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Every stage of scientific discovery has outgrown human scale
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Every stage of scientific discovery has outgrown human scale

Cryo-electron microscope 2D gas chromatography Interpreting pLMs
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Every stage of scientific discovery has outgrown human scale

Cryo-electron microscope 2D gas chromatography Interpreting pLMs
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High ambient dimension, low intrinsic dimension

Cryo-electron microscope 2D gas chromatography Interpreting pLMs
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Cryo-EM Workflow

Cryo-electron
microscope
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Cryo-EM Workflow

Cryo-electron
microscope

Cryo-EM
Images
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Electron Microscopy Public Image Archive
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Cryo-EM Workflow

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
|s 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
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CVPR 2026, Shabeeb”, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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cryoSENSE: Cryo-EM Workflow with Compressive Sensing
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cryoSENSE: Cryo-EM Workflow with Compressive Sensing
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cryoSENSE: Cryo-EM Workflow with Compressive Sensing
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cryoSENSE: Cryo-EM Workflow with Compressive Sensing
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Simulating compressed measurements
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Simulating compressed measurements
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CVPR 2026, Shabeeb”, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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Compressive sensing in cryo-EM

* Reconstructing high-resolution images (x) from compressed
measurements (y) with measurement operator (&) and measurement
noise (): y = Ax+n

e |ll-posed: many x match y

* Need a prior on cryo-EM images:
» Sparse prior: proximal gradient descent
* Generative prior: posterior sampling

CVPR 2026, Shabeeb”, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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)WSENSE Sparse prior

* Solve the convex objective:

min ||</(x) - y||3 + 2 ¥(x),

* Y/ enforces sparsity in a chosen basis

 Bases tested: DCT, wavelets, and total
variation.

B @ (x1y=Ax) +n}
prox,y (z¢)

2
th HA(Xt) o YHZ

e Solved using proximal gradient descent

>

>

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

* No need for any external dataset or model
CVPR 2026, Shabeeb”, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution 29



Prior sampling in diffusion models

. A clean cryo-EM image is x,. The forward process gradually adds noise: dx = — %x dt + \/E dw . xp ~ N(O,I)

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

p _
dx = —Etx — ,LBtVthogp(Xt)J dr + \/E dw .

SQ(Xpt)

» The network s,(x;, ?) is trained to approximate: sy(x;, 1) & V, log p(x,)

_ Using Tweedie’s formula: Xy = —— [xt + (1 — a,)sy(x, t)]
AVALY
V at(l o O_Ct—l) &t—lﬁt R N
., Unconditional reverse sample: x,_; = - X, —Xo 1+ 0,2
1l —a, 1l —a,

CVPR 2026, Shabeeb”, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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From prior sampling to posterior sampling

e The reconstruction must satisfy y = &/(x) + 7, therefore, the desired distribution is not merely p(x,), but

px|y).
* Using Bayes’ rule, posterior score is:

V. logp(x, | y) = V,logp(x,) + V,logp(y | x,)

iImage prior measurement consistency

dx = [ Py ﬁt(thlog p(x) + V. logp(y | xt)> dt + /B, dw.

2
|t (x,) — yu%)

Assuming Gaussian measurement noise: p(y | x;) & exp ( 52
. o

» Using Bayes’ rule:

5 1 5
V, logp(y | x) = V, logp(y | %(x) = — =V, |(%) — yll5.

o
« The measurement loss: L(x) = ||</(x) — )’H%

. . _ / _ VaN
» Measurement correction: x,_; = x;_; — ¢, V3 L(X)) .
CVPR 2026, Shabeeb”, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution
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"YOWSENSE Generative prior

Algorithm 1 cryoSENSE sampling with Nesterov momen-
tum.

Require: y, A, so(x¢,t), {a¢}im1s {5t }i=1> {Gt}iza
1: x7 ~N(0,I), mp < O

2: fort=1T,...,1do o =1-p;
3: S < Sp(Xy,t) Oy = Hi:l O
4: i() < \/g—t(xt + (1 — C_Mt)S)
3 X1 4 */a_tgl__@f“l)xt | \/Eﬂt X0 + 02
| 6 P ¢ Xo — Ky
Manifold Feasibility . g« Vy ||y B A(Pt)”;
8

M1 < KMy + (8t

{(x |y =Ax)+n}
. 9: Xt—1 < Xp_ 1 — 1My g

Sp(x¢, 1) 10: end for
2 11: return X
Vi, [[AX:) = ¥l[5

CVPR 2026, Shabeeb”, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution 32



G Ju\i‘)SENSE Results

b cryoSENSE reconstructed volumes

Compression Factor
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JE— — =t
f :
Reconstructed S | [8%% &
o
Vg
2 665 ;
\/
Perfect

reconstruction

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

) |  We are able to increase throughput by 2.5X
3D volume

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

a Original C cryoSENSE - DDPM e cryoSENSE - DCT

87.9% clusteragreement 80.8% cluster agreement
w/ ground truth © w/ ground truth
o~ o~ o~
o o o
< < <
= = =
- - -
UMAP 1 UMAP 1 UMAP 1

CVPR 2026, Shabeeb*, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution 34



CIYOWSENSE Results

 cryoSENSE preserves protein atomic structure with 2X down-sampled images (C=1.33)

e Sparse prior slightly outperforms generative prior

a Original cryoSENSE - DDPM  cryoSENSE - DCT g  Original

d  cryoSENSE - DDPM e

“” ‘9\‘ d

‘ﬂ.’ ’ “ ."\#—\- 9

% ? ‘
* Confidence score
scale
mo=a
100
b C
- Original (3. 71&) e
—al Dwu (3.82 A ! nginal vs,
\ -DCT(.78A) o S| "00PM
P 5 — OCY
1 ) J :
\ v
2 | g3
- ‘w £
.| c
|| L 2.
\l (
--------------- \o------ -
\
o L . i . ) ; i

Y Y Y L S o
12 65 43 3.2 26 40 50 60 70 80 90
Resolution [A) Sequence Identity (%)

CVPR 2026, Shabeeb”, Saeedi*, Tsui*, Jamali, Aghazadeh; * equal contribution 35



"YOLSENSE Proposed methods for collecting measurements

Pixel-space | Fourier-space
masking masking

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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Pixel-space | Fourier-space
masking masking

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

Physical pattern (mask) that
modulates transmission before
electrons reach detector

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

Fourier space masking collects
measurements by keeping only a
subset of fourier coefficients

MEMS-based phase plates to
modulate phase and amplitude in the
back focal plane

Inverse-fourier transformed to collect
compressed measurement



-

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

Physical pattern (mask) that
modulates transmission before
electrons reach detector

Binning on the detector to collect
compressed measurement

TYOWSENSE Proposed methods for collecting measurements

we "
__'__'_' S i‘
Pixel-space | Fourier-space
masking masking

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

38



yOLSENSE Proposed methods for collecting measurements

»e "
e D
Pixel-space | Fourier-;pace
masking masking

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

Physical pattern (mask) that
modulates transmission before
electrons reach detector

Binning on the detector to collect
compressed measurement

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

Fourier space masking collects
measurements by keeping only a
subset of fourier coefficients
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Pixel-space | Fourier-space
masking masking

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

Physical pattern (mask) that
modulates transmission before
electrons reach detector

Binning on the detector to collect
compressed measurement

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

Fourier space masking collects
measurements by keeping only a
subset of fourier coefficients

MEMS-based phase plates to
modulate phase and amplitude in the
back focal plane



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

Physical pattern (mask) that
modulates transmission before
electrons reach detector

Binning on the detector to collect
compressed measurement

Xo

Pixel-space
masking

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

Fourier-space
masking

Fourier space masking collects
measurements by keeping only a
subset of fourier coefficients

MEMS-based phase plates to
modulate phase and amplitude in the
back focal plane

Inverse-fourier transformed to collect
compressed measurement
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Sample return missions: need for tools to detect alien life

Future NASA mission: MARS

o

» A ~
£
[

Che New ork Cimes

Lurking Inside an Asteroid: Life’s
Ingredients

Scientists studying samples that NASA collected from the
asteroid Bennu found a wide assortment of organic molecules
that shed light on how life arose.

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



Say what the problem is?
Life is complex; current feature are biased, need for Al
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LifeTracer

a Earth Sample 1 Meteorite 1
// “[ E m/z=162 m/z=128
/47, w .
(@/ \/
Biotic and abiotic Extracting soluble Lab analysis
samples organics GCxGC-HRTOF-MS 68.03 91 50 68.03 91.50

RT1 (min) RT1 (min)

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

d
B
m/z=162
a //
77 —>
////, 4
(@/ \/
Biotic and abiotic Extracting soluble Lab analysis
samples organics GCxGC-HRTOF-MS 68.03 91.50
RT1 (min)
Earth Sample 1 Earth Sample 2 Meteorite 1 Meteorite 2 gath Se we\eo“‘
i| i“ i| il o
v (102,68.03,1.81) [ ] | [
m/z=162 m/z=128 (162,91.50,1.12) []
L0 HE
~» HN
o
20
68.03 91.50 68.03 91.50 L B
RT1 (min) RT1 (min) Samples —

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

Earth Sample 1

Meteorite 1

m/z=128

68.03 91.50

RT1 (min)

A

7/
4
N 4
/
4
7/
/
4

>

Peak B

Peak A

Classification and
discriminative compound
identification

_r
]

Expert-confirmed molecule
identities via fragmentation
patterns
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Discovered biosignatures by Life Tracer

‘ >=0.03 ‘ 002-003 @ 001-002 @ <0.01 @
A
600 4‘

500 T
400 T

300 T

I Abiotic

B B Biotic
O

m/z

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

AstroAgents

~ /

Mass Spectrometry Data:

ID M/Z RTs Compound Samples

1 12817 (68 min, 1.2s) O_rglfe"
Naphthalene Lignite

Instructions:

| have conducted an experiment using GCxGC to
analyze biotic (terrestrial) and abiotic (meteorite)
samples.

| want you to analyze the table and come up
with interesting conclusions and hypotheses.
Note that your hypotheses should be novel and
specific.

ICLR Workshop 2025, Saeedi, Buckner, Aponte, Aghazadeh;
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AstroAgents v
o0 Data Analyst

Astro Agents ® |dentifies significant patterns
> C Lt C
e Highlights unexpected findings

T \ e Discover possible contamination
| .n Add relevant research papers ,
\ \ .

Mass Spectrometry Data:

ID M/Z RTs Compound Samples

1 12817 (68 min, 1.2s) O_rglfe"

Naphthalene Lignite

Instructions:

| have conducted an experiment using GCxGC to
analyze biotic (terrestrial) and abiotic (meteorite)
samples.

| want you to analyze the table and come up
with interesting conclusions and hypotheses.
Note that your hypotheses should be novel and
specific.

ICLR Workshop 2025, Saeedi, Buckner, Aponte, Aghazadeh;
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AstroAgents v1
o0 bata Analyst —

AstroAgentS e |dentifies significant patterns Delegates specific areas within
—> o o » the input data across a team of
e Highlights unexpected findings three scientists for in-depth
e Ty e Discover possible contamination exploration and investigation

Mass Spectrometry Data:

ID M/Z RTs Compound Samples
1 12817 (68 min, 1.2s) OO Orgueil

Naphthalene Lignite
Instructions:

| have conducted an experiment using GCxGC to
analyze biotic (terrestrial) and abiotic (meteorite)
samples.

| want you to analyze the table and come up

with interesting conclusions and hypotheses.
Note that your hypotheses should be novel and

specific.

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

AstroAgents
—>

Mass Spectrometry Data:

ID M/Z RTs Compound Samples
1 128.17 (68 min, 1.2s) O_rglfe"

Naphthalene Lignite
Instructions:

| have conducted an experiment using GCxGC to
analyze biotic (terrestrial) and abiotic (meteorite)
samples.

| want you to analyze the table and come up

with interesting conclusions and hypotheses.
Note that your hypotheses should be novel and
specific.

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

o
o
cee Data Analyst planner

Delegates specific areas within
» the input data across a team of

three scientists for in-depth

exploration and investigation

|
v v v

Analyze PAH distribution Investigate sulfur-containing Study the distribution patterns
patterns in meteorites, and oxygen-containing of complex alkylated aromatics
focusonIDs 1, 2 ... compounds (IDs 14, 27, 30, 44)... and their derivatives (IDs 15, 23) ...

® |dentifies significant patterns

e Highlights unexpected findings
e Discover possible contamination

Scientist 2 = Scientist 3

G Scientist 1
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AstroAgents

AstroAgents

Mass Spectrometry Data:

ID M/Z RTs Compound Samples
1 128.17 (68 min, 1.2s) QO orguell

Naphthalene Lignite
Instructions:

| have conducted an experiment using GCxGC to
analyze biotic (terrestrial) and abiotic (meteorite)
samples.

| want you to analyze the table and come up

with interesting conclusions and hypotheses.
Note that your hypotheses should be novel and
specific.

—>

o
cee Data Analyst

® |dentifies significant patterns

Planner

Delegates specific areas within
» the input data across a team of

e Highlights unexpected findings
e Discover possible contamination

three scientists for in-depth
exploration and investigation

'

Analyze PAH distribution
patterns in meteorites,
focusonIDs 1, 2 ...

Scientist 1

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

'

Scientist 2 —
“y

v

@ Accumulator Agent

® Concatenate hypotheses —>

e Discard repetitive hypotheses

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

@ Literature Review

Provides a summary
based on literature
for each hypothesis.

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

Scientist 3
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AstroAgents v

AstroAgents
—>

Mass Spectrometry Data:

ID M/Z RTs Compound Samples
1 128.17 (68 min, 1.2s) OO O_rglfe"

Naphthalene Lignite
Instructions:

| have conducted an experiment using GCxGC to
analyze biotic (terrestrial) and abiotic (meteorite)
samples.

| want you to analyze the table and come up

with interesting conclusions and hypotheses.
Note that your hypotheses should be novel and
specific.

@ Accumulator Agent

o
cee Data Analyst

® |dentifies significant patterns

_ 3 ¢ Highlights unexpected findings

e Discover possible contamination

Planner

Delegates specific areas within
the input data across a team of
three scientists for in-depth
exploration and investigation

’ ;

Analyze PAH distribution
patterns in meteorites,
focusonIDs 1, 2 ...

and oxygen-containing

Scientist 1

Investigate sulfur-containing

compounds (IDs 14, 27, 30, 44).

Scientist 2

'

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

—  Scientist 3
-1

v

® Concatenate hypotheses —>

e Discard repetitive hypotheses

@ Literature Review

Provides a summary
based on literature
for each hypothesis.

Critic
Evaluates the generated

—» hypotheses and suggests
iImprovements.

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

Next iteration of hypothesis generation based on critics' feedback
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X

Human expert evaluations

e Claude Sonnet 3.5 (48 hypotheses)

Criteria Claude Sonnet 3.5 Gemini 2.0 Flash
» fewer logical errors Novelty 2.75 + 0.75 4.26 + 1.87
_ _ _ Consistency with the literature 7.60 =1.91 6.19 = 2.88
e stronger consistency with the literature Clarity and precision 7.20 + 2.30 5.92 + 2.86
_ ] Empirical Support 6.75 = 2.63 5.79 £ 2.86
e scored higher on clarity Scope & Generalizability 7.60 + 1.91 6.01 + 2.80
Predictive Power 7.60 = 1.91 0.86 + 2.68
Overall Average 6.8 = 1.74 5.67 = 0.64

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

Evaluation Score

# Statement Key Datapoints

o o . Novelty: 7/10 . .
I Gemini 2.0 Flash: The presence of 1H- 1H-Phenalen-1-one 5 Claude 3.5 Sonnet: The detection of possible IDs 4, 17, and 18

Phenalen-1-one or 9H-Fluoren-9-one (ID 44, or 9H-Fluoren-9-one Literature: 9/10 terpenes exclusively in soil samples indicates (possible terpenes)
MW 180) exclusively in Orgueil and LEW (ID 44, MW 180): Ip y1n 1P P Tpenc:
85311, and the presence of Biphenyl (ID 43, Orgueil, LEW 85311; that complex branched isoprenoid structures re- were found only in
MW 154) also in the same meteorites, suggests Biphenyl (ID 43, quire enzymatic biosynthesis and are not read- soil samples (Iceland
ily formed through abiotic processes in space, Soil, Atacama, Utah

a unique chemical environment or alteration MW 154): Orgueil,
history shared by these samples, potentially in- LEW 85311. making them reliable biomarkers. soil, GSFC soil)

dicating a similar formation region within the
early solar system. Given their related struc-
tures, this may indicate a similar source.

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

Novelty: 3/10

Literature: 10/10

Clarity/Precision: 9/10

Clarity/Precision: 10/10

Empirical Support: 9/10

Generalizability: 9/10 Empirical Support: 10/10

Predictive Power: 8/10 Generalizability: 10/10

Predictive Power: 10/10




ASTRA

; User task
Instructions:  Target Molecule

Generate chemical o

synthesis pathways e
from simple molecules | "2 OH :

to complex organic : NH,
molecules for L-Alanine : :
. L-Alanine

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

Microsoft
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ASTRA

; User task

Instructions:  Target Molecule ll@s Deep Research

Gonorate chomical e

Sfiliesls aetene o Orchestrator Agent =~ Search subagents
from simple molecules : "° OH

to complex organic NH oL

molecules for L-Alanine L-Alarzmine : Citation subagents Memory

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



ASTRA

; User task

Instructions:  Target Molecule ll@s Deep Research

Gonorate chomical e

synthesis pathways e Orchestrator Agent = Search subagents
from simple molecules @ " OH

to complex organic : NH o

molecules for L-Alanine : L-Alarzmine : Citation subagents Memory

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

Eﬂ 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) 111 : 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”...

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

Microsoft
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ASTRA

; User task
Instructions:  Target Molecule

Generate chemical : 0

synthesis pathways e
from simple molecules @ "3 OH |

to complex organic : NH,
molecules for L-Alanine : :
; L-Alanine

ll@s Deep Research

Orchestrator Agent = Search subagents

Citation subagents Memory

Literature Report

0 Confidence < 0.9

v I
ﬁg@ SynthNet Agent EJ_@ Critic Agent

Chemical Feasibility

Propose Molecules
Pathway Coherence

Propose Reactions

Propose Pathways Literature Alignment

I—> Reaction Network '

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

Eﬂ 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) 111 : 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”...

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

Microsoft
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ASTRA

; User task
Instructions:  Target Molecule

Generate chemical : 0 '

synthesis pathways e
from simple molecules @ "3 OH |

to complex organic

: : NH2
molecules for L-Alanine : :
; L-Alanine
ﬁg@ SynthNet Agent Output

"molecules": [{
Hid!l: "m0|_1 ",
"lupac_name": "carbon dioxide",

}

"reactions": [{
"id": "rxn_1",
"inputs": ["mol_010"],
"outputs": ['mol_012","mol_001"],
"environment": "Hydrothermal”,
"conditions": {
"temperature": "350-400K",
"pressure”: "moderate",
"catalyst": "magnetite”,
"aqueous": "true",
i
"mechanism": "Pyruvate undergoes ...",
"reasoning": "Thermal decarboxylation ..."

b

"pathways": [{
"pathway_id": "P1",
"reaction_sequence":
["'rxn_9".,"rxn_11""rxn_12""rxn_21"],

ll@s Deep Research

Orchestrator Agent = Search subagents

Citation subagents Memory

Literature Report

0 Confidence < 0.9

v |
ﬁg@ SynthNet Agent QJ_@ Critic Agent

Chemical Feasibility

Propose Molecules
Pathway Coherence

Propose Reactions

Propose Pathways Literature Alignment

I—> Reaction Network '

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

Eﬂ 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) 111 : 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”...

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

Microsoft
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ASTRA

; User task

Instructions:  Target Molecule

Generate chemical i 0 '

synthesis pathways e
from simple molecules @ "3 OH

to complex organic

: : NH2
molecules for L-Alanine : :
: L-Alanine
ﬁg@ SynthNet Agent Output

"molecules": [{
Hid!l: "m0|_1 ",
"lupac_name": "carbon dioxide",

}

"reactions": [{

"id": "rxn_1",

"inputs": ["mol_010"],

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

"environment": "Hydrothermal”,

"conditions": {
"temperature": "350-400K",
"pressure”: "moderate",
"catalyst": "magnetite”,

"aqueous": "true",

b

"mechanism": "Pyruvate undergoes ...",
"reasoning": "Thermal decarboxylation ...’

"pathways": [{
"pathway_id": "P1",
"reaction_sequence":
["'rxn_9".,"rxn_11""rxn_12""rxn_21"],

ll@s Deep Research

Orchestrator Agent = Search subagents

Citation subagents Memory

Literature Report

0 Confidence < 0.9

Vo |
%@SynthNetAgent QJ_@ Critic Agent

Chemical Feasibility

Propose Molecules
Pathway Coherence

Propose Reactions

Propose Pathways Literature Alignment

L> Reaction Network

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

Eﬂ 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) 111 : 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”...

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

@ 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"]
H,
"network_feedback": "overall assessment”,
"hub_quality": <0.0-1.0>,
"convergence_quality": <0.0-1.0>,
"overall_confidence": <0.0-1.0>,

}

Microsoft
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per-layer transcoders (PLTs) as a replacement model in ESM2
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MLP layers

Tsui, Talreja, Saeedi, Aghazadeh, ICML (2026)
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per-layer transcoders (PLTs) as a replacement model in ESM2
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per-layer transcoders (PLTs) as a replacement model in ESM2
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per-layer transcoders (PLTs) as a replacement model in ESM2
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per-layer transcoders (PLTs) as a replacement model in ESM2
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per-layer transcoders (PLTs) as a replacement model in ESM2
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ProtoMech models cross-layer dependencies in ESM2
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ProtoMech models cross-layer dependencies in ESM2
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ProtoMech models cross-layer dependencies in ESM2
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ProtoMech models cross-layer dependencies in ESM2
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ProtoMech models cross-layer dependencies in ESM2
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ProtoMech functions as a replacement model for ESM2
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ProtoMech functions as a replacement model for ESM2
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ProtoMech functions as a replacement model for ESM2
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ProtoMech reveals known biological motifs
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ProtoMech reveals known biological motifs
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adapting ProtoMech for ProGen3

A Mixture of experts architecture
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adapting ProtoMech for ProGen3

A Mixture of experts architecture b Causal language modeling (CLM)
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adapting ProtoMech for ProGen3

A Mixture of experts architecture

b Causal language modeling (CLM)
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ProGenMech functions as a replacement model for ProGen3

ProGen3 C?j ProGenMech
i PN
Il Catalytic ¥ [ Catalytic |
oG active sites "5 | active sites,
& - D D
,/_ :/
(coo) (ooo) (ooag) (cooo)(ceeo)(oco00e)
% L/ /
o i A4 '
% (opoo)(coo) (ooao) (poeo)(0odo)(coe@0)
e J ) J/
= - ;’/ //
(ooo) (ooo) (ooo) (ec0o00)(@ec0ce)(@00O0)
| |
N N
- o

Tsui, Deinzer, Saeedi, Aghazadeh, ICML Mech Interp (2026)



ProGenMech functions as a replacement model for ProGen3
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ProGenMech functions as a replacement model for ProGen3
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ProGenMech reveals known biological motifs
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ProGenMech reveals known biological motifs
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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
e 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 Al?

what potential use cases exists for mechanistic
Interpretability in biology?

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