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Evaluating out of distribution generalization of protein language models
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Abstract

Protein language models (pLMs) are increasingly
used for protein function prediction tasks such
as detecting and annotating homologous domains
in sequences. However, because they are pre-
trained on such a broad sample of known pro-
tein sequence space, it becomes difficult to con-
struct downstream train/test splits that are truly
independent of pretraining data and therefore
to assess whether downstream performance re-
flects genuine generalization. We study this ques-
tion in a controlled setting by constructing large-
scale train, validation, and test splits with no de-
tectable cross-split homology and using them for
both pLM pretraining and downstream evaluation.
Holding architecture, compute, and downstream
training fixed, we vary only the amount of overlap
between pretraining and test data and measure its
effect on domain annotation sensitivity. Pretrain-
ing overlap substantially increases test-set sensi-
tivity even when training loss, validation perplex-
ity, and validation-set downstream performance
remain nearly unchanged, showing that overlap
with pretraining data can inflate apparent perfor-
mance without improving broader generalization.
We also find that domain-relevant signal emerges
early during masked language model pretraining.

1. Introduction
Protein sequence databases now contain hundreds of mil-
lions to billions of sequences, yet much of this sequence
space remains functionally uncharacterized. Less than 0.5%
of known proteins have experimental functional annotations
in the Gene Ontology (Littmann et al., 2021). Since ex-
perimental characterization has been outpaced by the rapid
growth of sequence databases, protein function is often
inferred computationally. In practice, inference typically
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proceeds through domain annotation: the identification of
conserved structural and functional units whose identity and
arrangement provide some of the clearest clues to a protein’s
biological role. At the same time, these expanding sequence
databases contain a vast record of evolutionary information
that, if exploited effectively, could extend function predic-
tion far beyond the reach of current methods.

Protein language models (pLMs) offer one promising way
to exploit evolutionary information at this scale. Trained on
massive corpora of unlabeled protein sequences, pLMs have
become an increasingly common approach to protein repre-
sentation learning (Rives et al., 2021; Brandes et al., 2022;
Elnaggar et al., 2021). pLM-based methods have supported
progress across several protein modeling tasks, including
variant effect prediction (Meier et al., 2021), structure pre-
diction (Lin et al., 2023; Hayes et al., 2025) and domain
annotation (Sarkar et al., 2026). However, an important
open question is whether these gains generalize to remote
homologs, where evolutionary relationships are typically
weakly reflected in sequence. This question matters for pre-
dictions on proteins that are evolutionarily distant from the
training data, for large-scale annotation pipelines in which
misannotations can propagate through growing databases
to become training signal for future models, and for down-
stream AI systems that use pLM-derived annotations or em-
beddings as part of larger retrieval and reasoning pipelines
(Huang et al., 2025; Su et al., 2025; Fallahpour et al., 2026).

Assessing generalization to remote homologs is difficult
because pLMs are pretrained on very large sequence cor-
pora. As a result, apparently held-out evaluation sequences
may still be close homologs of proteins already present in
the pretraining data. This creates a risk of data leakage:
information from evaluation sequences enters pretraining
through identical or homologous sequences, inflating appar-
ent downstream performance (Bernett et al., 2024; Hermann
et al., 2024) as shown in Figure 1A. A rigorous test of gener-
alization to remote homologs therefore requires constructing
splits at the scale of language-model pretraining itself, not
only at the level of downstream task training and evaluation.

Assessing generalization to remote homologs is difficult be-
cause pLMs are often pretrained on such a broad sample of
known protein sequence space that apparently held-out eval-
uation sequences may still be close homologs of proteins
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already present in the pretraining data. This creates a risk of
data leakage: information from evaluation sequences can en-
ter pretraining through identical or homologous sequences,
inflating apparent downstream performance (Bernett et al.,
2024; Hermann et al., 2024), as illustrated in Figure 1A.
Proper evaluation therefore requires train/test separation not
only for the downstream task, but also with respect to pLM
pretraining itself. In practice, however, the computational
cost of pretraining pLMs at scale makes such evaluations
difficult, and most downstream studies rely on pretrained
models whose training corpora already span much of known
sequence space.

pLM

Test

Downstream
Task

Train Train

Test

Large SeqDB

Train

Test Val

E >= 0.01

Pfamseq - 81M Sequences

A

B

Unlabeled
Pretraining

Labeled
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Figure 1. Data leakage overview A. Schematic showing pLMs
pretrained on large databases used in a downstream task and in-
ducing leakage despite having a train/test split B. Our controlled
data split on Pfamseq allowing for non leaky pLM training where
a pairwise sequence comparison E-value of less than 0.01 across
splits is disallowed.

In this work, we study this problem through controlled ex-
periments on pretraining leakage in downstream domain
annotation. We construct large-scale train, validation, and
test splits with no detectable cross-split homology (Fig-
ure 1B) and use them for both language-model pretraining
and downstream evaluation. We then vary only the amount
of test-set or test-related sequence overlap present in the
pretraining data while keeping architecture, compute, and
downstream evaluation fixed. This design lets us distinguish
between two possibilities: pretraining on test sequences or
related sequences may inflate downstream performance on
the test set, or it may improve representations in a way that
transfers to other still out-of-distribution sequences. We
find that increasing leakage increases test-set domain anno-

tation sensitivity, while training loss, validation perplexity,
and validation-set downstream performance remain nearly
unchanged. This pattern suggests that pretraining on test se-
quences or close homologs inflates performance on the test
set without improving broader generalization. We also find
that domain-relevant signal emerges early during masked
language model pretraining.

2. Related work
Large-scale protein domain annotation has long relied on
profile hidden Markov models (profile HMMs). In prac-
tice, annotation is performed by scanning sequences against
libraries of curated domain models, each representing a
homologous domain family. These models are typically
built and searched with HMMER (Eddy, 2011), which un-
derlies domain annotation in most of the protein family
databases integrated by InterPro, a widely used resource
that brings together domain models from multiple sources
(Blum et al., 2025). More recent work has begun to explore
deep-learning-based alternatives that replace large libraries
of family-specific models with learned sequence represen-
tations (Bileschi et al., 2022; Dohan et al., 2021; Shaw
et al., 2024). The most directly relevant example is PSALM,
which combines a pretrained protein language model with
a per-residue classifier and structured decoder to identify
domains and reports domain-detection performance compet-
itive with HMMER (Sarkar et al., 2026). This line of work
suggests that pLMs can support domain annotation directly,
rather than only sequence-level representation learning or
downstream property prediction, but it does not by itself
resolve how such methods behave when evaluation proteins
are evolutionarily distant from the data available during
pretraining.

A related literature has focused on benchmark construction
and appropriate splits for biological sequence modeling.
Work on independent-set benchmark construction showed
that random partitioning is not enough for homologous bi-
ological sequences and introduced procedures that enforce
explicit dissimilarity constraints between training and test
sets (Petti & Eddy, 2022). Related methods such as Graph-
Part (Teufel et al., 2023) and tools such as sledgeSeq (Krish-
nan et al., 2026) likewise aim to construct sequence dataset
partitions enforcing dissimilarity thresholds between splits,
rather than relying on random partitioning or ordinary clus-
tering alone. In parallel, benchmark efforts such as TAPE
(Rao et al., 2019) and FLIP (Dallago et al., 2021) empha-
sized curated downstream-task splits designed to probe more
realistic forms of biological generalization than random par-
titioning. In practice, many such controlled splits are built
with clustering or similarity-thresholding pipelines, often
using tools such as MMseqs2 (Steinegger & Söding, 2017).
These studies established that random splits can substan-
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tially overstate downstream performance, but they generally
operate at the level of the supervised benchmark itself. They
do not control similarity between a downstream test set and
the much larger corpus used for pLM pretraining.

More recent work has addressed data leakage from pretrain-
ing more directly. In pLM-based thermostability prediction,
train/test splits constructed to account for similarity to the
pretraining data were shown to materially change measured
performance relative to downstream task-only split strate-
gies, demonstrating that leakage from pLM pretraining can
inflate estimates of generalization (Hermann et al., 2024).
Related work on protein-protein interaction prediction like-
wise found that pretrained pLMs can introduce leakage but
studied this effect by training and comparing small, efficient
pLMs on strict splits and splits with leakage rather than
in a setting matched to the scale of modern pLM pretrain-
ing (Szymborski & Emad, 2026). Similar concerns have
also been reported for genomic language models, trained on
DNA sequences, where homology-based leakage has been
shown to inflate performance in gene expression prediction
tasks (Rafi et al., 2025). Together, these studies make clear
that leakage is a widespread problem in biological sequence
modeling, but they do not yet characterize its effects on
downstream performance in a controlled setting at a scale
comparable to modern pLM pretraining.

3. Methods
3.1. Protein language model pretraining

3.1.1. DATA CURATION

We use sledgeSeq (Krishnan et al., 2026) to partition the
81M-sequence Pfamseq database (Paysan-Lafosse et al.,
2025) into train, validation, and test sets with no statisti-
cally significant homology between sequences across the
splits. To construct these splits, sledgeSeq sequentially ap-
plies pHMMER (Eddy, 2011), MMseqs2 (Steinegger &
Söding, 2017), BLASTp (Altschul et al., 1997), and acceler-
ated Smith-Waterman alignment (Pearson & Lipman, 1988;
Smith et al., 1981) to detect homology between sequences
across splits and remove sequences involved in statistically
significant cross-split matches. We treat homology with an
E-value of 0.01 or lower as significant, where the E-value
denotes the expected number of false positives for 1 query
sequence searched against an 81M sequence database. Un-
der this criterion, the train, validation, and test sets are out
of distribution with respect to one another. Because the vali-
dation split is constructed by the same homology-filtering
procedure and remains non-homologous to both train and
test, it serves as a negative control in our controlled leakage
experiments.

We further cluster the training set at 90% sequence identity
with MMseqs2 to remove closely related sequences and

construct the Pfamseq90 training set. The resulting splits
contain 24M sequences in train, 17K in validation, and 97K
in test. In all data-leakage experiments, we use these same
splits for both language-model pretraining and downstream-
task training.

To compare against ESM-2, we pretrain a protein language
model on UniRef50 (50M protein sequences) (Suzek et al.,
2015) to match the ESM-2 training setup, while retaining the
Pfamseq90 train, validation, and test sets for downstream
training and evaluation. The various datasets are charac-
terized in Table 1 showing the number of sequences, total
residues, domains and unique families (defined by the Pfam
database (Paysan-Lafosse et al., 2025), see section 3.2.1).

Table 1. Dataset characterization

ATTRIBUTE TRAIN VALIDATION TEST UNIREF50

SEQUENCES 24M 17K 97K 50M
RESIDUES 6.6B 7M 17M 14.1B
TOTAL DOMAINS 15.4M 26K 41.3K 37.6M
UNIQUE FAMILIES 22.3K 5K 8K 24K

3.1.2. PRETRAINING

We train all protein language models with the masked lan-
guage modeling objective (Devlin et al., 2019) and use the
650M-parameter ESM-2 architecture (Lin et al., 2023). We
crop sequences to a maximum length of 1024 residues and
train with an effective batch size of ∼1.1M tokens using
Adam with (β1, β2, ϵ) = (0.9, 0.95, 10−8), gradient clip-
ping at 0.5, and weight decay of 0.01. Inspired by the
compute-optimal pLM training recipe given by Cheng et al.
(2024), we mask 15% of tokens and use a cosine learning-
rate schedule over the first 100K steps with 2,500 warmup
steps, reaching a peak learning rate of 4 × 10−4 and then
decaying to 4× 10−5 by step 100K. We hold the learning
rate constant thereafter.

The training recommendations in Cheng et al. (2024) are
designed for approximately one epoch and the authors note
diminishing returns, along with a greater risk of overfitting,
with longer training. In our setting, one epoch corresponds
to roughly 15K steps on UniRef50 and 8K steps on Pfam-
seq90 train. We train for multiple epochs to examine how
downstream task performance changes with additional pre-
training, and monitor validation perplexity throughout to
guard against overfitting.

3.2. Downstream task

We use domain annotation as the downstream task for eval-
uating pLMs. We focus on this task for two reasons:

1. We hypothesize that protein domains, which are of-
ten identified through patterns or motifs of conserved
(sub)sequences, are among the earliest biologically
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Figure 2. Compute-limited training recovers ESM-2 performance. A. Training loss for UR50 model with ESM-2 training loss as
dashed line B. Validation perplexity against steps with ESM-2 perplexity in dashed line C. Max sensitivity for downstream domain
annotation on test and validation set for UR50 model with ESM-2 values in dashed line

meaningful features learned during masked language
model pretraining.

2. Domain annotation depends directly on sequence ho-
mology, so constructing train, validation, and test splits
through homology-based sequence filtering provides a
natural way to assess generalization for this task.

3.2.1. GROUND TRUTH LABELS

We annotate the Pfamseq90 train, validation, and test sets
using Pfam 37.2 (Paysan-Lafosse et al., 2025), a manually
curated collection of 24,076 protein domain families, each
represented by a profile hidden Markov model. For each
sequence in these splits, we define the ground-truth domains
as the Pfam hits reported by HMMER 3.4 (Eddy, 2011)
when run with Pfam’s curated family-specific gathering
thresholds (--cut ga). These calls correspond to Pfam’s
curator-specified, high-confidence domain annotations. Ad-
ditional true domains may still be present in a sequence but
fall below these thresholds and remain unannotated in the
groundtruth. Throughout this work, we evaluate sensitivity
only with respect to this ground-truth set.

The test split from our Pfamseq partition contains 97K se-
quences, but many belong to groups of closely related pro-
teins. To reduce redundancy and limit over-representation of
highly similar examples, we further cluster the test set with
sledgeSeq at 50% sequence identity and retain one repre-
sentative sequence per cluster. This yields a non-redundant
test set of 57K sequences, which we use for all reported
sensitivity measurements.

3.2.2. TRAINING

We use the PSALM framework for downstream domain an-
notation, training a multilayer perceptron (MLP) together
with a structured probabilistic decoder on top of frozen
pLM embeddings (Sarkar et al., 2026). For downstream
training, we augment the Pfamseq90 training set as de-
scribed in PSALM: each sequence contributes either an
original or shuffled-outside example with equal probabil-

ity, 10% of examples are domain slices, and fully shuffled
negatives are added to increase the amount of non-domain
background. This augmentation increases training diversity
and exposes the classifier to both realistic domain context
and non-domain background.

We train the domain annotation MLP for a single epoch
(∼140K steps) with a learning rate of 5× 10−4 using Adam
with (β1, β2, ϵ) = (0.9, 0.999, 10−8), gradient clipping at
1.0, and weight decay 0.01.

In this work we depart from the full PSALM training pro-
cedure by restricting training to its first phase, where the
pLM is frozen and only the classifier head is optimized.
We omit the second phase, which fine-tunes the pLM to
improve specificity, so that differences in downstream per-
formance can be attributed to pretrained embeddings rather
than differences introduced during downstream fine-tuning.
We therefore assess pLM quality through the maximum sen-
sitivity achieved in this PSALM-style domain annotation
task.

3.2.3. STATISTICAL ANALYSIS

To compare domain annotation sensitivity between models,
we use nonparametric bootstrap resampling over sequences.
For each model and evaluation split, we sample sequences
with replacement and recompute sensitivity over 5,000 boot-
strap replicates. For each pairwise comparison, we compute
a two-sided bootstrap p-value from the distribution of sensi-
tivity differences and report significance using the standard
notation (* p < 0.05, ** p < 0.01, *** p < 0.001).

3.3. Compute infrastructure

All experiments were run on a single 4 x NVIDIA H200
141GB node with 64 available CPU cores. Language model
training for 200K steps completed in approximately 21 days
and PSALM training completed in approximately 12 hours.
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4. Results
We first show that our reduced-compute pretraining setup
recovers most of the downstream performance of ESM-
2, making it a suitable foundation for the controlled leak-
age experiments that follow. We then show that increasing
pretraining leakage increases test-set domain annotation
sensitivity, while leaving validation-set performance essen-
tially unchanged. Finally, we compare our controlled exact-
sequence leakage setting to the broader homologous leakage
present in realistic pretraining corpora.

4.1. Compute-limited training largely recovers ESM-2
performance

As a positive-control experiment, we first test whether our
compute-efficient training setup, inspired by Cheng et al.
(2024) (see section 3.1.2), can recover the performance of
ESM-2 in a lower-compute regime. To do this, we train a
pLM, which we refer to as UR50, on UniRef50 using the
ESM-2 architecture and the training procedure described
in Methods. ESM-2 was trained for roughly 1M steps at
our effective batch size of ∼1.1M tokens, whereas UR50 is
trained for 350K steps.

Since UR50 matches ESM-2 in both architecture and pre-
training dataset, the main remaining sources of variability
are differences in optimization settings and sequence sam-
pling during training. By tracking training loss, validation
perplexity, and downstream task performance as compute
increases, we assess how closely UR50 approaches ESM-2
under this reduced-compute setup. This experiment estab-
lishes that our reduced-compute training setup is strong
enough to recover most of ESM-2 performance, making it
a reasonable foundation for the controlled leakage compar-
isons that follow.

Training dynamics. Figure 2A shows the training loss as
a function of optimization steps. We report the target ESM-2
loss evaluated on a randomly-selected held-out shard of our
dataset (approximately 100 batches). The loss curve steadily
decreases and approaches the ESM-2 reference loss com-
puted on a subset of Pfamseq90 train (∼100K sequences).

Validation perplexity. In Figure 2B, we track the vali-
dation perplexity on a held-out dataset (see section 3.1.1).
Similar to the training loss, validation perplexity decreases
consistently and approaches the ESM-2 reference value of
5.41.

Downstream domain annotation. We next evaluate the
quality of learned representations from the language model
on a domain annotation task. Protein language models are
known to encode sequence homology information that can
be used for domain annotation (Sarkar et al., 2026).

Figure 2C reports the maximum sensitivity of domain de-
tection across checkpoints during UR50 training. Sensitiv-
ity increases with longer pretraining and approaches the
ESM-2 baseline of 0.82. Despite the reduced-compute
regime, UR50 at 200K steps recovers most of ESM-2 per-
formance in both validation perplexity and downstream
domain annotation. Even after 50K steps, UR50 reaches
77% domain-detection sensitivity, indicating that substantial
domain-relevant signal is already present well before the
model reaches its best overall performance. This supports
our hypothesis that protein domains are learned early during
masked language model pretraining and supports our use of
domain annotation as a probe of representations learned dur-
ing pretraining. We therefore use 200K steps as the training
budget in the controlled leakage experiments, while training
UR50 to 350K steps only to characterize its approach to
ESM-2 performance.

A0A453HYN0 - Reticulon domain containing protein
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Figure 3. Representative domain annotation across UR50
checkpoints. Colored bars show the decoded domain calls for
each model, with the ground-truth Pfam annotation shown at top.
Red numbers indicate the profile coordinates of the Pfam hits,
suggesting that the annotated region covers only part of the full
profile. Blue curves show the per-residue probabilities assigned by
the PSALM MLP to the correct family, PF02453. Black curves
show the corresponding per-residue probabilities assigned to the
non-domain state.

Domain annotation case study across varying compute.
Figure 3 shows the reticulon-domain-containing protein
A0A453HYN0, selected from the test set as a representative
example of how downstream domain annotation improves
with additional pretraining. The 100K UR50 checkpoint
fails to recover the ground-truth reticulon family and in-
stead predicts an incorrect domain, whereas UR50 at 200K
steps and beyond recovers the same family-level call as
ESM-2. These later calls extend beyond the ground-truth
annotation, but the Pfam profile coordinates indicate that
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the annotated hit may cover only part of the full domain.
Consistent with this, HMMER run in maximum-sensitivity
(--max) mode identifies an additional hit in the C-terminal
half of the sequence, suggesting that the longer UR50 and
ESM-2 calls may reflect more complete recovery of the
underlying domain signal rather than simple overextension.
The residue-level probabilities support this interpretation:
from 200K to 350K steps, UR50 assigns increasingly strong
probability to the regions supported by the HMMER evi-
dence, and ESM-2 shows the clearest support across the
full span. One possible explanation is that this sequence
contains substantial insertions relative to the Pfam profile,
which may make the full domain more difficult to recover
with profile-based matching alone.

4.2. Pretraining leakage inflates domain annotation
sensitivity

pLM PSALM

Pf 90
Train

Clean

Leaky

Leaky10x

Pf Test

Train

+Test

+10x Test

Figure 4. Workflow for controlled leakage experiments

To isolate the effect of pretraining leakage on domain an-
notation, we train three compute-matched pLMs for 200K
steps each that differ only in the amount of test-set leakage
present during pretraining, as shown in Figure 4:

(i) Clean: trained on Pfamseq90 train only.
(ii) Leaky: trained on Pfamseq90 train + Pfamseq test.

(iii) Leaky 10x: trained on Pfamseq90 train + 10 copies
of Pfamseq test.

Because the test set contains only 97K sequences, or 0.4%
of the size of Pfamseq90 train, a single copy of the test set
may provide too weak a signal to produce a clear down-
stream effect. We therefore include the leaky 10x condition
to increase the amount of leakage while keeping the down-
stream task fixed. In all cases, the downstream PSALM
model is trained only on Pfamseq90 train and evaluated on
both the test set and the validation set. Since the valida-
tion set remains out of distribution with respect to pretrain-
ing for all three models, it serves as a negative control for
leakage-specific effects: if leakage improves performance
only through contamination of the train set with test set
sequences, the gain should not transfer to validation. Be-
cause our controlled manipulation introduces leakage only
through exact test-set sequences, it provides a conservative
estimate of how much performance inflation can arise in
realistic pretraining corpora that contain additional homolo-

gous sequences beyond exact test set matches.

Validation set domain sensitivity as a negative control.
Figures 5A and B show that all three pLMs have nearly
identical training loss and validation perplexity. We also
find no meaningful difference in downstream domain anno-
tation sensitivity on the validation set (Figure 5C). Since the
validation set is non-homologous to the pretraining data for
all three models, this lack of change is expected if leakage
acts specifically through contamination of the train set with
test set sequences. Conversely, if leakage were improving
representation quality in a more general way, we would ex-
pect leaky and leaky 10x to improve on the validation set as
well. We do not observe such an improvement.

Leakage increases test-set sensitivity. In contrast, sen-
sitivity on the test set increases clearly with the amount of
leakage present during pretraining (Figure 5C). Maximum
sensitivity increases by 2.5% from clean to leaky and by
5% from clean to leaky 10x; bootstrap resampling confirms
that these differences are statistically significant (see section
3.2.3). The fact that these gains appear only on the test set
but not on the non-homologous validation set indicates that
pretraining leakage inflates test-set performance rather than
improving broader out-of-distribution generalization.

Exact-sequence leakage vs. homologous leakage. Test-
set domain annotation sensitivity increases with the amount
of leakage present in the pLM pretraining data. In our
controlled leakage experiments, this leakage consists only
of exact test-set sequences. By construction, the clean model
is trained on sequences with no detectable homology to the
test set. The leaky model includes one copy of the 97K-
sequence test set during pretraining, whereas leaky 10x
includes ten copies of that same test set, for a total of 970K
leaky sequences. Thus, the difference between leaky and
leaky 10x is not greater diversity of leaked sequences, but
greater replication of the same exact test-set contamination.

UniRef50 is leakier in a broader sense. In addition to con-
taining exact test-set sequences, it also contains many ho-
mologous sequences related to the test set. Using sledgeSeq,
we estimate that UniRef50 contains approximately 11M se-
quences with significant similarity to the test set, compared
with 970K exact leaked sequences in the leaky 10x setting.
We hypothesize that this larger and more diverse source of
leakage helps explain the higher test-set sensitivity of ESM-
2 and UR50 (even in a compute matched setting as shown in
Figure 5C) relative to the clean, leaky, and leaky 10x mod-
els, because homologous sequences may partially bridge the
gap between the pretraining and test data distributions. The
difference in domain sensitivity observed between the clean,
leaky, and leaky 10x models therefore provides a lower
bound on the performance inflation that leakage can induce.
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Figure 5. Effect of pLM data leakage on downstream performance. A. Train loss for clean, leaky and leaky 10x models B. Validation
perplexity for clean, leaky and leaky 10x models C. Max sensitivity for downstream domain annotation of each model on test and
validation set along with corresponding compute matched UR50 model sensitivity shown as a dashed bar

Because realistic pLM pretraining corpora contain both ex-
act and homologous leakage, their inflation may be larger
than what we measure in this controlled exact-sequence
setting.

Domain annotation case study across varying leakage.
We selected the protein kinase domain-containing protein
A0A150GE86 from the test set to illustrate how data leak-
age in pretraining affects domain annotation (Figure 6). The
ground-truth annotation contains a protein kinase family
domain (PF07714). The compute-matched UR50 model
at 200K steps identifies this family correctly across nearly
the full annotated region, with high per-residue probability
assigned to the ground-truth family and low probability as-
signed to the non-domain state. The clean model fails to
recover the correct family and instead predicts two incorrect
domains. The leaky model recovers a kinase-family pre-
diction, but assigns the sequence to the wrong Pfam family
within the same clan, where a clan is a curated group of ho-
mologous Pfam domain families (Finn et al., 2006). In con-
trast, the leaky 10x model recovers the correct family-level
annotation, closely matching the UR50 prediction. This
example is consistent with the aggregate results in Figure 5:
increasing leakage improves test-set domain annotation, and
in some cases repeated exposure to leaked sequences is suf-
ficient to shift the model from an incorrect family prediction
to the correct one.

5. Discussion
Our results show that pretraining leakage can materially in-
flate downstream domain annotation sensitivity, even when
standard pretraining metrics remain nearly unchanged. In
our controlled-leakage experiments, increasing the amount
of leaked test-set data in pretraining improves performance
on the test set, while leaving training loss and validation per-
plexity almost identical across models. This makes leakage
difficult to detect from pretraining metrics alone and sug-
gests that downstream evaluation can substantially overstate
performance when pretraining corpora are not controlled.

A0A150GE86 - Protein kinase domain containing protein
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Groundtruth: Protein tyrosine and serine/threonine kinase family, PKinase clan
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PF00069 - Protein kinase domain family, PKinase clan
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Figure 6. Representative domain annotation across controlled
leakage settings. Predictions from PSALM for the protein ki-
nase domain-containing protein A0A150GE86 using a compute-
matched UR50 model at 200K steps and the clean, leaky, and leaky
10x pLMs. Colored bars show the decoded domain calls for each
model, with the ground-truth Pfam annotation shown at top. Blue
curves show the per-residue probabilities assigned directly by the
PSALM MLP to the ground-truth family PF07714. Black curves
show the corresponding per-residue probabilities assigned to the
non-domain state.

The contrast between test and validation performance is
especially important for interpretation. The validation set
serves as a negative control in our experiments because it
remains out-of-distribution (non homologous) to the pre-
training data for all models. If leakage were improving
representation quality in a way that helped generalization,
we would expect those gains to transfer to validation perfor-
mance as well. Instead, validation-set downstream perfor-
mance remains essentially unchanged. This suggests that
the improvement in test-set performance arises from leakage
in pretraining rather than from improved out-of-distribution
generalization.

Our results also support the use of domain annotation as a
probe of what pLMs learn during pretraining. Even in the
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compute-limited UR50 setting, domain-detection sensitiv-
ity rises quickly, and useful domain-level signal is already
detectable at a small fraction of the compute required for
ESM-2. This is consistent with our hypothesis that protein
domains are learned early in masked language model pre-
training. At the same time, the leakage experiments show
that strong downstream domain-annotation performance is
not by itself evidence of remote-homology generalization,
since some of that performance can be explained by contam-
ination of the pretraining data with test set or test-related
sequences.

The comparison between our controlled leakage settings
and UniRef50 also suggests that exact-sequence leakage is
only one part of the problem. In the clean, leaky, and leaky
10x models, leakage is limited to repeated copies of exact
test-set sequences, whereas UniRef50 contains both exact
test sequences and many homologous sequences related to
the test set. We hypothesize that this broader and more
diverse form of leakage contributes to the stronger perfor-
mance of ESM-2 and UR50 pLMs by partially bridging the
gap between pretraining and test distributions. At the same
time, our study focuses on downstream domain annotation
and on a controlled exact-sequence leakage setting, so the
magnitude and form of leakage effects may differ for other
downstream tasks, as suggested by Szymborski & Emad
(2026), and for more realistic mixtures of homologous over-
lap. More generally, these results suggest that leakage in
biological sequence modeling should be understood not only
in terms of exact duplicates, but also in terms of homologous
sequence relationships that can blur the boundary between
interpolation and true generalization.

Future work. Two directions for future work seem espe-
cially important. First, it will be useful to study how leakage
effects vary across downstream tasks, especially tasks that
depend less directly on sequence homology than domain
annotation. Second, a more detailed characterization of ho-
mologous leakage across sequence-similarity ranges could
clarify when pLM performance reflects transfer to genuinely
novel proteins and when it reflects partial overlap with pre-
training data. It will also be important to test whether the
magnitude of these effects changes with larger-scale pre-
training. More broadly, leakage-controlled evaluation that
accounts for the pretraining stage may be necessary for mak-
ing reliable claims about biological generalization in large
sequence models.

Code and Data Availability
All code and data will be made public after acceptance to
the workshop.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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