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1 Introduction
Sequence-to-expression deep learning models, such as Enformer [1], Borzoi [2], and Decima [3], predict gene expression from
DNA, typically via multitask training across numerous biological contexts (e.g. cell lines, tissues, disease states). Performance
is conventionally assessed by computing cross-gene correlations within each context, a metric on which existing models do
quite well. However, these models often struggle to predict context-specific regulatory features [4] or expression, a critical
limitation as disease heritability is enriched in cell-type-specific peaks and near genes with cell-type-specific expression [5].

Numerous approaches have been developed to improve context-specific chromatin accessibility prediction, including
increasing model capacity [4] and including an additional cross-context loss [6]. However, less effort has been devoted to
improving context-specific gene expression prediction. Recently, the Decima model [3] aimed to improve context specificity
not only by fine-tuning on pseudobulked single-cell RNA-seq data from additional contexts, but also by introducing an addi-
tional cross-context loss term. This cross-context loss, implemented in Decima as a multinomial loss, focuses on predicting
a gene’s relative expression profile across contexts, rather than its absolute expression in each. However, the Decima study
lacked ablations to fully characterize the impact of using this additional loss term.

In this work, we fine-tune Enformer on bulk RNA-seq data from 218 tissues, incorporating an additional cross-tissue
Pearson loss. We demonstrate that this strategy improves tissue-specific gene expression predictions. We further show that
this improvement can be obtained without modifying the attention maps or even training the vast majority of the network.
These findings highlight the utility of cross-context losses and help better characterize their impact on the model.

2 Methods
Data. We fine-tuned Enformer to predict log RPKM values from bulk RNA-seq (as preprocessed by [7]) for 218 tissue samples
from GTEx [8], Roadmap Epigenomics [9], and ENCODE [10]. We excluded rRNA genes and genes on sex chromosomes. For
each gene, we extracted a 50,048 bp sequence centered at its CAGE-representative TSS. Because Enformer was not trained
on chromosome 14, we split our dataset so that all genes in our test set come from that chromosome.

Loss Function. Enformer is trained with a Poisson negative log-likelihood (NLL) loss, which helps it to output values
reasonably close to the ground truth. However, the expression of a gene across tissues is much more similar than the expression
of different genes in the same tissue. (For example, in our data, the average cross-tissue coefficient of variation (CV) is 3.33,
while the average cross-gene CV is 7.79.) This means that a model trained with Poisson NLL loss has a harder time learning
the ordering of the expression of a gene across tissues than the ordering of the expression of different genes in the same tissue.

We introduce a hybrid loss function intended to explicitly penalize poor cross-tissue predictions. The hybrid loss is a
weighted combination of MSE loss (chosen over Poisson NLL because our targets are continuous log RPKM values) and
cross-tissue Pearson loss (chosen for its speed over differentiable Spearman correlation [11]). Pearson loss is defined as 1 minus
Pearson correlation. We test and show results for various weightings, i.e. combinations of α and β.

L(y, ŷ) = α · (1− Pearson(y, ŷ)) + β · MSE(y, ŷ) where y, ŷ ∈ R218

Model. We fine-tune Enformer using the hybrid loss without freezing any weights. We pass each 50 kb sequence into
Enformer, we use attention pooling to aggregate information across the central 10 bins of the model’s embeddings before the
output heads, and we pass this into a linear layer to predict our log RPKM RNA-seq values across all 218 tissue samples.

Fig. 1: Performance of Enformer when fine-tuning with
the hybrid loss on cross-gene and cross-tissue tasks. We
fine-tune Enformer with 6 hybrid losses with different Pearson
and MSE weightings. For each tissue, we compute the cross-
gene Spearman correlation across the 420 genes in the test set
and plot the average across 218 tissue samples. For each gene,
we compute the cross-tissue Spearman correlation across 218
tissue samples and plot the average across the 420 genes in the
test set. Error bars reflect ±1 standard error of the mean.

Due to limited compute, we did not perform a hyper-
parameter search, and we instead used hyperparameters
largely inspired by [12]. We trained using a learning rate
of 1 × 10−4 and a weight decay of 1 × 10−3. We utilized a
learning rate scheduler that linearly increased the learning
rate over 1000 steps and then performed cosine annealing
to reduce the learning rate. We trained for 50 epochs, with
early stopping on the validation loss using a patience of 5.
We used a batch size of 2.

3 Results
Performance with hybrid loss. We evaluated the cross-
gene and cross-tissue performance on the test set for
Enformer models fine-tuned with 6 different hybrid loss
functions, as seen in Figure 1. As the weighting of the Pear-
son component (α) increases, the fine-tuned model performs
better on the cross-tissue task with minimal change in per-
formance on the cross-gene task. For example, cross-tissue
performance increases by 5.4% from α = 0 to α = 50. How-
ever, if MSE loss is weighted at 0, cross-gene performance
drops more than over 0.8 to 0.201 Spearman correlation.
Cross-tissue Pearson loss alone is not enough for the model to understand which genes are more highly expressed than others
in a single tissue.



Fig. 2: Effect of freezing convolutional and transformer modules on cross-gene and cross-tissue performance
of fine-tuned Enformer. We fine-tune Enformer with the same 6 hybrid loss functions as before. Blue bars represent when
all weights are unfrozen; orange bars represent when convolutional and transformer modules are frozen. We compute cross-
gene and cross-tissue Spearman correlations in a similar way as in Figure 1. Error bars reflect ±1 standard error of the mean.

Freezing. Enformer struggles to capture signal from distal enhancers [13]. Because distal enhancers help modulate
tissue-specific expression [14], we hypothesized that incorporating a cross-tissue component into our loss function would help
Enformer better capture this distal signal—in particular, via updates to the multi-head attention (MHA) layers [1]. Thus, we
hypothesized that if we freeze the weights of the MHA layers when finetuning, the model will not learn to better integrate
distal information, and the model’s performance should drop.

We compare Enformer fine-tuned without freezing any weights to Enformer fine-tuned while freezing the weights in the
convolutional and transformer modules (which includes the MHA layers) and surprisingly find that freezing these modules
does not significantly impact the model’s cross-gene or cross-tissue performance, as seen in Figure 2. Freezing these modules
can reduce the computational cost of fine-tuning Enformer for our tasks and our data, and perhaps other tasks or datasets.

Effect of cross-tissue loss on attention maps. Next, we directly analyzed how our hybrid loss affects the weights
in the MHA layers. We compared base Enformer (i.e., not fine-tuned), Enformer fine-tuned with MSE loss, and Enformer
fine-tuned with a hybrid loss (we chose a hybrid loss with a Pearson weighting of 50 and MSE weighting of 1 as it performed
best on the cross-tissue task in Figure 1). We did not freeze any parameters while finetuning. For each model, we passed in
the 50 kb sequence centered at the TSS of each gene in our test set and computed the attention weight between the TSS bin
and all other bins, averaging across all layers and all heads (Figure 3a). In addition, we calculated the number of distal bins
(defined as more than 50 bins from the TSS) that are highly attended by the TSS for different attention weight thresholds;
our results are reported in Figure 3b.

While the base Enformer was trained on both expression data and regulatory chromatin data, we fine-tuned Enformer
using only expression data. Since distal enhancers play a critical role in regulating expression [14], our fine-tuning process
should make the model pay more attention to distal bins where enhancers may lie. Indeed, we see that our fine-tuned models
have higher attention weights than the base Enformer model at the edges of the 50 kb sequence we test (as seen in Figure 3a).
Likewise, there are more highly attended distal bins for our fine-tuned models than the base model (as seen in Figure 3b).

However, finetuning Enformer with MSE loss and finetuning with a hybrid loss produce highly similar attention patterns,
especially in the distal regions. The cross-tissue loss component does not help the model pay more attention to distal bins.

4 Conclusion
In this paper, we introduce a hybrid loss that incorporates a cross-tissue Pearson loss component. We find that fine-tuning
Enformer with a hybrid loss improves cross-tissue performance—even if we freeze the majority of the network—and does not
significantly alter the attention maps compared to fine-tuning with an MSE loss. We hope that future research will explore
the impact of cross-tissue losses throughout model training (not just fine-tuning) and on tracks besides gene expression and
will design loss functions that better integrate signal from distal elements.

Fig. 3: Fine-tuning on RNA-seq data alters the attention weights of Enformer, irrespective of the specific
loss used. a) Left. We calculate the attention map using the attention weights where the query is the TSS (i.e., bin 0),
and we average the attention maps across all genes in the test set. We plot attention maps for the base Enformer, Enformer
fine-tuned with MSE loss, and Enformer fine-tuned with a hybrid loss. Vertical gray dashed line indicates TSS. b) Right. We
calculate the number of high-attention distal bins, using different thresholds labeled on the x-axis, for the base Enformer,
Enformer fine-tuned with MSE loss, and Enformer fine-tuned with a hybrid loss. We plot the mean number of high-attention
distal bins across the genes in our test set with error bars reflecting ±1 standard error of the mean.
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