

group SE(2) governs pose (position and in-plane orientation), while a Euclidean fiber encodes higher-order local

geometry (signed curvature, curvature rate, and local half-thickness). This fiber-bundle decomposition keeps group

operations mathematically valid while making full use of all six degrees of freedom available in a dual-quaternion

parametrisation. The denoising network is designed to be SE(2)-equivariant and operates on two complementary edge

features: relative SE(2) frame transformations and Euclidean fiber differences. This allows the model to learn geometric

relationships directly from the underlying transformation structure. The central hypothesis is that learning distributions

over local geometric transformations and intrinsic curvature will produce smoother, more physically realistic airfoils than

learning distributions over raw coordinates. The framework scales naturally to full 3-D wing surfaces.

2 · APPROACH

model / method, and why this one

A 2-D airfoil curve lives in the z=0 plane. A local Frenet-Serret frame requires exactly three numbers: (x, y, θ) ∈ SE(2).

A unit dual quaternion carries six independent degrees of freedom; the three unused dimensions are repurposed as a

geometric fiber attached to each surface frame: Extra DOF Encoded Quantity Aerodynamic Significance Out-of-plane

rotation 1 Signed curvature K(s) Pressure gradient, separation onset Out-of-plane rotation 2 Curvature rate K’(s)

Smoothness, transition prediction z-translation Local half-thickness t(s) Thickness distribution, drag The resulting node

representation lives in SE(2) × R3. Message passing employs Frenet-Serret edge transformations. Diffusion is performed

in the Lie algebra by linearization around the group identity, admitting closed-form score matching. A geometric

consistency constraint loss regularizes the network by penalizing frames whose curvature encoding is inconsistent with

the implied frame rotation rate. The denoising network is implemented as an SE(2)-equivariant graph transformer with

dual edge-processing heads (Pose head + Fiber head). The model is conditioned on Reynolds number (Re), angle of attack

(α), target lift (Cl), and target drag (Cd) via FiLM or cross-attention layers. Airfoil reconstruction solves a global

least-squares integration block to recover positions without accumulating sequential drift, enforcing trailing-edge closure

as a hard equality constraint.

3 · DATASET

source, size, preprocessing

The framework utilizes a combination of open aerodynamic source profiles and large-scale synthetic data augmentation:

Raw Size / Sample Corpus / Dataset Source Role Count UIUC Airfoil Database Public Aerodynamic Repo ~1,600 unique

airfoils Base seed configurations Augmented CST coefficient variations ~50,000 - 90,000 Synthetic training expansion

Perturbations (±20%) shapes Aerodynamic Targets XFOIL simulations over (Re, Fully Labeled Map Surrogate network

training & AoA) grid conditioning Preprocessing & Normalization • Canonical Frame Normalization: Chord length

scaled to 1.0; leading edge translated to origin; trailing edge anchored at (1, 0). • Each airfoil is re-sampled along its

arc-length into N points (typically N=128) to extract positions, tangents, normals, curvatures, and thickness metrics. •
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Samples with self-intersections or non-closing trailing edges are strictly rejected.

4 · METRICS

how you’ll know it worked

Category Metric Description / Goal Geometry Curvature smoothness L2 norm of K’’(s); minimizing non-physical kinks

Geometry Surface continuity G1 and G2 continuity checks along the entire perimeter Geometry Self-intersection /

Closure Fraction of self-intersections (target 0); Trailing edge distance error Aerodynamics Lift & Drag Error Absolute

error vs. target Cl and Cd coefficients Aerodynamics Lift-to-drag-ratio Cl/Cd optimization performance at design

operating point Generative Diversity & Novelty Spread in shape space; Fraction of unique samples not in train set

5 · COMPUTE

training time, memory, dependencies

The model leverages multi-accelerator compute to handle graph message passing and coordinate-free diffusion

processing blocks efficiently. Estimated Wall- Phase Hardware Notes Clock Model Pretraining & 2x AMD Instinct ~5

days Joint SE(2) and fiber diffusion transformer Augmentation MI300X training Aerodynamic Surrogate 1x AMD

Instinct ~1 day Separate training of the physics guide Training MI300X network Guided Denoising Sweeps 1x AMD

Instinct ~2 days Generating, filtering, and post-processing & Eval MI300X candidate airfoils Software Dependencies ■

ROCm 6.x + PyTorch ROCm wheel environment ■ NumPy, SciPy, scikit-learn, and custom FFT / Lie algebra utilities ■

XFOIL standard bindings for automated aerodynamic validation sweeps ■ No Docker required; standard Python venv

execution setup

6 · DELIVERABLES

model, paper, demo

■ Converged weights for the SE(2)-equivariant graph transformer and the separate neural aerodynamic surrogate. ■ An

expanded, cleaned, and labeled training database of 50,000–90,000 airfoil profiles complete with XFOIL evaluation logs.

■ A set of 10-20 novel high-efficiency candidate airfoil geometries meeting target Cl and Cd conditions. ■ A benchmark

headline table comparing geometric quality and lift-to-drag performance against coordinate- diffusion and CST baselines.

■ A fully compiled conference draft targeted at the International Conference on Machine Learning (ICML).

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation Log-map singularity near high- Medium Arc-length re-sampling

to guarantee consecutive frames differ by < curvature leading edge π/2; apply smooth clamping function tanh(||ω||/π) × π
to rotation magnitudes. Pose and fiber representations Medium Enforce a geometric consistency loss regularizer linking

rotational become geometrically inconsistent twist to integrated curvature during training. Surrogate guidance diverges at

High Apply noise annealing—only activate surrogate guidance in the high noise levels final 30% of denoising steps

where the geometry is recognizable.
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SOFA Unpacked
Suleyman Akkaya

1 · PROBLEM

what and why

SOFA is a score doctors use in the ICU to measure how sick a patient’s organs are. It is built from six parts: lungs, blood

clotting, liver, blood pressure, kidneys, and brain function. Past studies have already shown that the overall SOFA score

does not predict death equally well for every patient group, it tends to be less accurate for some racial and age groups. But

no study has looked inside the score to ask which of the six individual parts is causing that gap. This project looks inside

the score instead of just checking the final number.

2 · APPROACH

model / method, and why this one

This project breaks the SOFA score into its six separate parts and checks whether each part predicts death the same way

across different patient groups. A simple, easy to understand model, logistic regression, is trained using the six SOFA

parts as inputs instead of the single combined score. The model is then compared across groups to see which of the six

parts is weighted differently or performs differently for each group. For example, the kidney score might matter a lot

more for predicting death in older patients than in younger ones, even if the total SOFA score looks the same. The model

is simple on purpose. The goal is not to build the most accurate model possible, it is to use a model that is easy to read so

the individual parts driving any group differences can be clearly explained. Why this is new: existing studies already

show the total SOFA score is less fair for some groups. None of the ones found so far break the score apart to explain

which specific organ system is responsible. That is the open question this project answers. Is this really machine learning?

Yes. Logistic regression is a standard machine learning model. It is used here instead of something bigger because it gives

a clear, readable number for how much each of the six SOFA parts matters, called a coefficient. A bigger model like a

neural network would hide that detail instead of showing it, which would work against the actual goal of this project.

3 · DATASET

source, size, preprocessing

Source: MIMIC-IV, a public ICU dataset from PhysioNet. Access is free but requires a short training course and

application, which should be started right away since it can take a couple weeks to be approved. Who is included: adult

ICU patients, first ICU stay only, staying between 1 and 30 days. SOFA scores and their six individual parts are already

calculated in MIMIC-IV, so this does not need to be built from scratch. Size: MIMIC-IV covers roughly 50,000 to 90,000

ICU stays depending on the exact filters applied. After removing patients with missing group information or missing

SOFA parts, a working cohort in the tens of thousands of patients is expected, which is more than enough for this kind of

group comparison. Groups compared: age group and race or ethnicity, since those are the groups where past studies

already found the overall SOFA score works less well. Cleanup needed: match each patient’s SOFA parts to whether they

survived the hospital stay, remove patients missing group information or missing SOFA parts, and organize everyone into

their comparison groups.

4 · METRICS

how you’ll know it worked
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simple model weighs each part differently depending on group • A basic statistical check to make sure any difference

found is real and not just random chance Success means being able to clearly say which specific SOFA part behaves

differently across groups, backed by a real statistical check, not just a guess based on the numbers looking different.

· How well each of the six SOFA parts predicts death on its own, measured separately for each patient group • Whether

the

5 · COMPUTE

training time, memory, dependencies

Memory: the full dataset fits easily in a few gigabytes of RAM, well within a normal laptop or a free cloud notebook •

Dependencies: Python, with standard, free libraries only (pandas for data handling, scikit-learn for the model, matplotlib

for charts) • No GPU is needed at any point in this project

· Training time: the logistic regression model trains in seconds, not hours, since it only uses six input numbers per

patient •

6 · DELIVERABLES

model, paper, demo

explaining which SOFA part drives the biggest group differences and why that matters • Demo: a simple notebook or set

of charts showing, for each patient group, how much each SOFA part is weighted, so the result can be seen at a glance

without reading code

· Model: the trained logistic regression model and the code to rebuild it, shared on GitHub • Paper: a short written

report

7 · RISK

what breaks first, and plan B

what breaks first, and plan B What could go wrong What to do instead PhysioNet approval takes a while Apply for access

right away, before anything else One group has too few patients to Combine it with a similar group and be upfront about

the compare fairly smaller sample size No clear difference shows up Still a useful, honest answer worth writing up, not a

failed between groups project Trying to compare too many groups Stick to two group comparisons and one simple model

as the or add extra models full plan, anything more is optional later This project checks an existing clinical tool using

past, fully anonymous patient data. It does not change how any patient is treated and does not claim to fix anything on its

own. The goal is a clear, honest answer about which part of a widely used score may need a closer look.
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Species extinction risk

1 · PROBLEM

what and why

Over one million species are currently threatened with extinction, yet most have never been formally assessed for risk.

Traditional ecological surveys are too slow and expensive to monitor them all. We are building an AI system that predicts

how endangered a species is by analyzing satellite habitat imagery and climate trends — catching species sliding toward

extinction before any human fieldwork would.

2 · APPROACH

model / method, and why this one

We are using a multimodal neural network that combines satellite land-cover images with climate time-series data to

predict a species’ IUCN extinction risk category. Think of it like giving the AI two different sets of eyes — one watching

how forests disappear from space, and another tracking how temperature and rainfall have shifted over 30 years. We

chose this over traditional single-source models because habitat loss alone is a weak predictor; it is the interaction

between shrinking habitat and worsening climate that determines whether a species survives. This approach lets us screen

thousands of unmonitored species at once, something no team of ecologists could do manually.

3 · DATASET

source, size, preprocessing

We are using three free, publicly available sources: species risk labels from the IUCN Red List API, satellite land-cover

imagery from NASA Earthdata, and 30-year climate records from WorldClim. Species location data comes from GBIF,

which tracks over 2 billion wildlife observations globally. We will start by matching each species’ known geographic

range to its corresponding satellite and climate data, then clean and normalize everything so all inputs are on the same

scale. The heavy satellite extraction will be handled through Google Earth Engine’s free academic access, avoiding the

need to store raw imagery locally.

4 · METRICS

how you’ll know it worked

The bar is beating a habitat-area-only baseline (IUCN class from range size and land-cover fraction, no climate, no

imagery) on Macro-F1 and AUROC, measured on a held-out 20% of IUCN-labeled species.

An absolute F1 target is not set in advance: Least Concern dominates the labeled set, so a raw 0.80 would mostly measure

majority-class guessing. Unassessed species are demo output only.

5 · COMPUTE

training time, memory, dependencies

Training will require a GPU with at least 12GB of VRAM (such as an RTX 3080 or a free Colab A100 instance) and is

expected to take approximately 24–36 hours. Key libraries include PyTorch for the neural network, Rasterio and

GeoPandas for handling geographic data, and the Google Earth Engine API for satellite tile extraction. No exotic

hardware is needed beyond a standard deep learning setup.
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6 · DELIVERABLES

model, paper, demo

At the end of two weeks we will have a trained model that predicts extinction risk for any species given its location and

ecological traits. We will also produce an interactive world map visualizing our predictions, highlighting unassessed

species the model flags as high risk — essentially a conservation triage list. Finally, we will deliver a Jupyter notebook

documenting our full pipeline, results, and visualizations.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B The biggest risk is class imbalance, since most assessed species are Least Concern, which

could cause the model to ignore rarer high-risk classes. We will address this using stratified sampling and a focal loss

function that forces the model to pay extra attention to endangered cases. If satellite data extraction runs too slowly, we

will pre-cache a fixed set of 10,000 species in Week 1 and scope down from there. Finally, since unassessed species have

no ground truth, we will validate strictly on the held-out 20% of IUCN-labeled species and present unassessed predictions

only as a demo output, not a formal
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SympScale
Venkat

1 · PROBLEM

what and why

Learned world models (DreamerV3, PlaNet) predict the future with free-form recurrent cores (GRU/Transformer) that

have no notion of physical conservation, so on chaotic conservative dynamics their rollouts drift off the constant-energy

manifold and diverge by orders of magnitude past the Lyapunov horizon. We have already shown, at 4 dimensions (the

circular restricted three- body problem), that a capacity-matched symplectic world model (a learned Hamiltonian

integrated with 4th-order Yoshida) stays reliably bounded on every seed while the free-form GRU is bimodal — bounded

on some seeds, divergent by 2–3 orders on most (10-seed locked result: Symp bounded 10/10, GRU divergent 6/10). The

open and unanswered question is whether this reliability advantage survives, vanishes, or strengthens as phase-space

dimension grows into the hundreds, and whether demonstrating it at scale requires differentiating through the full rollout

rather than a truncated window. That is what we want to test.

2 · APPROACH

model / method, and why this one

We extend our existing structure-preserving core — models/symp_rssm.py (a separable learned Hamiltonian

H_θ(q,p,a)=T_θ(p)+V_θ(q)+Φ_θ(q,a) integrated one step by integrators/yoshida4.py, with hard Noether/Casimir

projection in models/noether.py) — from 4D toy systems to high-dimensional Hamiltonian chaos, and run a controlled

scaling study against a capacity-matched free-form GRU (models/gru_rssm.py) plus RK4 and free-form-ODE ablations

(models/rk4_rssm.py, models/freeform_rssm.py). Two coupled contributions: 1. An empirical scaling law. Reliability gap

(bounded-vs-divergent rate, last-100-step rollout MSE, conservation residual) of the symplectic core vs. the

capacity-matched GRU as a function of phase dimension D ∈ {4, 16, 64, 256, 1024}, measured across three system

families that let us turn the dimension knob cleanly: the Fermi–Pasta–Ulam–Tsingou (FPUT) and Toda lattices (canonical

scalable Hamiltonian chaos; Toda is near-integrable with O(D) conserved quantities, which stresses multi-invariant

projection), planar N-body gravitation (conservative, chaotic, 6N-dim), and CR3BP (4D anchor, already locked). KS

(envs/ks.py) is included as a dissipative-but-structured contrast for the projection machinery. 2. A methodological result.

We test whether untruncated, full-horizon backprop-through- time through the symplectic unroll is necessary to learn the

shadow Hamiltonian that controls long-horizon error — i.e., whether the BPTT truncation/checkpointing that an 80 GB

GPU forces at high D measurably degrades the reliability advantage. We pick this over a plain larger Transformer world

model because the symplectic + hard-projection stack gives an interpretable, falsifiable structural target

(energy/Jacobi/Casimir residual to machine precision) and a clean capacity-matched control, so any reliability gap is

attributable to structure, not parameter count. Progress So Far (already done — in-repo, locked, reproducible) This is not

a from-scratch project; the 4D foundation is built, validated, and version-controlled. The MI300X ask is to scale a

working method, not to discover whether it works at all. • Locked 4D reliability result (the seed of this proposal).

Capacity-matched (GRU 25,540 vs Symp 25,525 params, ratio 0.9994) 10-seed CR3BP sweep, committed and

reproducible. Symp bounded on 10/10 seeds (last-100-step rollout MSE 4.39–14.48); the free-form GRU is bimodal,

divergent by 2–3 orders on 6/10 seeds. Last-100 MSE ratio (GRU/Symp) median 81.8×, IQR [2.0×, 172.9×]. Figure +

per-seed CSVs locked in results/sweep/ and figures/sweep/reliability_10seed.png.

mean 3.94e-11, 95% CI [3.0e-11, 4.9e-11] over 5 seeds — ~5 orders of magnitude below the ≤1e-6 target, with rollout

MSE unaffected. This is precisely why the project is float64: the conservation measure lives at the 1e-11 double-precision

floor and does not exist in fp32. • Validated reference integrators. CR3BP DOP853 (diffrax.Dopri8), Jacobi drift 4.23e-11
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over 100 periods; KS ETDRK4 pseudo-spectral, energy validated. These are the data generators we reuse at scale. •

Differentiable symplectic core + projection, unit-tested. integrators/yoshida4.py, models/symp_rssm.py,

models/noether.py, with tests/test_integrators.py / tests/test_noether.py (energy conservation, straight-through projection

gradients). • DreamerV3 integration de-risked. SympRSSM is implemented as a drop-in RSSM in our DreamerV3 fork

and smoke-tested in a full RL loop (trains stably, NaN-free). That CUDA- pinned fork is out of scope for this MI300X

work — the scaling experiments use only the pure-JAX training code, which ports to ROCm cleanly. • Memory crux

already measured, not estimated. scripts/profile_bptt_memory.py profiles the compiled peak buffers of the real

full-horizon BPTT program (float64). At our training batch (B=512, D=256, T=1000) it measures 108 GB, crossing the

80 GB H100/H200 limit already at B=384 (81 GB) — confirming the 192 GB requirement empirically before we ever

touch the hardware (table in §5).

· Hard Noether (Jacobi) projection working at the fp64 floor. Newton projection drives the physical Jacobi-integral

drift to

3 · DATASET

source, size, preprocessing

All data is self-generated by deterministic float64 reference integrators already in the repo and validated (CR3BP

DOP853 via diffrax.Dopri8, Jacobi drift 4.23e-11 over 100 periods; KS ETDRK4 pseudo-spectral). No external

download, no licensing, no PHI. System Generator Phase dim D Trajectories Notes CR3BP (anchor) envs/ 4 50 × len

1,200 already locked, 10 cr3bp.py seeds (DOP853) FPUT lattice new 16 / 64 / 256 / 50 × len 1,200 per energy-

envs/fput.py 1024 D conserving, (Yoshida-8 ref.) scalable Toda lattice new 64 / 256 50 × len 1,200 per O(D) invariants

envs/toda.py D (Casimir test) (DOP853 ref.) Planar N-body new 6N (N up to ~40) 50 × len 1,200 per energy + ang.

envs/nbody.p N momentum y (DOP853 ref.) KS (contrast) envs/ks.py 64 / 256 modes 50 × len 1,200 dissipative; mean-

(ETDRK4) zero projection Preprocessing: split on trajectories (train/test), z-score per phase coordinate, cache as

memory- mapped float64 shards. On-disk footprint is small — approx 40–80 GB of scratch for all systems and

dimensions combined (trajectories are short and low-channel relative to the model state). Reference integration is the only

data cost and is one-time.

4 · METRICS

how you’ll know it worked

Experiment Metric Reliability scaling (headline) bounded/divergent count per D (threshold last-100 MSE), median + IQR

of GRU/Symp MSE ratio (reported as median+IQR, not mean — ratios are bimodal) Long-horizon rollout fidelity

last-100-step rollout MSE and prediction horizon (steps to normalized MSE > 1) vs. ground truth, per D Conservation

adherence energy / Casimir residual |C(s_t) − C(s_0)| over 1,000-step rollout, with vs. without hard Noether projection;

target ≤1e-6 projected BPTT-horizon ablation (methodological) reliability gap and conservation residual under

full-horizon BPTT vs. truncated/checkpointed BPTT (window k ∈ {4, 32, 256, full}) — does truncation degrade the

post-Lyapunov Capacity control all comparisons param-matched to <0.1% (GRU vs Symp), as in the locked 4D result

Ablations RK4-RSSM, free-form-ODE, no-projection, single- vs multi-invariant projection; 10-seed mean ± 95% CI

Seeds: 1–10 (data fixed, core/init/batch-order vary), matching the locked CR3BP protocol.

5 · COMPUTE

training time, memory, dependencies

Estimates are scaled from measured CPU smoke runs of the existing 4D pipeline (scripts/train_cr3bp_gru_baseline.py,

40k steps, rollout 1,000) and padded ~25% since we have not yet profiled on MI300X. Phase Hardware Est. wall-clock

Data generation (all systems × 1–8 MI300X / CPU approx 0.5 day D, float64 reference integration) Scaling sweep: 4

systems × 8× MI300X approx 4–5 days {4,16,64,256,1024} × {Symp, GRU} × 10 seeds BPTT-horizon ablation (full vs

8× MI300X approx 2 days truncated, high-D systems only) Method ablations (RK4, free- 1–8 MI300X approx 2 days
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form ODE, single/multi- invariant projection) Analysis + figures 1 MI300X / CPU approx 0.5 day (scripts/analyze_*,

scripts/plot_reliabil ity.py) Total 8× MI300X node approx 9–10 wall-clock days inside the 2-week window, with re-run

buffer Why MI300X specifically — two independent cruxes. (1) FP64 throughput. This project is fundamentally float64

and cannot be done in fp32: the conservation measure (Jacobi/energy/Casimir residual ~1e-11) lives at the double-

precision floor and simply does not exist at single precision. MI300X is a scientific-compute part (CDNA3) with native,

un-throttled fp64 — roughly 2–5× the FP64 throughput of H100/H200 depending on whether the matrix (MFMA) units

are counted (MI300X ≈ 82 TFLOPS vector / 163 TFLOPS matrix FP64, vs ≈ 34 / 67 TFLOPS on H100/H200, which

NVIDIA deliberately caps on datacenter parts). Our training loop is dense fp64 linear algebra — the Cholesky mass

factorization in T_θ(p), the Yoshida-4 force evaluations, and the Newton projection solves — so this gap maps almost

directly to wall-clock. Note this is the opposite regime from MuJoCo-style RL: there is no environment in the training

loop (data is generated offline), so nothing is CPU-bound; the loop is pure GPU fp64, exactly MI300X’s strength. (2)

Memory for full-horizon BPTT. The memory driver is reverse-mode differentiation through the full length-T symplectic

unroll. Yoshida-4 is 3 force evaluations per step; full-horizon BPTT over T=1000 steps, phase dim D=256, in float64,

stores O(T·B·D·width) activations because the reverse lax.scan stacks per-step residuals. We measured the compiled peak

buffer footprint (XLA ahead-of-time memory analysis of the actual gradient program — scripts/profile_bptt_memory.py,

float64, on the real HamiltonianNet + yoshida4_step): T batch B D width measured fits 80 GB fits 192 GB peak H100?

MI300X? 1000 256 256 512 54 GB yes yes 1000 384 256 512 81 GB NO yes 1000 512 256 512 108 GB NO yes 1000

768 256 512 162 GB NO yes 1000 1024 256 512 216 GB NO NO (needs sharding) The crossover is sharp: full-horizon

BPTT at our training batch (B=512, 108 GB) does not fit an 80 GB H100/H200 but sits comfortably on a single 192 GB

MI300X; batch 768 (162 GB) runs to the MI300X ceiling. On the 80 GB part this forces either gradient checkpointing

(≈3× recompute on top of 3 force evals/step) or BPTT truncation. Truncation is not merely slower — it biases exactly the

post-Lyapunov gradient method relies on, which would invalidate the headline claim. Quantifying that truncation effect is

itself one of our deliverables. The near-integrable Toda/Casimir experiments add O(D²) constraint Jacobians per sample

per step on top of these numbers. (Numbers are XLA AOT estimates compiled on CPU; we will confirm the exact device

peak on the MI300X in week-1 bring-up via the same script’s --run mode.) Together: fp64 throughput makes each step

cheaper, and 192 GB makes the full-horizon untruncated step possible at all. The 8-GPU node runs the system ×

dimension × seed grid in parallel within the window. Software / dependencies. Pure JAX (the repo’s training code is

pure-JAX by convention; the CUDA-pinned DreamerV3 fork is not used here) → the official JAX ROCm wheel, no

CUDA- only kernels. diffrax (data gen), optax, equinox, numpy<2, matplotlib. The differentiable integrator

(integrators/yoshida4.py) and projection (models/noether.py) are isolated behind unit tests (tests/test_integrators.py,

tests/test_noether.py) with a CPU fallback. Bring-up is one command on the node.

6 · DELIVERABLES

model, paper, demo

By the end of the two-week window we aim (not guarantee) to have: 1. A reliability-vs-dimension scaling figure

(bounded/divergent rate and MSE-ratio median+IQR for Symp vs capacity-matched GRU across D ∈ {4…1024}, four

systems). 2. A conservation-residual-at-scale table (energy/Casimir drift with vs. without hard projection, target ≤1e-6

projected, across D). 3. The BPTT-horizon ablation: quantified degradation of the reliability/conservation truncated vs

full-horizon backprop — the result that motivates the 192 GB requirement. 4. Method ablations (RK4, free-form ODE,

single- vs multi-invariant projection), 10-seed mean ± 95% CI. 5. A workshop/NeurIPS-format draft with all plots/tables

generated end-to-end by repo scripts, per-seed JSON metrics in results/, and an MI300X / ROCm reproducibility section

in the README. 6. New, reusable JAX environments (envs/fput.py, envs/toda.py, envs/nbody.py) added to the public

MIT-licensed repo. We are explicitly not promising "beats every baseline at every D" — the goal is a clean, reproducible

test of whether structure preservation buys dimension-robust reliability, and whether full-horizon differentiation is

necessary to show it.

7 · RISK
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what breaks first, and plan B

what breaks first, and plan B Risk Likelihood Mitigation JAX-ROCm op gap (FFT, Medium Training code is pure JAX

with lax.scan/while in the unroll, no custom kernels; integrator + Cholesky) misbehaves on projection isolated behind unit

MI300X tests with CPU fallback; validate on the node in week 1 as the gating step before launching the full sweep.

Gradient explosion through the Medium Spectral-normed Hamiltonian learned Hamiltonian at high D layers (already in

(a known failure mode of this models/hamiltonian_ne stack) t.py), gradient clipping, Leapfrog-2 → Yoshida-4 warmup,

float64. Capacity-matching is harder to Low-med Match parameter count to hold exactly at high D <0.1% per the existing

locked protocol; report the exact ratio per D as we already do at 4D. The scaling gap turns out flat Medium A flat curve is

itself a (structure helps no more at high publishable finding about D than low D) dimension-independence; the

BPTT-horizon methodological result stands alone as the paper’s spine. Multi-invariant (Casimir) Low-med Cap D at 256

for the multi- projection too expensive even invariant Toda experiments; on 192 GB at D=1024 keep D=1024 to single-

invariant FPUT where the activation set is the only memory driver. Wall-clock overrun Low-med Sweep is

embarrassingly parallel across 8 GPUs; can drop the D=1024 tier or trim to 5 seeds without losing the core Risk

Likelihood Mitigation scaling claim. We will check in at the 1-week mark with the ROCm bring-up confirmed and

intermediate scaling numbers, so scope can be trimmed or extended together.
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TABULA · embodied discovery
Jiawen Sun

1 · PROBLEM

what and why

Open-ended embodied agents are evaluated almost entirely in Minecraft. Voyager and its successors report autonomous

discovery — novel items found, tech-tree depth reached, diamonds mined — as evidence that an LLM agent placed in a

world can infer its rules and bootstrap its own skills. But Minecraft’s rules are among the most thoroughly documented

artifacts on the internet. Wikis, tutorials, and millions of transcribed playthroughs sit in every frontier model’s pretraining

corpus. The agent knows the crafting graph before it takes a single action. Every published discovery metric is therefore

confounded: none of them separate rule inference from recall. The field’s central empirical claim has never been tested

against its most obvious alternative explanation.

2 · APPROACH

model / method, and why this one

TABULA is a rule-randomization layer over an open-world sandbox. Engine, action space, observation space, and task

structure are held fixed; only the semantics are permuted. If an agent’s competence is inference, it survives permutation.

If it is recall, it collapses. TIER WHAT IS RANDOMIZED WHAT IT ISOLATES T0 · Vanilla Nothing — reproduces

published setups Control; calibrates against prior results T1 · Recipe Crafting graph permuted; same items, new

dependencies Memorized procedure T2 · Affordance Tool–material effectiveness and hardness tables permuted

Memorized physical intuition T3 · Relabel T1+T2 plus item names replaced with novel tokens Residual lexical prior T3c

· Control Novel tokens, vanilla rules Cost of unfamiliar naming alone T3c is the load-bearing control. Without it, a

collapse at T3 could be explained by tokenization difficulty rather than by loss of world knowledge; with it, the two are

separable. competence(T0) − competence(T3) → the recall gap competence(T3) − competence(T3c) → inference under

novelty competence across successive T3 worlds → meta-discovery Rule-inference probe. Behaviour alone is ambiguous:

an agent can stumble onto a correct craft by brute search without having inferred anything. So at fixed intervals the agent

is asked to state, in text, the recipe or affordance it believes holds. Stated beliefs are scored against ground truth. This

separates acting correctly from knowing why. Why a sandbox rather than a synthetic MDP. The claim under test is

specifically about open-ended embodied agents, so the setting must retain what makes them interesting: partial

observability, long horizons, compositional crafting, and an unbounded action space. A stripped-down MDP would test

something else and prove nothing about Voyager-class results. Substrate. Primary experiments run in a Crafter-class 2D

sandbox — fast, CPU-only, procedurally generated, with an explicit achievement tree that is trivial to permute

programmatically. A reduced Minecraft replication via MineDojo validates that findings are not an artifact of the

lightweight substrate.

3 · DATASET

source, size, preprocessing

There is no training corpus; the artifact is a distribution over environments. COMPONENT DETAIL Base substrate

Crafter-class sandbox, open source, deterministic given seed Rule sampler Generates permuted crafting graphs,

affordance tables, and token vocabularies from a seed Solvability Search-based planner that verifies every sampled world

is fully completable before use, and records optimal depth-to-goal as a oracle normalizer World set 500 validated worlds

per tier, held-out split of 100 never used during development Secondary MineDojo instance with a permuted recipe

JSON, reduced task subset The solvability oracle is not optional infrastructure. Random permutation readily produces
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worlds with unreachable goals, and an agent failing an impossible world is indistinguishable from an agent failing a hard

one. Every world ships with a certificate of completability and a known optimal path length.

4 · METRICS

how you’ll know it worked

MEASUREMENT METRIC INTERPRETATION Recall gap Tech-tree depth at T0 minus depth at T3 Primary result. A

large gap means published discovery numbers are largely memory. Naming T0 minus T3c Subtracted from the recall gap;

isolates unfamiliar-token cost penalty Rule inference Probe accuracy on stated recipes over time Distinguishes inference

from successful search Sample Environment steps to first depth-k craft, normalized by Comparable across permuted

worlds efficiency oracle optimum Meta- Slope of competence across successive unseen T3 worlds The positive result:

does the agent get better at figuring out rules? discovery Significance Paired tests across matched seeds, 5+ seeds per cell

Same world seeds across models and tiers Three frontier models plus one open-weights model, run under a Voyager-style

scaffold held constant across all tiers so the scaffold is never a free variable.

5 · COMPUTE

training time, memory, dependencies

No model training. Cost is dominated by agent inference, which makes this cheap in hardware and expensive in tokens.

PHASE WORK RESOURCE WALL CLOCK 1 Rule sampler + solvability oracle + world validation CPU only ~2 weeks

2 T0 / T3c calibration; reproduce a published baseline CPU + API ~4 days 3 Main sweep: 5 tiers × 4 models × 5 seeds

CPU + API ~1 week 4 Meta-discovery: successive unseen worlds CPU + API ~5 days 5 MineDojo replication, reduced

task subset 1 GPU + CPU ~1 week Token budget. Estimated 50–80M output tokens across the full sweep, assuming

episode caps and aggressive context truncation in the scaffold. This is the binding constraint and the number most likely

to be wrong; phase 2 exists partly to measure it before phases 3–5 are committed. Dependencies. Crafter-class sandbox ·

MineDojo + Malmo for the replication · a Voyager-style scaffold (skill library, iterative prompting, self-verification)

reimplemented rather than forked, so it can be held identical across tiers · standard planning library for the oracle. No

custom kernels, no distributed training.

6 · DELIVERABLES

model, paper, demo

1. TABULA generator. Open-source rule-randomization layer plus solvability oracle. Reusable by anyone evaluating

embodied agents; the durable artifact regardless of what the results say. 2. Validated world sets. 500 certified worlds per

tier with held-out split, versioned and released so results are reproducible. 3. Recall-gap table. Headline decomposition of

published discovery metrics into recall and inference components, per model. 4. Meta-discovery curves. Competence

across successive unseen worlds — the measurement that says whether anything general is being learned. 5. Reference

scaffold. The held-constant Voyager-style harness, released so subsequent work can vary the agent rather than the

plumbing. 6. Paper. Submitted regardless of sign. A confirmed collapse and a confirmed survival are both publishable,

and both change how the next benchmark is built.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B WHAT BREAKS PLAN B Agents fail T3 so completely that nothing is Graded permutation

strength (permute k of n recipes) gives a dose–response curve instead of a floor. measurable This is built into phase 2, not

bolted on later. T3c already collapses — novel tokens alone Then the design cannot separate naming from knowledge.

Report that as a measurement finding and destroy performance fall back to T1/T2, which preserve familiar names.

Random worlds are unsolvable or degenerate Solvability oracle gates every world; degenerate worlds (optimal depth

below threshold) are rejected at sampling time. Result is unsurprising — everyone already Assumed is not measured. The
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contribution is the size of the gap and the generator that lets others assumed recall dominates measure it. Token budget

overruns Phase 2 measures true cost before phases 3–5 are committed; sweep is cut by model count, not by seeds.

Someone publishes it first Live risk in a fast area. Mitigated by scope: the generator ships early and independently of the

full sweep. KILL CRITERION If phase 2 shows that T3c performance is statistically indistinguishable from T3, the

naming confound dominates and the headline experiment cannot be run as designed. Phases 3–5 are not committed; the

generator is released with the negative methodological finding. — · PRIOR ART what this is not Voyager and its

successors established the open-ended embodied agent paradigm; this proposal does not compete with them, it audits

them. Procedural generation for generalization exists (ProcGen) but randomizes levels, not rules; XLand randomizes

goals and games for agents trained from scratch, where contamination is not the concern. The distinct claim here is

narrow and specific: for pretrained LLM agents, the benchmark world is inside the training corpus, and no published

result controls for it. The nearest neighbours are the memorization-versus-generalization literature and recent work

showing generative models can score well on surface diagnostics while holding incoherent underlying world models —

this extends that critique from sequence models to embodied agents.
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tensor-net-lm
Daksh Jain

1 · PROBLEM

what and why

Linear projection layers dominate LLM parameter counts, in GPT-2 alone they’re roughly two-thirds of everything, and

the two mainstream ways to shrink them are honestly pretty blunt. Pruning needs retraining to claw quality back, and

quantization only gives you a handful of fixed compression levels with no way to dial it in. Tensor Train / Matrix Product

State decomposition, the same math physicists use to represent quantum many-body systems, gives you one tunable knob

(the bond dimension) with a provable error bound attached, and yet nobody’s actually measured what that tradeoff looks

like on a real, modern transformer with honest latency numbers next to it. That’s the gap I’m closing.

2 · APPROACH

model / method, and why this one

I’m using GPT-2 124M as the primary testbed, small enough to iterate on fast but still a real, widely- understood

transformer, and decomposing its MLP and attention projection layers into TT and MPS cores via truncated SVD (the

TT-SVD algorithm). Rather than one fixed rank across the whole model, I sweep the bond dimension from 2 to 512 and

run a per-layer adaptive rank search, since not every layer compresses the same way. I picked this over pruning or

quantization specifically because it’s a one-shot post-processing step, no retraining required, the error is provably tied to

the singular value spectrum of the weight matrix, and the compression-quality tradeoff is continuous instead of a step

function.

3 · DATASET

source, size, preprocessing

This decomposes already-pretrained weights rather than training from scratch, so there’s no training set at all, just the

pretrained GPT-2 124M weights pulled from HuggingFace in fp16. For evaluation I’m using the WikiText-2 raw test split

for perplexity and the HellaSwag validation set for a 0-shot reasoning check. Preprocessing is minimal: standard

HuggingFace tokenization, with perplexity computed on a sliding window (stride 512, max length 1024) so long

documents don’t get truncated and quietly skew the numbers.

4 · METRICS

how you’ll know it worked

The main the compression-ratio-vs-perplexity Pareto curve across the full bond-dimension sweep, I’d call it a real win at

4x–8x compression with under 1% perplexity degradation. Alongside that I’m tracking HellaSwag accuracy delta,

tokens/sec on CPU and GPU, memory footprint, and per-layer reconstruction error as a sanity check that the

decomposition math itself is behaving. None of that means much sitting on its own though, so I’m running magnitude

pruning and INT8 quantization at the exact same compression ratios as baselines, so the tensor-network numbers are

actually being measured against something real.

5 · COMPUTE

training time, memory, dependencies
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There’s no gradient descent here, so time is dominated by SVDs and evaluation passes, not training epochs. The full

experiment set, baseline comparison across 5 compression levels and 3 methods, the full 9-point rank sweep, and the

adaptive sweep, comes out to a few hours of GPU time end-to-end, and needs a single GPU with at least 6GB VRAM,

ideally something in H100 territory so the sweep doesn’t eat the whole day. Disk footprint is small, around 5GB for the

HuggingFace model cache and results. Dependencies are torch, transformers, opt_einsum, numpy/scipy, datasets, and

matplotlib, all already pinned in requirements.txt. This isn’t a build problem anymore, it’s purely a compute problem,

which is exactly what’s been capping me so far.

6 · DELIVERABLES

model, paper, demo

First deliverable is the actual compression-perplexity Pareto curve, along with the decomposed model artifacts behind it.

Second is a short, honest research write-up documenting what the tradeoff looks like against the pruning and quantization

baselines, and if the results end up genuinely compelling, I’d look at shaping that into something submittable as a paper.

Third is a clean, documented private repository that can reproduce the main curve from scratch in under an hour on a

single GPU.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B The thing most likely to break first is perplexity collapsing at low bond dimension,

especially if it hits the first or last transformer layers, which tend to be more sensitive than the rest. Plan B is the adaptive

per- layer rank search I’ve already built, so sensitive layers get assigned a higher rank automatically instead of the whole

model taking the hit uniformly. Second risk is exact SVD getting slow or memory-heavy on the larger matrices, like the

3072×768 MLP layers, plan B there is randomized SVD (torch.svd_lowrank), which costs basically nothing in quality.

Third is the usual dependency drift, HuggingFace or lm-eval changing their API mid-run, so every version is pinned and

there’s a fallback eval path built in for exactly that. And if compute ends up being the constraint again even after this, plan

B is simple: keep results to GPT-2 124M and drop the LLaMA-350M stretch goal, since that was never the core

deliverable to begin with.
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TriHet-Py

1 · PROBLEM

what and why

The TriHet-Py scaffold is designed to be a multimodal antioxidant: a single molecule that scavenges reactive oxygen

species (ROS) through several mechanistically distinct pathways simultaneously. This contrasts with classical plant

antioxidants like ascorbate (single mechanism: stoichiometric H-atom transfer) or α-tocopherol (single mechanism:

lipid-phase H-donation). Below is the rationale for each structural feature. 1.1 The two pyrrole rings — hydrogen-atom

donors Each pyrrole N–H has a bond-dissociation enthalpy (BDE) of approximately 88 kcal/mol — comparable to

phenols. Under oxidative stress, these N–H bonds donate hydrogen atoms to peroxyl radicals (ROO•), interrupting the

propagation step of lipid peroxidation: ROO• + Pyrrole-N–H → ROOH + Pyrrole-N• The resulting pyrrolyl radical is

unusually stable: it delocalizes through the entire π-system of the molecule (both pyrroles + central pyridine + furan), so it

cannot easily propagate further radical reactions. With two pyrrole N–H groups per molecule, each TriHet-Py can donate

up to two H atoms stoichiometrically. 1.2 The furan ring — singlet oxygen and hydroxyl radical trap Furans are excellent

dienes for [4+2] cycloaddition with singlet oxygen (1O2), a major plant ROS produced in chloroplasts under high-light

stress. This reaction is essentially irreversible and runs at near-diffusion-limited rates: Furan + 1O2 → Endoperoxide →
cis-Enedione Hydroxyl radicals (•OH) and peroxyl radicals (ROO•) also add across the furan ring, opening it to give a

non-radical dicarbonyl product. Both mechanisms permanently remove the ROS from the system. The furan ring is

sacrificial: it is consumed in the reaction, but its breakdown products (cis-enediones, maleic dialdehyde, 2(5H)-furanone)

are small, non-toxic molecules already present in plant secondary metabolism. 1.3 The central pyridine — radical-cation

stabilizer The pyridine nitrogen’s lone pair is electron-donating into the π-system. When the molecule loses an electron to

an oxidizing radical (such as •OH or peroxyl), the resulting radical cation is stabilized by:

heterocycles) • Conjugation through the furan ring at C-4 This delocalization across ~14 heavy atoms produces a

remarkably stable radical cation that cannot easily extract H atoms from biomolecules. In other words, the oxidized form

of TriHet-Py is not itself a pro-oxidant — a critical safety property. 1.4 The asymmetric trihetero design — multi-ROS

coverage Different plant ROS have different chemistries. The asymmetric combination of two pyrroles + one furan was

chosen deliberately so the molecule can address multiple ROS types in parallel: ROS species Primary scavenging site in

TriHet-Py Mechanism Peroxyl (ROO•) Pyrrole N–H × 2 H-atom transfer (HAT) Hydroxyl (•OH) Furan ring + pyrrole

rings Addition / HAT Singlet oxygen (¹O■) Furan ring [4+2] cycloaddition Superoxide (O■•■) Pyridine N lone pair

(electron transfer) Single-electron transfer (SET) H■O■ (indirect) Catalytic enzyme upregulation effect (proposed)

Table 1. Mapping of ROS species to the structural feature responsible for scavenging. 1.5 Safe breakdown products After

ROS scavenging, the molecule’s predicted oxidation products are:

small carbonyl species, normal metabolic intermediates • The pyridine core remains intact and is excreted/metabolized as

a benign small molecule No heavy metals, no electrophilic intermediates, no Michael acceptors are generated. This is in

deliberate contrast to many synthetic antioxidants whose oxidation products are themselves toxic.

· Resonance donation from the pyridine N lone pair • Electron donation from both flanking pyrroles (electron-rich

· Pyrrolinones (from oxidized pyrroles) — small lactams, natural-like metabolites • cis-Enediones (from furan + 1O2)

—

2 · APPROACH

model / method, and why this one
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We work backwards from the target. The pyridine ring is the key challenge — how do we build it with the correct

substitution pattern (2,6-bispyrrolyl, 4-furyl)? The cleanest answer is the Hantzsch pyridine synthesis: an aldehyde

condenses with two equivalents of a methyl ketone in the presence of ammonia, generating a 1,4-dihydropyridine in one

pot, which is then oxidized to the aromatic pyridine. Disconnection 1: Aromatization The aromatic pyridine is

disconnected to the corresponding 1,4-dihydropyridine. The forward step is an oxidation (loss of H2) using DDQ. DDQ,

DCM 0 °C → rt Disconnection 2: Hantzsch condensation The 1,4-dihydropyridine is disconnected to the three building

blocks of a classic Hantzsch condensation: one aldehyde (whose carbon becomes C-4 of the pyridine), two methyl

ketones (whose carbons become C-2/C-3 and C-5/C-6), and ammonia (which becomes N-1).

source → ammonium acetate (releases NH3 in situ) Furfural + 2 equiv 2-acetylpyrrole + NH4OAc are combined in

ethanol with a catalytic amount of Yb(OTf)3 (0.5 mol%) as a mild Lewis acid. Under microwave heating at 120 °C for 30

min (or sealed-tube heating for 4–6 h), the reaction produces the 1,4-dihydropyridine intermediate via sequential aldol

condensations, imine/enamine formation, and 6-endo-trig cyclization. Water and excess ammonia are released. Furfural

(1.0 equiv) + Yb(OTf)3, 0.5 mol% 2-Acetylpyrrole (2.2 equiv) EtOH, 120 °C, 30 min (MW) + NH4OAc (2.0 equiv)

Figure 1. Step 1 — Three-component Hantzsch condensation. Expected yield: 80–85%. Detailed Step 1 procedure (10

mmol scale): 1. In a 50 mL microwave vial, combine: furfural (960 mg, 10 mmol), 2-acetylpyrrole (2.40 g, 22 mmol),

ammonium acetate (1.54 g, 20 mmol), and Yb(OTf)3 (31 mg, 0.05 mmol). 2. Add 15 mL anhydrous ethanol. Cap the

vessel. 3. Microwave at 120 °C for 30 minutes with stirring (300 W).

· Aldehyde → furfural (places furan at C-4) • Methyl ketone → 2-acetylpyrrole (places pyrrole at C-2 and C-6) •

Nitrogen

3 · DATASET

source, size, preprocessing

Furfural 2-Acetylpyrrole NH4OAc C5H4O2, MW 96.08 C6H7NO, MW 109.13 C2H7NO2, MW 77.08 ~$10/100 mL

~$30/5 g ~$5/100 g (lab stock) (provides C-4 + furan) (provides C-2/C-3/C-5/C-6 + 2 (provides N-1) pyrroles)

4 · METRICS

how you’ll know it worked

5. Cool to room temperature. Evaporate ethanol under reduced pressure. 6. Add 30 mL cold water; stir 10 min. The

yellow-orange dihydropyridine precipitates. 7. Filter on a Buchner funnel. Wash with 2 × 5 mL cold water, then 2 × 3 mL

cold ethanol. 8. Dry overnight in a vacuum desiccator. 9. Expected yield: 2.0–2.4 g (75–85%) of dihydropyridine

intermediate. 3.3 Step 2: DDQ oxidation to the aromatic pyridine The 1,4-dihydropyridine is oxidized to the aromatic

pyridine by DDQ (2,3-dichloro-5,6-dicyano-1,4-benzoquinone), a stoichiometric hydride-acceptor. DDQ removes two

hydrogen atoms (formally one H2) from the dihydropyridine, generating the aromatic ring. The byproduct, DDQ-H2,

precipitates and is removed by filtration through a silica plug. The reaction is mild (0 °C → RT in DCM) and selective.

DDQ (1.1 equiv) DCM, 0 °C → rt, 1.5 h Figure 2. Step 2 — DDQ-mediated aromatization to TriHet-Py. Expected yield:

85–92%. DDQ (oxidant) DDQ-H2 (byproduct) removes 2 H atoms filtered off as solid Detailed Step 2 procedure (5

mmol scale): 1. Dissolve the dihydropyridine intermediate (1.40 g, 5.0 mmol) in 25 mL anhydrous DCM in a 100 mL

round-bottom flask. 2. Cool to 0 °C in an ice bath, stirring magnetically. 3. Add DDQ (1.25 g, 5.5 mmol, 1.1 equiv) in 3

portions over 10 minutes. The mixture darkens from yellow to red to brown as DDQ is consumed. 5. Warm to room

temperature; continue stirring 1 hour. 6. Monitor by TLC (EtOAc/hexane 1:2). Expect product at higher Rf than starting

material. 7. Filter the reaction through a short silica plug (Pasteur pipette with ~2 cm silica). Wash plug with 10 mL DCM

until DDQ-H2 byproduct is washed off. 8. Combine all DCM filtrates. Evaporate under reduced pressure. 9. Dissolve

crude product in 5 mL hot ethanol; filter while hot if any insoluble matter. 10. Cool slowly to room temperature, then to 4

°C overnight. Filter the crystallized product on a Buchner funnel; wash with 2 mL cold ethanol. 11. Dry under vacuum.

12. Expected yield: 1.10–1.30 g (80–90%) of pure TriHet-Py. 3.4 Overall yield summary Step Reaction Realistic yield

Notes 1 Hantzsch condensation 80–85% MW + Yb(OTf)■ catalyst 2 DDQ oxidation 85–92% Clean, silica filtration
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Overall (2 steps) 68–78% Target = 65–72% Because TriHet-Py is a new compound, it must be fully characterized. The

data below also represent the spectroscopic fingerprint you will report in the methods section of the paper. shift (δ, ppm)

Multiplicity Integration Assignment Pyrrole N–H ~11.5–12.0 broad s 2H N–H × 2 (one per pyrrole) Pyridine H-3, H-5

~7.5–7.7 s 2H central pyridine ring Furan H-5 ~7.6 d (J≈1.8 Hz) 1H furan ring α-H Pyrrole H-3 × 2 ~6.9 m 2H α to

pyrrole-pyridine bond Furan H-3 ~6.7 d (J≈3.4 Hz) 1H furan ring Furan H-4 ~6.5 dd 1H furan ring Pyrrole H-4, H-5 × 2

~6.1–6.3 m 4H remaining pyrrole protons Total: 13 protons, matching C17H13N3O. 4.2 Other characterization data to

collect • HRMS (ESI+): [M+H]+ calculated for C17H14N3O+ = 276.1131; observe within 5 ppm. • 13C NMR

(DMSO-d6): 13 aromatic carbons in the δ 100–155 ppm range. • IR (ATR): N–H stretch ~3300 cm−1; aromatic C–H

~3050 cm−1; C=N pyridine ~1600 cm−1; C–O furan ~1010 cm−1. • UV-Vis (ethanol): Expect strong absorption around

300–380 nm due to extended conjugation. • Melting point: Determine experimentally — this is novel data. • HPLC purity

(if available): Should be >95% for biological assay use. • HSQC + HMBC (2D NMR): Confirm connectivity, especially

the pyridine–pyrrole and pyridine–furan bonds.

5 · COMPUTE

training time, memory, dependencies

c1(c2ccco2)cc(c3ccc[nH]3)nc(c4ccc[nH]4)c1. Confirm zero hits. • Read every SDS. Especially DDQ (toxic,

skin-permeable) and Yb(OTf)3 (irritant, hygroscopic). Wear gloves, work in a fume hood. • Pilot first. Run the 1 mmol

pilot before scaling to 10 mmol. The pilot uses ~$30 of reagents; a failed scale-up wastes ~$130. • Document everything.

Every weighing, every TLC plate, every observation goes in the lab notebook. Reviewers will ask. • Save aliquots. Keep

~5 mg of every intermediate. If something goes wrong later, you can backtrack. • Send NMR to mentor after each step.

Don’t proceed to the next step until they sign off on the spectrum. • Caveat on Step 1. The Hantzsch with 2-acetylpyrrole

has not been done in the published literature with this exact substrate. The N–H of pyrrole might interfere with the Lewis

acid catalyst. If pilot yields are below 50%, consider Boc-protecting the pyrrole N–H first (adds 2 steps). • Caveat on

regiochemistry. The Hantzsch gives a symmetric 2,6-disubstitution pattern reliably. The 4-furyl substituent comes from

the aldehyde with very high regioselectivity. NMR will confirm.

· Verify novelty. Before ordering any reagent, have your mentor search SciFinder/Reaxys for the exact structure:

SMILES

6 · DELIVERABLES

model, paper, demo

TriHet-Py 2,6-Bis(pyrrol-2-yl)-4-(furan-2-yl)pyridine A Novel Multimodal Antioxidant for Crop Protection

7 · RISK

what breaks first, and plan B

what breaks first, and plan B This synthesis plan is based on analogous published chemistry for the Hantzsch pyridine

synthesis and DDQ aromatization, applied to a target compound (TriHet-Py) that has not, to the best of available

knowledge, been previously synthesized. The yields, reaction conditions, and spectroscopic predictions are extrapolations

from analogous systems and should be validated by a chemistry mentor and small-scale pilot experiments before

committing significant time or reagents. The compound’s novelty must be verified through SciFinder/Reaxys searches

that this document cannot perform.
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Uncertainty-aware conversational recommendation
Naman Garg

1 · PROBLEM

what and why

Cold-start conversational recommenders must infer intent from sparse dialogue, often when the user’s request is

ambiguous or exploratory. Our VCE study showed that learned expansion helps most in cross-modal, low-coherence

sessions, but is not universally superior: on TalkPlayData VCE reaches NDCG@10 = 0.0250 vs. 0.0244 for WPRF (p =

0.098), while WPRF dominates text-aligned datasets. We will rebuild VCE from the ground up to model intent

uncertainty, learn which evidence modality to trust, and adapt retrieval breadth accordingly.

2 · APPROACH

model / method, and why this one

C1 · Distributional intent: infer a distribution over plausible intents rather than a single centroid; jointly learn intent

direction and calibrated uncertainty. C2 · Modality routing: dynamically combine lexical, semantic, and multimodal

retrieval signals based on modality compatibility and uncertainty. C3 · Adaptive retrieval: high confidence → focused

retrieval; moderate uncertainty → multi-hypothesis exploration; high uncertainty → broader retrieval or clarification. C4 ·

Human evaluation: test whether uncertainty-aware behavior improves recommendation quality and user control during

ambiguous requests. The existing vMF formulation is a starting hypothesis; architecture, uncertainty objective, and

sampling will be redesigned.

3 · DATASET

source, size, preprocessing

TalkPlayData (15,199 train / 1,000 test / 46,579 tracks) as primary cross-modal benchmark; MovieLens-1M, Last.fm 2K,

and Amazon Music as text-aligned / sparse controls; plus ≥1M additional samples for large-scale retraining.

TalkPlayData uses 512-D CLAP embeddings; other benchmarks use 384-D Sentence-BERT. L2 normalization,

leave-one-out evaluation, full-catalog ranking, and anchor exclusion. New data undergoes deduplication, leakage checks,

and strict train/validation/test separation.

4 · METRICS

how you’ll know it worked

how you’ll know it worked Retrieval: NDCG@10, Recall@10, MRR. Ambiguity: performance by coherence/uncertainty.

Calibration: ECE, Brier, uncertainty–error correlation. Robustness under anchor corruption. Exploration

diversity/novelty/coverage. Human study: success, relevance, satisfaction, control. Efficiency: ms/query and memory.

Key preliminary signal: VCE already gives +90.3% vs. uniform centroid and +5.4% vs. WPRF in low-coherence

TalkPlayData sessions.

5 · COMPUTE

training time, memory, dependencies

Staged experimental design: expensive training reserved for the most promising architectures; embeddings, retrieval

indices, and multimodal features cached. Data processing + embedding on 1× A100/H100 (~0.5 day); architecture search

and final training on GPU with wall-clock measured rather than assumed.
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6 · DELIVERABLES

model, paper, demo

· Open-source uncertainty-aware conversational retrieval system.

· Trained checkpoints and experiment configs.

· Human-study protocol and results for ambiguous sessions.

· Research paper documenting methodology, modality routing, and failure cases.

7 · RISK

what breaks first, and plan B

what breaks first, and plan B Uncertainty estimates may be poorly calibrated. Plan B: post-hoc calibration and explicit

reporting of ECE/Brier before claiming adaptive gains. Gains may be dataset-specific to TalkPlayData. Plan B: require

consistent directional improvements on at least one text-aligned control before claiming generality. Human evaluation

may disagree with offline metrics. Plan B: treat human preference as the primary ambiguous-session outcome and analyze

disagreements.
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Uncertainty-aware health risk prediction
Edmund Eric Gah · gahedmund146@gmail.com

1 · PROBLEM

what and why

Machine-learning models can achieve excellent predictive performance during development but become unreliable when

the data distribution changes. In healthcare, this problem is particularly important because patient populations, disease

prevalence, healthcare practices, and data-collection processes can differ across time, geography, and demographic

groups. A model may therefore produce a highly confident prediction for a patient who is substantially different from the

populations represented in its training data. Traditional evaluation metrics such as accuracy and AUROC may fail to

reveal this problem because they measure aggregate performance rather than whether the model knows when its

predictions are unreliable. Research question: When a health-risk prediction model encounters distribution shift, can

uncertainty estimation reliably identify predictions that are likely to be incorrect, and can adaptation methods restore

reliable performance? Central hypothesis: Uncertainty-aware models will be better able to identify unreliable predictions

under distribution shift than conventional models, while appropriate adaptation and recalibration methods can recover a

meaningful portion of lost predictive performance and calibration. Sub-questions:

· How severely does distribution shift degrade predictive performance and calibration?

· Can uncertainty estimates identify when the model is likely to fail?

· Can adaptation or recalibration methods improve reliability after the distribution changes?

2 · APPROACH

model / method, and why this one

Stage 1 — Establish Strong Baselines Develop and compare Logistic Regression, Random Forest, and XGBoost models.

Logistic Regression provides a transparent statistical baseline; Random Forest provides a nonlinear ensemble

comparison; and XGBoost provides a strong modern approach for structured/tabular health data. Stage 2 — Introduce

Realistic Distribution Shifts • Temporal shift: train on earlier survey years and evaluate on later years.

distributions. The goal is to simulate deployment conditions in which a system encounters data that differs from its

development distribution. Stage 3 — Uncertainty Estimation

A key question is whether high uncertainty actually corresponds to a higher probability of prediction error, especially

under shifted conditions. Stage 4 — Adaptation and Recovery • Recalibration

Methods will be compared empirically rather than assuming that one technique is universally optimal. The analysis will

examine the trade-off between predictive performance, calibration, uncertainty quality, and robustness under shift.

· Geographic shift: train on one set of geographic regions and evaluate on another where sample sizes permit.

· Demographic/population shift: evaluate performance across populations with different demographic and

health-feature

· Predictive probability calibration

· Bootstrap or ensemble-based uncertainty where computationally appropriate

· Monte Carlo-based uncertainty where applicable

· Conformal prediction
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· Selective prediction/abstention

· Importance/reweighting methods

· Threshold adaptation

· Fine-tuning or retraining using newly available data

· Distribution-aware adaptation

3 · DATASET

source, size, preprocessing

Primary Dataset: CDC Behavioral Risk Factor Surveillance System (BRFSS) The primary experimental dataset will be

the Behavioral Risk Factor Surveillance System (BRFSS), a large-scale U.S. health survey containing demographic,

behavioral, and health-related variables collected across multiple years. Its multi-year structure makes it useful for

investigating temporal distribution shift rather than relying solely on random train/test splits. A subset or set of annual

releases will be selected based on consistent availability of relevant variables, adequate sample sizes, comparable target

definitions, and sufficient temporal separation between training and evaluation periods. The initial task will focus on

diabetes-risk prediction, while the framework can be extended to another health outcome if mentor guidance suggests it.

Proposed Data Structure Training: earlier survey years → Validation: intermediate years → Held-out test: later years

Preprocessing • Data-quality assessment and missing-value analysis

Preprocessing will be designed so that information from future test distributions does not leak into model development.

Subgroup sample sizes will also be examined before drawing conclusions about uncertainty or performance.

· Removal of irrelevant identifiers

· Feature selection based on the research question

· Appropriate encoding of categorical variables

· Standardization where required

· Class-imbalance analysis

· Temporal/geographic splitting

· Leakage prevention

· Reproducible train/validation/test construction

4 · METRICS

how you’ll know it worked

Predictive Performance • AUROC

Calibration • Brier Score

A well-calibrated model should produce probabilities that correspond meaningfully to observed outcome frequencies.

Uncertainty Quality • Coverage of prediction intervals/sets

A central experiment will test whether observations for which the model expresses high uncertainty are actually more

likely to contain prediction errors. Robustness Under Distribution Shift Performance degradation =

Performance(in-distribution) − Performance(shifted) Primary success criterion: uncertainty-aware methods should

meaningfully distinguish reliable from unreliable predictions under distribution shift, while adaptation or recalibration

methods recover a significant portion of lost performance without producing misleading confidence.

· AUPRC

· Accuracy
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· Precision

· Recall/Sensitivity

· Specificity

· F1-score

· Expected Calibration Error (ECE)

· Reliability diagrams

· Calibration slope/intercept where appropriate

· Selective risk

· Risk-coverage curves

· Uncertainty-error correlation

· Out-of-distribution detection performance where applicable

· Failure-detection AUROC/AUPRC

5 · COMPUTE

training time, memory, dependencies

Expected environment: Python 3.x, pandas, NumPy, scikit-learn, XGBoost, SciPy, Matplotlib, Seaborn, SHAP where

useful, Fairlearn where subgroup analysis is required, a conformal-prediction implementation such as MAPIE, Jupyter,

and Git/GitHub. Estimated hardware: 4+ CPU cores; 8–16 GB RAM; GPU not required for core experiments;

approximately 5–10 GB storage depending on dataset versions and experiment artifacts. Most tabular baseline

experiments should run within minutes. More computationally intensive ensemble or repeated uncertainty experiments

may require longer runtimes. Each experiment will record random seeds, model configuration, hyperparameters, training

time, dataset version, software dependencies, and evaluation results. MLflow or a lightweight experiment-tracking system

may be used.

6 · DELIVERABLES

model, paper, demo

1. Reproducible Research Repository • Data-processing pipeline

2. Experimental Model Suite • Conventional baseline models

3. Research Paper • Background and literature review

· Model-training code

· Distribution-shift experiments

· Uncertainty estimation methods

· Calibration analysis

· Evaluation scripts

· Experiment configurations

· Reproducibility documentation

· Calibrated models

· Uncertainty-aware models

· Distribution-adapted models

· Comparative evaluation artifacts
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· Research questions and hypotheses

· Dataset and preprocessing

· Experimental methodology

· Distribution-shift construction

· Uncertainty methodology

· Results and statistical analysis

· Failure cases

7 · RISK

what breaks first, and plan B

what breaks first, and plan B 4. Interactive Research Demonstration A lightweight dashboard will demonstrate the

difference between conventional and uncertainty-aware prediction. It may allow users to inspect predictions, uncertainty,

model comparisons, distribution-shift effects, calibration, risk-coverage curves, and examples where the model is

confidently wrong. It will be explicitly presented as a research prototype rather than a clinical diagnostic system. Risk 1

— Distribution shift is weaker than expected Plan B: Quantify naturally occurring shifts using statistical

distribution-distance measures and construct controlled covariate-shift experiments while clearly distinguishing them

from naturally occurring shifts. If necessary, introduce a second public dataset for external validation. Risk 2 —

Uncertainty estimates are poorly calibrated Plan B: Compare multiple uncertainty approaches rather than relying on one

method. Calibration will be treated as an experimental outcome rather than an assumption. Risk 3 — Conformal

prediction loses coverage under distribution shift Plan B: Explicitly investigate how coverage deteriorates under shift and

whether adaptive or weighted conformal approaches can improve it. This failure mode may itself become an important

research finding. Risk 4 — Adaptation improves accuracy but worsens calibration Plan B: Require adaptation methods to

be evaluated simultaneously on discrimination, calibration, and uncertainty rather than accuracy alone. Risk 5 — Dataset

limitations prevent clinical interpretation Plan B: Frame the work as a methodological investigation of reliable ML under

population and temporal distribution shift, using health-risk prediction as the application domain rather than claiming

clinical validation. Findings can later be tested on a second dataset if resources and mentorship permit. Expected

Research Contribution The central contribution will be an empirical framework for studying whether machine-learning

confidence remains trustworthy when the data changes. Most conventional machine-learning evaluation asks, “How well

does the model perform?” This research asks a more consequential question: “When the model encounters data unlike

what it has seen before, does it know that it may be wrong?” By combining distribution-shift analysis, uncertainty

quantification, calibration, and adaptation, the project aims to investigate a fundamental challenge in trustworthy AI:

developing systems that can recognize the boundaries of their own competence. For healthcare applications, this

distinction is particularly important. A model that occasionally makes an incorrect prediction may still be useful; a model

that is confidently wrong and unable to recognize unfamiliar situations is considerably more difficult to trust. Ultimately,

I hope this research contributes toward machine-learning systems that are not merely accurate under controlled

benchmarks, but reliable, uncertainty-aware, and appropriately cautious when deployed in changing real-world

environments. Prepared by Edmund Eric Gah • Research Proposal for Mentor Matching
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Unidentifiability oracle
Aayan Alwani

1 · PROBLEM

what and why

Predicting spatial gene expression from routine H&E histology promises cheap, slide-wide molecular maps, but current

models give point predictions with no trustworthy notion of when to believe them. A weak prediction–truth correlation is

ambiguous: the gene may be biologically unpredictable from morphology, or the measurement may simply be noisy /

dropout-corrupted — and existing uncertainty and abstention methods conflate the two. We build an unidentifiability

oracle that separates intrinsic biological unpredictability from technical measurement noise, so a selective-prediction

layer abstains on genuinely unidentifiable genes rather than merely noisy ones.

2 · APPROACH

model / method, and why this one

We use a cleaner-reference design. Frozen pathology foundation-model embeddings (UNI / Virchow2) feed light

predictive heads; per-gene unidentifiability U is the deep-ensemble out-of-fold aleatoric residual minus an externally

measured noise floor (a true Xenium technical replicate) minus registration-induced variance. A post-hoc

spatial-Mondrian conformal layer turns the surviving coverage-controlled selective risk. We chose this over Bayesian UQ

(uncalibrated here) and naive variance-based abstention (which tracks dropout, not biology) because the

aleatoric/epistemic split is provably not recoverable from a predictor’s own outputs — it requires the external clean

reference and replicate that Xenium uniquely provides. Ensembling across distinct architectures isolates recoverable so U

is a principled upper bound on intrinsic unidentifiability, not one model’s under-fitting.

3 · DATASET

source, size, preprocessing

All data are public. The primary source is GEO GSE243280 (Janesick 2023): paired breast Xenium (two serial technical

replicates, GSM7780153/4), Visium, and post-stain H&E, on a 313-gene panel. We extend to five co-registrable organ

triads (breast, colon, lung, liver/HCC, ovary), including a Xenium-5K panel for a scaling test — on the order of hundreds

of thousands of cells per section. Preprocessing: niche-level spatial binning, serial-section rigid registration into a shared

frame, panel-gene intersection, and one-time cached UNI/Virchow2 tile embeddings.

4 · METRICS

how you’ll know it worked

Selective-risk–coverage curve (selective risk vs. retained fraction) — headline. Separation gap:

AUROC(deferral↔high-U) − AUROC(deferral↔dropout), ≥ 0.10, holding under two independent predictor

architectures. Marginal coverage within each Mondrian (gene×region) group, within ±2% of nominal 1−α. Noise-floor

clearing: fraction of panel genes with reproducible the replicate floor. Retained-fraction × utility ≥ 15%. Cross-panel

scaling gap (v1 → Xenium-5K).

5 · COMPUTE

training time, memory, dependencies
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Frozen encoders + pre-cached embeddings + light heads + CPU-side conformal → comfortably over-provisioned:

training fits in 24–48 GB GPU memory (192 GB available). The only meaningful cost is a one-time WSI tiling +

embedding-extraction pass; downstream training and conformal run in hours, not days. Dependencies: PyTorch,

scanpy/anndata, timm (UNI/Virchow2), MAPIE/crepes, numpy/scipy/scikit-learn. No distributed training or special

hardware.

6 · DELIVERABLES

model, paper, demo

Working, documented oracle implementation with a green gate/test suite (public repository already live). A reusable

benchmark for biological-vs-technical separation on H&E→ST, released with the code. Selective-risk–coverage results

across the organ panel + a panel-scaling ablation. A short paper targeting WACV 2026, pre-registered and fully

reproducible (per-run git SHA + config hash).

7 · RISK

what breaks first, and plan B

what breaks first, and plan B floor. Addressed by a solved pre-flight: a cheap, no-training control on the real breast data

already shows the technical-replicate noise floor clears at niche resolution, with biologically coherent markers (ESR1,

keratins, SFRP1) leading. The staged design gates all downstream work behind this control. Serial-section registration.

Handled at niche (not single-cell) resolution, using 10x-provided H&E↔Xenium homographies plus a built-in

perturbation-sensitivity check; residual error stays in the conservative, direction. Scope & timeline. Staged with a

guaranteed fallback — a feasibility-vehicle result stands alone as a complete contribution, with the full conformal oracle

layered on top, so a shippable deliverable always exists within two weeks. Engineering quality. Version-controlled,

test-gated, and already passed an independent multi-model code review — engineering risk to the timeline is low. Public

data (GEO GSE243280). Code & pre-registration: github.com/aayanAW/unidentifiability-oracle-he-st


