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Kivonat

Az autoregressziv transzformerekhez hasonld, neuralis hal6zatokon alapuld szekvenciélis
modelleknek szamos alkalmazédsa ismert a szamitogépes gyogyszerfejlesztésben, beleért-
ve a de Novo molekulagenerdlast teriiletspecifikus nyelvi modellek segitségével. Az ilyen
modellek feketedoboz jellegli viselkedése ennek ellenére korldtozza miikddésiik magyaraz-
hatosagat és kimeneteik iranyithatésagat, amely tényezok kritikusnak szamitanak a far-
makoldgiai jellemz6k optimalizdlasaban és a kondiciondlis generaldsi feladatok esetében. A
dolgozatban a mechanisztikus interpretdlhatésiag médszereit alkalmazzuk a kémiai nyel-
vi modellek aktiviciéinak magyarazasihoz, tovabba 1j megkozelitéseket ismertetiink az
ilyen modellek dekddolas-idejii iranyitasara. Sor keriil az elkészitett eszkdzok teljesitmény-
értékelésére, valamint kitériink a targyalt médszerek gydgyszeripari folyamatokba torténd
integralasanak lehetOségeire is.



Abstract

Neural network-based sequence modeling architectures, such as autoregressive transform-
ers, have numerous applications in computational drug discovery, including de Novo gen-
eration of drug-like molecules through domain-specific language modeling. However, the
black-box nature of these models limits interpretability and controllability — critical for
conditional molecule generation and optimization of pharmacological properties. We apply
tools from mechanistic interpretability to discover interpretable features in network acti-
vations of chemical language models and present new approaches for using them to control
molecular generation during inference. We investigate the performance of the proposed
methods and further discuss their integration into industrial drug development processes
to accelerate in silico drug design.
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Chapter 1

Introduction
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Figure 1.1: Novel SMILES strings and corresponding molecules
hand-picked from 10K generated samples at different model sizes,
annotated with drug-likeness and synthetic accessibility scores.

In drug development, the path from identifying a potential therapeutic target to getting a
safe and effective drug to market is long, intricate, and costly. Scannell et al. (2012) states
that the cost of developing a new drug has been doubling approximately every nine years.
The process of developing a new therapeutic compound involves extensive collaboration
among industrial, academic, and regulatory partners, with a low probability of success. A
significant portion of this cost occurs at the early stages of drug discovery, where compre-
hensive libraries of drug-like compounds are synthesized and tested for desired biological
activities. An analysis by Simoens and Huys (2021) indicates that drug discovery and
preclinical phases of drug development account for approximately 42% to 50% of the over-
all research and development expenditure per new medicine. According to their study,
estimates of total drug development costs range from 900 million to 2.8 billion US dollars.
This significant investment is primarily due to the extensive synthesis and testing of large
libraries of therapeutic compounds to identify potential drug candidates.



Computational methods for molecular design have emerged as promising tools to accelerate
drug development through the in silico generation and evaluation of candidate molecules,
reducing the reliance on manual labor and laboratory experimentation. For instance,
computer-aided drug design (CADD, Niazi and Mariam (2024)) encompasses various com-
putational approaches that assist in identifying and optimizing potential drug candidates,
thereby streamlining the drug discovery pipeline.

Recent advancements in machine learning, particularly in natural language processing
(NLP) and representation learning, have resulted in promising methods for molecular
design. Applying language modeling techniques to linear sequences representing chem-
ical structures can accurately capture the syntax and semantics of drug-like molecules.
Attention-based models, such as transformers, have demonstrated remarkable capabili-
ties in processing sequential data with long-range dependencies, making them suitable for
generating novel therapeutic compounds.

Despite the success of neural chemical modeling, interpreting and controlling the behavior
of deep generative models in molecular design remains challenging. Neural networks are
considered black-box statistical models, meaning that one cannot easily identify causal
patterns in its behavior. This effect is compounded by the increasing parameter size of
such models, with many general-purpose transformers in production possessing parameters
in the range of hundreds and thousands of billions.

Mechanistic interpretability seeks to understand how specific components within a model
contribute to its overall function, which is crucial for applications where safety, compliance,
and scientific insight are priorities.

In this work, we focus on the applications of mechanistic interpretability to the de novo
generation of therapeutic compounds. Specifically, we investigate whether sparse autoen-
coders (SAEs) can be employed as a dictionary learning method on molecular language
models.

By training SAEs on the activations of pre-trained language models, we obtain inter-
pretable, sparse representations that can be manipulated to steer the model’s output
toward generating molecules with desired properties.

We propose a contrastive steering technique that utilizes the most important SAE features
for every contrastive pair and the method’s ability to influence molecular attributes.

We propose to annotate SAE neuron activations using general-purpose language models.
In our experiments, we find that large language models can create convincing explana-
tions of similarities between SMILES strings but fail to assess the interpretability of SAE
neurons.

The results of our experiments show that methods of mechanistic interpretability achieve
promising performance on the task of generating valid and high-quality SMILES strings
and argue that the integration of sparse autoencoders can explain and accelerate processes
at various stages of the drug development pipeline.

We release code and weights! for our language models as well as SAEs.

!Code is available at github.com/leakedweights/molsae.
Interactive Colab Notebook is available at MolSAE.ipynb.
Checkpoints can be found at MolSAE - Drive.


https://github.com/leakedweights/molsae
https://colab.research.google.com/drive/1NalONNU-QWjtvx4xOh2KpWp_cgqMUtdr?usp=sharing
https://drive.google.com/drive/folders/1IWm2EcBP_iXV4nboar0gxB8byUxSF7xy?usp=sharing

1.1 Relevance

The drug development pipeline encompasses a series of methodical and regulated steps
that transform a potential therapeutic target into a marketable medication. This pipeline
is typically divided into five main stages: Drug Discovery, Preclinical Testing, Clinical
Development, Regulatory Review and Approval, and Post-Marketing Surveillance (U.S.
Food and Drug Administration, 2022). At each stage, responsible actors must ensure the
safety, efficacy, and quality of the final pharmaceutical product. Integrating molecular
language models into each stage of the drug development pipeline can enhance efficiency
and decision-making.

In the early stages of drug development, models may help researchers select and refine
molecules based on potential bioactivity, specificity, and safety. Despite the potential of
machine learning methods for therapeutics, in the case of black-box models such as neural
networks, the cause of a favoring certain molecular features or interactions cannot be
determined exactly. This creates uncertainty, as compounds that seem promising might
harbor hidden, unfavorable characteristics not initially apparent.

Interpretability enables practicioners to verify that the model’s predictions are based on
known, desirable pharmacological features, reducing the risk of advancing poor candidates
through later stages of development. During the drug discovery phase, these models can
accelerate the identification and optimization of lead compounds by predicting molecular
interactions and bioactivity.

In preclinical testing, chemical language models can help anticipate pharmacokinetic and
pharmacodynamic profiles, reducing the reliance on extensive in vitro and in vivo experi-
ments. Throughout clinical development, molecular language models can assist in patient
stratification and the identification of biomarkers for better trial design. In Post-Marketing
Surveillance, these models can analyze large datasets to detect patterns in adverse reac-
tions and therapeutic outcomes, facilitating rapid responses to safety concerns.

As the process moves into preclinical and clinical testing, interpretability becomes even
more critical. Drug candidates must be thoroughly evaluated for safety, efficacy, and align-
ment with regulatory requirements. Molecular language models that lack transparency
cannot easily demonstrate the mechanisms by which a drug achieves its therapeutic ef-
fects or avoids off-target interactions, creating obstacles for regulatory approval. An inter-
pretable model, however, could reveal critical insights into how a molecule interacts with
specific biological targets or pathways, making it easier to anticipate safety and efficacy
issues before costly in vivo studies or clinical trials.

While molecular language models hold the potential to transform drug development, their
lack of interpretability remains a major limitation. High explainability would enable re-
searchers to make confident, informed decisions throughout drug development, ensuring
that only the most promising, safe, and effective candidates advance. This transparency
is essential not only for scientific rigor but also for regulatory compliance.

1.2 Structure

This work is organized into the following chapters and sections:

Preliminaries: Chapter 2 provides an overview of foundational concepts in machine
learning for molecular design and the methods used to represent chemical structures. Ma-
chine Learning for Molecular Design (Section 2.1) introduces key aspects of applying ma-



chine learning to generating novel chemical structures and discuss representing molecules
as linear sequences. We discuss popular metrics for evaluating molecular attributes, in-
cluding synthetic accessibility (SA) scores, QED, LogP, molecular weight, and Tanimoto
similarity. Attention-Based Sequence Modeling (Section 2.2) explains the attention mech-
anism and reviews the most important aspects of training autoregressive transformers. In
Section 2.3 we introduce basic concepts related to mechanistic interpretability, such as
linearity, superposition, features, and circuits, and discuss the relevance of interpretability
in therapeutics. We briefly introduce sparse dictionary learning and its approximation
through sparse autoencoders to obtain interpretable, sparse features from internal repre-
sentations of language models. In Section 2.4, we describe common methods for control-
ling language model outputs after the pre-training phase, including fine-tuning and latent
space editing. We give an overview of activation engineering, the practice of using steering
vectors to modify model activations during inference.

Proposed Methods: Chapter 3 details the configuration and use of SAEs for inter-
pretability and control in MLMs. We describe the architecture and training of conven-
tional sparse autoencoders on transformer activations, focusing on sparsity constraints to
obtain interpretable representations. Section 3.2 Outlines methods for automated neuron
annotation using a general-purpose large language model, providing a scalable approach
to feature interpretation. In Section 3.3, we introduce an iteration of activation addition
steering approach that applies constraints on activation SAE features at different scales
depending on their importance, aiming to generate molecules with targeted chemical prop-
erties.

Experiments: Chapter 4 discusses experimental setups and methodologies for evaluating
the interpretability and control mechanisms in MLMs. Section 4.1 investigates the inter-
pretability of features extracted by SAEs, analyzing sample quality and feature sparsity.
We examine how sparsity affects the validity and QED of generated SMILES sequences
and analyze the sparsity of the average SAE feature, as well as the impact of the SAE
sparsity coefficient on the interpretability of molecular representations. In Section 4.2,
we assess the performance of restrictive activation steering in generating molecules with
specific pharmacological and structural properties on the contrastive pair Diazepam (+)
and Gentamicin C; (—). Section 4.3 provides details on model architectures, tokenization,
training parameters, and SAE configurations.

Results: Chapter 5 analyzes experimental results, evaluating the performance of different
transformer configurations and the effectiveness of interpretability and steering methods.
We summarize language model performance across different model sizes, focusing on va-
lidity, QED, and SA scores. We explore the interpretability of SAE-derived features, in-
cluding operational modes and high-fidelity features. We discuss the distinct operational
modes within SAE neurons that contribute to both interpretability and controllability.
We point to a number of high-fidelity SAE neurons in our 2048-latent toy model and pro-
vide a detailed analysis of interpretable features and their role in generating chemically
valid structures. Section 5.3 evaluates automated feature annotation using large language
models and discusses their advantages and limitations for annotating neuron activations
in chemical transformers.



Chapter 2

Preliminaries

2.1 Machine Learning for Molecular Design

Molecular design involves creating new chemical compounds with specific desired proper-
ties, which is fundamental in fields like drug discovery, materials science, and agrochem-
icals. Traditionally, this process has been empirical and time-consuming, relying heavily
on laboratory experimentation. Advances in computational chemistry accelerated molec-
ular design by enabling the in silico generation and evaluation (Terstappen and Reggiani,
2001) of candidate molecules before synthesis.

2.1.1 Representing Chemical Structures

The Simplified Molecular Input Line Entry System (SMILES) is widely used for represent-
ing chemical structures as character sequences (Weininger, 1988). It encodes molecules by
converting atoms and the connectivity between them into one-dimensional strings, while
retaining structural information for further processing. SMILES allows the direct use of
computational techniques developed for natural language processing to model and generate
chemical structures in a natural way.

In SMILES, a molecule M is represented as a sequence S = (s1, S, ..., Sp), where each s;
is a token corresponding to atoms, bonds, branches, or ring closures. Chemical structures
are converted to SMILES strings according to the following rules:

e Atoms, Bonds: Atoms are denoted by their atomic symbols, with special handling
for non-alphanumeric characters and multi-character symbols. Bonds are represented
by specific symbols, e.g. >=’ for single bonds, ’=’ for double bonds, *#’ for triple
bonds, ’$’ for quadruple bonds, and ’:’ for aromatic bonds. Implicit single bonds
do not require the use of special characters and are inferred from adjacency.

e Branches: Branches are indicated using parentheses. For a branching point at
position ¢, the branch starting at ¢ is enclosed as Sy.4—1) st (Sb) Sj¢+1,), encoding that
substructure S}, branches off from the main chain at s;.

o Rings: Ring structures are represented by matching digits. To denote the n-th ring
closure between atoms at positions ¢ and t,,, the SMILES string includes the same
digit at both positions:

S = Sty 1] Stx WSty +Litr—1] Ston T Sty +11]



e Stereochemistry: Optional stereochemical information is encoded using symbols
placed after the chiral center atom to indicate its configuration:

Clockwise stereochemistry (R): @, Counterclockwise stereochemistry (S): @@

Though SMILES is the most popular linear encoding method, commonly used implemen-
tations can often generate multiple valid representations for a single chemical structure.
To address representational ambiguity, newer approaches (Weininger et al., 1989; O’Boyle,
2012) attempt to develop algorithms to obtain canonical SMILES representations by en-
forcing pre-defined orders of traversal. SMILES encodings also lack three-dimensional
spatial information, which is essential for certain molecule processing and generation tasks.

2.1.2 Evaluation Metrics

Determining the quality and properties of chemical structures involves complex evaluations
due to the diverse and interrelated molecular characteristics. The following metrics provide
standardized quantitative measures to assess key chemical and pharmacological attributes.
Here, we only share the metrics that are most relevant to our examination.

o Synthetic Accessibility (SA) Score: The SA score estimates the ease of synthe-
sizing a molecule in a laboratory setting (Ertl and Schuffenhauer, 2009). It combines
fragment contributions and structural complexity into a score ranging from 1 (easy
to synthesize) to 10 (difficult to synthesize).

o Quantitative Estimation of Drug-likeness (QED): QED evaluates how closely
a molecule aligns with known drug-like properties (Bickerton et al., 2012). It in-
tegrates multiple molecular attributes—such as lipophilicity, molecular weight, and
hydrogen bond donors—into a single value between 0 (undesirable) and 1 (ideal
drug-likeness).

o Octanol-Water Partition Coefficient (LogP): LogP quantifies a molecule’s
lipophilicity by measuring the logarithm of its partition coefficient between n-octanol
and water. LogP values are play an important role in predicting a compound’s ab-
sorption and distribution characteristics.

e Molecular Weight: The sum of the atomic weights of all atoms in a molecule.
Molecular weight affects a compound’s pharmacokinetic properties, including ab-
sorption and distribution. It is a fundamental parameter in drug design constraints.

e Tanimoto Similarity: The Tanimoto coefficient measures the similarity between
two molecules based on their binary fingerprint representations (Rogers and Hahn,
2010). Ranging from 0 (no similarity) to 1 (identical), it is used to assess how closely
a generated molecule resembles known compounds.

2.2 Attention-Based Sequence Modeling

Attention-based language models, particularly those utilizing the transformer architecture
(Vaswani et al., 2023), have revolutionized language processing by capturing long-range
dependencies in sequential data in a highly parallelizable fashion.



The key component of these models is the self-attention mechanism, which computes a
weighted representation of other relevant tokens in the sequence when processing each
token, formally:

Vdy,

where dj is the dimensionality of the key vectors. The attention computation allows
language models to focus on different parts of the input sequence dynamically, enabling
models to generate coherent and contextually relevant samples.

KT
Attention(Q, K, V') = softmax <Q> V,

Decoder-style transformers, such as GPT variants (Radford and Narasimhan, 2018), are
usually trained to predict the next token in a sequence given all previous tokens by classify-
ing over the model’s vocabulary, a paradigm termed causal language modeling. Formally,
given a sequence of tokens x = (z1, z9,...,x,), the model estimates the probability of the
sequence as the product of conditional probabilities:

n

H (¢ | w<t),

where xo; = (1,22,...,24-1). The conditional probability P(x; | x<¢) is modeled using
the softmax function over the vocabulary V:

exp(wl hy)
Zk; 1 eXp(Wk ht)

P(CCt | 1E<t)

where h; is the hidden state at position ¢, wy is the weight vector corresponding to token
k in the output vocabulary, and |V| is the size of the vocabulary.

In decoder-style CLMs, transformer blocks usually consists of:

o Masked Self-Attention: Causality is achieved by applying a causal mask to ensure
that the prediction for each token only depends on previous tokens. Causal masks
prevent the model from accessing future tokens during inference. Masking is achieved
by adding a large negative value to QKT where tokens should not be considered.
Self-attention refers to the choice of queries, keys, and values. Specifically, we refer
to self-attention when Q = K = V and cross-attention when @ # K and K =
V. Transformer blocks are often configured with multiple heads — sublayers that
calculate attention on different parts of token representations, allowing them to
attend to different parts of a sequence.

o Position-Wise Feed-Forward Networks (FFN)

¢ Residual Connections and Normalization Layers: Residual connections serve
as shortcuts between different computational elements in neural networks. Along
with normalization techiques such as LayerNorm (Ba et al., 2016) and RMSNorm
(Zhang and Sennrich, 2019), they are used to improve training stability.

For a high-level illustration of decoder-style transformers, see Figure 3.1.

CLMs are primarily trained with Maximum Likelihood Estimation (MLE). In practice,
MLE is implemented by minimizing cross-entropy across N training examples:



1
¥ Z;log P(xy = 2 | 24,<130),
i=1 t=

L=-—

where T' denotes the token length of the i-th sequence and 6 are the parameters of the
transformer.

2.3 Mechanistic Interpretability

Interpretability refers to the ability to understand the behavior of a machine learning
model. As statistical models become more complex, like in the case of modern language
models, interpreting their operation becomes challenging.

Interpretability is particularly important in pharmacological applications including
molecule generation for several reasons, such as:

1. Safety and Compliance: Understanding how a model generates molecules can
help prevent the creation of compounds with undesirable properties, such as toxicity
or low bioavailability.

2. Chemical Understanding: Interpretable models can provide insights into un-
derlying chemical principles, potentially leading to the discovery of new chemical
knowledge.

3. Sample Quality: Identifying failure modes of a chemical language model through
its internal representations can guide the development of more effective architectures
and training strategies.

4. Controlled Generation: Circuits and feature vectors can be manipulated during
inference to generate more promising drug candidates and molecules conditioned on
inputs such as molecular weight or atomic properties.

In broad terms, mechanistic interpretability (MI) (Elhage et al., 2021) aims to dissect
model internals to understand how specific components of an architecture contribute to its
overall function, primarily through discovering or engineering causal mechanisms (Saphra
and Wiegreffe, 2024). Current MI research is centered around analyzing features and
circuits. Although there is no consensus on the exact definitions of these terms, a feature
can be imagined as a meaningful property of the training data captured by the model and
a circuits can be interpreted as the algorithmic subsystems connecting specific features.

Mechanistic Interpretability commonly operates under two assumptions: linearity and
superposition. The linear representation hypothesis (Park et al., 2024; Piantadosi et al.,
2024) states that neural networks encode interpretable attributes as linear directions within
their activation space. In other words, specific features or concepts correspond to partic-
ular vectors, allowing for linear operations to manipulate these features.

The superposition hypothesis (Arora et al., 2018; Elhage et al., 2022) operates under
the assumption of linearity and suggests that neural networks represent more features
than they have capacity to store by compressing a number of features into single neu-
rons through superposition. Superposition leads to polysemanticity, where neurons may
respond to multiple, unrelated features, complicating their explainability.



We direct the reader to Rai et al. (2024) for an introduction to mechanistic transformer
interpretability.

2.3.1 Dictionary Learning

Sparse dictionary learning (Chen et al., 2017; Cunningham et al., 2023) is a method in
machine learning where the goal is to find a set of basis functions (the dictionary) that
can sparsely represent input data, where each datapoint can be approximated by a linear
combination of only a few dictionary elements.

Recently, sparse autencoders (SAEs) (Cunningham et al., 2023) emerged as a promising
method approximating dictionary learning on language models in an unsupervised fashion.
SAEs cast activations to a higher-dimensional space for creating monosemantic features.
They are trained to reconstruct the low-dimensional representations while enforcing a
sparsity constraints, thus separating entangled representations.

Sparse autoencoders are able to successfully decompose entangled representations of lan-
guage models at various scales, ranging from one layer toy models (Bricken et al., 2023) to
production-grade language models with tens of billions of parameters (Templeton et al.,
2024; Gao et al., 2024; Lieberum et al., 2024). Interpretable SAE representations can
be used to steer text generation at inference (Templeton et al., 2024) or classify text
sentiments, such as harmful prompts(Bricken et al., 2024).

2.4 Model Control

Methods to control language decoding are essential for achieving high-quality outputs
after pre-training a language model on large datasets. Generally, control methods can be
categorized into three primary types: inference-time control, post-training modification,
and fine-tuning.

The most common way guide a language model is through prompting — specifying instruc-
tions for the model to follow. Prompts can steer models to generate text in a particu-
lar style, avoid certain topics or words, or apply advanced reasoning techniques to solve
tasks. Although prompting is a widely used method to influence language model outputs,
it requires considerable manual effort and can yield inconsistent results across different
contexts. Moreover, prompting is vulnerable to adversarial attacks, where instructions
are manipulated to exploit the model’s tendency to follow instructions.

Further training on specialized datasets has been shown to improve model performance
across various tasks. By conditioning the model on specific response styles or content
preferences, this approach aligns the model’s responses more closely with desired behaviors.
Fine-tuning is used in every large-scale production language model, though its success is
limited by the high training costs and rigidity during inference.

Post-training modifications, for example latent space editing in Meng et al. (2023), modify
learned parameters without retraining on a specialized dataset. This approach can yield
various benefits, though its success, similar to fine-tuning, is limited by rigidity during
inference.



2.4.1 Fine-Tuning

Fine-tuning is a common approach for adapting pre-trained language models to specific
tasks or domains. This method updates the model’s parameters using task-specific data,
allowing the model to perform functions that go beyond its initial training.

Reinforcement Learning from Human Feedback (RLHF, Ouyang et al. (2022)) aligns lan-
guage models with human preferences by incorporating human evaluations into the train-
ing process. In this approach, human annotators rate model outputs, and these ratings are
used to train a reward model. The language model is then fine-tuned using reinforcement
learning algorithms, such as Proximal Policy Optimization (PPO, Schulman et al. (2017))
or Direct Preference Optimization (DPO, Rafailov et al. (2024)), to optimize the reward
model’s feedback, producing outputs that align more closely with human expectations.

Reinforcement Learning from AI Feedback (RLAIF, Lee et al. (2024)) builds on RLHF by
relying on feedback from Al systems instead of human evaluators. In RLAIF, the reward
model is trained on preference data generated by language models. RLAIF addresses the
scalability issues of human feedback by automating the evaluation process, reducing the
need for human involvement while still allowing for effective fine-tuning.

Low-Rank Adaptation (LoRA, Hu et al. (2021)) improves the efficiency of fine-tuning by
adding low-rank matrices into the model’s architecture. By keeping the original model
weights frozen and training only these additional low-rank matrices, LoRA reduces the
number of parameters that need to be adjusted, which makes fine-tuning less computa-
tionally demanding.

2.4.2 Activation Steering

A recently developed approach for guiding language model outputs during inference is
the use of steering vectors. Steering vectors (Subramani et al., 2022) are specific modifi-
cations applied to the internal activations of generative neural networks during inference
to produce specific characteristics in generated samples. Steering vectors can be a zero-
cost method to influence aspects such as sentiment, style, or factual accuracy without
retraining the model.

Turner et al. (2024) introduce Activation Engineering, a term referring to the practice
of applying systematic changes to model activations to control the behavior of genera-
tive models. They propose to guide activations using a linear combination of pairs of
contrastive prompts. Formally, given the i-th transformer layer I; and natural language
prompts x and x~ with contrastive sentiments, the steering vector is composed of the
scaled difference of the layer’s activations z*, z~ on the positive and negative instructions:

z2=z+o(zt —z7)

The authors evaluate activation addition on a steering vector composed of the contrastive
pair "love" and "hate" to steer sentiments in various contexts. They report state of the art
performance on negative-to-positive sentiment shift and detoxification.
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Chapter 3

Proposed Methods

3.1 Autoencoder Configuration

To obtain interpretable representations of the language model’s internal activations, we
employ SAEs trained on the activations of pre-trained language model at different capaci-
ties. For simplicity, we use standard ReLU SAEs with pre-encoder bias from Bricken et al.
(2023) in all of our experiments.

Let x denote the input activation vector from the language model. The SAE architecture
consists of an encoder and a decoder with weight matrices Wep. and W e, respectively.
The encoder transforms the input into a latent representation f using a ReLU activation
function:

f = ReLU(WneX + benc) (3.1)

Here, X = x — bgec represents the input vector adjusted by the decoder bias bge.. The
decoder then reconstructs the input as:

X = Wyecf + bgec (3.2)

The autoencoders are trained with a composite objective consisting of an Ly reconstruction
term on the SAE output and an Ly sparsity term on the latent activations:

1

L=—
|X]

> lIx =[5+ Alf] (33)
xeX v v

rec. Lsparsity

In this work, we primarily focus on training SAEs at the residual stream of language
models. The residual stream refers to the sum of activations that flow through previous
transformer blocks. Residual streams are the most common sites for sparse autoencoders
due to a track record of high quality features (Cunningham et al., 2023; Templeton et al.,
2024) and their potential ability to decrease cross-layer superposition (Templeton et al.,
2024) in larger models. Additionally, we train and evaluate post-norm Multi-Layer Per-
ceptron (MLP) autoencoders as a comparative baseline. Unlike residual stream SAEs,
post-norm MLP autoencoders use the normalized activations of feed-forward networks.
Figure 3.1 illustrates the dynamics of transformer blocks and SAEs considered in this
work.

11
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Figure 3.1: Layout of transformer blocks (left) and feed-forward
networks augmented with SAEs (right). Pencil icons indicate sparse
autoencoder sites.

3.2 Automated Interpretability

Manually evaluating latent activations of SAEs with thousands of neurons at multiple
sites is labor-intensive and infeasible for transformers at a practical scale. Interpreting
SMILES strings and drawing relationships between activations on different molecules is
much harder than identifying contexts of the most prominent feature activation in natural
language. It demands accurate visualization and its success depends on the annotator’s
chemical understanding and pharmacological knowledge.

We argue that large language models can be used to explain chemical compounds purely
identified by corresponding SMILES strings. Transformers are efficient at capturing de-
pendencies between sequences and do not require visual representations to understand
complex linear structures, even in situations where they are incomprehensible by humans.
Automatic annotation can also be parallelized and is much more cost-effective than hiring
multiple human annotators with a high level of chemical understanding.

Following Bills et al. (2023), we propose to search for chemically relevant SAE features
using generative language models to label neuron activations on SMILES tokens and auto-
matically evaluate feature interpretability. We prompt a general-purpose language model
to output a single sentence explaining the relationship between top activations, and an
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interpretability score ranging 1-5. We instruct the model to use multi-step reasoning
(Lightman et al., 2023; Wei et al., 2023) to identify dependencies between the top 20 ac-
tivations of sparse autoencoder features. A natural choice for this task is the OpenAl ol
family of models (OpenAl, 2024b) because of their reasoning-oriented training. Figure 3.2
outlines our approach to feature extraction using ol-mini, a cost-effective choice consid-
ering per-token pricing. As the API access to OpenAl ol-mini is limited at the time of
completing this work, we resort to using GPT-40 (OpenAl, 2024a) while enforcing struc-
tured generation, where each response contains an array of strings explaining the model’s
reasoning. We find that language models can be used to extract molecular information
from linear representations efficiently.

Prompt OpenAl o1-mini Response

Context Reasoning

Your task is to examine sparse autoencoder neurons on a Identifying lfey patterns )

molecular language model to interpret which properties and I'm analyzing the top 20 SMILES sequences that activated the

sequences they fire on. neuron, noticing a frequent presence of fluorine atoms,
sulfonyl groups, nitrile or nitrogen-containing rings, and

Task #1 carbonyl groups.

Then, output a single sentence explaining the causal factor Laying out the options

and a single value between 1-5 determining whether this I'm thinking through a neuron's response: fluorinated groups,

feature is interpretable. nitrogens, aromatic rings, sulfonyl groups, nitrogen
heterocycles, chiral centers, and perfluoroalkyl chains.

Task #2

You have to reason about the molecule and the similarities Response

between the sequences. The neuron is activated by fluorinated aromatic compounds
containing nitrogen heterocycles.

Grading Criteria Interpretability Score: 4

1 means not interpretable, 2 means somewhat interpretable
(there is a vague connection between the top sequences ), 3
means interpretable (there is a close connection, some
examples might not be connected), 4 means interpretable
(context can be clearly identified), 5 means the neurons
exactly identify a pattern in the strings.

Molecule Data

Sequence 407727 - 11.9080: Cclccn(-c2ccc(CNC
Sequence 131177 - 11.6716: COclccc(-n2nc(-

Figure 3.2: Demonstrative exmaple of automated neuron annota-
tion using a general-purpose language model.

We find that the model generates convincing explanations for the relationship between
the most active sequences but fails to differentiate between uninterpretable and highly
interpretable features. Almost all of the neurons we annotated got an interpretability
score of 4, with only a few occurrences of scores 3 and 5, and no occurrences of 1’s and
2’s. Our results suggest that language models fail to discard unconvincing explanations
as uninterpretable, therefore more effective grading strategies are required.

3.3 Restrictive Activation Steering

Early results from Nanda et al. (2024) indicate that sparse autoencoder features can also
be used to steer language models. Instead of modifying the activations of the language
model, they combine base SAE magnitudes with activations of contrastive pairs. We argue
that, even if this approach comes with a slight decrease in performance in comparison to
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regular activation steering, the surplus information about the nature of these modifications
may be worth it in pharmacological applications.

Let A denote a sparse autoencoder applied at transformer block B. The activations pro-
duced by the SAE are represented by the vector z 4 and the transformer block’s activations
are represented by zz. Suppose we have a sequence x with desired properties and x~ with
undesired properties, and according to Equation 3.1, their SAE activations are calculated
as:

z4(x") = ReLU(Wene Z5(x™) + bene)
z4(x") = ReLU(Wepe Z23(X™) + benc)

We select k features with the largest activation on contrastive pairs:

K = TopK (ZA(X+) - zA(x*))

Here, I represents the set of indices corresponding to the top-k features with the highest
autoencoder activation differences, and TopK(-) corresponds to the indices of the k largest
elements from the input vector. We construct a binary mask m € {0,1}", where each
element m; is set to 1 if the corresponding feature index ¢ is within the top-k set K, and
0 otherwise.

To control the influence of the SAE activations on the language model output, we introduce
a scaling factor o and the top-k importance coefficient «. The scaled SAE activations
zfﬁaled are computed by applying the scaling factor « to the top-k features and 1 — « to

the remaining features:
zf’ialed =a-mOzg+(1—a) - (1—m)Ozy,

where ® denotes element-wise multiplication, and 1 is a vector of ones.

The scaled SAE activations are then integrated with the model activations. The combined
activations, represented as Z%Od, are calculated according to Equation 3.2. Given an input

sequence X, the modified activations at the SAE site are computed as:
Zgwd (X) = ZB(X) +0 - Wec Zi({aled + bgec.

We believe that applying greater scaling factors to top-k contrastive activations helps
retain information that is important in the context of the steered sequence. By intuition,
modifying only the most significant features in the contrastive activations could help the
model retrain its representational power while influencing useful properties. In Section 4.2,
we demonstrate that top-k steering is a promising tool for conditional generation and can
also achieve high validity and generation quality in comparison with regular SAE activation
steering.
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Chapter 4

Experiments

4.1 Feature Interpretability

The sparsity term in Equation 3.3 penalizes joint neuron activations. Enforcing higher
sparsity increases the likelihood of finding interpretable latent neurons, but creating dis-
entangled representations at the same capacity comes with a tradeoff in sample quality,
therefore selecting appropriate values of A during training is essential.

4.1.1 Effects on Sample Quality

We investigate the quality of generated SMILES sequences in molecular language models
at different sparsity coefficients. Figure 4.1 presents effect of changes in A with respect
to SMILES wvalidity and drug-likeness. We compare SAEs at the residual stream and
feed-forward layer to the unmodified toy model.
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Figure 4.1: Quality of SAE-modified representations on the one-
layer toy model with 16x SAEs across different values of A, calcu-
lated from 10K samples generated at unit temperature.

High sparsity levels constrain the network’s capacity to capture complex molecular fea-

tures, leading to a reduction in both the validity and quality of the generated molecules,
though the decline is minimal with values of A under 1.0. The observed decline in the
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validity and QED scores of generated samples is particularly pronounced in post-norm
MLP SAEs. This behavior is expected, given that feed-forward activations play a more
significant role in transformers.

4.1.2 Sparsity

We train SAEs with different sparsity coefficients and analyze the sparsity and capacity of
the resulting models. We test values of A ranging from 0.001 to 5.0 and monitor the sparsity
and the decrease in molecule quality resulting from swapping the transformer activations to
those reconstructed by sparse autoencoders. A coefficient below 0.5 resulted in saturated
activations with a sparsity loss above 20 and \’s above 1.0 significantly hindered the SAE’s
ability to reconstruct transformer representations.
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(a) Kernel density estimates of SAE firing fre- (b) Sparsity loss during training at different val-
quency at different values of . ues of .

Figure 4.2a depicts the frequency of SAE neuron activity at two different sparsity coeffi-
cients. While the average neuron at A = 0.01 is active on hundreds of thousands of tokens,
a normal neuron at A = 0.5 is only active on a couple thousand tokens without a signifi-
cant degradation in molecule quality. For a possible explanation of this phenomenon, see
Section 5.2.1.

Figure 4.2b depicts the sparsity loss when training a 2048-latent autoencoder for 10 epochs
on 1M transformer activations. We don’t include runs with A below 0.01 and above 2.0
since they either produce oversaturated activation vectors or do not reconstruct trans-
former representations accurately enough.

4.2 Activation Steering

We argue that activation steering can be used for conditional molecule generation in chemi-
cal language models. We provide a demonstrative example of restrictive activation steering
on a pair that has significantly contrasting molecular and pharmacological properties.

We consider the following contrastive pair:

e Diazepam: CN1C(=0)CN=C(C2=C1C=CC(=C2)C1)C3=CC=CC=C3 — a benzodiazepine
derivative characterized by a diazepine ring fused to a chlorinated benzene ring,
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and it is employed as an anxiolytic, anticonvulsant, and muscle relaxant through its
enhancement of GABA 4 receptor activity.

¢ Gentamicin Cq: C[C@H] ([C@@H] 1CC[CeH] ([C@H] (01)0[CeeH]2[CeH] (C[CeH]
([CeeH] ([CeH]20)0[CeeH] 3[CeeH] ([CeH] ([Cee] (C03) (C)O)NC)D)N)N)N)NC — an
aminoglycoside antibiotic featuring a complex aminocyclitol core with multiple
amino and hydroxyl groups. Gentamicin C; it is used to treat bacterial infections
by inhibiting protein synthesis.

e

/Z

cl

(a) Diazepam (b) Gentamicin C;

Figure 4.3: 2D visualizations of Diazepam and Gentamicin C;
molecules.

Diazepam is moderately hydrophobic and highly lipophilic, allowing it to cross the blood-
brain barrier effectively. Gentamicin is highly hydrophilic, limiting its ability to cross
lipid membranes but facilitating its distribution in aqueous environments like blood and
interstitial fluids.

Diazepam’s rigid structure contributes to its specific binding to GABA 5 receptors, while
Gentamicin’s flexibility allows it to adapt to binding sites on bacterial ribosomes. Di-
azepam’s aromatic rings enable m—m stacking and specific molecular interactions necessary
for its pharmacological effects, whereas Gentamicin’s lack of aromaticity is compensated
by multiple hydrogen bonds and ionic interactions.

Figure 4.4 demonstrates an upwards trend in Tanimoto similarity as the guidance scale
increases. This suggests that higher levels of guidance lead to molecular structures more
similar to reference structures. We observe that the enhancement in Tanimoto similarity is
accompanied by a reduction in validity, as indicated in Table 4.1. Specifically, as guidance
strength ¢ increases from 0.1 to 0.5, the validity decreases from 0.657 to 0.444, indicating
that a one-layer chemical transformer is very sensitive to small perturbations in activation.
We acknowledge that determining the robustness of activation steering requires further
analysis and additional evaluation on multi-layer models.

Table 4.1 also reveals that while uniqueness remains constant across different values of o,
key properties such as drug-likeness and mean LogP exhibit significant variations. Mean
QED decreases from 0.7291 to 0.6553 as o increases. Conversely, the mean LogP increases
from 1.5841 to 2.0558, indicating a rise in lipophilicity, which is desired since Diazepam is
highly lipophilic.

In comparison to regular SAE activation steering, we observe significant differences in
performance. Restrictive steering results in higher validity, drug-likeness, and Tanimoto
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(a) 0 =05 (b) o =0.1 (c) No steering

Figure 4.4: Pairwise Tanimoto similarities between generated
molecules at different guidance scales using the molecule pair di-
azepam (+) and Gentamicin C; (—), compared to the baseline.
Fixed hyperparameters are a = 0.8, k = 200.

Metric Base Model o0=01 ¢=025 o0=0.5
(1) Validity 0.6859 0.657 0.572 0.444
(1) Uniqueness 1.0000 1.0000 1.000 1.000
(1) Mean QED 0.7451 0.7291 0.7013 0.6553
(4) Mean SA Score 3.2780 3.1584  3.1193  3.2152
Mean LogP 1.4182 1.5841 1.7860 2.0558

Table 4.1: Performance metrics for different values of o, considering 1000 samples gen-
erated at unit temperature.

similarity scores, indicating higher quality samples while also conforming to guiding ac-
tivations. Regular SAE steering results in significantly higher average LogP values, but
reduces validity and produces less drug-like molecules. This suggest that restrictive steer-
ing can provide a more controlled approach for generating viable structures, although we
acknowledge that systematic comparisons are required to determine whether the change
in behavior is present across a large number of contrastive pairs.

Mean QED
Mean logP

Validity (%)

22
” /
18
16

(a) Validity (b) Drug-likeness (c) LogP

Figure 4.5: Comparison of sample quality between top-k and regu-
lar activation steering at different guidance scales using the molecule
pair diazepam (+) and Gentamicin C; (—), compared to the base-
line. Fixed hyperparameters are a = 0.8, k = 200.
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4.3 Experimental Setup

4.3.1 Language Models

Architecture: The language models used for molecule generation closely resemble the
architecture of Gemma 2 (Team et al., 2024). The transformer layers use Grouped Query
Attention (Ainslie et al., 2023), rotary positional encodings (RoPE) (Su et al., 2023) with
6 = 10*, and apply a soft logit-cap (Bello et al., 2017; Team et al., 2024).

Model dpijdden 9dmoder Heads KV-Heads Layers Parameters

Medium 4096 012 8 4 8 57TM
Small 2048 256 4 4 4 ™
Toy 1024 128 4 4 1 0.56M

Table 4.2: Language Model configurations used in our experiments.

Tokenization: To convert SMILES strings into atomic representations, we use a tok-
enizer based on regular expressions from Schwaller et al. (2017). All token sequences are
sandwiched between <BOM> (beginning of molecule) and <EOM> (end of molecule) tokens
to enable variable length generation.

Training: We train all language models on a subset of the ZINC15 dataset (Sterling
and Irwin, 2015) consisting of 10M molecules equating to approximately 386.6 million
tokens, from which 10K samples (387K tokens) are used for evaluation only. All models
are trained for 100K steps with a batch size of 4096 on a single TPU v2-8 node using
the Adam optimizer (Kingma and Ba, 2017) with a constant learning rate of 0.0001.
The learning rate was selected from 0.0001, 0.0005, and 0.001 based on stability and
performance during sweeps. The batch size was optimized to fit the larger models into a
single TPUv2-8 instance.

We do not apply transformer scaling laws when selecting dataset sizes and training hy-
perparameters, both for simplicity and because scaling laws for general language synthesis
may not directly correspond to generating valid SMILES strings. We observe that large
models quickly overfit on 10 million molecules across various learning rates, indicating
that future training should utilize more extensive chemical datasets.

4.3.2 SAEs

All SAEs were trained for 10 epochs on 1M SMILES activations from the pre-trained
molecular transformers. The molecules were selected fro the training dataset. Toy model
SAE representations are evaluated on an 500K subset of sequence-activation pairs, con-
sisting of roughly 19M tokens, while SAEs on the 7TM model are evaluated 200K molecules.

Following Bricken et al. (2023), we aim for a sparsity loss between 10 and 20 with an
acceptable level of decrease in reconstruction accuracy. We train SAEs at different values
of X\ for each size and pick the ones that offer high sparsity at an acceptable level of
decrease in sample quality.
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Chapter 5

Results

5.1 Language Model Performance

We train autoregressive transformers at different parameter sizes according to Table 4.2.

Considering the performance metrics summarized in Table 5.1, the one-layer toy model
achieves a significantly lower validity (0.7198) compared to the multi-layer small (0.9916)
and medium (0.9924) configurations, suggesting that increased transformer capacity leads
to better syntactic adherence in generated samples but saturates as the size of the lan-
guage model increases. At unit temperature, models achieve 100% uniqueness uniformly,
indicating that they can generate valid SMILES strings without excessive memorization.

The correlation between parameter size and SA-scores indicates that smaller models might
produce structures that are marginally less synthetically accessible. We observe that QED
scores are similar across models, with the toy model achieving 0.7397, the 7M model
reaching 0.7417, and the medium model slightly higher at 0.7460. This suggest thats even
with limited parameters and transformer layers, molecular language models can capture
chemical properties associated with drug-likeness, although the slight improvement in the
70M model could reflect a more complex image of chemical space.

Metric LM-Toy LM-Small LM-Medium
(1) Validity 0.7198 0.9916 0.9924
(1) Uniqueness 1.0000 1.0000 1.000
(1) Mean QED 0.7397 0.7417 0.7460
(J) Mean SA Score 3.3061 3.2174 3.2312
Mean LogP 1.2235 1.1782 1.2130
Mean Molecular Weight 309.80 310.45 310.69
Mean Number of Atoms — 21.822 21.904 21.919

Table 5.1: Performance Metrics for Different Models

Figure 5.1 depicts the kernel density estimates of synthetic accessibility and drug-likeness
of the generated samples. The correlation between ZINC15 estimates and the KDEs of
generated samples suggests that newly generated molecules closely match the training set
in terms of sample quality. Although the one-layer transformer is more fragile than the
multi-layer models and generates significantly fewer valid SMILES strings, the attributes
of valid samples closely correspond to the training data.
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Figure 5.1: Kernel density estimates for QED and synthetic avail-
ability from 10K samples generated at unit temperature, compared
to 100K samples from ZINC15.

5.2 Feature Analysis

During our experiments on the toy model, we identify a large number of highly inter-
pretable features. We also observe that these features activate in two separate modes,
indicating different functions in generating valid but diverse molecules. We test auto-
mated feature annotation using GPT-4o (see Section 3.2 for details) and find that stock
language models can produce surprisingly coherent and convincing interpretations of ac-
tivation patterns but fail to determine how interpretable the average feature is.

5.2.1 Modes of Activation

Our investigation identifies two distinct operational modes of SAE neurons within the 16x
toy autoencoder. Firstly, we identify a significant number of low-density neurons, which
activate exclusively in response to a limited number of tokens within specific contexts.
Conversely, the second mode comprises high-density neurons that activate on various
tokens across similar contextual environments.

We conjecture that this phenomenon has significant implications for both the interpretabil-
ity and controllability of molecular language models. Low-density neurons can be effective
in identifying molecular patterns during inference and can be potentially used to screen for
desired or undesired behavior. Their selective activation possibly enables identifying pre-
cise structural motifs or functional groups. On the other hand, load-bearing high-density
neurons may offer a mechanism for steering SMILES generation. By activating across
diverse tokens, these neurons may allow for conditional molecule generation without being
bound to overly specific features.

The coexistence of the two contrasting feature modes potentially enables us to explain
model behavior and generate novel chemical entities at once. Low-density neurons capture
very specific patterns, while high-density neurons provide the versatility needed to explore
a wide chemical space. Neurons that activate in similar contexts but on a wide range
of tokens may also explain the high uniqueness and validity in larger models observed in
Table 5.1.

5.2.2 High-fidelity Features
A manual analysis of approximately 10% of the 2048 neurons resulted in a large number

of highly coherent features that activate in specific contexts. In this section, we mostly
consider features that activate on only a few tokens in specific settings. We find multiple
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clusters of such low-density features, such as ring identifiers (some are active both on
opening and closing IDs, and some are only active on either one or the other), rarely
occurring elements (such as Bromine or Iodine), specific branches in molecules (substrings
encapsulated by parentheses), identifiers of chiral centers, and substrings where the same
atom (eg. carbon) is repeated a specific number of times.

Table 5.2: Neuron Annotations

Neuron Summary

ID

#1286 Detects backslashes, particularly in branches with single
oxygen atoms.

#495 Identifies stereochemistry, especially oxygen atoms
preceding R and S isomers.

F#157 Recognizes start and end identifiers for fifth-membered
rings.

#465 Detects nitrogen (n) atoms, especially in branches
commencing with carbon, e.g., (C [C@] (0) (C nl c ¢ ¢
cc ).

#785 Identifies closing identifiers of fifth-membered rings.

#1505 Detects iodine (I) atoms.

#1115 Identifies n atoms, particularly before closing rings.

F#1172 Detects carbon atoms.

#3895 Matches closing identifiers and chiral centers, e.g., [CQQH]
5 [CeeH] 4 [CeeH].

#407 Identifies identifiers of fifth-membered rings.

#1236 Recognizes ring identifiers, especially start IDs for
fourth-membered rings.

#1200 Detects closing IDs for fifth-membered rings.

#1042 Identifies n atoms, particularly before starting first and
second rings.

#903 Matches carbons with the pattern C 1 ( C # N ) »C« C.

#656 Detects branch-closing brackets.

#171 Identifies carbons following the pattern 5 ¢ 4 C C C 5,
indicating second rings.

#263 Detects double bonds before nitrogen in sequences like ( /
c(0) =N

#1174 Identifies identifiers for fourth and fifth-membered rings.

#1281 Detects carbon chiral centers, especially before first and
second rings.

#942 Identifies fifth-membered rings consisting of five carbons,
eg.,5ccccecb

#519 Detects carbons, particularly before closing
third-membered rings.

HT767 Identifies bromine (Br) atoms, especially at the end of
SMILES strings.

#2003 Recognizes ring identifiers, especially first rings (start and
close) and start of fourth rings.

#115 Detects sequences of carbons following ( C N C [CeGH] 2.

Continued on next page
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Table 5.2 — continued from previous page

Neuron Summary

ID

#1341 Identifies carbon atoms following N [C@H] 1.

#813 Detects sequences of carbons, especially after C 3 ( C # N
).

#1045 Identifies three or more carbons, especially around ring
identifiers.

#159 Detects carbons, especially three or more sequentially, or
triple bonds between two carbons.

#1170 Identifies carbons at the end of SMILES strings before the
closing identifier of the first ring.

#1447 Matches N, C, =, 0 tokens in patterns like ( N C ( N ) =
0).

#16 Detects chiral centers.

Neuron #263

6. CN(C)cl1cc(N/C(O)=N/C/C(O)=N/C2CCCCC2)ncn1

9. CN(C)C(=0)[C@H]1CCIC@@H](/C(O)=N/CCN2CCOCC2)01

10. CIC@HI(C(=0)N1CCC[C@@H](/C(O)=N/CC2CC2)C1)cincccclF
13.CN(C)C(=0)N1Cccc(/C(0)=N/[C@H]2[C@@H]3COCI[C@@H]32)CC1
14.NS(=0)(=0)[C@@H]1CCN(/C(O0)=N/C[C@H]2CCSC2)C1

Summary: Detects double bonds before
nitrogen in sequences like (/C (0O) = N.

Sequence 9 Sequence 6

Figure 5.2: Manually annotated example with highlighted active
SMILES elements.

We think that monitoring this class of rarely active neurons can be helpful for explain-
ing model behavior because they are specialized in detecting and generating particular
molecular patterns, such as specific functional groups, ring structures, or chiral centers.

Low-density neurons may contribute to the validity of generated molecules by uniquely
completing (or eliciting) the generation of certain molecular substructures. Consistent
activation of these neurons may prevent the formation of chemically invalid structures,
such as incorrect bonding configurations or improbable atom arrangements. Identifying
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Neuron #767

-

.0=C(0)[C@@H]I(CO)NS(=0)(=0)cl1ccccciBr
.NC(=0)CS(=0)(=0)NC(=0)c1ccccc1Br
.C[c@@H](C(=0)0)N(C)C(=0)cl1cc(=0)n(C)cc1Br
.CI[C@HI(C#N)C(=0)Ncl1ccc(O)cc1Br
.C=C=CCNS(=0)(=0)c1ccc(C)cc1Br

o o ua N

Summary: Identifies bromine (Br) atoms,
especially at the end of SMILES strings.

Sequence 1 Sequence 8

Figure 5.3: Manually annotated example with highlighted active
SMILES elements.

a large number of highly specific features that also play a significant role in generating
high-quality molecules can also help in detecting overfitting and memorization.

The specialized nature of low-density neurons may also improve the controllability of the
model. Increasing or decreasing the magnitudes of such neurons can help achieve fine-
grained control, although given that these features activate as part of rare patterns only,
such interventions may decrease uniqueness and validity.

5.3 Automated Annotation

Using the method and natural language prompt described in Section 3.2, we annotate
approximately 10% of neurons in an autoencoder with 2048 latents using a general purpose
language model. We find that GPT-40 produces a large number of valuable annotations,
although it fails to differentiate between closely related and unrelated sets of SMILES
strings. Section A.1 contains the full collection of GPT-40 annotated sparse autoencoder
features.
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Neuron #254

1. CC(=N/N/C(N)=N/[N+]1(=0)[0-]1)/C(C)=N\N/C(N)=N/I[N+](=0)[O-]
NS(=0)(=0)N1CN(S(N)(=0)=0)CN(S(N)(=0)=0)C1
CS(C)(=0)=NS(=0)(=0)N1CCN(CC2(C#N)cCccC2)cCC1
NC(=S)N/N=C/Cnlccc(=0)n(C/C=N\NC(N)=S)c1=0
CCs(=0)(cC)=Ns(=0)(=0)N1CCN(CC(N)=0)C(=0)C1

o ~ 0w D

Interpretability Score: 5

Summary: Neuron detects sulfonamide
S(=0)(=0)N motif presence in sequences.

Reasoning:

1. The common feature is the presence of
sulfonamide (S(=0)(=0)N) motifs.

2. These motifs are frequent in antibiotics
and sulfonamide-based drugs.

3. The patterns are structured around
sulfonamide and nitrogen linkage.

Figure 5.4: Example GPT-40 annotation and the highest neuron
activations of the corresponding feature.

The language model links annotated neurons to a diverse set of chemical attributes and
functional groups, including;:

o Amide and Sulfonamide Linkages: Presence of amide (-~CONH-) and sulfonamide
(-S02NH-) groups.

e Trifluoromethyl and Nitro Groups: Functional groups such as trifluoromethyl
(-CF3) and nitro (-NOg) are common activation triggers.

e Carbonyl Functional Groups

e Alkyne and Ester Groups

Out of the 200 neurons annotated, the language model categorizes 22 neurons as exact
identifiers of specific sequential patterns, each receiving an interpretability score of 5.
Additionally, 13 latent variables are assigned a score of 3, indicating that they are inter-
pretable, while only a single neuron is given a score of 2, signifying that it is somewhat
interpretable. The remaining 164 features within the sparse autoencoder (SAE) are eval-
uated as highly interpretable, each assigned a score of 4. Notably, none of the neurons are
classified as uninterpretable.

The assignment of high interpretability scores (4 and 5) to 186 out of 200 neurons suggests
a bias in the grading system towards plausible but incorrect explanations and it may
indicate that the model is overly optimistic about its ability to interpret latent features.
This overrepresentation can lead to a false sense of confidence in interpretability of SAE
features.
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Neuron #1820

1.0=IN+]([0-])OCC(COIN+](=0)[0-]1) (COI[N+](=0)[0-]) COIN+](=0)[O-]
2.FC(F)C(F)(F)cocCclnc(-c2ccc3cc[nHlc3n2)no1
3.FC(F)(F)C(F)(F)COCCN1CCC(N2CcCCCC2)CC1
4.FC(F)Ocl1ccccc1C=NNCC(F)(F)C(F)(F)F
5.FC(F)C(F)(F)coCclnoc(Cc2nc3ncccn3n2)ni

Interpretability Score: 4

Summary: Sequences mainly contain
fluorinated chains and nitro groups.

Reasoning:

1. Many sequences contain
trifluoromethyl (CF3) and
perfluorinated (fluorine-rich) groups.

2. Several sequences have nitro groups,
especially at aromatic rings.

3. There are frequent oxygen atoms
connected through ethers or oxides.

4. Heterocycles, especially those with
nitrogen, are common in these
SMILES.

5. Presence of aromatic and non-
aromatic carbon chains linked with
fluorinated groups.

Figure 5.5: Example GPT-40 annotation and the highest neuron
activations of the corresponding feature.
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Chapter 6

Discussion

6.1 Applications

We argue that integrating sparse autoencoders with molecular language models offers sig-
nificant potential for understanding and enhancing various stages of drug development
pipelines. Given that chemical transformers are trained to model more structured se-
quences compared to general-purpose language models, SAEs have the potential to explain
model behavior with greater clarity. Monitoring interpretable features allows researchers
to identify causal relationships within the model’s operations effectively. SAEs are cheap
to train and can be used as drop-in additions in existing models and pipelines with mini-
mal effort. Steering algorithms, as outlined in Section 3.3, provide a zero-cost method for
controlling sample attributes and can be applied during inference without the need to fine-
tune the language model or train additional classifiers. Theoretically, sterring interpretable
SAE activations instead of transformer representations may enhance the understanding of
model behavior and enable the model to pick up on critical attributes, rather than being
perturbed by noisy and uninformative representations from the guiding examples.

6.1.1 Scientific Understanding

SAEs decompose complex molecular representations into potentially interpretable latent
features. By mapping specific latent activations to molecular substructures or functional
groups, researchers can explore structure-activity relationships more effectively. A detailed
understanding of chemical space enables the rational modification of molecular scaffolds to
enhance desired biological activities while mitigating adverse effects. For instance, identi-
fying latent features corresponding to key pharmacophores can streamline the optimization
of lead compounds.

Feature interpretability can be applied to analyze and explain existing libraries of ther-
apeutic drugs without the need to generate new molecules or use chemical transformers
for de novo synthesis. Using large language models for automated feature annotation,
as described in Section 3.2, provides an effective approach to generating a large number
of high-quality feature explanations. This approach can be leveraged to identify patterns
and relationships within molecular datasets that may be overlooked by human annotators.
Automated analysis offers new insights into molecular properties and their interactions,
supporting knowledge discovery and the formulation of hypotheses. Understanding the
chemical properties of existing molecular data can guide experimental validations and
inform subsequent rounds of drug design.
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6.1.2 Conditional Generation

SAE steering allows for generating molecules with predefined characteristics by manip-
ulating specific latent features. Conditional generation through interpretable features is
valuable for designing compounds with targeted properties, such as high binding affinity
to specific protein targets or optimized pharmacokinetic profiles, including ADME pa-
rameters. SAE activation interventions can produce diverse libraries of compounds that
satisfy multiple criteria simultaneously, while also benefiting from explainability.

Targeted Drug Design: SAEs can help in designing compounds with high binding affin-
ity to specific protein targets by controlling latent features associated with binding motifs.
This precision may allow for the optimization of drug-target interactions, increasing effi-
cacy while reducing off-target effects.

Pharmacokinetic Optimization: by steering latent features related to pharmacokinetic
properties, SAEs can generate molecules with optimized ADME profiles. This includes
improving solubility, stability, and bioavailability, which are critical factors in the drug
development process.

High-Throughput Virtual Screening: Activation interventions can help create ex-
tensive and diverse molecular libraries that meet predefined pharmacological and physic-
ochemical criteria. These libraries can potentially be used in high-throughput virtual
screening (Omar et al., 2021) to identify promising candidates for further experimental
validation, thus accelerating lead identification.

Scaffold Hopping: Scaffold hopping (Sun et al., 2012) is essential for avoiding intellectual
property conflicts and minimizing off-target effects associated with structurally similar
compounds. Guided models may be able to generate novel scaffolds that retain essential
biological activities while introducing structural diversity.

Algorithms for in silico drug development frequently incorporate multi-objective optimiza-
tion frameworks to evaluate and prioritize compounds based on multiple combined criteria,
often including properties such as potency, selectivity, and favorable metabolic profiles.
SAE activation steering (and activation steering in general) can be easily adapted to nu-
merous combinatiorial and gradient-based optimization methods. Activation steering can
be integrated with commonly used molecule optimization algorithms, such as search-based
methods (e.g., Sun et al. (2022)) and reinforcement learning approaches, including those
demonstrated in Loeffler et al. (2024), or with AlphaZero-style Monte Carlo Tree Search
(MCTS) (Silver et al., 2017), to iteratively improve the quality of generated samples.

6.2 Related Work

Our research builds on a large corpus of language modeling and interpretability research.
The primary influences of this work are the Gemma 2 family of models (Team et al.,
2024), early research on dictionary learning with sparse autoencoders (Bricken et al.,
2023; Templeton et al., 2024), and contrastive activation steering, particularly activation
addition (Turner et al., 2024). We take inspiration from Nanda et al. (2024) and Templeton
et al. (2024) in using SAE features to steer models.

Here, we list some of the related works that are adjacent to our research. This list is meant
as a starting point for exploring the applications of generative artificial intelligence to de
novo drug development and should not be viewed as an exhaustive resource. Readers are
encouraged to use it as a springboard for further research.
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Machine learning methods are becoming widespread in most subfields of therapeutics.
Tang et al. (2024) provides a comprehensive overview of current directions and key con-
cepts in generative modeling for de novo drug development, including a review of popular
datasets, network architectures, and modeling tasks.

Generative Models in Therapeutics: Generative modeling is frequently applied to
design new chemical structures for therapeutic applications. These models use various ar-
chitectures to generate molecules with specific properties. Common architectures include
variational autoencoders, as discussed in Gémez-Bombarelli et al. (2018); Hu et al. (2023),
generative adversarial networks presented in Zhao et al. (2021), and recurrent neural net-
works, as described in Popova et al. (2019); Zhang et al. (2021). Junction Tree Variational
Autoencoders (Jin et al., 2018) have achieved significant performance in generating molec-
ular structures and are one of the most popular choices for generative chemistry. Graph
neural networks are commonly applied to molecular generation tasks (e.g., Wang et al.
(2022); Bongini et al. (2020)) for their explainability. Recently, certain types of diffusion
models gained popularity for their ability to model chemical structires in 3 dimensions.
Equivariant diffusion (Hoogeboom et al., 2022) is employed to produce three-dimensional
molecular structures and Xu et al. (2022) utilize geometric diffusion for creating molecular
conformers.

Generative models are used in a wide range of conditional generation tasks. Among others,
popular conditional architectures include latent diffusion (Chang and Ye, 2024), graph
diffusion transformers (Liu et al., 2024), and Spanning Tree-Based Graph Generation
(Ahn et al., 2022).

Molecular Language Models: Experiments in Flam-Shepherd et al. (2022) demon-
strate that RNN-based language models can learn complex molecular distributions even
outperforming models based on graphical representations. The success of the transformer
architecture inspired a large body of scientific work in molecular generation. Transformers
are used both as standalone molecular generators and in conjunction with other neural
architectures, such as graph neural networks, e.g. in Wang et al. (2023). Decoder-style
molecular language models such as Ross et al. (2024) have exhibited high an ability to gen-
erate high quality samples. Chaves et al. (2024) train an autoregressive language model on
multimodal therapeutics data with 540B parameters, including text and SMILES strings.
Encoder-style chemical language models, such as Liu et al. (2023) are commonly used for
embedding molecules into a high-dimensional latent space.

6.3 Limitations

In our study, SAEs were trained on only 10% of the language model’s training data and
subsequently evaluated on a just 5% of the available data due to the high demand in disk
space. This restricted data use potentially limits the SAE’s exposure to diverse molecular
structures, resulting in a constrained range of interpretability. The majority of this work
is confined to evaluating a one-layer transformer model, leaving the application of SAEs
on multi-layer models with larger capacities largely unexplored.

Our proposed method for automating feature annotation requires human supervision to
ensure the accuracy of GPT-generated annotations. Although language models are are
promising tools for producing high-fidelity feature descriptions, human involvement re-
mains necessary for validating context-sensitive evaluations of molecular structures.
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In Section 4.2, we only consider a single contrastive pair to evaluate conditional generation.
This limits insights into the generalizability of activation steering across more diverse
molecular pairs.

Larger transformers, despite their capacity to generate high-quality structures, quickly
overfit on 10 million molecules from ZINC. This suggests that training should involve
much more molecules, and also that hyperparameters should be further optimized and
additional regularization should be introduced to prevent excessive memorization.

6.4 Future Work

Future work should address these limitations by scaling up to more comprehensive molec-
ular datasets, potentially including hundreds of millions of molecules. The use of advanced
tokenizers, such as byte-pair encodings (Sennrich et al., 2016), should also be considered
for training larger networks. This investigation should include an analysis of how more
complex tokenization affects interpretability and SAE activations working on different
chemical attributes.

Expanding sparse autoencoder architectures for larger transformer models and applying
them to multi-layer transformers could reveal more complex feature hierarchies and could
open a door to applications in large-scale drug development pipelines.

The automation of GPT-based annotation should be refined by introducing a more so-
phisticated grading system that can critically evaluate relationships between SMILES
sequences. Adjusting criteria to grade interpretability by molecular function rather than
activation frequency alone may yield more insightful chemical explanations and better
align model outputs with human intuition.

For conditional generation, more systematic analyses using diverse contrastive pairs can of-
fer a clearer understanding of how specific properties—Ilike hydrophilicity or target binding
affinity—affect molecular generation. Additionally, implementing inference-time optimiza-
tion methods, such as MCTS and gradient-based optimization, may enhance the steering
capabilities of autoencoders and allow for finer control of molecular outputs based on
pharmacological objectives.

Exploring improved SAE architectures, such as JumpReLU (Rajamanoharan, Lieberum,
Sonnerat, Conmy, Varma, Kramér and Nanda, 2024), TopK (Gao et al., 2024), and Gated
SAEs (Rajamanoharan, Conmy, Smith, Lieberum, Varma, Kramér, Shah and Nanda,
2024), may further refine feature extraction and sparsity control, particularly in high-
capacity models.
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Appendix

A.1 List of Annotated Features

Table A.1: Activation annotations generated by GPT-40 on the 200 most frequently
activating residual stream SAE neurons.

Neuron Interpretability Total Summary

ID Score Activations

#838 5 14,335,266 Neuron fires on nitrogen-rich,
heterocyclic aromatic compounds
with linking groups.

#682 5 14,117,890 Neuron detects cyclopropane rings
and amide groups consistently.

#1889 5 13,510,007 Frequent identification of
fluorinated carbons and cyclic
amide linkages.

#808 5 12,779,795 Activation caused by chiral centers,
aromatic rings and nitrogen groups.

#68 5 12,110,513 Firing based on carbonyl groups
adjacent to heterocycles.

#1139 5 11,931,712 Trifluoromethyl groups frequently
cause neuron activation in SMILES
sequences.

#1554 5 11,511,736 Neuron activates on
sulfonamide-containing molecules.

#714 5 10,947,274 Neuron activates on bicyclic
nitrogen-containing heterocycles in
molecules.

#492 5 10,823,513 Neuron is activated by compounds
with chiral amides and cyclic
structures.

H#487 5 10,718,013 Triggered by alkyne and certain
N-cyclic structures.

#905 5 10,621,497 Neuron fires on molecules
containing nitro functional groups
prominently.

H#787 5 10,496,106 Strong activation with chlorine-rich

structures, both aromatic and
aliphatic.
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Table A.1 — continued from previous page

Neuron Interpretability Total Summary

ID Score Activations

#254 5 10,182,799 Neuron detects sulfonamide
S(=0)(=0)N motif presence in
sequences.

#1206 5 9,836,821 Neurons fire on nitro groups and
aromatic aromatic rings.

#1777 5 9,496,563 Activation is caused by

nitrogen-containing heterocycles
with chiral centers.

#437 5 9,218,521 Neurons activate based on
sulfonamide groups and aromatic
systems.

#1630 5 8,786,477 Neurons identify cyclic and

macrocyclic tautomeric
lactam /lactone structures.

#385 5 8,405,214 Neuron activation due to nitro
groups in structures.

#1569 5 8,167,644 Activation by trifluoromethyl and
bulky structure features observed.

#178 5 7,903,809 Firing prioritizes 5-membered rings
containing nitrogen and oxygen.

#1860 5 7,811,294 Neuron detects fluorinated groups
and amide linkages in heterocycles.

#1986 5 7,104,430 Common structural motifs:
sulfonamides, amides, cyclic,
stereochemistry.

#946 4 15,683,313 Neurons activated by polycyclic

structures with multiple carbonyl
and amide groups.

#1734 4 14,754,900 Neurons fire on structures with
complex stereochemistry and
conjugated systems.

#431 4 14,745,007 Neurons fire on nitrogen-containing
heterocycles and amide linkages.

#850 4 14,607,511 Activation linked to cyclic amide
and bicyclic structures with
carbonyl.

#167 4 14,540,445 Strained cyclic structures, alkynes,
and tertiary amines dominate
reactions.

#1594 4 14,091,796 Focus on methoxyphenyl and
carbonyl group presence in
structures.

#392 4 13,959,108 Chiral centers and nitro groups
dominate activations.

Continued on next page
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Table A.1 — continued from previous page

Neuron Interpretability Total Summary
ID Score Activations

4872

#1227

4641

4466

4536

#1548

41471

#1183

#1394

41614

#1153

4396

4904

4555

#1050

#218

4

13,854,308

13,827,253

13,668,066

13,566,433

13,547,433

13,440,570

13,362,574

13,320,926

13,195,324

13,164,116

13,072,367

13,047,470

12,860,326

12,840,367

12,794,834

12,697,268

Common substructures: nitro
groups, heterocycles with
carbonyls/sulfonyls.

Neuron fires on heteroaromatic
rings and stereochemistry patterns.
Molecules contain sulfonamides,
nitro groups, and heteroatomic
structures.

Neuron identifies structures with
cyclic amides and diverse
substitutions.

Triggers on isopropyl/tert-butyl
lactam compounds.

Activation caused by nitrogen
heterocycles, tertiary amines, and
stereochemistry.

Frequent oxygen and aromatic
rings, suggesting ether or alcohol
motifs.

Neuron activation on peptide and
cyclic structure features.
Sequences often contain
trifluoromethyl groups on aromatic
rings.

Neuron identifies aromatic
heterocycles; pyridine and oxazoles
emphasized.

Neurons activate on polycyclic,
hydroxylated molecules with
stereocenters.

Neuron activation indicates
presence of nitrogen in cyclic
structures.

Frequent ester and amide
functional groups with steric
branching.

Neuron activates on patterns
related to amide and peptide
bonds.

Chiral molecules with complex
stereochemistry and diverse
functional groups.

Neuron fires on aromatic rings and
nitro groups.
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Table A.1 — continued from previous page

Neuron Interpretability Total Summary

ID Score Activations

#1316 4 12,687,619 Activation centers on nitrogen
heterocycles and secondary amide
structures.

#614 4 12,676,255 Neuron activates on polycyclic
structures with amines and amides.

#1760 4 12,582,517 Neuron activates on linear chains,
chiral centers, amides, heterocycles.

#340 4 12,540,669 Nitrogen-containing heterocyclic
rings with conjugated systems
trigger activation.

#1944 4 12,470,330 Frequent trifluoromethyl and chiral
centers suggest activation causality.

#1362 4 12,400,786 Neurons activate on structures with
aromatic rings and nitro groups.

#71 4 12,318,389 Tertiary carbons connected to
carbonyl and nitrogen groups.

#1202 4 12,292,699 Neuron identifies aromatic
heterocycles with amide linkages.

#1952 4 12,208,291 Activation triggered by amide
bonds and chiral center presence.

#193 4 12,074,223 Activation due to chiral centers
and tertiary amines.

#1799 4 12,032,501 Focuses on amines and cyclic
structures with nitrogen atoms.

#1020 4 12,031,351 Neuron activates on aromatic
nitrogen-containing heterocyclic
rings.

#1054 4 11,982,558 Activation often occurs with cyclic
structures and chirality features.

#28 4 11,967,388 Activated by amides with
conjugated and cyclic heterocyclic
structures.

H#474 4 11,961,490 Neuron activated by nitro groups
and specific heterocyclic patterns.

#732 4 11,945,897 Neuron fires on cyclic amides with
complex, stereochemical structures.

#418 4 11,923,361 Neuron fires on trifluoromethyl
(C(F)(F)F) and carbonyl presence.

#577 4 11,873,304 Sequences often contain
N-substituted amide groups in
carbon chains.

#168 4 11,755,377 Sensitive to nitrogen-rich
heterocyclic and nitro/nitroso
groups.

#33 4 11,737,422 Neurons fire on lactam rings with

adjacent chiral centers.

42

Continued on next page



Table A.1 — continued from previous page

Neuron Interpretability Total Summary
ID Score Activations

4590
4979
#1870

41408

41660

4289

4869

#169

#1415

#61

49208
4840

#1656

41956

4892

41474

4365

44490

4

4

11,645,994
11,563,171
11,527,636

11,485,779

11,462,967

11,407,904

11,394,644

11,371,621

11,370,762

11,282,420

11,190,749
11,170,296

11,022,230

10,998,439

10,990,765

10,941,280

10,897,617

10,890,201

Neurons likely recognize chiral
centers with specific substituents.
Neurons highly activate on nitro
groups in molecular structures.
Neuron activation is triggered by
carbohydrates and chiral centers.
Strong activation by tertiary
groups with trifluoromethyl
substitutions.

Activated by aromatic structures
with nitrogen and nitrile groups.
Activated by carbonyls,
heterocycles, and nitro or
sulfonamide groups.

Neuron detects conjugated double
bonds and cyclic saturation
patterns.

Molecules contain imine or
thioimine C=N/S bonds.

Prefers sequences with nitrogen
heterocycles and specific chiral
centers.

Neuron activates on nitrogen
heterocycles and
carbonyl-containing structures.
Activation due to multiple amide
linkages and cyclic structures.
Neuron fires on nitro groups and
bulky ester linkages.

Neuron identifies complex
multi-ring heterocyclic aromatic
structures.

Activation occurs on nitro groups
and aromatic rings presence.
Neuron fires on cyclic amides,
especially lactams or related
structures.

Activation related to combined
amide bonds and nitrile groups
presence.

Frequent firing on amides and
cyclic compounds with chiral
centers.

Neuron fires on lactam-containing
heterocycles with specific
stereochemistry.

43

Continued on next page



Table A.1 — continued from previous page

Neuron Interpretability
ID Score

Total

Activations

Summary

#1812 4

#1820 4

464 4

41088 4

#1277 4

#1771 4

#1726 4

4460 4

#856 4

#1701 4

#1907 4

41858 4

#1085 4

#1274 4

#994 4

#1962 4

#17 4

4406 4

10,871,093

10,837,841

10,802,889

10,789,035

10,747,417

10,705,700

10,623,522

10,618,296

10,463,378

10,453,497

10,446,048

10,432,906

10,421,268

10,413,562

10,372,360

10,312,154

10,300,828

10,218,439

Cyclic amides and stereochemistry
configuration are key activation
features.

Sequences mainly contain
fluorinated chains and nitro groups.
Neuron activates on fused
nitrogen-containing heterocycles
and nitrile groups.

Neurons identified N-C bonds with
nitrogen-containing groups and
tautomerism.

Fires on molecules with amides and
ring structures.

Activation generally linked to
chiral centers and complex bicyclic
systems.

Frequent activation on bicyclic
amidine structures with
N-substitution.

Neurons fired on SMILES with
tertiary alkyl structures.

Neurons fire on acetylenic and
aromatic structures with nitrogen
atoms.

Neuron activates on tertiary amide
with cyclic structure in sequences.
Compounds predominantly feature
aromatic rings with acylated
nitrogen groups.

Fires on nitrogen-containing rings,
amide linkages, and branching.
Neuron activation likely by
nitrogen-containing heterocycles in
these molecules.

Neuron fires on chiral centers with
bulky groups nearby.

Recognition of pyrrole-like
structures and thiazole-like
systems.

Activation linked to nitrogen
groups and cyano functionality
presence.

The neuron is triggered by cyclic
structures and amide linkages.
Neurons activate on chiral centers
and cyclic amide structures.
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Table A.1 — continued from previous page

Neuron

ID

Interpretability
Score

Total
Activations

Summary

4861

4653

#1336

4573
4554
4874

#2045

#1526

#2034

#267

#1738

4501

#215

41668

#37

4375

458

4

10,175,177

10,126,602

10,114,611

10,018,571
9,999,170
9,903,562

9,801,920

9,672,879

9,654,051

9,635,721

9,432,455

9,401,523

9,381,794

9,348,769

9,323,934

9,321,676

9,297,390

Neuron activates on molecules with
heterocycles, chiral centers,
carbonyls, fluoro/nitro groups.
Neuron activates on complex
bicyclic N-heterocycles with
carbonyl groups.

Tertiary amines linked to
heterocycles seem crucial for
activation.

Activation caused by nitro and
sulfonyl groups, plus sterics.
Neuron fires on SMILES with
chiral centers and amide groups.
Neurons detect double bonds and
amide linkages in SMILES.
Neuron responds to aromatic rings
with acyl, sulfonamide, cyano
groups.

Neuron activated by nitro groups
and multicyclic structures in
molecules.

Nitrogen heterocycles, especially
piperazine, activate neuron
significantly.

Neuron fires on bicyclic structures
with quaternary carbons.
Trifluoromethyl groups and
aromatic rings contribute to neuron
firing.

Neuron activation likely due to
stereochemistry and amide bond
pattern.

Neuron activates on chiral centers
and amide/ester functional groups.
Neuron strongly correlates with
presence of lactam and amide
structures.

Sequences predominantly feature
cyclic amides and nitrogenous
heterocycles.

Fires on nitrogen heterocyclic and
amide-connected molecular
structures.

Activated by stereochemistry, nitro
groups, and conjugated carbonyl
systems.
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Table A.1 — continued from previous page

Neuron Interpretability Total Summary

ID Score Activations

#120 4 9,284,008 Common feature is trifluoromethyl
group presence and various amides.

#1619 4 9,283,839 Activated by nitrogen-containing

heteroaromatic systems with
complex substitutions.

#1025 4 9,242,310 Activation largely due to
trifluoromethyl and cyano groups.
#1788 4 9,102,646 Neuron activation is driven by

specific stereochemistry and
carbonyl presence.

#164 4 9,097,246 Frequent presence of nitro-aromatic
systems with complex substituents.

#1874 4 9,062,914 Sequences emphasize cyclic amine
derivatives with amide and nitroso
groups.

#1765 4 9,057,990 Neuron globally activates on
aromatic amides and nitrogen
heterocycles.

#1781 4 9,039,219 Neuron identifies chiral centers and
amide-linked cyclic structures.

#701 4 9,027,446 Neuron activation likely linked to
complex nitrogen-containing
heterocycles.

#1710 4 9,022,241 Neurons fire on tertiary
amine-containing heterocycles and
nitrogen patterns.

#82 4 8,928,340 Neuron identifies bulky
cyclohexane derivatives with amide
linkages.

#912 4 8,883,784 Activation primarily by nitrogen

heterocycles and conjugated
aromatic systems.

#655 4 8,838,333 Neuron activates on chiral centers
and bulky group arrangements.

#1708 4 8,750,706 Neurons fire on sulfur-containin,

g
compounds with specific
substituents.

#676 4 8,748,159 Amides and nitriles frequently
cause neuron activation.

#1445 4 8,732,337 Consistent presence of nitro groups
and complex aromatic ring
structures.

#694 4 8,694,816 Neurons trigger on oxo-linked

heterocycles; notable aromaticity
and amides.

Continued on next page

46



Table A.1 — continued from previous page

Neuron Interpretability Total Summary

ID Score Activations

#462 4 8,681,960 Activation due to presence of amide
bonds and complex structures.

#1711 4 8,669,973 Focus on chiral centers and amide
groups.

#217 4 8,660,106 Neuron activates on conjugated
systems with carbonyl and cyclic
motifs.

#19 4 8,620,205 Neuron detects nitrogenous

heterocycles, especially imidazole
and pyrrole, plus amides.

#1856 4 8,604,376 Activation on multi-aromatic
systems with nitrogen and ether
groups.

#404 4 8,557,431 Neuron fires on branched molecules
with carbonyl and chiral centers.

#1253 4 8,557,246 Molecules contain carbonyl groups
adjacent to aromatic or similar
rings.

#337 4 8,471,867 Activations caused by sulfone and
cyclic amine structures, with
fluorine.

#1494 4 8,470,998 Activated by isothiourea or
conjugated enamine structures.

#401 4 8,396,102 Neurons activate on sequences with
amide bonds or lactams.

#214 4 8,331,983 Frequent activation by molecules
with tertiary carbon centers or
cyclics.

#820 4 8,272,751 Neurons respond to heterocyclic
aromatic structures with nitro or
nitroso groups.

#500 4 8,135,854 Neurons activate on molecules with
tertiary amines and
trifluoromethyl.

#230 4 8,109,915 Neurons activate on aromatic rings,
prominent substituents, and
amides.

#52 4 8,071,987 Fluorinated groups and
nitrogenous heterocycles trigger
consistent neuron activation.

#1724 4 7,988,751 Fires on nitrogen-containing
heteroaromatic systems.

#1289 4 7,926,575 Firing on bicyclic aromatic systems
with nitro and carbonyl groups.

#1581 4 7,908,402 Activated by amide bonded to

aromatic with chiral heterocycles.

Continued on next page
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Neuron Interpretability Total Summary

ID Score Activations

#908 4 7,886,333 Neuron fires on nitrogen
heterocycles with complex chirality.

#5 4 7,884,500 Nitrogen-based functional groups
and chiral centers prominently
feature.

#1638 4 7,842,048 Neuron activation by cyclic amines
and stereochemical annotations.

#801 4 7,800,960 Neuron targets nitrogen and
oxygen heterocycles or associated
substitutions.

#1912 4 7,795,500 Neurons activate on polycyclic

structures with hydroxyl and
carboxamide groups.

#1410 4 7,755,886 Neuron activates on branched
structures with bulky substituents.

#207 4 7,713,157 Activation likely due to
carbon-nitrogen double bond
presence.

#1842 4 7,703,644 Neuron detects aromatic rings with
amide or ester linkages.

#1825 4 7,675,272 Activated by chiral centers and
aromatic ring structures.

#1586 4 7,590,379 Neuron fires on cyclic amines with
carbonyl linkages and
stereocenters.

#1666 4 7,539,835 Neurons activate on lactam-like
structures with cyclic heterocycles.

#126 4 7,539,264 Neurons respond to nitro, fluoro,
and azide groups’ presence.

#899 4 7,532,768 Neuron highly activates on

nitrogen-containing ring structures
with stereochemistry.

#1156 4 7,528,199 Neuron fires for nitrogenated
heterocycles and carbonyl groups
in molecules.

#1648 4 7,478,093 Neuron activated by
nitro-aromatized heterocyclic
structures in SMILES strings.

#99 4 7,389,556 Focuses on amide-linked cyclic
nitrogen heterocycles with
substituents.

#1347 4 7,350,801 Activates on complex spirocyclic
and bicyclic ring systems.

#1776 4 7,309,030 Neuron likely activates on cyclic

amides and heterocyclic structures.

Continued on next page
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Table A.1 — continued from previous page

Neuron

ID

Interpretability
Score

Total
Activations

Summary

4967

4114
#1545

41484

41652

#963

#1072

4533

#1268

#7137

41122
#310

#1329

4957
4544

#1514

#4671

4

7,292,152

7,291,325
7,288,318

7,239,561

7,216,261

7,117,337

7,106,610

7,018,854

6,984,059

6,943,313

6,906,624
6,882,691

6,835,644

6,798,752
6,775,548

14,425,708

13,504,682

Activation likely due to aromatic
rings and nitrogen-containing
functional groups.

Neuron fires on chiral centers with
cyclic, amide structures.
Activation on conjugated C=C
double bonds or carbonyl groups.
Bicyclic/tricyclic nitrogenous
structures with amide
functionalities occur frequently.
Neuron activation is driven by
chiral macrocyclic and amide
structures.

Activation primarily caused by
nitro group presence in structures.
Neuron activated prominently by
nitrogenous and nitro-containing
aromatic structures.

Neuron activation correlates with
nitrogen functionalities in chemical
structures.

Neuron identifies chirality and
complex bicyclic or polycyclic
structures.

Neurons activate on molecules with
chiral centers and nitrogen
heterocycles.

Neuron fires on nitrogen-containing
heterocycles with conjugation.
Neurons fire on C=C bonds and
S(=0)(=0) near N=C.

Activates on molecules with
fluorinated alkyl chains and amine
groups.

Cyclic molecules with amide bonds
consistently activate this neuron.
Neuron recognizes cyclic amide
structures with bulky substituents.
Neuron activation on heterocycles
and oxygen-related functionalities
detected.

Neuron activates on complex cyclic
structures with heterocycles and
chiral centers.
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Table A.1 — continued from previous page

Neuron

ID

Interpretability
Score

Total
Activations

Summary

#1453

41489

H177

#1720

446

#379

#1546

41863

4717

#1882

44489

#1187

3

12,305,247

11,206,587

10,716,672

10,465,084

10,224,183

9,455,414

9,314,098

7,684,831

7,555,941

6,981,722

6,041,828

11,284,726

Neuron responds to tetrahedral,
sterically hindered cyclic amine
arrangements.

Common features are methoxy and
amino groups in SMILES strings.
Neuron likely detects
trifluoromethyl groups and bulky
substituents.

Activated by conjugated systems
and geometric isomerism.

Neurons activate on molecules with
complex stereochemistry and
aromaticity.

Neuron activates on hydroxylated
carbohydrate and fluorinated cyclic
structures.

Activation linked to sulfonamide
groups and heterocycles containing
nitrogen.

Sequences feature chiral centers
and nitrogen-containing functional
groups.

Neuron activates on carboxylic
acids and aromatic rings.

Neuron recognizes fluorinated
hydrocarbons and cyclic structures
in SMILES strings.

Neurons likely target aromatic
heterocycles with specific
substitution patterns.

Neuron activation by amides with
diverse heterocycles.
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A.2 Additional Generated Molecules
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Figure A.2.1: Novel SMILES strings and corresponding molecules
hand-picked from 10K generated samples, annotated with drug-
likeness and synthetic accessibility scores.
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