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the rise and rise of AI

https://informationisbeautiful.net
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AI breakthroughs in science

 
But does our power to 


explain them also scale?

Trained on 3.4 billion proteins

46 billion parameters

Trained on 2.8 billion proteins

96 billion parameters
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Every stage of scientific discovery has outgrown human scale

https://www.bnl.gov/cryo-em/instrumentation.php

0.5 - 5 TB per dataset

Cryo-electron microscope
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0.5 - 5 TB per dataset
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https://chemistry-matters.com/chemicals/comprehensive-two-dimensional-gas-chromatography-gcxgc/

2D gas chromatography

10 - 200 GB per sample

https://www.sciencedirect.com/topics/materials-science/two-dimensional-gas-chromatography

Interpreting pLMs

0.1 - 100 B parameters

https://ncses.nsf.gov/pubs/nsb20257/publication-output-by-geography-and-scientific-field

3 million new papers per year

Scientific Hypothesis Generation

Starting Mol.
Intermediate
Target Molecule

Hydrothermal rxn
Surface rxn
Biochemical rxn

Reactant (solid)
Product (dashed)

High recall (>75%)
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High ambient dimension, low intrinsic dimension

Cryo-electron microscope 2D gas chromatography Interpreting pLMs Scientific Hypothesis Generation

0.5 - 5 TB per dataset 10 - 200 GB per sample 0.1 - 100 B parameters 3 million new papers per year

~5–10 DOF: pose 
+ conformation 
Low-dim manifold
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High ambient dimension, low intrinsic dimension

Cryo-electron microscope 2D gas chromatography Interpreting pLMs Scientific Hypothesis Generation

0.5 - 5 TB per dataset 10 - 200 GB per sample 0.1 - 100 B parameters 3 million new papers per year

~5–10 DOF: pose 
+ conformation 
Low-dim manifold

Sparsity of signal; a 
handful discriminate

<1% of latents → 79% of 
accuracy; 
Compressible computation

Constrained by chemistry 
+ thermodynamics
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Cryo-EM Workflow

Cryo-electron

microscope
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Cryo-EM Workflow

 Cryo-EM
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Cryo-electron
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Say what the problem is? 
Cryo-EM throughput challenge 

This slide will show the challege: too much data: maybe some numbers or plots that shows how much data

Is acquired in every cryo run and how much can be processed
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cryoSENSE: Cryo-EM Workflow with Compressive Sensing

Cryo-electron

microscope

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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cryoSENSE: Cryo-EM Workflow with Compressive Sensing
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Compressed
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3D Volume
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cryoSENSE: Cryo-EM Workflow with Compressive Sensing

Cryo-electron

microscope

Compressed

measurements

High-resolution

mask

 Cryo-EM

images

Protein

3D Volume

Collect Gigabytes

Reconstruct 
Terabytes

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Simulating compressed measurements

Simulated high-

resolution mask

Applied to

Simulated compressed

measurements

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Simulating compressed measurements

Simulated high-

resolution mask

Given compressed

measurements,


reconstruct high-res

image

Simulated compressed

measurements

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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• Reconstructing high-resolution images ( ) from compressed 
measurements ( ) with measurement operator ( ) and measurement 
noise ( ): 


• ill-posed: many  match 

• Need a prior on cryo-EM images:

• Sparse prior: proximal gradient descent

• Generative prior: posterior sampling

x
y 𝒜

η y = 𝒜x + η
x y

Compressive sensing in cryo-EM

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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• Solve the convex objective:





•  enforces sparsity in a chosen basis


• Bases tested: DCT, wavelets, and total 
variation.


• Solved using proximal gradient descent


• Strongest under Fourier-space measurements 
and moderate real-space compression.


• No need for any external dataset or model

min
x

∥𝒜(x) − y∥2
2 + λ Ψ(x),

ψ

Sparse prior

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Prior sampling in diffusion models

• A clean cryo-EM image is . The forward process gradually adds noise:  


• To move from noise  back toward a clean image, the corresponding reverse time SDE: 





• The network  is trained to approximate: 


• Using Tweedie’s formula: 


• Unconditional reverse sample: 

x0 dx = −
βt

2
x dt + βt dw . xT ∼ N(0,I)

xT

dx = −
βt

2
x − βt ∇xt

log p(xt)

sθ(xt,t)

dt + βt dw̄ .

sθ(xt, t) sθ(xt, t) ≈ ∇xt
log p(xt)

̂x0 =
1
ᾱt

[xt + (1 − ᾱt)sθ(xt, t)]

x′￼t−1 =
αt(1 − ᾱt−1)

1 − ᾱt
xt +

ᾱt−1 βt

1 − ᾱt
̂x0 + σ̃tz .

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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From prior sampling to posterior sampling
• The reconstruction must satisfy , therefore, the desired distribution is not merely , but 

.


• Using Bayes’ rule, posterior score is:





• 


• Assuming Gaussian measurement noise: 


• Using Bayes’ rule:





• The measurement loss: 


• Measurement correction: 

y = 𝒜(x) + η p(xt)
p(xt |y)

∇xt
log p(xt ∣ y) = ∇xt

log p(xt)

image prior

+ ∇xt
log p(y ∣ xt)

measurement consistency

dx = [−
βt

2
x − βt (∇xt

log p(xt) + ∇xt
log p(y ∣ xt))] dt + βt dw̄ .

p(y ∣ x0) ∝ exp (−
∥𝒜(x0) − y∥2

2

2σ2 ) .

∇xt
log p(y ∣ xt) ≈ ∇xt

log p(y ∣ ̂x0(xt)) = −
1
σ2

∇xt
∥𝒜( ̂x0) − y∥2

2.

L(x) = ∥𝒜(x) − y∥2
2

xt−1 = x′￼t−1 − ζt ∇ ̂x0
L( ̂x0) .

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Generative prior

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Results

• cryoSENSE enables high throughput acquisition of cryo-EM images with a tunable 
compression factor C


• We are able to increase throughput by 2.5X

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Results
• cryoSENSE preserves structural heterogeneity of 50S ribosome with 16X down-sampled measurements (C=1.25)


• Generative prior outperforms sparse prior at high down-sampling levels

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Results
• cryoSENSE preserves protein atomic structure with 2X down-sampled images (C=1.33)


• Sparse prior slightly outperforms generative prior

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Proposed methods for collecting measurements

Pixel space masking collects multiple 
masked down-sampled 
measurements in real space

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Bennu
Future NASA mission: MARS

Sample return missions: need for tools to detect alien life

OSIRIS-REx

https://science.nasa.gov/mission/osiris-rex/

DAVINCI: Venus
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Say what the problem is? 
Life is complex; current feature are biased, need for AI 
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LifeTracer

PNAS Nexus 2025, Saeedi*, Buckner*, Walton, Aponte, Aghazadeh; * equal contribution
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LifeTracer

PNAS Nexus 2025, Saeedi*, Buckner*, Walton, Aponte, Aghazadeh; * equal contribution
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Discovered biosignatures by LifeTracer

PNAS Nexus 2025, Saeedi*, Buckner*, Walton, Aponte, Aghazadeh; * equal contribution
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AstroAgents

Add relevant research papers

Mass Spectrometry Data:

ID M/Z RTs Compound Samples

1 128.17 (68 min, 1.2s)
Naphthalene

Orgueil
Lignite

Instructions:

I have conducted an experiment using GCxGC to
analyze biotic (terrestrial) and abiotic (meteorite)
samples.
I want you to analyze the table and come up
with interesting conclusions and hypotheses.
Note that your hypotheses should be novel and
specific.

AstroAgents

ICLR Workshop 2025, Saeedi, Buckner, Aponte, Aghazadeh; 
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AstroAgents Identifies significant patterns
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Add relevant research papers
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Planner

Analyze PAH distribution
patterns in meteorites,
focus on IDs 1, 2 ...

Investigate sulfur-containing
and oxygen-containing
compounds (IDs 14, 27, 30, 44)...

Study the distribution patterns
of complex alkylated aromatics 
and their derivatives (IDs 15, 23) ... 

Scientist 1 Scientist 2 Scientist 3

AstroAgents v1

ICLR Workshop 2025, Saeedi, Buckner, Aponte, Aghazadeh; 
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Discard repetitive hypotheses
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for each hypothesis.
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Add relevant research papers

Mass Spectrometry Data:

ID M/Z RTs Compound Samples

1 128.17 (68 min, 1.2s)
Naphthalene

Orgueil
Lignite

Instructions:

I have conducted an experiment using GCxGC to
analyze biotic (terrestrial) and abiotic (meteorite)
samples.
I want you to analyze the table and come up
with interesting conclusions and hypotheses.
Note that your hypotheses should be novel and
specific.

AstroAgents Identifies significant patterns

Highlights unexpected findings

Data Analyst

Discover possible contamination

Delegates specific areas within
the input data across a team of
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exploration and investigation

Planner

Analyze PAH distribution
patterns in meteorites,
focus on IDs 1, 2 ...

Investigate sulfur-containing
and oxygen-containing
compounds (IDs 14, 27, 30, 44)...

Study the distribution patterns
of complex alkylated aromatics 
and their derivatives (IDs 15, 23) ... 

Scientist 1 Scientist 2 Scientist 3

Accumulator Agent

Concatenate hypotheses

Discard repetitive hypotheses

Literature Review
Provides a summary
based on literature
for each hypothesis.

Critic
Evaluates the generated
hypotheses and suggests
improvements.

Next iteration of hypothesis generation based on critics' feedback

AstroAgents v1

ICLR Workshop 2025, Saeedi, Buckner, Aponte, Aghazadeh; 



Human expert evaluations

• Claude Sonnet 3.5 (48 hypotheses)
• fewer logical errors
• stronger consistency with the literature
• scored higher on clarity

• Gemini 2.0 Flash (101 hypotheses)  
• higher novelty scores 
• but more logical errors

ICLR Workshop 2025, Saeedi, Buckner, Aponte, Aghazadeh; 
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ASTRA

ChemRxiv 2026, Saeedi, Pokhrel, Gao, Wen, Bruce, Aponte, Stockton, Aghazadeh

Target MoleculeInstructions:
Generate chemical 
synthesis pathways 
from simple molecules  
to complex organic 
molecules for L-Alanine L-Alanine

User task
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ASTRA

ChemRxiv 2026, Saeedi, Pokhrel, Gao, Wen, Bruce, Aponte, Stockton, Aghazadeh

Target MoleculeInstructions:
Generate chemical 
synthesis pathways 
from simple molecules  
to complex organic 
molecules for L-Alanine L-Alanine

User task

Input

Orchestrator Agent

Citation subagents

Search subagents

Memory

Deep Research
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ASTRA

ChemRxiv 2026, Saeedi, Pokhrel, Gao, Wen, Bruce, Aponte, Stockton, Aghazadeh

Target MoleculeInstructions:
Generate chemical 
synthesis pathways 
from simple molecules  
to complex organic 
molecules for L-Alanine L-Alanine

User task Report
L‑alanine (2‑aminopropanoic acid) is the simplest 
chiral proteinogenic amino acid, so “making 
alanine” and “making enantioenriched alanine” 
are separable problems. Most abiotic routes 
generate racemic alanine (D/L ≈ 1) ...

Green et al. (2023, JACS)      : acetaldehyde‑skel-
eton aminonitrile and N‑formylaminonitrile 
formation can be driven to high conversion in 
formamide systems with staged heating, 
supporting a plausible “precursor pool”... 

[1]

Prebiotic Synthesis of N-Formylaminoni-
triles and Derivatives in Formamide

[1]

Input

Orchestrator Agent

Citation subagents

Search subagents

Memory

Deep Research
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ASTRA

ChemRxiv 2026, Saeedi, Pokhrel, Gao, Wen, Bruce, Aponte, Stockton, Aghazadeh

Target MoleculeInstructions:
Generate chemical 
synthesis pathways 
from simple molecules  
to complex organic 
molecules for L-Alanine L-Alanine

User task Report
L‑alanine (2‑aminopropanoic acid) is the simplest 
chiral proteinogenic amino acid, so “making 
alanine” and “making enantioenriched alanine” 
are separable problems. Most abiotic routes 
generate racemic alanine (D/L ≈ 1) ...

Green et al. (2023, JACS)      : acetaldehyde‑skel-
eton aminonitrile and N‑formylaminonitrile 
formation can be driven to high conversion in 
formamide systems with staged heating, 
supporting a plausible “precursor pool”... 

[1]

Prebiotic Synthesis of N-Formylaminoni-
triles and Derivatives in Formamide

[1]

Input

Orchestrator Agent

Citation subagents

Search subagents

Memory

Deep Research

Literature Report

Propose Molecules

Propose Reactions

Propose Pathways

SynthNet Agent

Chemical Feasibility

Pathway Coherence

Literature Alignment

Critic Agent

Confidence < 0.9

Reaction Network
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ASTRA

ChemRxiv 2026, Saeedi, Pokhrel, Gao, Wen, Bruce, Aponte, Stockton, Aghazadeh

Target MoleculeInstructions:
Generate chemical 
synthesis pathways 
from simple molecules  
to complex organic 
molecules for L-Alanine L-Alanine

User task

"

{

,

SynthNet Agent Output

"molecules": [{

"id": "mol_1",

"iupac_name": "carbon dioxide",

},

"pathways": [{

"pathway_id": "P1",

"reaction_sequence":

["rxn_9","rxn_11","rxn_12","rxn_21"],

},

"reactions": [{

"id": "rxn_1",

"inputs": ["mol_010"],

"outputs": ["mol_012","mol_001"],

"environment": "Hydrothermal",

"conditions": {

"temperature": "350−400K",

"pressure": "moderate",

"catalyst": "magnetite",

"aqueous": "true",

},

"mechanism": "Pyruvate undergoes ...",

"reasoning": "Thermal decarboxylation ..."
},

Report
L‑alanine (2‑aminopropanoic acid) is the simplest 
chiral proteinogenic amino acid, so “making 
alanine” and “making enantioenriched alanine” 
are separable problems. Most abiotic routes 
generate racemic alanine (D/L ≈ 1) ...

Green et al. (2023, JACS)      : acetaldehyde‑skel-
eton aminonitrile and N‑formylaminonitrile 
formation can be driven to high conversion in 
formamide systems with staged heating, 
supporting a plausible “precursor pool”... 

[1]

Prebiotic Synthesis of N-Formylaminoni-
triles and Derivatives in Formamide

[1]

Input

Orchestrator Agent

Citation subagents

Search subagents

Memory

Deep Research

Literature Report

Propose Molecules

Propose Reactions

Propose Pathways

SynthNet Agent

Chemical Feasibility

Pathway Coherence

Literature Alignment

Critic Agent

Confidence < 0.9

Reaction Network
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ASTRA

ChemRxiv 2026, Saeedi, Pokhrel, Gao, Wen, Bruce, Aponte, Stockton, Aghazadeh

Target MoleculeInstructions:
Generate chemical 
synthesis pathways 
from simple molecules  
to complex organic 
molecules for L-Alanine L-Alanine

User task

"

{

,

SynthNet Agent Output

"molecules": [{

"id": "mol_1",

"iupac_name": "carbon dioxide",

},

"pathways": [{

"pathway_id": "P1",

"reaction_sequence":

["rxn_9","rxn_11","rxn_12","rxn_21"],

},

"reactions": [{

"id": "rxn_1",

"inputs": ["mol_010"],

"outputs": ["mol_012","mol_001"],

"environment": "Hydrothermal",

"conditions": {

"temperature": "350−400K",

"pressure": "moderate",

"catalyst": "magnetite",

"aqueous": "true",

},

"mechanism": "Pyruvate undergoes ...",

"reasoning": "Thermal decarboxylation ..."
},

Report
L‑alanine (2‑aminopropanoic acid) is the simplest 
chiral proteinogenic amino acid, so “making 
alanine” and “making enantioenriched alanine” 
are separable problems. Most abiotic routes 
generate racemic alanine (D/L ≈ 1) ...

Green et al. (2023, JACS)      : acetaldehyde‑skel-
eton aminonitrile and N‑formylaminonitrile 
formation can be driven to high conversion in 
formamide systems with staged heating, 
supporting a plausible “precursor pool”... 

[1]

Prebiotic Synthesis of N-Formylaminoni-
triles and Derivatives in Formamide

[1]

Critic Output

{
"pathway_evaluations": [{

"pathway_id": "<id>",
"reaction_scores": {"rxn_1": 0.85, ...},
"chemical_feasibility": <0.0−1.0>,
"pathway_coherence": <0.0−1.0>,
"environmental_progression": <0.0−1.0>,
"target_achievement": <0.0−1.0>,
"problematic_reactions":
["rxn_ids with issues"],
"suggestions": ["improvements"]

}],
"network_feedback": "overall assessment",
"hub_quality": <0.0−1.0>,
"convergence_quality": <0.0−1.0>,
"overall_confidence": <0.0−1.0>,
}

Input

Orchestrator Agent

Citation subagents

Search subagents

Memory

Deep Research

Literature Report

Propose Molecules

Propose Reactions

Propose Pathways

SynthNet Agent

Chemical Feasibility

Pathway Coherence

Literature Alignment

Critic Agent

Confidence < 0.9

Reaction Network
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per-layer transcoders (PLTs) as a replacement model in ESM2

Tsui, Talreja, Saeedi, Aghazadeh, ICML (2026)
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per-layer transcoders (PLTs) as a replacement model in ESM2

 
Approximation is   

inherently local

Tsui, Talreja, Saeedi, Aghazadeh, ICML (2026)
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per-layer transcoders (PLTs) as a replacement model in ESM2

Tsui, Talreja, Saeedi, Aghazadeh, ICML (2026)
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ProtoMech models cross-layer dependencies in ESM2

Tsui, Talreja, Saeedi, Aghazadeh, ICML (2026)
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ProtoMech functions as a replacement model for ESM2

Tsui, Talreja, Saeedi, Aghazadeh, ICML (2026)
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ProtoMech reveals known biological motifs
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ProtoMech reveals known biological motifs

Tsui, Talreja, Saeedi, Aghazadeh, ICML (2026)
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https://protmech.github.io/: democratizing circuit tracing

https://protmech.github.io/

https://protmech.github.io/
https://protmech.github.io/
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adapting ProtoMech for ProGen3

Tsui, Deinzer, Saeedi, Aghazadeh, ICML Mech Interp (2026)
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discussion and limitations

• ProGenMech is only applied to ProGen3-112M

• what new insights will we gain by scaling CLTs?


• we're missing a lot of performance from CLM/GLM 
generation

• abstracting away the MoE layer may leave performance 

on the table

• GLM performance in the original ProGen3 model is 

particularly weak


• ProGenMech can only explain what the model understands

• incorrect/uncertain predictions won't reveal anything 

meaningful
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future outlook

• will scaling ProGenMech lead to uncovering novel 
biological motifs?


• can we automate the interpretation process of latents with 
agentic AI?


• what potential use cases exists for mechanistic 
interpretability in biology?


• can we use ProGenMech's latents to propose hypotheses 
and design new experiments?



Thank you for listening!

Daniel Saeedi Amirali Aghazadeh

PhD Student Assistant Professor of ECE

AMIR Group


