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Can we learn a unified protein representation that
captures both structure and function

from sequence alone?
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Preliminaries

What is a Protein?

A protein consists of amino acids (AAs), each of which contains a unique side
chain that determines its chemical properties and functional role.

Carboxyl Group
H

Amino Group

Side Chain

An Amino Acid Molecule

0 0 0 o0 0
NH, NH, NH, NH, NH,

0 o)
NH2 HN NH2

7

Alanine (Ala, A) Valine (Val, V) Leucin (Leu, L) Isoleucine (lle, I) Methionine (Met, M)  Phenylalanine (Phe, F)  Tryptophan (Trp, W)
MW: 89,09 MW: 117,15 MW: 131,17 MW: 131,17 MW: 149,21 MW: 165,19 MW: 204,23
pl: 6,01 pl: 6,00 pl: 6,01 pl: 6,05 pl: 5,74 pl: 5,49 pl: 5,89
C3H7N102 C5H1TN102 C6H13N102 C6H13N102 CS5HTTN102S1 C9HT1TN102 C1T1H12N202
Electrically charged side chains
0 o) NH o o o o
3

) N H.N o= o
o HN NH, NH, NH, < OH NH, NH,
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pl: 7,60 pl: 9,60 pl: 10,76 pl: 2,85 pl: 3,15
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\.
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Polar side chains, uncharged
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Preliminaries

What is a Protein?
A protein begins its life as a chain of AAs linked by peptide bonds, formed

between the carboxyl group of one AA and the amino group of the next.

free amino group,
N-terminus
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™ .
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How to Achieve Protein Sequencing?



https://labinsights.nl/en/article/how-to-achieve-protein-sequencing

Preliminaries

What is a Protein?

The atoms within AAs constantly interact with one another, driving the protein to
fold into a stable three-dimensional structure that minimizes its free energy.

Physical model for the AMBER force field
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https://www.researchgate.net/figure/The-physical-models-for-the-AMBER-molecular-mechanics-force-field-Atoms-and-bonds-are_fig1_5773728
https://www.nature.com/articles/nsmb.1592

Preliminaries

What is a Protein?

The three-dimensional (tertiary) structure of a protein plays a key role Iin
determining its function.

Hemoglobin conformational changes

Flexible docking of a ligand to a protein .
upon oxygen binding and release



http://mondale.ucsf.edu/jcim2008/
https://pdb101.rcsb.org/motm/41
https://pdb101.rcsb.org/motm/41

Related Work

Protein Structure Prediction

Nature folds an AA chain into a functional 3D structure within milliseconds.

Median Free-Modelling Accuracy
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Max F._Perutz (Nobel Laureate, Chem. 1962) Median of prediction accuracies from
with his first high-resolution model of haemoglobin. the best performing teams in CASP (2006 —2020)



https://www.maxperutzlabs.ac.at/about/max-f-perutz
https://www.maxperutzlabs.ac.at/about/max-f-perutz
https://deepmind.google/blog/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology/
https://deepmind.google/blog/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology/

Related Work

Protein Structure Prediction

AlphaFold and AlphaFold2 were designed to predict the structure of individual
proteins using evolutionary signals derived from sequence and structural data.
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https://www.nature.com/articles/s41586-021-03819-2

Related Work

Protein Structure Prediction

AlphaFold relies on Multiple Sequence Alignment (MSA), a technique that
identifies evolutionarily related sequences and captures co-evolutionary signals.
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Related Work

Protein Structure Prediction

Despite their success, MSA-based approaches have several limitations.
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Related Work

Protein Structure Prediction

MSA can be viewed as a form of explicit evolutionary feature engineering,
similar to hand-crafted descriptors used in early computer vision.

Conserved Variable
Position Position

v v

ACPRLDVDSQ
ACPR-EVDCN
GCPRIELDSH ==
GCGKIEVESD Inference
-CGKLEI®
ACABIVD -DAY  comrsnt  coovamet oo
GCREKELDCE

t ¢

Coevolved
Positions

http://mistic.leloir.org.ar/docs/Mlexplained.png

SIFI, Lowe, IJCV 2004



https://link.springer.com/article/10.1023/B:VISI.0000029664.99615.94

Related Work

Protein Language Models (PLMs)

Like LLMs acquire knowledge from large training corpora, protein language
models (PLMs) learn useful representations through self-supervised learning.
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ESM-2, Lin et al., Science 2023 DPLM-2, Wang et al., ICLR 2024



https://www.science.org/doi/10.1126/science.ade2574
https://openreview.net/forum?id=5z9GjHgerY

Related Work

Protein Language Models (PLMs)

Like LLMs acquire knowledge from large training corpora, protein language
models (PLMs) learn useful representations through self-supervised learning.

200K Structures from PDB

50M Sequences from UniRef50
45M Sequences from UniRef50


https://www.science.org/doi/10.1126/science.ade2574
https://openreview.net/forum?id=5z9GjHgerY

Have we truly observed scaling laws in PLMs?



ESM Cambrian (ESMC)

Learning Protein Representations via Masked Language Modeling

ESM Cambrian (ESMC) is a family of transformer models trained on protein
sequences by optimizing the masked language modeling objective:

Z =F, yl - Z log p(x; [ %],

eM

letting the model to predict amino acid types X; at randomly masked positions

1 € M using the context x, ;.



ESM Cambrian (ESMC)

Learning Protein Representations via Masked Language Modeling

ESMC family comes with three variants: 300M, 600M, and 6B.
Each model consists of 16, 24, and 80 transformer layers, respectively.

embed unembed
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ESM Cambrian (ESMC)

Learning Protein Representations via Masked Language Modeling

All models were trained on a large-scale dataset composed of three sources:
1. UniRef (~156M Sequences)

2. MGnify (~621M Sequences)

3. Joint Genome Institute (JGI) Metagenome Database (2B Sequences)

In total, the pretraining dataset contains 2.8 billion sequences, approximately
56x larger than the dataset used to train ESM-2.



Emergent Structure (P@L)

ESM Cambrian (ESMC)

Scaling Law and Emergence of Properties

With the increased dataset size, ESMC exhibits log-linear scaling laws with

respect to (1) training FLOPs and (2) model size.
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ESM Cambrian (ESMC)

Scaling Law and Emergence of Properties

Multiple Sequence Alignment (MSA) can identify co-evolving, yet separated
residue pairs that are important for maintaining protein structure.
— Do ESMC representations encode similar information?
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ESM Cambrian (ESMC)

Scaling Law and Emergence of Properties

After pretraining, a logistic regression probe is trained to predict long-range
residue contacts (|i — j| = 24).

e L r 1 45 o —
‘ 3 _ : ;

Symmetrize ||} | ; . B ‘
+ APC | Regression .

20

Finetune: Maximize Training Examples

8 (%)
(I v ’ —
Sequence k\ ~ J/ Structure TeSt Exa m p I es
Database Database
—— Pretraining: Predict Masked Tokens ~——

Transformer protein language models are unsupervised structure learners, Rao et al., ICLR 2021



https://openreview.net/forum?id=fylclEqgvgd

ESM Cambrian (ESMC)

Scaling Law and Emergence of Properties

Representation quality is assessed by how accurately a logistic regression
probe predicts long-range contacts.

For each protein of length L, we

1. Extract ESMC attention maps computed from the sequence;

2. Predict contact probabilities using the trained logistic regression model;

3. Compute the precision of the L. most confident predictions as P@L.



Emergent Structure (P@L)

ESM Cambrian (ESMC)

Scaling Law and Emergence of Properties

With the fixed dataset size (2.8B), the precision (P@L) increases with the total

training FLOPs and parameter counts.
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ESM Cambrian (ESMC)

Scaling Law and Emergence of Properties

Furthermore, different layers in ESMC-6B (80 in total) encode distinct structural
and functional information.
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ESM Cambrian (ESMC)

Scaling Law and Emergence of Properties

Key Takeaway: Masked language modeling on protein sequences yields rich
representations for predicting protein structure and function.

embed unembed
M O, Self-attention Self-attention Self-attention Self-attention
— = T + MLP + MLP + MLP + MLP M
% — s e o
—_ > = Input states Layer 1 states Layer 2 states Layer N-1 states o AA Togit G
m
D — "II-II| — > D Large-scale
V.
o — — A —
V — =l — I | I | I I | N Vv
=l|| Cross-entropy loss ] ]
J LXxd Lxd
) — R — Pretrainin
— — liI.»,_IIIJ AAog E
Oy Token representation
Q — "‘VIII (layer N-1) — Q
Transformer Depth
0.7=4 =—e— Scaling experiments 0.7 = = 0.90
- ESMC 300M . 0.7= .
® 06— —> ESMC 600M ® g 06 L 085 )
o —e— ESMC 6B o C. c e
® 0.5= === Compute optimal o © 0.5= 2L
+ 2 0.6- 2 - 080 § -
: o — D £ mergen
3 5 » - 075 © 3
£  0.3- = = 0.3=- 0L
o 2 o) Q= -
s 0.2= o 057 o 0.2= — 070 WZ '
: : : : roperties!
0.1 = // -@- ESM2 0.7 — 0.65
¢ -®- ESMC
EELELLLLLL DURLELELLLL i h L LR R LR 0.4 TTT] T T T TTTT] I

! L ! I | I I I I I |
108 1020 10%? 108 10° 1010 0 10 20 30 40 50 60 70 80

Total FLOPs Model Scale (Parameters) Layer Index



ESMFold 2

A New SotA for Protein Complex Structure Prediction

ESMFold 2 is a protein folding model parameterized as a looped transformer,
taking ESMC-6B representations as primary inputs (not MSA).
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ESMFold 2

A New SotA for Protein Complex Structure Prediction

The forward pass of ESMFold 2 begins by embedding the input sequence into
ESMC-6B’s embedding space.

Algorithm 2 ESMC Representation Integration.

Atom Feature Encoder Require: {x‘:}
Sequence : — Ensure: z,
! 1: for each chain c do
Layer 1 LI T[] B . W 2: h. «+ ESMC(|BOS] || x. || [EOS])
ayer 2 RN E N — , end for Layer-wise Features: [B, Li;p Nayers + 1:Dip]
: L h < CropAndConcat({h.}) «—
Layer 80 T T T T} - e i h,,; < Linear(LayerNorm(h), d,) «——— Projected LwF: [B, Lo, Mayers + 1,4 ]
Single 2D pair Language Moc o — Softmax(w.) oo : : 1
ESMC-6B vt o Encoder (4) (W) Learnable Layer Weights: [Nyers + 1]

hcombincd — Zk X - hproj[: . ]{I :] u . |
P Single R tation: [B, L., d
Zim < MLP(OuterSum (heompined)) — ingle Representation: [B, L., d]

Zim < PairFoldingLayers, (Linear(z,))
return z;,,

Pair Representation: [B, L., L..on, d,]

rop® “—crop’® “z

SOPINHP
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ESMFold 2

A New SotA for Protein Complex Structure Prediction

Combined with other embeddings (e.g., atom features), the sequence
embeddings are processed by a looped transformer, followed by a DiT.

Atom Feature Encoder

Sequence
Layer1 L L [ [ | || ||
Layer 2 (T TT] : SngaN
. | :\ “*:N: 1
Layer 80 L [ | | | || - ﬂ
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ESMFold 2 Network Architecture



Atom Feature Encoder iffusi
Sequence , - Stable Recurrent Update « \ Diffusion transformer

Layer 1 EI:EEEEI:]
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(Gaussian) Folding layers (48) e g
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ESMC-6B rep rep Encoder (4)

A New SotA for Protein Complex Structure Prediction

Algorithm 1 ESMFold2 Forward Pass. Algorithm 2 ESMC Representation Integration.
Reqlﬁl'e: fatoma fseqa fmsaa fbond) {XC}, T Require: {Xc}
Ensure: Xpred, Zdisto, Xplddt; Zpde, Zpae Ensure: z,
I: finpuis < InputEmbedding(fyom, fieq) >A.2.3 1: for each chain ¢ do
2: frel_pos < RelPosEnc 2: hc — ESMC([BOS] ” Xe || [EOS])
3: Zfeat < OuterSum(finpus) + frel pos + fbond >Initial pair embedding - end for
41 2z, < ESMCRepresentationyx.) ... DAlgorithm 2 . h «+ CropAndConcat({h,})
5: zg ~ trunc_norm(0, W) >Initial recurrent state, -3¢ truncation . hyro < Linear(LayerNorm(h), d,)
6: fort =0to7T — 1do C O — Softmax(wz)
7: U; < Zfeat : hcombined — o - h roiles oy ]C,Z
8: if MSA enabled then L Zym — MLP(%l’;terSurrf(ljl‘Eombme d)])
9: fnsa < MSASubsample(fy,s,) A >Resample MSA rows per loop iteration; A.2.4 . Zy < PairFoldingLayers, (Linear(zyy))
10: u; < uy + MSAEncoder(et, finputs, fmsa) >A.2.4 . return z,
11: end if
12: u; < u; + LMEncoder(Dropout(zi,, p=0.25)) >Per-loop dropout
13: 24, + PairFoldingLayers(A ® z; + B LayerNorm(u;)) >Recurrent step; A.2.5
14: end for
15: z < PairFoldingLayers, (Linear(zr)) >2 layers; Refine iteration output
16: Zgisto < DistogramHead(z + z ')
17: Xprea ¢ TruncatedDiffusionSampling(faom, finputs, Z, frel_pos) >Algorithm 4
18: Xplddts Xresolveds Zpde s Zpae — ConﬁdenceHead(finputSa Z, Xpred frel_posa fbond) DAlgOﬁthm 10

19: return Xpredy 4distoy Xplddty Xresolvedy Zpde s Zpae
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A New SotA for Protein Complex Structure Prediction

AlgOl’ ithm 1 ESMFold2 Forward Pass. Published as a conference paper at ICLR 2024

Requlre: fatom, fseqa fmsaa fbond, {XC}, T LOOPED TRANSFORMERS ARE BETTER AT LEARNING
Ensure: Xpred Zdistoy Xplddty Zpde; Zpae LEARNING ALGORITHMS

I: finpus <— InputEmbedding(fatom, fseq) >A.2.3 L, ek L e ook i Ppaloputes

2: frel-pos (_ RelposEnC {liu.yang, kangwook.lee, rdnowak}@wisc.edu, dimitris@papail.io
L Zgeat < OuterSum(finpues) + frei_pos + foond >Initial pair embedding ABSTRACT

. Z1m — ESMCRepresentation({x.. >Algorithm 2

zo ~ trunc_norm(0, 7— >Initial recurrent state, 30 truncation

3

4

5 air
6dfort =0to 7' — 1do '
7

8

Transformers have demonstrated effectiveness in in-context solving data-fitting
problems from various (latent) models, as reported by Garg et al. (2022). However,
the absence of an inherent iterative structure in the transformer architecture presents
a challenge in emulating the iterative algorithms, which are commonly employed
in traditional machine learning methods. To address this, we propose the utilization
of looped transformer architecture and its associated training methodology, with
the aim of incorporating iterative characteristics into the transformer architectures.
Experimental results suggest that the looped transformer achieves performance
comparable to the standard transformer in solving various data-fitting problems,
while utilizing less than 10% of the parameter count.’

Ut < Zfeat
if MASA enabled then
fnsa < MSASubsample(fy,s,) >Resample MSA rows per loop iteration; A.2.4

A

1 INTRODUCTION

Transformers (Vaswani et al., 2017; Brown et al., 2020; Devlin et al., 2019) have emerged as
the preferred model in the field of natural language processing (NLP) and other domains requiring
sequence-to-sequence modeling. Besides their state-of-art performance in natural language processing
tasks, large language models (LLM) such as GPT-3 (Brown et al., 2020) and PaLM (Chowdhery et al.,
2022) also exhibit the ability to learn in-context: they can adapt to various downstream tasks based
on a brief prompt, thus bypassing the need for additional model fine-tuning. This intriguing ability of
in-context learning has sparked interest in the research community, leading numerous studies (Min
et al., 2022; Olsson et al., 2022; Li et al., 2023). However, the underlying mechanisms enabling these
transformers to perform in-context learning remain unclear.

u; < u; + MSAEncoder(e, finputs; fmsa) >A.2.4
end if
u; < u; + LMEncoder(Dropout(zi,, p=0.25)) >Per-loop dropout
z;.1 < PairFoldingLayers(A ® z; + B LayerNorm(u;)) >Recurrent step; A.2.5

In an effort to understand the in-context learning behavior of LLMs, Garg et al. (2022) investigated
the performance of transformers, when trained from scratch, in solving specific function class learning
problems in-context. Notably, transformers exhibited strong performance across all tasks, matching or
even surpassing traditional solvers. Building on this, Akyiirek et al. (2022) explored the transformer-
based model’s capability to address the linear regression learning problem, interpreting it as an
implicit form of established learning algorithms. Their study included both theoretical and empirical
perspectives to understand how transformers learn these functions. Subsequently, von Oswald et al.
(2022) demonstrated empirically that, when trained to predict the linear function output, a linear
end for self-attention-only transformer inherently learns to perform a single step of gradient descent to solve
the linear regression task in-context. While the approach and foundational theory presented by von

Oswald et al. (2022) are promising, there exists a significant gap between the simplified architecture
° ( [ ) e IJ they examined and the standard decoder transformer used in practice. The challenge of training a

1 5 . z alr 0 . ln g ayers [2] lnear z T D ayers ) e ne lteratlon Outp ut slax?dard decoder transformer from scratch, with only minor arcﬁileclural modiﬁcaliongs, to effectiv%ly

replicate the learning algorithm remains an open question.

arXiv:2311.12424v3 [cs.LG] 16 Mar 2024

.
o . e I T In traditional machine learning, iterative algorithms are commonly used to solve linear regression.
1 6- Zd] St() DlStOgramHe ad (z Z ) However, the methodologies employed by standard transformers are not naturally structured for
. . . . iterative computation. A looped transformer architecture, extensively studied in the literature such
o . as Giannou et al. (2023), provides a promising avenue to bridge this gap. In addition to its inherent
1 7 . XPred ( TruncatedDIfoSlonS ampllng (fatom ’ ﬁnputs . Z ’ frel _pos ) DAlgorlthm 4 advantage of addressing problem-solving in an iterative manner, the looped transformer also breaks
down tasks into simpler subtasks, potentially leading to significant savings in model parameters.

1 8: xPlddt, Xresolved ’ dee 3 zPae <_ ConﬁdenceHead(f‘lnputs 3 Z, xPred 3 frel_pos 3 fbond) DAlgOnthm 10 'Our code is available at ht tps : / /github.com/Leiay/looped_transformer.
19: return Xpred, Zdisto, Xplddt, Xresolved, Zpde ; Zpae !
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A New SotA for Protein Complex Structure Prediction

Algorithm 1 ESMFOld2 Forward Pass. Algorithm 4 Truncated Diffusion Sampling.
Require: fuom, finputs, 2ij, M, {0k }1— With 0% < Omax, o8 =0
Requlre: fatoma fseqa fmsaa fbond) {xc}a T Ens::;al;:eters: Tdatar Y0, Yiminy A 7]
¢ “Apred
Ensure: Xpreds Zdistoy Xplddty Zpde s Zpae I: x< 09 € €~N(0,I)
1 f +— InputEmbeddin (f f ) >A.2.3 2: for each consecutive pair (01, 0%) in schedule do
+ “1nputs p g\ Latom) seq odate : Y ¢ 0 if 0% > Ymin else 0
2: fre1 pos < RelPosEnc o (L)
. . . . . P _ 2
3: Zfear < OuterSum(finpues) + frei_pos + foond >Initial pair embedding | >  ©¢ ¢ * Vmax(@ = oy, 0) EDM
. . : x ¢ CenterRandomAugmentation(x)
4: 2z, < ESMCRepresentation({x.}) DAlgorithm 2 | 72 xuy ¢ x+ew-6 e~N(OI)
41 - : enoise: DiffusionModul nois 7t fz:uomyfin uts y 4ij
5: zg ~ trunc_norm(0, %) >Initial recurrent state, £30 truncation |, = oAl (xﬂzl:;(;myd) puts» i)
. — — 10: d «+ (xnms - xdenonsed)/t
6: fort =0to 7 — 1do B %
7: U; < Z 12: end for
& if MSA enabled then il
9: fnsa < MSASubsample(fy,s,) >Resample MSA rows per loop iteration; A.2.4 |Algorithm 10 ConfidenceHead.
¢ Require: fin uts» %, Xpred, frel_ 08 9 fbond
10: u; < ug + MSAEHCOdCI’(et, finputs, fmsa) >A.2.4 |gnsure: xpljd:, xresolsed,zpd:zpae
11: end if 1: dpreq < Distogram(Xpred)
2: 2z, < OuterSum(finputs) + fretpos + foond + Embed(dpreq)
12: u; < u; + LMEncoder(Dropout(zin,, p=0.25)) >Per-loop dropout | 3: 5 ~ Bemoulli(0.8)
13: z:11 < PairFoldingLayers(A ® z; + B LayerNorm(u;)) >Recurrent step; A.2.5 | ¢ :;rjlz;:r'fd:‘mear(z)
14: end for 6: z. < PairFoldingLayer(z..)
o o o . . 7: end for -
15: z « PairFoldingLayers,, (Linear(zr)) >2 layers; Refine iteration output | s: a,; « Softmax; (Linear(zc[i, j], 1) + m;) Confidence
: T 1 8¢[i] < Linear (3 aj zcli, ], dsingle)
161 Zgisto < DistogramHead(z + z ') . Xpiaa — Linear(LayerNorm(s,)) Outputs

Xpred < TruncatedDifoSionsampling(fatom7 finputs, Z, frel_pos) >Algorithm 4 || 11 Xresolved < Linear(LayerNorm(s.))

. Znorm < LayerNorm(z,.)

Xplddts Xresolveds Zpde s Zpae — ConﬁdenceHead(finputSa Z, Xpred frel.posv fbond) DAlgOﬁthm 10 : Zpde < Linear(znom + Znorm)

: Zpae < Linear(LayerNorm(z.))
return Xpredy Zdisto y Xplddty Xresolved; Zpde, Zpae + TetUrn Xpiddt, Xresolved, Zpde; Zpac




ESMFold 2

A New SotA for Protein Complex Structure Prediction

ESMFold 2 outperforms AlphaFold 3 even without MSA, and benefits further
from optional MSA inputs.

C
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ESMFold 2

A New SotA for Protein Complex Structure Prediction

The scaling law extends to ESMFold 2: structure prediction performance

improves with the quality of ESMC representations.
B
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ESMFold 2

Designing De Novo Minibinder and scFvs

Beyond structure prediction, ESMFold2 can be used to design binders for a
given target by searching the sequence space and sampling candidate binders

px,s) = p(s|x, Hp(x)

where
e X:the candidate binder sequence (desired output);

* t: the target sequence (input);

 §: the structure of the target-bound complex (auxiliary output).



ESMFold 2

Designing De Novo Minibinder and scFvs

Similar to BoltzDesign1, new protein sequences are designed by iteratively
updating amino acid token logits through backpropagation.

Contact Constraints Recycle
(Optional)

Target Binder

;u

‘ Distogram

e

=| Pairformer P —
Trunk

Sequence

 Optional:
I the output logits used to initial the sequence logits

—————————————————————————

BoltzDesign1 Overview, Cho et al., bioRxiv 2025



https://www.biorxiv.org/content/10.1101/2025.04.06.647261v1
https://www.biorxiv.org/content/10.1101/2025.04.06.647261v1

ESMFold 2

Designing De Novo Minibinder and scFvs

Across five clinically relevant targets (PDGFRQ , EGFR, PD-L1, CD45, CTLA-4),
the gradient-based sequence optimization produced high-affinity binders.

D EGFR - PD-L1 PDGFRP

Minibinder

Wet Lab
Validated

scFv

11nM 6.1nM

High-affinity binders for each target and modality. Gray: Target proteins, Cartoons: Designed binders.



Do ESMC representations encode information
useful beyond structure prediction?



Analyzing ESMC Latent Space

Mechanistic Interpretation using Sparse Autoencoders (SAEs)

The ESMC latent space is analyzed using sparse autoencoders (SAEs), a
method widely used to identify interpretable features in LLMSs.

A\ Transformer Circuits Thread | 0 g | t 3
.« o unembed Our goal is to decompose the MLP activations
[ ] .
Towards Monosema nticity: with a sparse, overcomplete autoencoder.
[ ]
Decomposing Language :
M M M . " (512-131,072
Models With Dictionary m s )
A
[ ]
Learning
Using a sparse autoencoder, we extract a large number of MLP " (ReLU)
interpretable features from a one-layer transformer.
Browse A/1 Features =
Browse All Features =
hel | h
Trenton Brickenj_ Adly Templeton; Joshu§ Batson; Briaf\ Chen’ Adam Jermyn’ Anthropic
Robert Lasenby, Yitan W, Shouna Kraved, Nichotas Schiefe, T Mase . embed
Nicholas Joseph, Alex Tamkin, Karina Nguyen, Brayden McLean, Josiah E Burke,
Tristan Hume, Shan Carter, Tom Henighan, Chris Olah
tokens

Towards Monosemanticity, Anthropic, 2023



https://transformer-circuits.pub/2023/monosemantic-features

Analyzing ESMC Latent Space

Mechanistic Interpretation using Sparse Autoencoders (SAEs)

“model, an SAE is trained to map it

For each token’s hidden-state activation x € |

to a SPAarse VeCtOrf e | dSAE (dSAE > dmodel):

f=ReLUW. (x— b)), g

which can be passed through a decoder layer to reconstruct

— decf +b.
V\. )
To enforce sparsity, we keep %% Coordinates B
top K elements of f'and zero-out the rest during training. ay

Standard Basis, Wikipedia



https://en.wikipedia.org/wiki/Standard_basis

Analyzing ESMC Latent Space

Mechanistic Interpretation using Sparse Autoencoders (SAEs)

SAEs are trained for every layer of ESMC-{300M, 600M, 6B} models, using 8B
tokens drawn from the pretraining dataset. Specifically:

1. A separate SAE is trained for every layer;

2. For each layer, SAEs with different feature dimensions (21 — 2!7) and
sparsity levels (8-128) are trained;

3. The analysis mainly focus on an SAE trained with activations at layer 60, with

a 2!'“-dimensional feature space and sparsity level of 64.



Analyzing ESMC Latent Space

Mechanistic Interpretation using Sparse Autoencoders (SAEs)

Due to the high dimensionality of the feature space (214), the team developed an
agentic system to annotate features in natural language including:

 Summary: The biological concept represented by a feature;
« Examples: Proteins in which the feature activates;

* Activation Pattern: A description of the activation pattern.



Analyzing ESMC Latent Space
Mechanistic Interpretation using Sparse Autoencoders (SAEs)

The system iterates over hypothesis-verification cycle with multiple data splits
and holdouts, producing a generalizable descriptions as outputs.

Unknown GPT-5

Protein data
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L A0 Swissprot FAIL(XS) '
: [ \ act. SS8  annotations GPT_ 5 :
e M1+ 0.0 H signal peptide : G PT—5
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s
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: .

! .
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Multi-agent system for generating feature descriptions based on top-activating proteins from Swissprot



>
=
O
(S
D
Q
n
=
-
©
L

B
Local

Residue
identity
(n=88)

w

Secondary
structure
(n=1895)

N

Tertiary
motif
(n=1554)

family-specific —

o

Domain/
fold
(n=2546)

Disorder /
low-
complexity
(n=686)

« universal

| | | | | Biochemical
1 3 10 30 100 environment

« residue-level domain-level —» (n=1770)
Localization /

topology
(n=2319)

Locality (mean consecutive activation length)

Functional

Global site /

region
(n=5382)

Analyzing ESMC Latent Space

Mechanistic Interpretation using Sparse Autoencoders (SAEs)
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Bonus: A cool video explaining the structure of kinases

Analyzing ESMC Latent Space

Mechanistic Interpretation using Sparse Autoencoders (SAEs)

Complex functional mechanisms are represented through the composition of
many features (e.qg., glycine-rich loop and activation loops of kinases).
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https://www.youtube.com/watch?v=xG2WOd_fWqo

ESM Atlas

A Map of 6.8B Sequences and 1.1B Structures

Using ESMC representations, the team built ESM Atlas, which maps the
structure and function of 6.8B sequences and 1.1B structures.
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notably different — its top features reflect a beta-solenoid spike scaffold, with the
lysozyme-related features confined to residues 144-345 (its embedded lysozyme
domain), and its low pTM (0.45) likely reflects the multi-domain architecture. Gp27
(P17172) is a pure structural assembly protein with no lysozyme SAE features at
all, consistent with its role as a non-catalytic baseplate component.
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https://biohub.ai/esm/protein/atlas

ESM Atlas

A Map of 6.8B Sequences and 1.1B Structures

SAE features enable protein clustering and retrieval based on shared functional
and structural concepts, beyond sequence or structure similarity alone.
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Conclusion

To summarize, this paper presents

1.

ESMC, a family of protein language models trained on 2.8B sequences,
exhibiting emergent representations of protein structure and function.

ESMFold2, a structure prediction model built on ESMC representations,
achieving state-of-the-art performance without requiring MSAs.

Mechanistic analyses showing that ESMC representations capture
biologically meaningful concepts across multiple layers.

ESM Atlas, a large-scale resource linking 6.8B sequences to 1.1B predicted
structures for protein search, retrieval, and clustering.
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