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ABSTRACT

Deep neural networks excel in mapping genomic DNA sequences to associated
readouts (e.g., protein–DNA binding). Beyond prediction, the goal of these net-
works is to reveal to scientists the underlying motifs (and their syntax) which drive
genome regulation. Traditional methods that extract motifs from convolutional
filters suffer from the uninterpretable dispersion of information across filters and
layers. Other methods which rely on importance scores can be unstable and un-
reliable. Instead, we designed a novel mechanistically interpretable architecture
for regulatory genomics, where motifs and their syntax are directly encoded and
readable from the learned weights and activations. We provide theoretical and
empirical evidence of our architecture’s full expressivity, while still being highly
interpretable. Through several experiments, we show that our architecture excels in
de novo motif discovery and motif instance calling, is robust to variable sequence
contexts, and enables fully interpretable generation of novel functional sequences.

1 INTRODUCTION

Transcription factors (TFs) are proteins that regulate genes by recognizing and binding to specific
short DNA sequence patterns—or “motifs”—in the genome (Lambert et al., 2018; Siggers & Gordân,
2014). High-throughput experiments measure regulatory activity—such as protein–DNA binding or
associated readouts—across the genome (Consortium, 2012). In general, the regulatory function of a
DNA sequence is defined by the combination of motifs in that sequence, and these combinations have
a soft syntax (i.e., density, spacing, orientation, and co-binders). These syntactical rules also depend
on surrounding context and cell type. Although challenging, understanding the motifs (and their
syntax) which regulate the genome is crucial for many scientific and medical tasks, such as disease
diagnosis and design of novel therapies (e.g., CRISPR). There is thus a great need for techniques
which perform de novo motif discovery (i.e., extracting motifs and syntax from these experiments).

Recently, de novo motif discovery has been chiefly performed by sequence-to-function deep neural
networks (DNNs). These DNNs take a DNA sequence as an input, and predict a functional label
measured by a biological experiment (e.g., a binary label denoting if a TF bound to that sequence).
These expressive models have achieved state-of-the-art performance in mapping DNA sequences to
regulatory labels, thus proving that they accurately learn underlying motifs and their syntax (Kelley
et al., 2016; Žiga Avsec et al., 2021b; Linder et al., 2023). The common goal of these DNNs is to
ultimately reveal these learned motifs and syntax that underpin genome regulation (Novakovsky et al.,
2022a). Notably, recent work has shown that motif discovery from these sequence-to-function DNNs
has far surpassed the ability of traditional statistical methods (Tseng, 2022).

There are two main classes of methods that extract motifs from a trained DNN. As these DNNs are
almost universally convolution-based in early layers (Novakovsky et al., 2022a), a very common
approach is to extract a motif from each first-layer filter (Kelley et al., 2016). This method, however,
suffers from the critical limitation that information (including motifs) tends to be distributed or
dispersed across filters and layers, thus there is no guarantee that any single filter will learn a
biologically meaningful motif (Figure 2a). The second class of methods relies on importance scores,
which attempt to measure the contribution of individual DNA bases to the output prediction, with
the assumption that bases in motifs have elevated importance. By integrating throughout the whole
DNN, importance scores bypass the problem of distributed information. Unfortunately, importance
scores are known to be highly unstable and unreliable approximations of a model’s decision making

1



054

055

056

057

058

059

060

061

062

063

064

065

066

067

068

069

070

071

072

073

074

075

076

077

078

079

080

081

082

083

084

085

086

087

088

089

090

091

092

093

094

095

096

097

098

099

100

101

102

103

104

105

106

107

Under review as a conference paper at ICLR 2025

(Ghorbani et al., 2017; Alvarez-Melis & Jaakkola, 2018), and in genomic DNNs, importance scores
typically only show noisy and fragile motif instances (Supplementary Figure S1) (Tseng et al., 2020).
In practice, to improve robustness, motif discovery via importance scores requires complex pipelines
composed of many computationally expensive steps, which tend to be delicate and require constant
human intervention (Novakovsky et al., 2022a; Shrikumar et al., 2018).

In this work, we propose a new method of recovering motifs from a sequence-to-function DNN,
based onmechanistic interpretability. Mechanistic interpretability (MI) has recently emerged as a
key research direction to explain complex models (Bereska & Gavves, 2024). Our method,Analysis
of Regulatory Genomics via Mechanistically Interpretable Neural Networks (ARGMINN),
enables motifsand their syntax to be directly readable from the network architecture, without
compromising expressivity or relying on complexpost hocpipelines. In Section 3, we formally
describe the ARGMINN architecture, including several novel architectural contributions including:
1) a regularizer designed to ensure that the �rst layer's convolutional-�lter weights directly encode a
non-redundant set of relevant motifs; and2) a modi�ed attention mechanism which reveals motif
instances and their syntax in any query sequence with a single forward pass.

In Section 4, we show experimental results which demonstrate ARGMINN's interpretability and
its main contributions to regulatory genomics, including:1) superior motif discoveryand motif-
instance/syntax analysis compared to existing approaches forde novomotif discovery;2) robustness
against natural or adversarial sequence modi�cations; and3) the novel ability forfully interpretable
sequence generation. In Section 5, we provide theoretical results on ARGMINN's expressivity,
showing that it can learn any motifs and syntax, whereas previous MI architectures cannot.

2 RELATED WORK

Practically all prevalent genomic DNN architectures have convolutional �lters as the �rst layer (Kelley
et al., 2016; �iga Avsec et al., 2021b; Linder et al., 2023). To recover motifs, most works directly
visualize the �lter weights or average subsequences which highly activate each �lter (Alipanahi et al.,
2015; Kelley et al., 2016). Although this has shown some limited success, these methods assume
that each �lter learns one motif, and each motif is learned by one �lter. This is generally not true
because—without special constraints—motifs are typically learned in adistributedfashion, where
each motif is learned across many �lters and layers (Figure 2a).

As a result, more sophisticatedpost hocpipelines were developed to extract motifs from trained
DNNs. These pipelines integrate over the entire DNN to compute importance scores across the dataset
(e.g., via integrated gradients or DeepLIFTShap (Sundararajan et al., 2017; Shrikumar et al., 2017)),
resulting in an importance score at each position for each sequence. These scores are then segmented
into high-importance regions as putative motif instances. Due to the noisiness of importance scores,
however, these instances must be clustered into clean motifs by tools like MoDISco (Shrikumar
et al., 2018). Each step of this pipeline is computationally expensive, and for most datasets, the time
required to recover motifs is typically over an order of magnitude longer than the time needed to
train the model. Furthermore, these pipelines heavily rely on importance scores from a black-box
model, which can be extremely fragile, as importance scores frequently fail to reveal a model's true
decision-making process (Ghorbani et al., 2017; Kindermans et al., 2017; Alvarez-Melis & Jaakkola,
2018; Tseng et al., 2020).

Within the �eld of explainable AI, there has been some burgeoning work exploring MI, where the
patterns and rules learned by a DNN are re�ected in its physical computation (Bereska & Gavves,
2024). In particular, our work is a type ofintrinsic MI, where the DNN's architecture (e.g., weights
and activations) directly encode learning (Liu et al., 2023; Barbiero et al., 2023; Kasioumis et al.,
2021). This is typically done by increasing sparsity, modularity, and the proportion of monosemantic
neurons (i.e., neurons which learn a single concept). DNNs may also improve their intrinsic MI by
learning logical rules in a more structured way (Riegel et al., 2020; Friedman et al., 2023).

Despite these promising works, constructing intrinsically MI architectures for very general problems
remains dif�cult. However, focusing on more constrained predictive tasks (e.g., motif discovery)
makes MI more feasible, allowing us to restrict computation and the solution space. ARGMINN uses
similar principles as other intrinsic MI works (e.g., sparsity, modularity, monosemanticity, and explicit
logic), but in a biologically grounded manner, making it both highly interpretable and expressive.
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Figure 1:Schematic of the ARGMINN architecture.a) The motif-scanner module produces activations denoting
which motifs were found at each position, where activation magnitude re�ects match strength. The activations
are passed to the syntax builder, which learns higher-order logic between motif instances for the �nal prediction.
b) The motif-scanner module is a single convolutional layer which learns all motifsde novo. Regularization
ensures that each �lter learns one motif (andvice versa), penalizing different �lters from activating based on
the same underlying subsequences.c) The syntax builder is a series of uniquely designed attention layers. An
explicit memory stream tracks the model's state. Each attention layer derives a single query vector from the
memory stream, and key/value vectors from the original activations, to update the memory stream.

Recently, the ExplaiNN architecture also aimed to interpretably learn motifs from DNA sequences
(Novakovsky et al., 2022b). ExplaiNN consists of a set of single-�lter convolutional networks. Each
network ideally learns a distinct motif, and outputs a scalar summarizing binding strength over the
input. The �nal output is a learned linear combination of these scalars. In later sections, we will show
that ARGMINN surpasses ExplaiNN in both interpretability and expressivity.

Our work also relates to concept bottleneck models (CBMs) (Koh et al., 2020; Ghorbani et al., 2019;
Kim et al., 2017), which force decisions to be based on interpretable concepts from an intermediate
layer. While CBMs can provide meaningful explanations, they require pre-de�ned concepts and
concept-labeled inputs, which are labor-intensive to obtain. In our work, ARGMINN can be viewed as
a type of CBM, but the concepts are motifs, andthe concepts are learned entirely from the data, thus
overcoming the typical limitations of CBMs. Furthermore, ARGMINN elucidates syntax between
motifs—rules relating topositioningbetween concepts—in addition to the motifs themselves.

3 ARGMINN ARCHITECTURE

We propose a mechanistically interpretable DNN architecture designed to 1) accurately predict
regulatory function (e.g., protein binding) from DNA sequence; 2) reveal crucial motifs responsible
for function across the dataset; and 3) reveal motif instances and their syntax in any given query
sequence. Importantly, 2) and 3) are directly encoded in the model's weights and activations.

Our architecture consists of two modules trained end to end (Figure 1a). Themotif-scannermodule
is a single convolutional layer which identi�es motifs from the input sequence. We developed a novel
regularizer for the �lters so that the �lter weights directly encode non-redundant motifs, thereby
accomplishing goal 2) above. The convolutional activations are passed to the second module—the
syntax builder—consisting of several layers of modi�ed attention that assemble the syntax and logic
between motifs to produce a �nal prediction. The syntax builder is designed such that the activations
and attention scores immediately reveal motif instances and syntax, thus achieving goal 3).

3.1 MODULE 1: MOTIF SCANNERS

The “motif scanners” are a set ofnf convolutional �lters of widthw, which are scanned across the
input sequence to produce a set of activations (Figure 1b). Thus, a �lter's activation is maximized
when it scans over a one-hot-encoded sequence that exactly matches the encoded motif (motifs
are learnedde novo). The activations are then thresholded by a ReLU function. The additive
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bias parameter of the �lters and the ReLU allow the network to selectively cut off weak matches,
thereby producing more sparse activations. For a 1-hot encoded DNA sequenceS 2 f 0; 1g` � 4, the
convolutional weightsW 2 Rn f � w � 4 (and biasb 2 Rn f ) yield activationsA 2 R( ` � w+1) � n f

+ :

A = ReLU(Conv(S; W; b)) : (1)

Importantly, the �lters are regularized so that each �lter learns one distinct motif, and each motif is
learned by one �lter. This allows motifs to be directly read from the �lter weights after training. We
propose a novel secondary objective which penalizes different �lters from activating on overlapping
sequences. This is combined with a simple L1-penalty on the �lter weights themselves to induce
sparse �lters that directly revealdistinct, non-redundantmotifs.

At each positioni in sequenceS, each �lter aggregates valuesS[i; i + w]. Let a = argmaxf A i g 2
f 0; : : : ; nf � 1g be the index of the maximally activated �lter ati . For all other �ltersb 6= a, if �lters
a andbboth achieve non-zero activation in the same neighborhood ofS, then they should not both
have non-zero weights in the overlapping region (i.e., they should not be attending to the same part
of the sequence). In other words, every position ofS is “protected”: at most one �lter can activate
while attending to any position. If another �lter is activated nearby, then its weights should not be
attending to the protected part of the sequence. Our�lter-overlap regularization then can be de�ned
as the following loss function:

L o(A; W ) =
` � wX

i =0

X

b6= argmaxf A i g

i +( w � 1)X

j = i � (w � 1)

h
A j;b

kWargmaxf A i g[maxf 0; j � i g; w � 1 � maxf 0; i � j g]k1

kWb[maxf 0; i � j g; w � 1 � maxf 0; j � i g]k1

i
: (2)

At each positioni , we compare the �lter weights of the maximally activated �lterWa with the weights
of all other �lters (Wb), at every possible overlapping windowj . We penalize the L1 norm of the
overlapping weights, multiplied by the activation of �lterb (i.e., if Wb is not activated, there is no
penalty). Importantly, this is asoft regularization which the model can choose to ignore if needed for
performance. This regularization helps prevent: 1) two �lters learning the same motif (or the same
part of the same motif); and 2) two �lters learning a motif in an interleaved fashion. However, our
regularization still allows for a long motif to be learned by two �lters, split somewhere down the
middle (or similarly, two half-sites directly next to each other, each learned by one �lter).

In practice, this loss is computed ef�ciently by caching all possible windows of weight sums (for
each value ofj ) once, and at eachi scaling the window products with the activation ofWb.

3.2 MODULE 2: SYNTAX BUILDER

After the motif-scanner module, positional encodingsP are concatenated to the activationsA. The
second module of ARGMINN is the syntax builder, which consists ofnL layers of a custom attention
mechanism that learns syntax between motifs (Figure 1c). In contrast to typical attention, our modi�ed
attention layer has an explicit “memory stream”ml which is updated after each layer (inspired by
Friedman et al. (2023)). Each layer derives asinglequery fromml , resulting in a linear vector of
attention scores rather than a quadratic matrix (this improves both interpretability and ef�ciency).
Importantly, every layer derives key and value vectorsdirectly from the original “tokens” (i.e.,AkP).
Each attention layer can be described as follows:

ql := WQ;l ml � 1; K l := WK;l [AkP]; Vl := WV;l [AkP]

al :=
K l qlp

dql

; ml := ml � 1 + MLP(al Vl );
(3)

wherem0 is initialized as a vector of ones, anddql is the dimension of the query vector. We also
includenh attention heads, but do not show the reshaping operations above for clarity.
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Each layer can attend to multiple motifs (due to the multiple attention heads), and successive layers
allow the model to captureinteractionsbetween motifs (e.g., withk layers, the model can reason
aboutkth-order interactions between motifs). All together, our �nal loss function becomes:

L (S; A; W ) = L pred (f (S); y) + � oL o(A; W ) + � l kW k1: (4)

4 EXPERIMENTAL RESULTS

In this section, we show experimental results demonstrating ARGMINN's advantages in motif
discovery, motif instance calling, robustness, and interpretable generation.

4.1 IMPROVED MOTIF DISCOVERY

To extract motifs from ARGMINN, we applied the procedure from Kelley et al. (2016) to the �rst-
layer convolutional �lters. Speci�cally, we obtained a motif from each �lter by averaging test-set
subsequences which highly activate the �lter (�lters which were never activated in the test set were
dropped) (Supplementary Methods C.4).

Over several simulated and real-world experimental datasets (Supplementary Methods C.1), we
compared the motifs discovered by ARGMINN to those identi�ed by several other methods: inter-
preting the �lters of a standard CNN, ExplaiNN (Novakovsky et al., 2022b), and importance-score
clustering via DeepLIFTShap and MoDISco (Shrikumar et al., 2018). We systematically matched
each discovered motif to the closest known relevant motif. For simulated datasets, we matched
to ground-truth motifs; for experimental datasets, we matched to the closest relevant human mo-
tif. ARGMINN identi�ed known, biologically relevant motifs, and compared to other methods, it
generally missed the fewest relevant motifs and discovered the fewest redundant motifs (Figure
2a–b, Supplementary Figures S2–S5, Supplementary Table S1). For example, ARGMINN trained
on FOXA2 in HepG2 (a pioneer factor) revealed factors in the FOX, HNF4, and CEBP families, all
known to co-localize or co-bind with FOXA (Seachrist et al., 2021; Geusz et al., 2021; Liu et al.,
2020). Notably, in the experimental datasets, the singular most similar motif (an extremely strict
requirement) to an ARGMINN �lter is typically a known relevant motif (e.g., on this FOXA dataset,
ARGMINN identi�ed 4 motifs whose top match was a relevant motif, whereas the traditional CNN
only identi�ed 2, with much weaker similarities). Additionally, ARGMINN's motifs were generally
most similar to the ground truth (Figure 2c, Supplementary Table S2), thus highlighting theirquality.
ARGMINN was also the method which consistently identi�ed the fewest extraneous motifs—patterns
which do not match any biologically relevant motif (Figure 2d, Supplementary Table S6).

In contrast, other methods signi�cantly underperformed compared to ARGMINN. Even when the
standard CNN or ExplaiNN encoded motifs in their �lters, ARGMINN's �lters were far more similar
to the true motifs. ARGMINN also outperformed MoDISco (Shrikumar et al., 2018), which—despite
recovering many relevant motifs—consistently identi�ed less-accurate motifs than ARGMINN
(Figure 2c). Due to the unreliability and noisiness of the importance scores themselves, as well as the
frailty of clustering, MoDISco also foundmanyredundancies and extraneous motifs (Figure 2b, 2d).

4.2 IMPROVED MOTIF INSTANCE CALLING AND SYNTAX DISCOVERY

With previous DNN-based methods, identifying motif syntax required �rst learning motifs (e.g., via
MoDISco) and then scanning sequences to “call” motif instances. Not only is this computationally
expensive, but instance calling by sequence scanning tends to be highly inaccurate (e.g., due to partial
hits or missing context which the DNN would have considered).

Instead, ARGMINN reveals motif instances by tracing attention scores from a single forward pass
on any sequence (Figure 3a). Since every attention layer derives keys/values directly from the
motif-scanner activations, high attention scores directly point to the precise motif instances which the
network deemed important for prediction. Speci�cally, for any input query sequence, we examine the
attention scores across all layers/heads on the forward pass. For each high score (e.g.,> 0:9), we
identify the corresponding sequence position. We then check the motif activations at that position,
and call a motif instance if a motif/�lter has high activation (Supplementary Methods C.4). For
example, trained on an experimental dataset of REST binding, ARGMINN directly recovered the
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Figure 2:Motif discovery.a) Example of SPI1 motifs discovered by ARGMINN, compared to interpreting the
�rst-layer �lters of a standard CNN, using ExplaiNN, and by clustering DeepLIFTShap importance scores using
MoDISco. Note that MoDISco combines forward and reverse-complement orientations.b) For each dataset,
we show whether or not each method successfully recovered each relevant motif (above), and the amount of
redundancy as the number of times each motif was discovered (below).c) To quantify accuracy of the discovered
motifs, for each relevant motif we show the maximum similarity to motifs discovered by each method.d)
For each dataset, we show the number of extraneous motifs—those which do not match any known relevant
motif—that each method discovered (left). We show a few examples of such extraneous motifs discovered for
the CTCF (HepG2) experimental dataset (right).
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Figure 3: Motif instance calling and syntax discovery.a) ARGMINN calls motif instances in any query
sequence in only a forward pass. High attention scores in any attention layer trace directly back to original �lter
activations, which directly map to sequence motifs.b) After training on an experimental dataset of REST binding
in HepG2, ARGMINN revealed the unique binding syntax of REST in both the forward and reverse-complement
orientations, where the half-sites (left and right) bind either adjacently or around 9–14 bp apart.c) We compare
motif instances discovered by ARGMINN to the traditional approach of using MoDISco to discover motifs
and subsequently scanning for them with FIMO. We rank motif instances by con�dence (attention score from
ARGMINN, or FIMO hit q-value), and compute the fraction of true instances that are covered in a top-k fashion.
We also compare to motif instances discovered by scanning for ARGMINN-discovered motifs with FIMO.

unique binding syntax—including spacing preferences—of the two halves of the REST motif in both
directions/orientations (Tang et al., 2021) (Figure 3b).

We then quantitatively evaluated motif instances identi�ed by ARGMINN versus a traditional
pipeline. Namely, using FIMO (Bailey et al., 2015), we called instances of MoDISco-discovered
motifs (Shrikumar et al., 2018) in test sequences. For each method, we ranked instances by con�dence
and computed the number of ground-truth instances recovered by the top-k called instances. For
experimental datasets, we used independently derived binding footprints as ground truth (Vierstra
et al., 2020). In general, ARGMINN's motif instances were far more accurate than those found by the
baseline (Figure 3c, Supplementary Figure S6, Supplementary Table S4). To gain further intuition,
we also compared to motif instances found by using FIMO to scan for ARGMINN-discovered motifs.
ARGMINN identi�ed more accurate motif instances than FIMO, even when FIMO was given the
same set of ARGMINN motifs. This comparison also shows the direct bene�t of using ARGMINN
to perform motif instance calling, compared to the traditional method of sequence scanning.

Finally, to further demonstrate that ARGMINN's attention scores match underlying biological signal,
we show that the positions of high attention scores in experimental test-set sequences closely track
the measured biological strength of protein binding along the sequence (Supplementary Figure S7).

4.3 QTL PRIORITIZATION

Next, we evaluated ARGMINN's ability to classify and prioritize a set of causal DNase-sensitivity
quantitative trait loci (dsQTLs) from a background set of non-causal dsQTLs. dsQTLs are mutations
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Figure 4: QTL classi�cation. a) On a set of known DNase-sensitivity QTLs, we evaluated the ability of
ARGMINN to prioritize true causal dsQTLs by quantifying the difference in predictions with and without the
dsQTL mutation.b) We show two examples of causal dsQTLs, which fall in ARGMINN-discovered motif
instances. In both cases, by making the dsQTL mutation, the ARGMINN-discovered binding site is disrupted,
leading to a reduced prediction of accessibility.

which change the DNase accessibility of a sequence. A predictive model which makes decisions
based on biological signals (and not spurious correlates) should predict a larger change for causal
dsQTLs compared to non-causal dsQTLs, which are merely correlated with the causal changes. On a
held-out chromosome, we found that compared to other architectures, ARGMINN was capable of
classifying/prioritizing the causal dsQTLs much more accurately (Figure 4a). In particular, these
causal dsQTLs tended to overlap speci�c motif instances which ARGMINN used for its prediction
of accessibility (Figure 4b). This further shows that ARGMINN makes biologically meaningful
predictions on sequence changes, based on interpretable motif biology rather than spurious signals.

4.4 ROBUSTNESS OFARGMINN

Because ARGMINN makes decisions based on biologically meaningful motifs, it is more robust to
background variations. On several simulated datasets, we trained ARGMINN (along with a standard
CNN and ExplaiNN) with a 50% GC background. We then computed predictive performance on test
sequences with GC content ranging from 5% to 95%, thus simulating natural variation in background
composition. ARGMINN's performance suffered the least, with a higher and tighter distribution of
performance in general (Supplementary Figure S8a).

Furthermore, because traditional CNNs learn �lters which do not accurately represent motifs, they
are prone to adversarial attacks (Supplementary Methods C.4). On our SPI1 dataset, we trained
a CNN to achieve88% accuracy. We then easily constructed many sequences containing short
substrings which highly activate its �lters, but without any instances of the SPI1 motif. On this set
of sequences, the standard CNN's accuracy dropped to55%. Re�exively, we also easily designed
sequences containing the SPI1 motif, but we inserted substrings into the background which strongly
deactivate the �lters, leading the CNN's accuracy to drop to48%. In contrast, because ARGMINN
encodes meaningful biological motifs in each �lter, it remains robust against such an attack (i.e., one
cannot easily identify highly-activating or anti-activating sequences which trick the model into giving
the wrong prediction).

Finally, we used Ledidi (Schreiber et al., 2020) to generate sequences which would bind to SPI1.
Ledidi is a gradient-based sequence-design method, which optimizes input sequences to maximize
the probability of a positive prediction from a given model. Applying Ledidi on the ARGMINN
architecture generated sequences with the strongest instances of the true SPI1 motif (Supplementary
Figure S8b). The true binding strength of ARGMINN's Ledidi-generated instances was signif-
icantly higher than those generated from the standard CNN (p = 8 :95� 10� 18) and ExplaiNN
(p = 5 :53� 10� 146). This is likely due to the fact that ARGMINN is explicitly trained to focus on
the relevant motifs, whereas the other models often focus on spurious, non-motif sequence patterns,
resulting in ARGMINN's being a more robust oracle for optimization.
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4.5 INTERPRETABLE DESIGN OF NOVEL FUNCTIONAL SEQUENCES

Figure 5:Interpretable sequence design.a) After training on experimental data (e.g., HepG2 accessibility),
ARGMINN reveals the functional motifs and their binding syntax which induce function. To generate a novel
functional sequence, we insert motifs into a non-functional background, following the syntactical rules learned
by ARGMINN. In this novel sequence, the mechanistic justi�cation is fully controlled and known.b) We
interpretably constructed novel HepG2-accessible sequences using ARGMINN and validated their accessibility
using Borzoi. We compared the accessibility between generated sequences and natural sequences from the
experiment (top), as well as between generated sequences and shuf�ed backgrounds (bottom).

Upon training, ARGMINN reveals the functional motifs and the syntatical rules for combining
them which produce a prediction of binding or accessibility. As such, ARGMINN can be used for
interpretable generation of novel functional sequences. In contrast with sequence generation using
traditional methods (e.g., gradient-based tools like Ledidi, or directed evolution) or non-interpretable
generative models (e.g., diffusion models or autoencoders), we may start with ARGMINN interpre-
tations and sample motif con�gurations to insert into non-functional backgrounds. This yields a
generated sequence for which we have a complete understanding on thereasonwhy it is biologically
active (e.g., it is active because it has the FOXA motif and TEAD motif 50 bp apart) (Figure 5a).

To demonstrate this ability, we trained ARGMINN to predict DNA accessibility in the HepG2
cell type from experimental data. On the test set, we then extracted the functional motifs and the
syntactical rules and grammars between them. We sampled motifs and their con�gurations entirely
from ARGMINN's discovered biology, and inserted them into non-functional sequence backgrounds
(Supplementary Methods C.4). Using the same model as a predictor of accessibility, we found
that the newly generated sequences were predicted to be signi�cantly more accessible than the
shuf�ed non-functional backgrounds (p = 1 :78� 10� 32). Furthermore, these generated sequences
were predicted to bejust as accessible as natural sequences identi�ed to be highly accessible by the
original biological experiment (p = 0 :75) (Supplementary Figure S9c). We then repeated ourin silico
validation with a completely independently trained model, Borzoi (Linder et al., 2023). Using the
output head of Borzoi which predicts DNA accessibility in HepG2, we passed the same sequences
through Borzoi to predict accessibility and con�rmed the same trends: the generated sequences were
far more accessible than the non-functional backgrounds, and were similar in accessibility to natural
sequences identi�ed by the experiment (Figure 5b). We found that this trend was also upheld by two
additional independent oracles (Supplementary Figure S9a–b).

5 THEORETICAL RESULTS

For a MI architecture, ARGMINN is highly interpretable, yet uniquely retains high expressivity. Here,
we show that ARGMINN is capable of learning any possible con�guration of motifs—including
positional and syntactic constraints—as long as the constraints are de�nable in �rst-order logic.

Theorem 1. Every con�guration of motifs/subsequences which is de�nable by a sentence in �rst-order
logic (with positional variables) is recognizable by an ARGMINN classi�er.
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Furthermore, ARGMINN is more expressive than previous interpretable architectures for regulatory
genomics, such as ExplaiNN (Novakovsky et al., 2022b), which learns an output label from a linear
combination of motif strengths:

Corollary 1.1. There exists a con�guration of �rst-order-logic-expressable motifs/subsequences
which isnot recognizable by any ExplaiNN classi�er.

We formally prove Theorem 1 and Corollary 1.1 in Appendix A. Here, we brie�y sketch the proof
of Theorem 1. Intuitively, ARGMINN's motif-scanner module outputs motif binding strengths by
encoding each motif's position-weight matrix (Benos et al., 2002) in a different �lter. With expressive
positional encodings, the syntax-builder module learns syntax/interactions between motif instances.
Each attention head learns one syntactical “rule” (i.e., possible motif combinations), which is built up
in complexity over layers (i.e., combinations ofk motifs are learned by thekth layer).

5.1 EXPERIMENTAL FOLLOW-UP TO THEORETICAL RESULTS

To empirically reinforce our theoretical results, we consider the REST binding motif, which consists
of two halves which must bind together (with variable spacings) (Figure 3b). Notably, both halves
need to bind in the same orientation and order (half sites cannot be mixed/matched). On a simulated
REST dataset which explicitly tests these complex requirements, ARGMINN achieved90.9% test-set
accuracy, whereas ExplaiNN only achieved73.4%. This demonstrates that ARGMINN is suf�ciently
expressive to capture complex grammars and syntax between motifs, which previous architectures
could not.

6 DISCUSSION

We illustrated ARGMINN's unique ability to reveal genome-regulatory motifs and their syntax
directly from its weights and activations—an advantage which is entirely absent from traditional
(non-MI) DNNs. We then compared the predictive performance of ARGMINN to standard CNNs
and ExplaiNN (Supplementary Table S5). It is generally well known that more interpretable models
may suffer slightly in predictive performance (Dosilovic et al., 2018; Arrieta et al., 2020). This
is expected, as these models tend to base decisions on human-interpretable concepts (e.g., crucial
motifs), instead of spurious signals which can be informative, but are not useful for understanding
regulatory genomics (e.g., GC content, exceptionally rare motifs, etc.). Our empirical results fall in
line with these expectations. On simulated datasets where we ensured that the only informative signals
are motifs, ARGMINN achieved superior performance compared to the baselines. On experimental
datasets with many more spurious signals, ARGMINN achieved competitive performance, but did
not outperform its non-MI counterparts.

Additionally, to further show the bene�t of our �lter regularizer, we applied our regularization to
a standard CNN. As a result, the CNN's �lters also encoded relevant and non-redundant motifs
(Supplementary Figure S10). This shows thatour �lter-overlap regularizer can be readily applied
to standard genomic DNNsto achieve more interpretable �rst-layer �lters in general. Importantly,
however, without the other architectural novelties of ARGMINN (Equation 3), such a DNN would
still not reap bene�ts such as motif-instance and syntax discovery.

Finally, we explored the robustness of ARGMINN to the loss weights (which are hyperparameters) for
our regularizers. We found that over many orders of magnitude, ARGMINN'spredictive performance
and interpretability both remained robust to the loss weights(Supplementary Figure S11). This
is partially due to the design of these regularizers, which are aimed tosynergizewith predictive
performance and the learning of biological motifs, rather than compete with other losses.

Mechanistic interpretability is still a nascent �eld, and our research pioneers an architecture that
enables direct interpretation with minimalpost hocanalysis. To our knowledge, ARGMINN is the
most MI (yet still fully expressive) architecture for genome regulation—a �eld whereunderstandinga
model's learned decision rules is equally as critical as its accuracy (Eraslan et al., 2019; Rudin, 2019)—
and is one of the few intrinsically MI architectures of its complexity in general. We showed that
ARGMINN is expressive enough to accurately predict genome regulation, yet is uniquely constrained
so the weights and activations directly encode the decision processin a human-interpretable way.
Further work in this area can yield major bene�ts for scienti�c AI and explainable AI.
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A SUPPLEMENTARY PROOFS

A.1 PROOF OFTHEOREM 1

In this section, we prove that every con�guration of motifs (which is de�nable by a �rst-order-logical
sentence with position-indexed variables) is recognizable by an ARGMINN classi�er. We will �rst
show that ARGMINN's motif-scanner module is suf�ciently expressive to characterize motif-based
protein binding, and then subsequently that the syntax-builder module can recognize arbitrary logical
syntax between these binding sites.

Biophysical assumptions

We begin with our biophysical assumptions which justify our modeling of motif biology by �rst-order
logic (with position-indexed variables).

1. For binary biological readouts of interest (e.g., protein-binding measured by ChIP-seq, DNA
accessibility measured by DNase-seq, etc.), the readout is fully characterized by the binding
of proteins, which recognize motifs in the sequence (Stormo & Fields, 1998; Lemon &
Tjian, 2000).

2. The free concentration of any particular protein is constant across training and testing
conditions.

3. For a given potential binding site (e.g., a motif instance in a DNA sequence), the strength
and likelihood of binding of a speci�c protein (these quantities are related through statistical
mechanics) can be suf�ciently summarized by a single scalar value (related to theK d, or
dissociation constant). Through statistical mechanics, the fraction/probability of binding is

[TF]
K d +[ TF] (Stormo & Fields, 1998).

4. TheK d value (or a monotonic function of it) can be computed as an independently additive
function of individual positions of the binding site. An example of this is the PWM (position
weight matrix), which has been shown to be a good approximation of binding mechanics
(Benos et al., 2002; Pan & Phan, 2008).

5. Input sequences are a �nite length`.

6. Given real-valued variablesbm;p representing the binding strength of motifm at positionp
in a sequence, the binary biological readout (e.g., binding of a particular protein of interest
or accessibility) of the sequence as a whole can be expressed as the following disjunction of
statements:

� :=
nW

i =1
� i ,

where� i is a statement denoting asinglepossible con�guration of motifs that induces a
positive biological readout.
Each� i has the following form:
� i := ( bm i; 1 ;p i; 1 � t i; 1) ^ � � � ^ (bm i;d ;p i;d � t i;d ).
That is, � i de�nes whether or not a speci�c con�guration ofd � 1 binding motifs
mi; 1; : : : ; mi;d exist with suf�cient strength at positionspi; 1; : : : ; pi;d . Note that with �nite
sequences, all possible statements about combinations of motifs (expressable in �rst-order
logic) can be written in this form, by the Disjunctive Normal Form Theorem.

Below, we proceed with our proof by constructing an instantiation of the ARGMINN architecture
where the particular instantiation implements/recognizes a sentence� .

Motif-scanner module

Given the above biophysical assumptions, the motif-scanner module's convolutional �lters are
suf�ciently expressive to capture the binding strengths/likelihoods of each position for each potential
binding motif.

We simply design this module to havenf �lters equal to the number of unique motifsm in � , with
width w equal to the maximum width of any motif. We set the multiplicative weights of each �lter
with the PWM of each motif, so that this module precisely implements the PWM-scanning procedure
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that is common in the �eld of regulatory genomics (Benos et al., 2002). For this proof, we set the
bias to be 0. Note that if the convolutional �ltersW are all PWMs, then the multiplicative weights
are all non-negative, and so the pre-ReLU activation will also be non-negative.

Thus, the motif-scanner module outputs a set of binding strengths for each position of the sequence,
for each possible motif. In other words, this module outputsbm;p for each relevant motifm, at each
positionp. This constitutes the motif activationsA of the model.

Syntax-builder module

Now we design an instantiation of the syntax-builder module which captures the logic in� . In
particular, our model will produce a pre-sigmoid output which is positive if and only if� is true.

The input to the syntax-builder module is the concatenation of motif activationsA (which is the
matrix of binding strengthsbm;p ) and the positional encodingsP: AkP. For ease of proof, let the
positional encodingsP be a one-hot-encoded vector of size`, denoting position. We will use the
notation[AkP]p to denote the column vector at positionp, which is an(nf + `)-dimensional vector
where the �rstnf entries contain the binding strengths/activations of each motif at positionp, and the
latter` entries contain a one-hot encoding of positionp.

Recall that within� , n is the number of statements in disjunction. Letdmax be the maximum
length of any of the� i s. For simplicity of our proof and construction, we pad every� i to have
exactlydmax clauses by adding “dummy motif clauses”. For example, let us pad with the clause
(b0;0 � 0). This simply checks that some arbitrary motif (index 0) at some arbitrary position (position
0) has non-negative activation, which will always be true since the convolutional weights in the
motif-scanner module are PWMs.

We let the memory vectorml be of dimensionn(nf + `). Additionally, we de�ne the dimension of
the query/key/value vectors benf + `.

Our proof (like many other similar proofs) relies on the universal approximation theorem of feed-
forward networks (FFNs). We also leverage Lemma 19 from (Chiang et al., 2023), which shows that
in an FFN, residual connections can effectively be ignored (which simpli�es the construction of our
network).

We proceed with induction ondmax , where our syntax-builder module hasdmax attention layers,
with n heads for each layer (one head for every� i ).

Base case:dmax = 1

Considerdmax = 1 . In this case, each� i can be written as� i := bm i ;p i � t i . That is,� i is true if
and only if motifmi at positionpi is strong enough.

Now we instantiate a single-attention-layer syntax-builder module withn attention heads. We repeat
the following for each head independently:

For each headi , we learn to recognize� i . Recall that the memory vectorm0 is initialized to be all 1s.

We de�ne the weight matricesWQ; 1; WK; 1; WV;1 separately for each attention head in this proof,
knowing that the �nal weight matrices for the attention layer as a whole are obtained by a simple
concatenatation operation over the heads. LetWQ; 1 mapm0 to a single vector where the �rstnf
entries is a one-hot encoding where the 1 is in the position of motifmi , and the latter̀ entries is �lled
with a very negative constant� C (C >> 0), except for the positionpi (indexed from within these
latter` entries), which has a 1. LetWK; 1 = WV;1 = I n f + ` , the identity matrix of appropriate size:

q1 = WQ; 1m0 = [ 0 � � � 0 1 0 � � � 0 j � C � � � � C 1 � C � � � � C ]|

where the 1 is at indexmi in the left block, and the 1 is at indexpi within the right block.

K 1 = WK; 1[AkP] = [ AkP] V1 = WV;1[AkP] = [ AkP]

Next, we take the dot product of every key vector with the query vector. For the key vector[AkP]pi

(originating from positionpi ), the dot product will bebm i ;p i + 1 (the �rst nf entries contribute the
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binding strengthbm i ;p i , and the latter̀ entries contribute the 1). For any other positionp 6= pi , the
dot product will bebm i ;p � C.

We selectC to be a large-enough magnitude such that after the softmax, the attention score at position
pi will be approximately 1, and all other positions will effectively be 0. Thus, the �nal vector being
passed to the feed-forward network (FFN) is equivalent to the value vector corresponding to position
pi (which is equivalent to the motif activations/positional encoding at positionpi ):

a1V1 = [ AkP]pi

With all attention heads together, we obtain a concatenated vector of sizen(nf + `), where every
contiguousi th block ofnf + ` entries corresponds to� i , and contains the vector[AkP]pi .

We then design our FFN to map from this vector to our �nal memory streamm1. In particular, this
FFN will produce an output vector of the same size, where every contiguousi th block ofnf + `
entries contains all� 1

n f + ` if bm i ;p i < t i , and all n
n f + ` otherwise. We invoke Lemma 19 from Chiang

et al. (2023) and the Universal Approximation Theorem to perform this step.

Our �nal linear projection layer (which takesm1 and maps to an output predictionŷ) has weights of
all 1 and bias of 0.

Together, this ensures that the outputŷ > 0 if and only if there exists ani such thatbm i ;p i > t i (i.e.,
� i is true).

Base case:dmax = 2

We proceed with a similar structure as with the above base case. In the �rst layer, we de�ne
WQ; 1; WK; 1; WV;1 identically as above. However, after the �rst attention layer, we design the FFN
differently so thatm1 contains information about thenextmotif within � i to search for.

In particular, each� i is of the form� i := ( bm i; 1 ;p i; 1 � t i; 1) ^ (bm i; 2 ;p i; 2 � t i; 2). In the �rst attention
layer, we de�ne the weight matricesWQ; 1; WK; 1; WV;1 as above, so that the vector passed to the
FFN is a concatenation of[AkP]pi; 1 for all i .

Here, we design the FFN so that it will producem1, where every contiguousi th block ofnf + `
entries contains all 1s ifbm i; 1 ;p i; 1 � t i; 1, and all 0s otherwise.

Next, the second attention layer will identify the second motif in each� i . Again, we consider each
attention headi separately.

In this second layer,WQ; 2 produces a query vector for each head which is similar to that in the
previous base case: a vector ofnf + ` entries where the �rstnf is all 0 except for the position of
mi; 2, and the latter̀ entries are all� C except for the positionpi; 2 (however, note that if the �rst
motif mi; 1 was not found at positionpi; 1, then thei th block ofm1 will be all 0s, and so the query
vector will be also all 0s). Again, we letWK; 2 = WV;2 = I n f + ` :

q2 = WQ; 2m1 = [ 0 � � � 0 1 0 � � � 0 j � C � � � � C 1 � C � � � � C ]|

where the 1 is at indexmi; 2 in the left block, and the 1 is at indexpi; 2 within the right block. If the
�rst motif mi; 1 was not found, then this vector will be all 0s.

K 2 = WK; 2[AkP] = [ AkP] V2 = WV;2[AkP] = [ AkP]

We then follow the same construction as with the previous base case, where the second FFN produces
the �nal memory streamm2 based on comparing eachbm i; 2 ;p i; 2 to t i; 2: every contiguousi th block
of nf + ` entries contains all� 1

n f + ` if bm i; 2 ;p i; 2 < t i; 2, and all n
n f + ` otherwise. If, however, the

�rst motif mi; 1 was not found, then the FFN will always output� 1
n f + ` for that block (in this case,

the query vector is all 0s, and the latter` entries of thei th block in the input to the FFN will be a
smeared fraction rather than a one-hot encoding). The �nal projection layer will be the same as with
the �rst base case, leading to the desired outcome.

17



918

919

920

921

922

923

924

925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

Under review as a conference paper at ICLR 2025

Inductive case

We complete our inductive proof for a generaldmax , as the construction of the architecture with
dmax layers is a straightforward extension from the base cases.

We assume that in the �rstdmax � 1 layers, the memory streammdmax � 1 is structured as contiguous
blocks ofnf + ` entries, where thei th block is such that it contains all 1s if and only ifbm i;j ;p i;j � t i;j
for all j < d max and all 0s otherwise. We then structure our �naldmax th layer of the attention
mechanism similarly to the second layer in the base case ofdmax = 2 .

A.2 PROOF OFCOROLLARY 1.1

Here, we prove that there exists a con�guration of motifs speci�ed by �rst-order logic, which is not
recognizable by ExplaiNN.

Consider a dataset of sequences de�ned by the presence of distinct motifsA; B; C; D . Every sequence
has exactly two instances of such motifs. A positive sequence is de�ned by having bothA andB ,
or bothC andD. A negative sequence is de�ned by any other combination:AC , BD , AD , or BC .
This constructed example is a realistic one, as it is the binding rule seen in transcription factors with
two half sites (e.g., REST (Tang et al., 2021)), or co-factor binding where the motifs and transcription
factors are unidirectional (e.g., JUND and TEAD).

Within ExplaiNN, each CNN “unit” learns the presence of one such motif, and returns a scalar score.
Let there be four CNN units, one for each motif. For each input sequence, we obtain four such scores:
sA ; sB ; sC ; sD .

Each CNN unit consists of a single convolutional �lter whose activation is maximized by the motif
it learns. For simplicity, we assume that given a convolutional �lter that learns substringX , the
distribution of activations of that �lter on background sequences is identical to the distribution of
activations on non-X motifs. This could be realized, for example, by motifs whose composition is
base/letter-wise distributed identically to the background (e.g., uniform). Thus, for a convolutional
�lter which recognizesX , the distribution of its activations is identical across all non-X substrings.
Given suf�ciently long sequences, the CNN unit for some motifX will output a scalar score as follows:
if X is in the sequence,sX = pX , a score for “positives”; ifX is not present,sX = nX 6= pX , a
score for “negatives”.

Given these CNN units, suppose it is possible to distinguish positive and negative sequences with a
linear combination, as in ExplaiNN. The output of the model iswA sA + wB sB + wC sC + wD sD + �
for scalar weightswA ; : : : ; wD and bias� .

For the classi�er to be suf�ciently expressive, we require that positive examples have a �nal output
that is at least some threshold� , and negative examples to have an output that is strictly less than� .

Thus, we have the following inequalities (one for each possible pair of motifs):

wA pA + wB pB + wC nC + wD nD + � � �
wA nA + wB nB + wC pC + wD pD + � � �
wA pA + wB nB + wC pC + wD nD + � < �
wA pA + wB nB + wC nC + wD pD + � < �
wA nA + wB pB + wC pC + wD nD + � < �
wA nA + wB pB + wC nC + wD pD + � < �

Adding inequalities of the same type:

wA (pA + nA ) + � � � + wD (pD + nD ) � 2(� � � )
2wA (pA + nA ) + � � � + 2wD (pD + nD ) < 4(� � � )

This is a contradiction, as this requireswA (pA + nA ) + � � � + wD (pD + nD ) to be both at least
2(� � � ) and strictly less than2(� � � ).

Thus, ExplaiNN is not suf�ciently expressive to capture every con�guration of motifs expressable in
�rst-order logic (e.g., exclusive disjunctions).
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B SUPPLEMENTARY FIGURES AND TABLES

Figure S1:From a single standard CNN model trained on TAL/GATA binding, we show the attribution
scores for the same �ve input sequences, computed using three different methods: integrated gradients (left),
DeepLIFTShap (middle), andin silico mutagenesis (right). The locations of the true motifs are highlighted by
the red box in each example. Although this model achieves near-perfect test accuracy, the importance scores
remain unreliable and noisy. Regardless of the method, it is dif�cult to even identifywherethe motif is solely
based on these score tracks, let alonewhatthe motif is. Additionally, the methods disagree heavily with each
other, even showing different signs (positive vs. negative) in importance for the true motifs.

19



1026

1027

1028

1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

1041

1042

1043

1044

1045

1046

1047

1048

1049

1050

1051

1052

1053

1054

1055

1056

1057

1058

1059

1060

1061

1062

1063

1064

1065

1066

1067

1068

1069

1070

1071

1072

1073

1074

1075

1076

1077

1078

1079

Under review as a conference paper at ICLR 2025

Figure S2:On a simulated TAL/GATA dataset, we show all motifs discovered by: 1) ARGMINN, 2) interpreting
the �rst-layer �lters of a standard CNN, 3) ExplaiNN, and 4) running MoDISco on DeepLIFTShap importance
scores. Each motif is labeled with the most similar motif from the simulation, using TOMTOM. Motifs which are
not suf�ciently similar to any of the motifs in the simulation (as determined by TOMTOM's default thresholds),
remain unlabeled. We also show the true motifs used in the simulation.
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Figure S3:On an experimental dataset of FOXA2 binding in HepG2, we show all motifs discovered by: 1)
ARGMINN, 2) interpreting the �rst-layer �lters of a standard CNN, 3) ExplaiNN, and 4) running MoDISco
on DeepLIFTShap importance scores. Each motif is labeled with the most similar known human motif, using
TOMTOM. Motifs which are not suf�ciently similar to any known human motif (as determined by TOMTOM's
default thresholds), remain unlabeled. We also show ground-truth motifs from JASPAR which are supported by
external literature.
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