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Abstract

Chemical Language Models (CLMs) pre-trained on
large-scale molecular data are widely used for mol
ecular property prediction. However, the common b
elief that increasing training resources, such as mod
el size, dataset size, and training compute, improve
s both pre-training loss and downstream task perfor
mance has not been systematically validated in the

chemical domain. In this work, we evaluate this ass
umption by pre-training CLMs while scaling trainin
g resources and measuring transfer performance acr
oss diverse molecular property prediction (MPP) ta
sks. We find that while pre-training loss consistentl
y decreases with increased training resources, down
stream task performance shows limited improveme
nt. Moreover, alternative metrics based on the Hess
ian or loss landscape also fail to estimate downstrea
m performance in CLMs. We further identify condi
tions under which downstream performance saturat
es or degrades despite continued improvements in p
re-training metrics, and analyze the underlying task
-dependent failure modes through parameter space

visualizations. These results expose a gap between

pre-training-based evaluation and dewnstream perf
ormance, and emphasize the need for model selecti
on and evaluation strategies that-explicitly account

for downstream task characteristics. The code is av
ailable at https://github.com/sagawatatsuya/MolSca
leTransfer

1 Introduction

Chemical language models (CLMs), which are pre-trained on
string representations of molecules, have become increas-
ingly important as foundation models that can transfer to a
wide range of molecular property prediction (MPP) tasks in
biology, chemistry, and drug discovery [Park et al., 2024;
Ross et al., 2022; Edwards et al., 2022]. This is largely be-
cause labeled data are expensive to obtain, while the rapid
growth of molecular databases has made billions of unlabeled
structures available. By representing molecules as sequences
of atomic and bond symbols, we can treat them as a form of
language. This formulation makes it natural to adopt tech-
niques from natural language processing (NLP), and a variety
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Figure 1: Training dynamics of the pre-training cross-entropy loss
in a CLM and the downstream performance (ROC-AUC) obtained
by fine-tuning checkpoints from different pre-training stages on
the HIV benchmark.

of NLP methods have been adopted in this line of work
[Chithrananda et al., 2020; Li and Jiang, 2021; Irwin et al.,
2022]. Motivated by scaling practices in NLP, CLMs have
also been rapidly scaled, following the expectation that in-
creasing model size, data size, and compute lead to better per-
formance [Soares et al., 2025a, 2025b; Cai et al., 2025]. In
NLP, pre-training loss has been shown to follow a power law
with respect to training resources, and this relationship has
served as a practical guideline for model design and training
resource allocation [Kaplan et al., 2020; Hoffmann et al.,
2022].

In recent years, studies in NLP have reported that improve-
ments in pre-training loss do not necessarily translate into
better downstream performance and can even lead to negative
transfer in some cases [Zoph et al., 2020; Isik et al., 2024;
Lourie et al., 2025]. This observation suggests that the im-
plicit assumption that minimizing the pre-training loss is
equivalent to acquiring useful representations may not be uni-
versal. To address this issue, prior work has proposed alter-
natives to pre-training loss, including Hessian and loss land-
scape-based measures, and has shown that these metrics can
serve as indicators of transfer performance on downstream
NLP tasks [Liu et al., 2023]. However, whether negative
transfers occur and whether such alternative metrics to pre-



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

training loss are expected to be effective depend on the down-

stream tasks and application domains. In particular, these

questions have not been sufficiently examined in the context
of CLMs.

Figure 1 illustrates that, for a typical Transformer-based
CLM, lower pre-training loss does not necessarily translate
into better downstream performance. As pre-training pro-
gresses, the loss decreases monotonically, but downstream
performance after fine-tuning model states from different
stages on the HIV benchmark [Wu et al., 2018] is non-mon-
otonic. This suggests that optimizing the pre-training objec-
tive can diverge from learning representations that transfer
well. It also indicates that common CLM practices, such as
using pre-training loss as the primary criterion for early stop-
ping, model selection, and training resource allocation, may
not be fully justified from the perspective of downstream ap-
plications.

Motivated by this observation, we investigate (i) how well
pre-training loss correlates with downstream performance on
MPP tasks, and (ii) how this relationship changes as we scale
model size, data size, and training compute. To address these
questions, we focus on encoder-based CLMs that are com-
monly used for MPP, pre-train them under different resource
budgets and evaluate transfer on MPP benchmarks. We then
evaluate downstream performance under practical transfer
settings that are widely used in CLM applications, including
fine-tuning and linear probe, to identify when improvements
in pre-training align with downstream gains versus when they
diverge. We further analyze task-dependent factors underly-
ing this phenomenon in a comprehensive evaluation across
36 MPP tasks.

Our contributions are summarized as follows:

e  We show that scaling model size, data size, and training
compute consistently reduces pre-training loss, suggest-
ing scaling-law behavior for CLMs at least with respect
to loss.

e  We systematically evaluate the relationship between pre-
training loss and downstream performance on MPP
benchmarks and demonstrate that lower loss does not re-
liably imply better downstream performance in CLMs.

e  We show that, under standard CLM training and transfer
settings, the relationship between pre-training loss and
downstream performance depends strongly on the task
and the training setup, which establishes the limitations
of using pre-training loss as a single criterion for early
stopping, model selection, and resource allocation.
These limitations persist even when using alternatives to
pre-training loss based on Hessian information and loss
landscapes. Finally, we analyze this behavior using vis-
ualizations in parameter space.

2 Related Work

2.1 Chemical Language Models for Molecular
Property Prediction

Chemical language models (CLMs) are typically pre-trained
on large-scale unlabeled corpora of molecular strings and use

representations such as SMILES (Simplified Molecular-In-
put Line-Entry System) as input [Weininger, 1988; Park et
al., 2024; Ross et al., 2022; Yiiksel et al., 2023]. This allows
molecules to be treated as text. Accordingly, CLMs are com-
monly pre-trained with standard NLP objectives, including
masked language modeling (MLM), which predicts masked
tokens, and autoregressive (next-token) language modeling.
The same framework is widely used for downstream molec-
ular property prediction (MPP) tasks, covering a broad range
of classification and regression problems.

Input representations for CLMs have been studied exten-
sively. Beyond SMILES, alternative notations such as Self-
Referencing Embedded Strings (SELFIES) [Krenn et al.,
2020] and DeepSMILES [O’Boyle and Dalke, 2018] have
been developed and have also been used in CLM pre-training
and modeling [Yiiksel et al., 2023]. However, prior work re-
ports that the choice of notation has little impact on down-
stream performance for large-scale CLMs [Rajan et al., 2026].
In light of this observation, our scaling study focuses on
SMILES, which remains widely used in large-scale CLMs.

2.2 Scaling Laws in Chemical Language Models

Scaling laws have been observed across domains such as
NLP, computer vision, and speech recognition, where perfor-
mance improves predictably as model size, data size, and
training compute increase [Zhai et al., 2021; Chen et al.,
2025;Kaplan et al., 2020]. Similar observations have been
reported in the chemistry domain. For example, prior work
shows that pre-training loss in decoder-based CLMs follows
a power law with respect to model size and data size [Ramos
et al., 2025; Frey et al., 2023]. For encoder-based models,
which are often pre-trained and then fine-tuned for MPP tasks,
existing studies have typically examined pre-training or
downstream performance in isolation [Chen et al., 2023]. As
a result, how strongly improvements in pre-training loss
translate into downstream gains remains unclear.

Scaling-law studies also extend beyond string-based
CLMs. In graph-based molecular representation learning,
performance has been reported to scale consistently with
downstream dataset size [Chen et al., 2023]. Another line of
work studies models that incorporate atomic coordinates and
reports monotonic improvements on certain quantum chem-
istry benchmarks as model size increases [Wang et al., 2024].
While these approaches go beyond simple string representa-
tions of molecules, combining their insights with our com-
prehensive downstream-task results on standard string repre-
sentation may help clarify the mechanisms underlying these
scaling phenomena.

2.3 When Pre-training Loss Fails to Reflect Trans-
ferability

In research on pre-trained models, the empirical rule that
lower pre-training loss implies better downstream perfor-
mance has guided practical choices such as model selection,
early stopping, and resource allocation [Kaplan et al., 2020].
Evidence from large language models (LLMs) has further re-
inforced this practice. As scale increases, loss often decreases
alongside improvements in downstream performance, which
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encourages the use of loss as a proxy for downstream perfor-
mance.

However, recent studies have shown that improvements in
pre-training loss do not necessarily yield downstream gains
and can even lead to negative transfer [Zoph et al., 2020; He
et al., 2019]. For example, under substantial distribution shift
between pre-training and downstream data, downstream per-
formance may not scale predictably with increasing amounts
of pre-training data [Isik et al., 2024]. In addition, a meta-
analysis of LLMs found that the conditions under which
downstream scaling laws hold are limited and that scaling be-
havior can fail to generalize even under small changes in ex-
perimental settings [Lourie et al., 2025]. These findings sug-
gest that making pre-training-stage decisions based solely on
loss can be unreliable in some settings. To better anticipate
downstream performance beyond what is captured by loss,
prior work has proposed alternatives to pre-training loss, such
as metrics derived from the loss-landscape curvature [Liu et
al., 2023] and gradient-based measures that quantify similar-
ity between parameter vectors before and after learning [Yao
et al., 2024].

Negative transfer has also been reported in molecular mod-
eling. Prior work on CLMs shows that, in certain tasks and
data regimes, pre-training contributes little to downstream
performance and can even degrade transfer [Chen et al.,
2023; Hormazabal et al., 2024]. Studies of graph-based mo-
lecular representations likewise report that pre-training can
induce negative transfer, highlighting the importance of pre-
training task design and data conditions [Xia et al., 2022]. In
such cases, improvements in pre-training loss do not neces-
sarily indicate that the model has learned representations use-
ful for downstream tasks. Nevertheless, pre-training loss re-
mains a widely used metric for monitoring pre-training pro-
gress and selecting models. This may be partly because much
of the literature examines pre-training and downstream per-
formance in isolation and reports results in relatively specific
settings. As a result, comprehensive evaluations that system-
atically vary model size, data size, and compute under a con-
sistent pre-training protocol are still limited. Moreover, alter-
natives to pre-training loss that have shown promise in NLP
have not yet been systematically examined for CLMs.

3 Method

We systematically vary model size, data size, and training
compute under a controlled pre-training protocol to examine
scaling behavior and downstream transfer. We first describe
the pre-training and downstream evaluation procedures, and
then define metrics quantifying downstream transfer perfor-
mance.

3.1 Pre-training and Downstream Evaluation

Pre-training. We pre-train CLMs with MLM on a large-
scale corpus of SMILES strings. We randomly mask a subset
of tokens and train the model to predict the masked tokens.
We adopt a Transformer encoder architecture [Vaswani et al.,
2017] (see Appendix A for details). The pre-training objec-
tive is the MLM cross-entropy loss, which we track through-
out training.

Downstream tasks. We evaluate downstream transfer using
two standard protocols: fine-tuning and linear probe. For
fine-tuning, we attach a task-specific prediction head to the
pre-trained encoder and update both the encoder and head to
optimize the downstream objective. This setting reflects per-
formance after task-specific adaptation of the pre-trained rep-
resentations. For linear probe, we freeze the encoder and train
only a linear head on top of the encoder representations,
measuring the linear separability of the learned representa-
tions. For each benchmark, we use task-specific losses and
evaluation metrics (Appendix B).

3.2 Downstream Transferability

We quantitatively evaluate how well pre-training loss corre-
lates with downstream performance. We compare model
states saved at different stages of pre-training and test
whether pre-training loss exhibits a monotonic relationship
with downstream metrics via correlation analysis.
We periodically save the model during pre-training and re-
fer to each saved snapshot as a checkpoint.
For each checkpoint, we compute the following values:
®  Lyre: the MLM cross-entropy loss on the validation split
of the pre-training dataset
®  Lyown: the MLM cross-entropy loss computed on down-
stream inputs without any parameter updates (i.e. zero-
shot evaluation)
e  PFT: downstream performance after fine-tuning
PLP: downstream performance under linear probe
We define consistency as the monotonic association be-
tween Ly, and downstream metrics and quantify it using
Spearman’s rank correlation coefficient [Spearman, 1904],
denoted by p. Specifically, we compute p between Ly, and
each of Lygwn, PFT, and PLP across checkpoints. To keep the
direction consistent across tasks, we transform downstream
metrics only for correlation computation so that smaller val-
ues indicate better performance; for classification tasks, we
use 1 — ROC-AUC.

3.3 Alternative Metrics to Pre-training Loss

In addition to the loss-based analysis in Section 3.2, we con-
sider two alternatives to pre-training loss as predictors of
downstream performance: the trace of the Hessian (Tr(H))
[Liu et al., 2023] and the Principal Gradient-based Measure-
ment (PGM) distance [Yao et al., 2024]. Tr(H) captures the
curvature of the pre-training loss landscape, while the PGM
distance assesses transferability via the misalignment be-
tween gradients induced by the pre-training objective and
those induced by downstream objective. We expect smaller
values of these metrics to correspond to better downstream
performance. Definitions and implementation details are pro-
vided in Appendix C.

For each training run with fixed model size and training
data size, we compute these metrics on checkpoints saved at
regular intervals. We quantify the relationship between met-
ric values and downstream performance using Spearman’s
rank correlation.
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Figure 2: Pre-training scaling laws in pre-training. (a) Pre-training loss as a function of training compute for different model sizes. (b) Final
pre-training loss as a function of model size and data size, with a power-law fit (exponents & = 0.686, f = 1.702).

4 Experiments

We examine how scaling affects pre-training loss and down-
stream transfer performance. Section 4.1 confirms that previ-
ously reported pre-training scaling laws hold in our setting.
Section 4.2 evaluates models pre-trained under different scal-
ing regimes on downstream tasks and quantifies the relation-
ship between pre-training loss and downstream performance
using rank correlation and identifies when loss improvements
translate into downstream gains. Finally, Section 4.3 evalu-
ates alternatives to pre-training loss in settings where loss
alone fails to predict downstream outcomes and analyzes
task-dependent failure modes when using loss as a proxy for
transfer.

4.1 Pre-training Evaluation

We evaluate how pre-training loss changes as we scale model
size, data size, and compute. Our models are Transformer en-
coders with from 0.06 to 203.65 million parameters exclud-
ing embeddings (Appendix A), covering a range comparable
to prior encoder-based CLMs [Ross et al., 2022; Park et al.,
2024; Yiiksel et al., 2023]. We pre-train on a large-scale da-
taset of SMILES strings compiled from ZINC-15 [Sterling
and Irwin, 2015] and PubChem [Kim et al., 2019]. To assess
the effect of data size, we subsample the training data to ob-
tain subsets ranging from 0.7 to 42.4 billion tokens.

Figure 2(a) shows learning curves for seven model sizes
trained for four epochs with the data size fixed at the largest
subset. For all models, pre-training loss decreases throughout
training with diminishing returns later in training, and larger
models consistently achieve lower loss.

Figure 2(b) shows the final pre-training loss while varying
both model size and training data size. Pre-training loss de-
creases monotonically as model size and data size increase,
consistent with scaling-law behavior over our experimental
range (Appendix D).

4.2 Downstream Transferability Evaluation

We evaluate how improvements during pre-training relate to

downstream gains along three axes: model size, data size, and
compute. For each axis; we vary only that factor while hold-
ing the others fixed.'We then plot Lyre, Laowns PFT and PLP
across the resulting checkpoints (Figure 3) and quantify the
monotonic relationship between Ly, and downstream met-
rics using Spearman’s rank correlation (Figure 4).

For downstream evaluation, we use MoleculeNet [Wu et
al., 2018]; a widely used benchmark suite for MPP. We eval-
uate 36 tasks in total: seven classification tasks, five non-
quantum regression tasks, and 24 quantum-chemistry regres-
sion tasks. Unless otherwise noted, PFT and P'* denote per-
formance averaged over each task group. We use ROC-AUC
for classification, MAE for quantum-chemistry regression
tasks, and RMSE for non-quantum regression tasks (see Ap-
pendix B for details).

To disentangle the contributions of training resources to
downstream performance, we conduct three scaling experi-
ments. In the model-size experiment, we fix the training data
size at 42.4 billion tokens and train for four epochs, compar-
ing seven models with different numbers of parameters. In
the data-size experiment, we fix the model at 4.87 million pa-
rameters and train for four epochs across five data-size set-
tings ranging from 0.7 to 42.4 billion tokens. In the compute
experiment, we fix the model (4.87M parameters) and train-
ing data size (42.4 billion tokens) and save checkpoints every
0.25 epoch over the 4-epoch training and compare 17 check-
points in total, including the 0-step initialization. We measure
compute in PF-days [Kaplan et al., 2020; Appendix E].

Figure 3 shows that L. decreases consistently as we scale

model size, data size, or compute. We also observe the same
monotonic decrease for Lggwn, the MLM loss computed on
downstream inputs. In other words, despite distributional dif-
ferences between pre-training and downstream data, im-
provements under the pre-training objective carry over to
downstream inputs, consistent with prior findings [Frey et al.,
2023; Isik et al., 2024].

In contrast, downstream performance shows qualitatively
different trends depending on which factor is scaled. Scaling
model size tends to improve both P¥T and PP (Figure 3(a)-
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Figure 3: Trends of Lyre, Laown PFT and PLP under (a—c) model size scaling, (d—f) data size scaling, and (g—i) compute scaling. Panels
correspond to task groups: (a,d,g) classification, (b,e,h) non-quantum regression, and (c,f,i) quantum-chemistry regression (averaged over
tasks). In (g—1), dashed vertical lines mark epoch boundaries during pre-training. For reference, we include fine-tuned performance of Mol-
Former-XL (PMoIFormery [Ross et al., 2022] and ChemBERTa (PCPemBERTa) [Chithrananda et al., 2020].

(c)). When scaling data size, increasing the number of train-
ing tokens from 0.7B to 2.7B typically improves downstream
performance; however, further scaling to 5.3B led to dimin-
ishing returns and performance degradation (Figure 3(d)—(f)).

Comparing PFT and PP, the benefits of scaling training
resources are generally more pronounced under fine-tuning.
In particular, as compute increases, PET saturates early, while
PP tends to deteriorate as pre-training proceeds (Figure
3(g)—(1)). In this setting, downstream performance reaches its
peaks before completing one epoch (1.73 X 10~2 PF-days),
i.e., before the model completes a full pass through the train-
ing data. Although CLMs are often pre-trained for multiple
epochs [Ross et al., 2022; Frey et al., 2023], these results sug-
gest that longer pre-training can further reduce pre-training
loss while potentially causing over-optimizing for the pre-
training objective, leading to worse transfer.

As shown in Figure 4, we compute Spearman’s rank cor-
relation between Ly, and downstream metrics P*T and PP

for each task, as described in Section 3.2, after transforming
metrics, when necessary, so that smaller values indicate bet-
ter performance. The spread and sign of the correlations de-
pend on which factor is scaled. When scaling model size,
points lie mostly in the first quadrant, indicating that

O Model scaling
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Figure 4: Consistency evaluation using Spearman’s rank correla-
tion. When scaling model size, data size, or compute in isolation,
the x-axis shows p(Lpre, PFT) and the y-axis shows p(Lpre, PLPY.
Each point corresponds to a task.

p(Lpre, PFT) and p(Lpre, PLP) are typically positive. When
scaling data size, points are concentrated in the first quadrant,
but several also appear in the second and fourth quadrants.
When scaling compute, points are more broadly dispersed,
and 26 out of 36 tasks have negative p(Lpre, P*F).



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

=@— pFT  —fe= pLP =)= Tr (H) =W=PGM distance

(a) (b) (c)
0.83 11.00; T 8.47 7
4y A 4 \
\ 4 T / = AT 7 \}
\ ‘ .87 i L
0.77 1047\t AT Bol s 6.66/ |
G 1 thia/ [ aEhn /| K
2 4 w ¥ - v\ | ~
< 0 ! NS =y
O 0.721 | = 9,94 \ 1 = 4.85
9 / & & =
x | a L oo/ N o
a, | rtiv"” + T ¥
0.661 | 9.42{ RN YA 3.05;
i > /
I |
0.601 . . : . : 8.89.. : , . . i e
0.00 138 276 4.14 552 6091 0.00 1.38 4.14 552 6.91 0.00 1.38 276 4.14 552 691

Compute (PF-days) x10-2

Compute (PF-days) x10-2

Compute (PF-days) x10-2

Figure 5: Trajectories of metric values and downstream performance as a function of pre-training compute. The x-axis indicates pre-train-
ing progress measured in compute. Subplots correspond to task groups: (a) classification, (b) non-quantum regression, and (c) quantum-
chemistry regression. For each group, we plot the task-averaged downstream performance under fine-tuning and linear probe (P¥T and

PLP) and overlay the task-averaged PGM distance. We also overlay Tr(H), which is task-agnostic and thus shared across task groups.

Combined with the results in Section 4.1, these findings
show that, under commonly used CLM training setups, pre-
training loss decreases as we scale model size, data size, or
compute, whereas downstream performance varies substan-
tially across tasks and scaling settings. This implies that pre-
training loss alone is an unreliable indicator for consistently
predicting downstream gains. More broadly, our results sug-
gest that common CLM practices such as early stopping and
checkpoint selection based solely on pre-training loss, as well
as resource allocation guided by loss-based scaling laws, may
fail to deliver consistent downstream improvements.

4.3 Transferability Evaluation Using Alternatives
to Pre-training Loss

Following the evaluation protocol in Section 3.3, we examine
how two metrics beyond pre-training loss, Tr(H) and the
PGM distance, relate to downstream metrics (PFT and PLF).
We compute these metrics on checkpoints saved every 0.25
epoch during pre-training and report their trajectories along-
side downstream performance in Figure 5 (see Appendix I for
per-task results). Note that Tr(H) is task-agnostic and yields
a single value per checkpoint. As a result, when evaluated on
the same checkpoint sequence, it is not expected to capture
task-specific differences in downstream performance trajec-
tories. We further report per-task Spearman correlations be-
tween each metric and downstream performance (Figure 6).

In Figure 5, Tr(H) decreases approximately monoton-
ically as pre-training proceeds, whereas downstream perfor-
mance shows saturation and fluctuations, highlighting inter-
vals where the two curves are not well aligned. This is re-
flected in Figure 6, where the Spearman correlation between
Tr(H) and PFT varies from negative to positive across tasks.
For PP, we also observe negative correlations, which may
inLdPicate that Tr(H) does not capture the late-stage decline in
P,

Taken together, these results indicate that although Tr(H)
and the PGM distance change as pre-training proceeds, nei-

ther provides a reliable predictor of downstream performance.

Tr(H) primarily reflects progress in optimizing the pre-train-
ing objective and decreases in tandem with Ly and Lyown-

(a)

Tr (H)

-1.0 -0.5 0.0 0.5 1.0
Spearman’s Rank Correlation

PGM distance

(b)

Tr (H)

-1.0 -0.5 0.0 0.5 1.0
Spearman’s Rank Correlation

PGM distance

Figure 6: Per-task relationships between metrics computed during
pre-training and downstream performance. Spearman correlations
between Tr(H) and the PGM distance and (a) PFT and (b) P*P.

However, its correspondence to task-dependent performance
metrics such as PFT and PF is limited. In contrast, the PGM
distance shows a weak correlation with PLP, while its trajec-
tory is similar across tasks, suggesting limited sensitivity to
task-specific variation in downstream performance.

Overall, our results suggest that relying on a single metric
beyond pre-training loss may be insufficient for predicting
downstream performance or selecting checkpoints.
Accurately estimating downstream performance may instead
require lightweight task-aware evaluation, such as
periodically evaluating candidate checkpoints or scaling
configurations on a small validation set from the target
downstream task. Although such heuristic workarounds by
task-aware evaluation require access to target-task validation
data in advance, this approach offers a practical way to select
model size, dataset size, and compute budget.

4.4 Visualization of Parameter Space

In this section, we visualize the parameter space to gain
insights into why the PGM distance does not reliably predict
PFT and why the consistency between pre-training loss and
downstream performance varies by task. We consider 16



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

@ Pre-trained Parameters 4 Fine-tuned Parameters

(@) (b) (c)
600 2.5 4.0
161.2 . —— i Benchmark
® G Benchmark
400 3
¢
161.0 1.1 g
13
~ 200 ¢ o L
Q 5
o1 % 160.8 ’ 0.2 g
% o g
® 3
-200 ® 5 o &%% $ >
160.6
r1.6 0.25
-200 0 200 400 600 -263.0 -262.4 -261.8 -261.2 -3.9 -2.0 -0.1 1.8
PC1

Figure 7: Visualization of the parameter space. (a) Sixteen pre-training checkpoints and the models obtained by fine-tuning each check-
point separately on each of the 36 downstream tasks are plotted in the same 2D PCA space. (b) A zoomed-in view focusing on the check-
point after 4 epochs of pre-training and the corresponding fine-tuned models across tasks. (c) Visualization in relative coordinates, obtained
by translating each fine-tuned model’s point in the projected space so that its initialization checkpoint is mapped to the origin.

checkpoints saved at 0.25-epoch intervals over a 4-epoch pre-
training run (excluding the O-step checkpoint). For each
checkpoint, we fine-tune separate models for each of the 36
downstream tasks, resulting in task-specific models. For both
the pre-trained checkpoints and the fine-tuned models, we ex-
tract the parameters from the final Transformer block and
project them into two dimensions using principal component
analysis (PCA) (Figure 7(a)). Hereafter, we refer to the pre-
training checkpoint used to initialize fine-tuning as the ini-
tialization checkpoint. We focus on the final Transformer
block because layers closer to the prediction head tend to ex-
hibit more task-specific changes [Mosbach et al., 2020]. We
further focus on the checkpoint after 4 epochs and the corre-
sponding fine-tuned models to examine the parameter
changes in more detail (Figure 7(b)).

Figures 7(a) and 7(b) show that the fine-tuned models re-
main close to their initialization checkpoints in the projected
space. The PGM distance is motivated by the assumption that
the pre-training update direction is indicative of a global di-
rection toward a good downstream optimum. However, the
visualization suggests that fine-tuning updates remain largely
local to each initialization checkpoint, and that the fine-tuned
solutions vary substantially across initializations and tasks.
As aresult, the assumption underlying the PGM distance may
not hold in our setting, which makes it difficult to predict
downstream performance consistently using a single metric.

Next, to understand the task dependence of the correspond-
ence between loss and downstream performance, we visual-
ize changes induced by fine-tuning as displacements from the
initialization checkpoint. As in Figures 7(a) and 7(b), we use
the parameters of the final Transformer block and first project
the corresponding parameter vectors into a two-dimensional
space using PCA. We then compute the displacement of each
fine-tuned model from its corresponding initialization check-
point by translating coordinates so that the initialization
checkpoint is mapped at the origin (Figure 7(c)). As a con-
crete example, we compare two QM9 tasks, G and y, which

exhibit high and low correlations (p = 0.78 and p = 0.07),
respectively.

As shown.in Figure 7(c), G exhibits smaller displacements
than p, indicating that the fine-tuned models remain closer to
their initialization checkpoints in the projected space. Alt-
hough the fine-tuned models for both tasks show decreasing
displacement as pre-training proceeds, G remains closer to its
initialization checkpoint than p at the final stage. We observe
qualitatively similar trends across other downstream tasks,
although the magnitude varies by task (see Appendix J for
details).

5 Conclusions

In this study, we systematically examined whether the con-
ventional wisdom that scaling training resources improves
performance also holds for downstream transfer performance
in chemical language models (CLMs). By independently var-
ying model size, data size, and compute within practical
ranges and evaluating on multiple molecular property predic-
tion (MPP) tasks, we found that although pre-training loss
consistently decreases as training resources increase, these
loss reductions do not reliably translate into downstream
gains; in particular, scaling data size and compute often
yields limited benefits and can even induce negative transfer
under certain conditions. We further showed that neither pre-
training loss nor alternative proxy metrics reliably predict
downstream performance, implying that common CLM prac-
tices such as early stopping, model selection, and compute
budgeting based solely on pre-training loss may be subopti-
mal for downstream transfer. Overall, our findings highlight
the need to rethink evaluation metrics and development
guidelines for scaling CLMs as foundation models with
downstream transfer in mind, and suggest that task-aware
evaluation that accounts for task-specffific characteristics of
downstream chemical tasks is essential for more efficient and
practical foundation-model design.
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