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Abstract. How DNA sequence encodes gene regulation remains a cen-
tral challenge in regulatory genomics. Transcription factors (TFs) are
key mediators of this process, binding to specific sequence motifs to
control gene expression. Yet, predicting where they bind from sequence
alone remains a challenging problem. A cross-species angle offers two
complementary benefits: it tests whether trained models have learned
conserved, biochemically grounded rules that generalize across species,
and it enables binding prediction in species where experimental data is
scarce. Key challenges in this context are that TF binding sites undergo
rapid evolutionary turnover, and that there are systematic distributional
differences between species’ genomes. We present MORALE, a domain
adaptation framework for cross-species TF binding prediction. By align-
ing the first and second moments of sequence embeddings across species
during training, MORALE learns species-invariant representations with-
out adversarial training, additional parameters, or architectural changes.
Applied to liver ChIP-seq data from two species (human, mouse) and
five species (adding rhesus macaque, rat, and dog), MORALE consis-
tently matches or outperforms gradient reversal (the adversarial base-
line) across all TFs, and avoids the performance degradation below the
no-adaptation baseline that gradient reversal can exhibit. In the five-
species setting, MORALE surpasses a human-only model, demonstrat-
ing that moment alignment can unlock cross-species generalization that
neither multi-species training nor adversarial adaptation achieves alone.
MORALE also recovers TF binding motifs more faithfully than the ad-
versarial approach, suggesting its representations capture biologically
meaningful sequence features. As a closed-form, parameter-free regular-
izer, MORALE integrates into any embedding-based sequence model.

Keywords: Evolutionary Genomics · Gene Regulation· Transcription
Factor Binding· Sequence To Function Modeling· Cross-Species Com-
parison· Domain Adaptation·
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1 Introduction

Genomic regulatory activity is largely governed by transcription factors (TFs)
that bind to DNA and influence gene expression. Sequence-to-function models,
typically deep neural networks, have become a cornerstone for predicting TF
binding and regulatory activity from sequence, enabling downstream interpreta-
tion, functional element discovery, and in silico sequence design [14,24,7,26,8,4,6].
A key open question is the extent to which these models learn universal biochem-
ical principles that generalize across species.

Training on multi-species data offers a promising path toward such general-
ization. However, TF binding sites undergo rapid evolutionary turnover (even
between closely related species), making cross-species transfer non-trivial [29].
At the same time, TF DNA-binding domains are highly conserved across species,
suggesting a shared regulatory vocabulary that multi-species models could ex-
ploit [16,3,11,9]. Realizing this potential requires methods that can bridge sys-
tematic differences between species’ genomes’ nucleotide distributions.

Cochran et al. [10] addressed this with a gradient reversal layer (GRL) ap-
proach: an adversarial discriminator penalizes the model for learning species-
specific features, encouraging a species-invariant representation. While effective
in some settings, GRL requires a separate discriminator branch, substantially
increasing model complexity, and, as we show, can degrade performance below
a no-adaptation baseline.

We propose MORALE, which instead aligns the first and second moments of
sequence embeddings across species [31] using a closed-form operation that re-
quires no additional parameters and integrates into any embedding-based model.
We compare MORALE against GRL on human–mouse TF binding prediction
across four TFs, and extend the evaluation to a five-species setting. MORALE
consistently matches or outperforms GRL and learns a robust species-invariant
feature set.

2 Materials & Methods

2.1 Data

Two-species. Following Cochran et al. [10], we processed ChIP-seq data for
CTCF, HNF4α, RXRA, and CEBPA in human and mouse liver (ENCODE:
ENCSR000CBU, ENCSR911GFJ, ENCSR098XMN; ArrayExpress: E-TABM-
722; GEO: GSM1299600). Sequences were tiled into 500-bp windows (50-bp over-
lap), ENCODE blacklist regions removed [2], and aligned to GRCh38/GRCm38
with BowTie2 [19]. Peaks were called with multiGPS v0.75 [22]. Windows cov-
ering a peak center were labeled “bound.” Chr1/Chr2 were held out for valida-
tion/testing; sex chromosomes excluded.

Multi-species. We used published liver ChIP-seq for CEBPA, FOXA1,
ONECUT1, and HNF4α across five mammals (human, rhesus macaque, mouse,
rat, dog) [5] (ArrayExpress E-MTAB-1509), tiled into 1000-bp windows. Valida-
tion/test chromosomes were chosen via a linear program to approximate a target
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Fig. 1: Overview of MORALE and comparison with alternative domain
adaptation approaches. (A) Input sequences from source and target species
are one-hot encoded and passed through convolution, pooling, and autoregres-
sive layers to produce a latent embedding, which feeds all downstream tasks.
Three training procedures are compared: (1) source-only (naive baseline), (2)
gradient reversal (GRL), and (3) moment alignment (MORALE). (B) Architec-
tural detail of each approach. In the source-only model, only source embeddings
are passed to the classification head. GRL adds an adversarial discriminator
branch that predicts species of origin; gradients from this branch are reversed
to discourage species-specific representations. MORALE forgoes the discrimina-
tor entirely, instead adding a moment alignment loss between source and target
embeddings directly to the training objective.

fraction of positive windows while maintaining class balance (R package lpSolve;
see STabs. 7, 8).

2.2 Model Architecture

Two-species. We use the architecture of Cochran et al. [10]: Conv(240 × 20bp)
→ MaxPool(15) → LSTM(32) → dense head (613K params). GRL adds an ad-
versarial branch (9.5M params total). MORALE adds no parameters; moments
are computed on the 32-d LSTM embedding via ADAPT [23].

Multi-species. We adapted a bidirectional GRU from gReLU [18]: Conv(240
× 20bp, ReLU) → MaxPool(16) → BiGRU(240) → FC×2 → Conv1×1(63ch)
→ GlobalAvgPool (63-d embedding, 960K params).

2.3 Hyperparameter Tuning

For GRL, to determine λ, we search a grid of values from 0.0 to 10.0 with a step
size of 0.50 and select the maximal auPRC value for each transcription factor.
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For mouse-to-human we select 1.5, 6.0, 0.5, 7.5 for CTCF, CEBPA, HNF4α, and
RXRA, respectively. For human-to-mouse direction, we select 6.5, 8.5, 10.0, 1.0.

For MORALE we use a range from 0 to 10 with a step size of 1. In the
mouse-to-human direction we select 4, 7, 8, and 8 for CTCF, CEBPA, HNF4α,
and RXRA, respectively. In the human-to-mouse direction, we select 4, 8, 6, and
7. For the multi-species analysis we use a grid between 1 and 8 with a step-size
of 1.

2.4 Training & Evaluation

Two-species models used TensorFlow 2.18 [1], Adam (lr=1e-3), 15 epochs, batch
size 400 (200 bound/unbound from source) plus 400 background per species for
domain adaptation. Multi-species used PyTorch 2.5.1 [25], same optimizer, mini-
batches of 200 bound/unbound (balanced across sources) plus 250 background
(50/species). Performance was assessed by auPRC (scikit-learn [27]).

2.5 Attribution & Downstream Analyses

Per-nucleotide attribution scores were computed via expected integrated gra-
dients (CREsted [17]). Motifs were discovered with TF-MoDISco lite [30] on
up to 2,000 high-confidence bound sites (sigmoid ≥0.98) and annotated with
Tomtom [13]. Repeat analyses used RepeatMasker tracks from UCSC [28]; phy-
logenetic trees were built with phyloT v2 [20].

3 Results

3.1 Approach

Our approach, MORALE, is a straightforward generalization of the Deep CORAL
method [31], applied to TF binding data. We assume labeled (sequence) data
from n different source domains and unlabeled data from a target domain; in
our application, the domains are species. We also assume an encoder model (see
Section 2.2), mapping input sequences xi|j to vector embeddings zi|j ∈ Rd,
where i = 1, . . . ,mj and j = 1, . . . , n + 1 (including the target domain), and
mj is the number of sequences in the j-th domain. Vector representations are
input to a classification model predicting the sequence label (e.g., whether the
input sequence binds a specific TF), with an associated loss (e.g., cross entropy)
denoted Llabel-classification.

Given a mini-batch of b < mj sequence representations {zi|j}bi=1, we denote
the sample mean by µ̂j and the sample covariance matrix by Ĉj . For a mini-
batch containing sequences from each domain, the MORALE loss is calculated
as

LMORALE =
2

n(n+ 1)

∑
l ̸=k

(
||Ĉl − Ĉk||2F + ||µ̂l − µ̂k||22

)
,
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quantifying the difference in first and second moments between all domain pairs.
Here ||·||F denotes the Frobenius norm. We estimate µ̂j and Ĉj for LMORALE us-
ing the background portion of the mini-batch (described in Section 2.1), which
contains an equal number of unlabeled sequences sampled from each domain
(source(s) and target). For source domains, the vector representations {zi|j}bi=1

are additionally used for label classification.
The MORALE loss is added to the label classification loss, encouraging se-

quence representations that are moment-aligned across domains:

L = Llabel-classification + λLMORALE. (1)

We note that gradient reversal layers (GRL) are a successful adversarial
approach to encouraging domain-invariant representations [12,21,15]. Briefly, a
domain classifier and associated loss for predicting embeddings’ domain of origin
(e.g., cross entropy) is added to the model for an overall loss of

L = Llabel-classification + Ldomain-classification. (2)

Backpropagated gradients from Ldomain-classification are penalized by a factor of
−λ (for λ > 0, hence “gradient reversal”), encouraging representations that are
uninformative about the domain of origin.

In our analyses we compare MORALE (Equation 1) with the GRL ap-
proach (Equation 2) and find it generally outperforms GRL. We also note that
MORALE does not require additional parameters beyond the encoder and label
classification model, whereas GRL requires additional design and parameteriza-
tion of the domain classifier. Figure 1 summarizes all three approaches.

3.2 Cross-Species TF-Binding Prediction Between Human and
Mouse

MORALE Improves Cross-Species TF Binding Prediction Performance.
First, we applied our framework to re-analyze a dataset introduced by Cochran et
al. [10], in which the binding of four TFs (CTCF, HNF4α, RXRA, and CEBPA)
was assayed in liver tissue from humans and mice, giving two domains.

We assess TF binding site prediction for each species as target, with the
other as source. Test set performances are summarized in Figure 2. We com-
pare four models: source-only (no domain adaptation), target-trained (upper
bound), MORALE, and GRL. Domain adaptation methods have access to tar-
get embeddings but not target labels. As expected, source-only performs worst
and target-trained performs best, with domain adaptation methods in between.
Interestingly, for CTCF with human as target, GRL performs worse than the
no-adaptation baseline, while MORALE does not suffer this drop. Likewise,
with mouse as target, GRL falls below the source baseline for three of four
TFs (CEBPA, HNF4α, RXRA); MORALE does not. For TFs where GRL does
outperform the source baseline, MORALE either matches or exceeds GRL. Nu-
merical values are in Table 1.
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Fig. 2: Moment alignment improves cross-species TF binding site pre-
dictions. Prediction performance is shown for four models: (1) source-only (red),
(2) gradient reversal (green), (3) MORALE (blue), and (4) target-trained (pur-
ple), across four TFs. (A) Results when adapting a mouse-trained model to hu-
man data. MORALE outperforms or matches GRL in each case without suffering
degradation. (B) The same analysis in the reverse direction, human-to-mouse.
Performance degradation is persistent under GRL, while MORALE meets or
exceeds the source baseline and outperforms GRL.

Upon examining results (Table 1), we observe that in the mouse-to-human
direction the GRL model makes more positive predictions overall, but with
disproportionately more false positives compared with MORALE. This leads
to worse performance, especially for CTCF. MORALE has lower false posi-
tive rates (e.g., 1.38% versus GRL’s 1.85% for CTCF) while suffering only
slightly increased false negative rates (0.079% vs. 0.068%, again for CTCF).
In the human-to-mouse direction this pattern holds for CTCF. For CEBPA and
HNF4α, MORALE has more true positives and fewer false positives than GRL,
and consequently shows better performance. For RXRA, MORALE’s perfor-
mance is close to the source model, while GRL performs somewhat worse.

From these analyses, we conclude that MORALE improves over GRL for
cross-species TF binding prediction on this dataset. Next, we compare the quality
of predictions in more detail.

MORALE Improves Cross-Species TF Binding Prediction Quality. To
quantify and assess the quality of TF binding predictions, we compare how well
MORALE and GRL adapt the source-trained model toward the target-trained
model, using the latter as a reference. We use two complementary metrics, both
based on per-nucleotide importance scores from post-hoc attribution analysis
(see Section 2.5).

First, we compare the correlation of GRL/MORALE importance scores with
those of the target model, focusing on sequences where the source model dis-
agrees with the target: differential false positives (dFPs), where the source model
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Fig. 3: MORALE attribution scores align more closely with the target
model than GRL. Pearson correlation coefficients between MORALE’s im-
portance scores and the target model (x-axes) and GRL’s importance scores and
the target model (y-axes), for differentially false positive sites (dFPs, where the
source model incorrectly predicts binding but the target model does not) and
differentially false negative sites (dFNs, where the source model misses a binding
event correctly predicted by the target model). Panel A shows mouse-to-human
and panel B human-to-mouse. P-values for a one-sided Wilcoxon Rank Sum Test
are indicated for each plot.
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Table 1: We display the true positives (TPs), false positives (FPs), false
negatives (FNs) with the auPRC across four TFs and three methods in
this study. In order to generate this confusion matrix across five-folds of data,
we average the sigmoid value over the folds and compute the relevant prediction
types w.r.t. the ground truth label, percentages are with respect to the complete
dataset. We observe that the GRL more often predicts positives than either the
source model, or MORALE, however this comes at much higher occurrence of
FPs, leading to performance degradation as in CTCF when the target is human.
MORALE, on the other hand, takes a much more conservative step towards the
target model, finding a middle ground that strictly results in improvement or
meeting baselines.

Target=Human
TF TPs (%) FPs (%) FNs (%) auPRC

GRL MORALE Source GRL MORALE Source GRL MORALE Source GRL MORALE Source

CTCF 0.413 0.402 0.401 1.847 1.384 1.397 0.068 0.079 0.08 0.553 0.58 0.581
CEBPA 0.542 0.545 0.547 10.436 9.77 11.938 0.048 0.045 0.044 0.209 0.233 0.183
HNF4A 0.605 0.578 0.574 9.137 8.496 10.806 0.136 0.164 0.168 0.181 0.183 0.157
RXRA 1.133 1.035 1.076 9.981 8.023 13.181 0.468 0.566 0.526 0.184 0.19 0.137

Average 0.673 0.64 0.649 7.85 6.918 9.33 0.18 0.213 0.205 0.282 0.296 0.264

Target=Mouse
TF TPs (%) FPs (%) FNs (%) auPRC

GRL MORALE Source GRL MORALE Source GRL MORALE Source GRL MORALE Source

CTCF 0.7 0.699 0.697 3.937 3.237 3.591 0.042 0.044 0.046 0.56 0.62 0.528
CEBPA 0.988 0.996 0.952 7.158 6.66 5.732 0.335 0.328 0.372 0.251 0.271 0.27
HNF4A 0.824 0.828 0.813 11.026 10.388 9.802 0.122 0.118 0.133 0.217 0.233 0.23
RXRA 0.831 0.827 0.843 17.891 16.039 19.208 0.087 0.091 0.075 0.19 0.205 0.21

Average 0.836 0.837 0.826 10.003 9.081 9.583 0.146 0.145 0.156 0.304 0.332 0.31

wrongly predicts TF binding but the target model does not; and differential false
negatives (dFNs), where the source model misses a binding event that the tar-
get model correctly predicts. Figure 3 shows contour plots of these correlation
coefficients, stratified by TF and sequence type (dFP/dFN). Higher correlation
indicates that the domain adaptation method better reproduces the importance
scores of the target-trained model.

For mouse-to-human and dFP sequences, MORALE importance scores are
significantly more correlated with the target model than GRL scores for CEBPA
and RXRA, while results are comparable for CTCF and HNF4α. For dFN se-
quences, MORALE’s correlation is significantly closer to the target for RXRA
and HNF4α. For human-to-mouse and dFPs, MORALE scores are more corre-
lated with the target for RXRA, while other comparisons are not significant.
Overall, MORALE improves upon GRL in highlighting meaningful sequence po-
sitions after domain adaptation, and we have not observed the reverse.

Second, we identified sequence motifs from attribution scores using TF-
MoDISco [30] (see Section 2.5). Figure 4 summarizes our findings. For CTCF
binding sites, the target model’s most frequently found motif corresponds to
CTCF, which is recapitulated by MORALE. GRL, like the source-only model,
finds a larger fraction of motifs corresponding to other TFs. In panels B to E,
the target-trained, MORALE, and source-only models all find CTCF as their
most frequent motif match. Surprisingly, GRL shifts the motif distribution such
that poorly matching motifs become more frequent.
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Table 2: We display the performance (auPRC) for windows that over-
lap both SINE and LINE repeats, and their average. We observe that
MORALE performs competitively in the performance across windows that con-
tain species-specific repeats in the mouse-to-human direction, and outperforms
the GRL in the human-to-mouse direction. Notably, for HNF-4α and RXRα,
the GRL does a convincingly better job windows that overlap SINE elements in
human, which would be Alus in the majority.

Target=Human
TF LINE SINE Average

GRL MORALE Source GRL MORALE Source GRL MORALE Source

CTCF 0.149 0.173 0.17 0.181 0.191 0.177 0.165 0.182 0.173
CEBPA 0.039 0.042 0.034 0.04 0.04 0.027 0.039 0.041 0.031
HNF4A 0.043 0.04 0.03 0.048 0.034 0.023 0.046 0.037 0.026
RXRA 0.058 0.056 0.036 0.062 0.052 0.029 0.06 0.054 0.033

Average 0.072 0.078 0.068 0.083 0.079 0.064 0.077 0.079 0.066

Target=Mouse
TF LINE SINE Average

GRL MORALE Source GRL MORALE Source GRL MORALE Source

CTCF 0.103 0.124 0.111 0.102 0.129 0.104 0.102 0.126 0.107
CEBPA 0.077 0.08 0.082 0.097 0.103 0.108 0.087 0.092 0.095
HNF4A 0.04 0.043 0.045 0.061 0.063 0.062 0.051 0.053 0.053
RXRA 0.027 0.029 0.026 0.041 0.042 0.035 0.034 0.036 0.03

Average 0.062 0.069 0.066 0.075 0.084 0.077 0.068 0.077 0.071

Finally, we explored model performance on test windows overlapping LINE
and SINE repeat elements, following Cochran et al. [10], who reported that GRL
reduces over-prediction at such sites in the mouse-to-human direction. Results
are in Table 2. Indeed, GRL outperforms both MORALE and the source model
for HNF4α and especially RXRA in this direction. Nevertheless, MORALE out-
performs GRL for CTCF and CEBPA. Furthermore, in the human-to-mouse
direction, MORALE outperforms GRL for all four TFs and achieves the best
average performance for three of the four.

Overall, MORALE outperforms GRL in most comparisons and rarely per-
forms worse, demonstrating robust domain adaptation across multiple evaluation
criteria.

3.3 Learning TF-Binding in Human by Leveraging Data Across
Five Mammals

Next, we explored whether multi-species training combined with domain adap-
tation can improve TF binding prediction in human. Using liver ChIP-seq data
from rhesus macaque, mouse, rat, and dog, we evaluate generalization to human
test data across four TFs (FOXA1, HNF4α, HNF6, and CEBPA), comparing
three approaches: human-only training, multi-species training without adapta-
tion, and multi-species training with MORALE. Results are in Figure 5. We
make two observations. First, as in the two-species case, a source-only model
trained on a single non-human species cannot approach human-only perfor-
mance. However, a plain multi-species model trained on all five species surpasses
the human-only model for all four TFs — a result not seen in the two-species
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Fig. 4: MORALE discovers de-novo motifs more similar to CTCF. De-
novo motifs were identified from attribution scores across source, source-adapted,
and target models, using 2,000 randomly sampled bound sites for CTCF. (A)
Proportions of all motifs found across the four models. The target model finds
only CTCF (and its paralog CTCFL). Source-trained and GRL-adapted models
find CTCF as their primary motif but at a lower proportion than MORALE,
which reports nearly exclusively CTCF. (B–E) Top 5 de-novo motifs for the
source-trained, GRL-adapted, MORALE-adapted, and target-trained models re-
spectively, with TomTom match annotations and p-values. The top match of
MORALE strongly resembles the established CTCF motif with a significant q-
value.

setting. Second, applying MORALE to the multi-species model further increases
performance, making MORALE the top performer for every TF. This demon-
strates MORALE’s broad applicability to settings with more than two domains.

We then examined the contribution of individual species. The phylogenetic
tree in Figure 6 shows the evolutionary relationships between species. Based
on evolutionary distance, we would expect rhesus macaque holdout to have the
largest effect on human prediction, followed by mouse, rat, and dog. This ex-
pectation holds for three of four TFs (CEBPA, FOXA1, HNF4α), where rhesus
macaque holdout indeed has the largest impact. However, for HNF6 the ex-
pected trend does not hold: rat (rn7) holdout has an impact comparable to
rhesus macaque, likely because rn7 is enriched for bound sites relative to the
other species for this TF (see STab. 8).

The group holdout analysis in panel B confirms this picture. Successively
holding out rhesus macaque, then mouse, then rat leads to a monotonic drop in
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Fig. 5: MORALE attains
higher performance when
training on multiple source
species and predicting in
human as the target. Across
all four TFs, MORALE consis-
tently increases performance
compared to multi-species
training without domain adap-
tation. Unlike the two-species
case, training on multiple
source species allows the
multi-species model to surpass
the human-only model —
previously unattained.
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Fig. 6: Species contributions to multi-species performance gains are
species-dependent but consistently beneficial. We quantify the effect of
holding out species individually (A) and in groups (B) on model performance
under MORALE, with human as the target. In (A), ‘No knockout’ is the model
trained on all source species; each subsequent bar removes one species. In (B),
species are removed successively from left to right, from all included to a single
source species, illustrating that more source species consistently aids perfor-
mance.

performance, emphasizing that each additional source species contributes to the
gain over the human-only model.
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4 Discussion

We develop and apply MORALE, a domain adaptation framework for cross-
species TF binding prediction based on moment alignment of sequence embed-
dings. The core idea is to encourage a species-invariant latent representation by
aligning the first and second moments of embeddings across all pairs of domains
(species) during training — without requiring an adversarial component, addi-
tional parameters, or extra architectural decisions. This contrasts with gradient
reversal (GRL), the prevailing approach, which requires a separate discriminator
branch that substantially increases model complexity.

We evaluate MORALE in two settings. In the two-species case, we train
on liver ChIP-seq data from one species (human or mouse) and predict TF
binding in the other, for four TFs (CTCF, HNF4α, RXRA, CEBPA). Here,
MORALE consistently matches or outperforms GRL, and critically avoids the
performance degradation below the no-adaptation baseline that GRL exhibits for
several TF/direction combinations. In the five-species case, using liver data from
rhesus macaque, mouse, rat, and dog to predict human TF binding, MORALE
improves over both the no-adaptation multi-species model and — notably —
over a human-only model, a result not observed in the two-species setting. This
suggests that the combination of diverse training signal and moment alignment
unlocks cross-species generalization that neither approach achieves alone.

Beyond predictive performance, MORALE recovers sequence motifs that
more closely match known TF binding motifs compared to GRL, indicating
that its invariant representations capture biologically meaningful features rather
than superficial domain differences. MORALE’s simplicity — it integrates into
any embedding-based model without modifying gradient computation — makes
it broadly applicable to cross-species regulatory genomics and, more generally, to
multi-domain sequence modeling tasks where domain-invariant representations
are desirable.

Several limitations deserve mention. First, MORALE introduces a regulariza-
tion weight λ that requires tuning; though the same is true of GRL, and optimal
values varied across TFs and adaptation directions for both methods. This means
performance gains may depend on access to held-out target data for validation,
which may not always be available. Second, despite consistent improvements
over GRL, a substantial gap between domain-adapted and target-trained mod-
els remains in the two-species setting, indicating that moment alignment alone
cannot fully bridge species-specific differences when only a single source species
is available — and that further methodological advances are needed. Third, all
experiments use liver tissue and TFs with relatively strong, conserved binding
motifs. Whether MORALE generalizes to tissues with more divergent regula-
tory landscapes, or to TFs with weaker sequence preferences, remains an open
question.

In summary, MORALE is a simple, parameter-efficient domain adaptation
method that improves cross-species TF binding prediction by aligning sequence
embedding distributions across species. It is robust to the performance degrada-
tion seen with adversarial approaches, scales naturally to multiple source species,
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and recovers more accurate sequence motifs — making it a practical and inter-
pretable tool for cross-species regulatory genomics.
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A Appendix

BA

Fig. 7: The species gap is closed during training when using MORALE.
We display the training, in the two-species case, of the five-fold cross validation
performance over 15 epochs between the basic model, and MORALE. The gap
between the peak performance between the source-on-target and the target-on-
target models are annotated at the bottom of each plot. In (A) we have the basic
model across each TF-target pair, and in (B) we display the same information,
but with MORALE.
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Fig. 8: We display performance across all targets in the multi-species
case. In (A) we show the performance across all 4 transcription factors when
the target is mouse, (B) displays monkey, (C) displays rat, and (D) display
dog.

Fig. 9: We construct heatmaps based to understand relatedness of
learned embeddings through the different species models. We do so
for each TF under study in the multi-species case. For each TF we use the mod-
els trained to predict in each species and run the test data through the feature
extractor in our models to capture the embeddings. In (B) we show the lower
triangular for CEBPA, (C) FOXA1, (D) HNF6, and (E) HNF4α.
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Table 7: The binding site information for the four transcription factors
used in the two-species case. The following quantities are listed: the number
of peaks called across the entire genome; the number of called peaks within the
filtered window set, merged if within 500 bp of each other; the number of windows
in the filtered window set labeled bound due to peak overlap; the fraction of the
filtered window set labeled bound; and the database accession ID (ENCODE,
GEO, or ArrayExpress). The size of the filtered window sets for the mouse and
human genomes were 41883806 and 48742577, respectively.

TF Species Raw Peaks Filtered Peaks Bound Windows Frac. Bound Accession ID

CTCF Mouse 32006 28943 296117 0.71% ENCSR000CBU
Human 29067 26477 270100 0.55% ENCSR911GFJ

CEBPA Mouse 62636 48812 566945 1.35% E-TABM-722
Human 32243 28545 298066 0.61% E-TABM-722

HNF4A Mouse 44800 36540 415846 0.99% E-TABM-722
Human 42766 34714 387077 0.79% E-TABM-722

RXRA Mouse 46443 33751 404284 0.97% GSM1299600
Human 95085 71032 854289 1.75% ENCSR098XMN
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Fig. 10: We include group holdouts under each species (other than hu-
man) as the target species.
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Table 8: The binding site information for the four transcription factors
used in the multi-species case. The following quantities are listed: the num-
ber of peaks called across the entire genome; the number of called peaks within
the filtered window set, merged if within 1000 bp of each other; the number
of windows in the filtered window set labeled bound due to peak overlap; the
fraction of the filtered window set labeled bound; and the database accession ID
(ArrayExpress).

TF Species Raw Peaks Filtered Peaks Bound Windows Frac. Bound Accession ID

CEBPA Mouse 50263 32751 830115 1.80% E-MTAB-1509
Human 34253 26749 615953 1.16% E-MTAB-1509

Rhesus Macaque 11600 9985 214440 0.40% E-MTAB-1509
Dog 44749 32816 780102 1.77% E-MTAB-1509
Rat 50851 37010 900363 1.84% E-MTAB-1509

FOXA1 Mouse 66728 38683 1071971 2.32% E-MTAB-1509
Human 36454 27406 651070 1.22% E-MTAB-1509

Rhesus Macaque 30546 22421 532725 1.00% E-MTAB-1509
Dog 24316 18151 436461 0.99% E-MTAB-1509
Rat 59983 37940 993292 2.02% E-MTAB-1509

HNF4A Mouse 135057 54343 1762041 3.82% E-MTAB-1509
Human 50611 34022 856878 1.61% E-MTAB-1509

Rhesus Macaque 32331 21628 535077 1.01% E-MTAB-1509
Dog 69264 37839 1049132 2.38% E-MTAB-1509
Rat 52694 33640 891098 1.82% E-MTAB-1509

HNF6 Mouse 57255 38899 966248 2.09% E-MTAB-1509
Human 17021 14378 311320 0.59% E-MTAB-1509

Rhesus Macaque 9425 8238 174525 0.33% E-MTAB-1509
Dog 9283 7687 168142 0.38% E-MTAB-1509
Rat 22686 18058 407416 0.83% E-MTAB-1509
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Fig. 11: We include per species holdout under each species (other than
human) as the target species.
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