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Abstract
Continual pre-training (CPT) adapts a pre-
trained language model to a target domain,
but it often degrades general capabilities even
when general-data replay is used to mitigate
forgetting. We revisit this failure through re-
play supervision: prior CPT replay mainly
tunes data mixtures and token budgets while
applying one-hot next-token prediction (NTP)
uniformly to domain and replay tokens. This
target is natural for learning domain text, but
on replay tokens it introduces target variance:
it is a noisy, corpus-dependent proxy for pre-
serving the frozen base model’s conditional
behavior. We study self-distilled replay: do-
main tokens keep NTP, while replay tokens
are trained to match the frozen base model
distribution. Diagnostics show that this tar-
get substitution lowers target error, produces
more directionally consistent replay gradients,
and reduces base-behavior drift. Empirically,
self-distilled replay improves the SmolLM3
domain–general trade-off over matched NTP
replay across diverse token budgets and replay
ratios. It also remains effective for Qwen3
models whose pretraining mixtures are un-
available: under the same mismatched, non-
source replay setting, it improves both gen-
eral score and PubMedQA in all eight matched
comparisons. Overall, these results suggest su-
pervising CPT replay to preserve base behav-
ior, rather than fit empirical next tokens, as a
way to reduce target variance.

1 Introduction

Continual pre-training (CPT) is a common
paradigm to adapt a pretrained language model
to specialized domains (e.g., biomedical, legal,
or code) without training from scratch (Gururan-
gan et al., 2020; Ke et al., 2023; Cheng et al.,
2024; Jiang et al., 2025). However, distribution
shift during CPT can induce catastrophic forget-
ting and degrade general capabilities (Li and Lee,
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2024; Wang et al., 2023; Ibrahim et al., 2024; Li
et al., 2025). This poses a fundamental stability–
plasticity dilemma: an effective CPT recipe must
learn the target distribution while retaining the be-
havior of the base model.

A widely used and scalable mitigation is replay.
By mixing target-domain data with general data,
the optimizer repeatedly revisits contexts represen-
tative of the original training distribution (Gupta
et al., 2023; Ibrahim et al., 2024; Li et al., 2025;
Abbes et al., 2026; Que et al., 2024; Ye et al.,
2025). Much prior CPT replay work focuses on
data mixtures and token budgets while applying
the same next-token prediction (NTP) objective
uniformly. We argue this overlooks a critical dis-
tinction in their purposes: domain tokens are used
to acquire new knowledge, whereas replay tokens
are used to preserve existing behavior. Under real-
istic compute and data budget constraints, we must
maximize the preservation yield of every replay to-
ken.

Standard NTP replay is an indirect preservation
mechanism. The behavior we aim to preserve is
the frozen base model’s full next-token predictive
distribution on replay contexts. However, NTP su-
pervises the updated student model with a single
observed token (a one-hot target) at each context.
When the base model assigns probability mass to
multiple plausible continuations (e.g., synonyms
or equally valid reasonings), fitting a single sam-
pled token discards the rich distributional infor-
mation defining the base behavior. Consequently,
one-hot replay introduces target variance: it is a
noisy proxy for the true preservation target, and
finite replay batches translate that variance into
noisy gradient updates rather than a stable estimate
of the base distribution.

To address this, we study self-distilled replay
as an asymmetric yet minimal intervention for
CPT supervision. Soft-label and distillation-based
replay are well-established in continual learning
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(Li and Hoiem, 2018; Buzzega et al., 2020), and
CPT methods such as Lifelong Pretraining and
Mix-CPT already use distillation-style regulariza-
tion (Jin et al., 2022; Jiang et al., 2025). We build
on this line of work and study a more specific de-
sign choice: the objective assigned to each token
should follow the distribution that token is meant
to match. In our setup, the student model con-
tinues to use standard NTP on domain tokens to
learn new distributions. On replay tokens, how-
ever, it replaces the high-variance one-hot target
with a Kullback-Leibler (KL) divergence objec-
tive matching the frozen base model’s distribu-
tion. The teacher is simply the base checkpoint
itself—requiring no external specialized models,
with computational overhead limited by skipping
the teacher forward pass on domain-only micro-
batches.

Empirically, this target substitution improves
the observed domain–general trade-off in matched
CPT experiments. On SmolLM3-3B (Bakouch
et al., 2025), across 11 matched comparisons span-
ning different domain–replay ratios and total to-
ken budgets, self-distilled replay improves Pub-
MedQA in 10 comparisons and the general score
in 9, with average gains of 4.33 and 1.16 points
over matched NTP replay; NTP replay never dom-
inates it on both axes. Crucially, because the super-
vision signal comes directly from the frozen base
model rather than the observed tokens, the method
reduces dependence on exact replay-corpus align-
ment. On Qwen3 (Qwen Team, 2025), where the
original pretraining mixture is proprietary and un-
available, we compare both methods under the
same mismatched, non-source replay setting; self-
distilled replay improves both general score and
PubMedQA in all eight matched comparisons over
NTP replay, with average gains of 5.41 and 3.52
points.

In summary, our main contributions are twofold.
(1) We show that one-hot NTP replay is a high-
variance proxy for preserving the frozen base dis-
tribution: it supervises each replay context with
a single observed token rather than the full base-
model distribution, creating target error that prop-
agates into less consistent replay gradients and
larger behavior drift. Self-distilled replay replaces
this proxy with a KL objective against the frozen
base model, reducing target error, improving gra-
dient consistency, and lowering drift. (2) We
provide systematic matched comparisons between
self-distilled replay and NTP replay under the

same training budgets, domain–replay ratios, and
data/training settings. Across SmolLM3 source-
replay sweeps and Qwen3 non-source replay set-
tings, self-distilled replay improves the domain–
general trade-off over NTP replay, with domain
performance measured by PubMedQA and gen-
eral capability measured by a broad benchmark
suite, and remains effective when the original pre-
training mixture is proprietary or unavailable.

2 Replay Supervision

In standard CPT, a student model pθ (initialized
from a frozen base checkpoint pθbase) is optimized
jointly on the target-domain corpus D and a gen-
eral replay corpus G. Let pmix denote the mixed
data distribution. The standard CPT objective ap-
plies NTP uniformly across the training stream:

LNTP = Ex∼pmix [− log pθ(xt | x<t)] .

In mixed CPT, domain tokens and replay tokens
serve different roles. Domain tokens provide the
new domain signal, whereas replay tokens are in-
tended to preserve the behavior of the frozen base
model on general text. This makes the replay tar-
get important: standard replay uses the observed
one-hot next token as an indirect preservation sig-
nal. We instead keep the domain objective un-
changed and replace only the replay target with
the frozen base distribution pθbase(· | x<t). We
call this self-distilled replay because the teacher is
the initialization of the student, requiring no exter-
nal model.

2.1 Next-Token Replay as a Noisy Target
For replay tokens, the preservation target is the
frozen base model’s next-token distribution. How-
ever, standard NTP replay observes only the next
token in the replay corpus. For a replay context
x<t with observed token y = xt, it uses the one-
hot label ey as the target, rather than the full base
distribution pθbase(· | x<t). Thus, the hard label is
an indirect proxy for the base behavior we want re-
play to preserve, and the gap becomes large when
the base model assigns probability mass to multi-
ple plausible next tokens.

To isolate the noise introduced by one-hot super-
vision, consider the most favorable case where the
replay token is sampled from the base distribution
itself. In this case, the one-hot label is an unbiased
estimate of the preservation target. The problem
is variance: each update sees a point mass rather
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Figure 1: Empirical replay-token statistics. Bars show
the fraction of replay tokens in each Neff bin. The
line shows the mean observed one-hot target error
∥pθbase(· | x<t) − ey∥22 in the same bins. By defini-
tion, larger Neff corresponds to contexts where the base
model assigns probability mass to more plausible next
tokens; the line confirms that the observed one-hot tar-
get error rises with this support.

than the full distribution. For a fixed context, the
covariance of a categorical one-hot sample gives
the expected squared target error (The Book of Sta-
tistical Proofs, 2022):

Ey∼pθbase

[
∥pθbase − ey∥22

]
= 1− ∥pθbase∥22 = 1− 1

Neff(x<t)
.

Here, Neff(x<t) = 1/∥pθbase∥22 is the order-2 Hill
number, also known as the inverse Simpson index
or effective number (Hill, 1973; Jost, 2006). Fig-
ure 1 shows that this high-variance regime appears
in replay data. Many replay contexts have nontriv-
ial effective support under the base model, and the
one-hot target error increases with this support.

Real replay corpora add a second source of er-
ror. The observed token y is sampled from the
empirical data distribution rather than from the
frozen base model. Thus, the one-hot target can
differ from the preservation target for two reasons:
intrinsic sampling variance, even when the data
matches the base distribution, and data–base mis-
match, when the corpus token is not representative
of the base model’s conditional distribution. This
makes NTP replay depend not only on the amount
of replay data, but also on how closely the corpus
matches the base model’s original behavior.

This motivates a direct alternative: use the
preservation target itself rather than a sampled
proxy. Self-distilled replay replaces this one-hot
replay target with the frozen base distribution it-
self. For replay tokens, we use

Lsd(x<t; θ) = KL(pθbase(· | x<t) ∥ pθ(· | x<t))
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Figure 2: Gradient-variance diagnostics at NTP-trained
checkpoints. Lines show gradient directional consis-
tency S̄dir for NTP and self-distilled replay on shared
replay batches from G; higher is better. Bars show
the reverse-direction token fraction on these G tokens,
where NTP increases the observed-token logit even
though preservation would decrease it.

The mixed training rule is

L(x) =
{
− log pθ(xt | x<t), x ∈ D,

Lsd(x<t; θ), x ∈ G,

This asymmetric design keeps NTP for domain
learning, where the base model lacks target-
domain knowledge, and uses distribution match-
ing only for replay, where the goal is behavior
preservation.

2.2 Gradient Variance and Behavior Drift
The target mismatch directly enters the replay gra-
dient. For softmax cross-entropy, the logit-level
gradient is pθ − target. Thus, standard NTP re-
play produces pθ − ey, whereas self-distilled re-
play produces pθ − pθbase . Their difference is ex-
actly pθbase − ey, the one-hot target error analyzed
above. This target error therefore becomes part of
the update signal used to train the model.

This mismatch can make the NTP update op-
pose preservation on individual replay tokens. The
NTP gradient fundamentally favors increasing the
observed-token logit. When the student already as-
signs that token a higher probability than the base,
i.e., pθ(y | x<t) > pθbase(y | x<t), the preser-
vation update would instead lower the model’s
probability for the observed token. We call this
a reverse-direction token, and define the reverse-
direction token fraction as the fraction of replay
tokens in G satisfying this condition. On such to-
kens, the NTP update pushes the student further
away from the base model even though the over-
all NTP loss keeps decreasing; the fraction there-
fore measures how much of replay training locally
works against preservation. The bars in Figure 2
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report this fraction. Self-distilled replay instead
uses pθbase , so the model’s probability for the ob-
served token is pulled back toward the base proba-
bility.

We summarize this stochastic effect with a
directional-consistency diagnostic. For diagnostic
purposes, let gi = ∇θLi(θ) be the replay-loss gra-
dient on batch i with respect to the student param-
eters, and let ḡ = 1

K

∑
i gi. We define

S̄dir =
1

K

K∑

i=1

⟨gi, ḡ⟩
∥gi∥2∥ḡ∥2

.

Lower S̄dir means that different replay batches in-
duce less consistent gradient directions, indicating
higher directional gradient variance. The lines in
Figure 2 show a clear gap: self-distilled replay
gives much higher directional consistency than
NTP on the same replay batches. This gap be-
comes especially large at later checkpoints, where
the NTP consistency drops while the reverse-
direction token fraction rises.

The final consequence of this gradient instabil-
ity is behavior-level drift. We quantify this by mea-
suring the expected divergence between a check-
point pθs and the frozen base model on a held-out
general validation set Gval:

Drift(θs) = Ex∼Gval
[KL (pθbase(· | x<t) ∥ pθs(· | x<t))] .

Figure 3 shows self-distilled replay yields lower
drift than NTP under the same token budget. Drift
is measured only on held-out general contexts. Do-
main tokens keep standard NTP, so the model can
still move away from the base where adaptation
requires it; the shared-parameter tension remains,
but it becomes role-aligned.

Together, these diagnostics link replay supervi-
sion to behavior preservation: self-distilled replay
produces more consistent gradients on G and lower
drift on Gval. The experiments then test whether
this preservation advantage improves the domain–
general trade-off under the same token budget.

3 Experiments

This section evaluates self-distilled replay from
four angles: the main domain–general trade-
off under matched budgets, robustness to non-
source replay data, sensitivity to distillation
hyper-parameters, and comparison with related
distillation-style CPT objectives. Appendix A.1
reports a supplementary finance domain check.
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Figure 3: Base-behavior drift on held-out general vali-
dation contexts during domain CPT. Lower KL means
closer preservation of the frozen base distribution.

3.1 Implementation
Models. Our main experiments use SmolLM3-
3B, initialized from the released SmolLM3-3B-
Base checkpoint, because it provides public train-
ing details, intermediate checkpoints, and the pre-
training data mixture (Bakouch et al., 2025). We
also evaluate Qwen3-4B/8B-Base (Qwen Team,
2025) to test whether the replay-supervision effect
transfers beyond the main SmolLM3 setting.

Domain data. For domain data, we use abstracts
from the PubMed annual baseline XML release
(National Library of Medicine, 2025). We parse
titles and abstracts into document-level examples,
remove empty, short, and title-only records, nor-
malize whitespace and control characters, and
deduplicate the cleaned texts with exact hashes fol-
lowed by MinHash near-duplicate removal. The
cleaned corpus is shuffled, tokenized with the base-
model tokenizer, and split into train and validation
sets randomly; for SmolLM3, it contains 28.3M
documents and 8.76B tokens, with 8.68B training
tokens and 79.7M validation tokens.

Replay data. All experiments use replay data
from the SmolLM3 Stage-3 general-data mixture
(Bakouch et al., 2025).

Evaluation. For domain evaluation, we use the
1,000-example expert-labeled PubMedQA set (Jin
et al., 2019). To reduce option-order artifacts,
we evaluate all six permutations of the A/B/C
answer options, giving 6 × 1000 scored exam-
ples. For general evaluation, we group bench-
marks into five capability categories, as shown in
Table 1. Non-coding benchmarks are evaluated
with OpenCompass v0.5.2 (OpenCompass Con-
tributors, 2023); coding benchmarks use EvalPlus
(Liu et al., 2023) at commit 26d6d00. We average
benchmark scores within each category, and aver-
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Figure 4: PubMedQA–general capability trade-off across domain:replay budgets; higher is better on both axes.
Dashed lines connect matched NTP replay and self-distilled replay runs with the same token budget.

Category Benchmarks

Knowledge MMLU (Hendrycks et al., 2021), MMLU-Pro (Wang et al.,
2024), C-Eval (Huang et al., 2023), GPQA-Diamond (Rein
et al., 2024), SuperGPQA (M-A-P Team, 2025)

Reasoning ARC-C/E (Clark et al., 2018), BBH (Suzgun et al., 2023),
BoolQ (Clark et al., 2019), COPA (Roemmele et al., 2011),
CommonsenseQA (Talmor et al., 2019), HellaSwag (Zellers
et al., 2019), OpenBookQA (Mihaylov et al., 2018), PIQA
(Bisk et al., 2020), WinoGrande (Sakaguchi et al., 2020)

Math GSM8K (Cobbe et al., 2021), MATH-500 (Lightman et al.,
2024)

Coding HumanEval (Chen et al., 2021), HumanEval+ (Liu et al.,
2023), MBPP (Austin et al., 2021), MBPP+ (Liu et al.,
2023)

Multilingual MGSM (Shi et al., 2023), MMMLU (downsampled) (Ope-
nAI, 2024)

Table 1: General evaluation suite.

age the five category scores to obtain the general-
capability score.

Training setup. We train with Nanotron (Hug-
ging Face, 2024) commit bc1f5a6, using con-
text length 4096 and batch size 576 per optimizer
update, split into micro-batches of 4 sequences
for gradient accumulation. Following SmolLM3’s
Stage-3 decay-phase recipe (Bakouch et al., 2025)
and re-warmup practice (Gupta et al., 2023), we
warm up the learning rate to 2× 10−4 and linearly
decay it to zero. Experiments run on NVIDIA
B200 GPUs; a representative 5B-token SmolLM3
CPT run uses about 56 B200 GPU-hours, and all
training runs use approximately 9k B200 GPU-
hours.

In each matched NTP replay and self-distilled
replay comparison, we keep the initialization
checkpoint, replay sources, domain/replay token
budgets, mixture weights, sequence length, op-
timizer, learning-rate schedule, and evaluation
pipeline fixed; only the replay supervision objec-
tive differs.

For self-distilled replay, we pack domain and re-
play sequences into separate micro-batches when
possible. Domain-only micro-batches use only
the student NTP forward pass, while replay-
containing micro-batches also run the frozen base
model to compute KL targets.

3.2 Domain–General Trade-off

This subsection tests whether changing only the re-
play supervision objective improves the trade-off
between domain adaptation and general capabil-
ity retention. We denote a domain:replay budget
as Dm:Gn, meaning m billion (B) domain tokens
and n billion general replay tokens. Our sweep in-
cludes replay-heavy budgets because preservation
can be a first-class constraint in domain-oriented
LLM training. This is common in large-scale
recipes: e-Llama (Herold et al., 2025) uses only
50% e-commerce data, BloombergGPT (Wu et al.,
2023) mixes 363B finance tokens with 345B gen-
eral tokens, and long-context CPT (Gao et al.,
2025) combines long data with high-quality short-
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context data. We therefore treat high-replay set-
tings as preservation-oriented points on the trade-
off curve, not as universal production ratios.

Figure 4 plots the PubMedQA–general trade-
off across domain and replay-token budgets. The
most controlled comparison is each connected pair
in the figure: both runs use the same domain
tokens, replay tokens, data, and training setup,
and differ only in the replay target. Under this
matched-budget comparison, self-distilled replay
strictly improves both PubMedQA and the general
score in 8 of 11 pairs, while NTP replay never
dominates it on both axes. Overall, self-distilled
replay improves the general score in 9 pairs and
PubMedQA in 10, with average gains of 1.16 and
4.33 points, respectively. These settings jointly
vary domain volume, replay volume, ratio, and to-
tal budget; within each setting, the matched pair
isolates the replay objective. We repeat two repre-
sentative settings three times each (Appendix B);
the General gap exceeds one sample standard de-
viation in both settings, while the PubMedQA dif-
ferences are smaller.

Representative points show the same pattern at
different replay scales. At D1:G1.5, self-distilled
replay raises the general score from 46.19 to 47.38
and PubMedQA from 51.43 to 56.35. At D2:G3,
it again improves both axes, from 46.10 to 48.19
on general score and from 52.02 to 53.87 on Pub-
MedQA. At D2:G18, NTP replay recovers general
capability but collapses to 41.02 on PubMedQA;
self-distilled replay preserves similar general capa-
bility, 48.80 versus 48.48, while maintaining much
higher PubMedQA at 55.10. Finance and legal re-
sults in Appendix A point in the same direction.

The main exception is the low-replay corner
D4:G1: self-distilled replay still improves Pub-
MedQA, but its general score drops by 1.45 points.
Because replay accounts for only 20% of the to-
kens, the preservation signal is too small to off-
set dominant domain updates. Thus, when re-
play has sufficient budget to act, changing its tar-
get can improve both domain and general perfor-
mance within a matched budget, rather than im-
proving one only by sacrificing the other.

Training cost. Self-distilled replay adds a
frozen-teacher forward pass on replay tokens, so
overhead scales with the replay fraction rather
than applying uniformly. As shown in Fig-
ure 5, even a conservative baseline that runs the
teacher on every micro-batch retains 74.7% of
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Figure 5: Training throughput across domain:replay
mixtures. The full-teacher-forward baseline shows a
conservative cost upper bound.

NTP throughput; at the 1:1.5 domain:replay ratio,
for example, skipping the teacher on replay-free
micro-batches reaches 83.5% of NTP throughput,
equivalent to a 19.7% increase in training time per
processed token. This cost is modest compared
to the alternative of simply increasing replay to-
ken volume. In an 8-GPU B200 benchmark, peak
per-GPU memory increases by 17.4% (170.48 vs.
145.15 GiB).

3.3 Benefit Beyond Original Replay Data

In self-distilled replay, replay tokens serve only as
context, and supervision comes from the teacher’s
output distribution, not from the tokens them-
selves. This decoupling means the method should
be robust to replay data that differs from the orig-
inal pretraining corpus. We test this hypothesis
on Qwen3 models, whose original pretraining mix-
ture is not publicly available.

We run Qwen3-4B-Base and Qwen3-8B-Base
using SmolLM3’s replay mixture as non-source
replay data, mismatched with Qwen’s propri-
etary pretraining mixture. With NTP replay, this
mismatch affects general-domain preservation be-
cause the one-hot targets come from the replay
source. Self-distilled replay instead uses soft tar-
gets from Qwen’s frozen base distribution, inde-
pendent of the replay-token origin.

Figure 6 shows the PubMedQA–general trade-
off for eight matched model-budget pairs, with the
base checkpoints shown only as references. Self-
distilled replay improves both general score and
PubMedQA in all eight pairs, with average gains
of 5.41 and 3.52 points over matched NTP replay.
This consistent advantage across model sizes and
mismatched replay data shows that the benefit is
not tied to SmolLM3 or its original replay mix-
ture. Appendix D provides the full benchmark-
level scores. Relative to each base model, self-
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Figure 6: Qwen PubMedQA–general trade-off under
non-source replay. Dashed lines connect NTP replay
and self-distilled replay runs matched by model and to-
ken budget; base checkpoints are references.

distilled replay reduces the mean drop in all five
general-capability categories for both SmolLM3
and Qwen3.

3.4 Hyper-parameter Analysis
Knowledge distillation commonly uses two hyper-
parameters: a temperature T that softens the
teacher and student distributions, and a loss weight
λ that controls the strength of the distillation term
(Hinton et al., 2014). For replay contexts, let
p
(T )
θ (· | x<t) = softmax(zθ(x<t)/T ), where

zθ(x<t) denotes the output logits. The weighted
self-distilled replay objective is

L(λ,T )
sd = λT 2KL

(
p
(T )
θbase

(· | x<t) ∥ p
(T )
θ (· | x<t)

)
.

The main experiments use the natural setting λ =
1 and T = 1. In this subsection, we vary these
standard distillation knobs; for the NTP control,
the same λ scales the replay NTP loss.

Replay-loss weight. Figure 7 (a–b) tests
whether replay-loss strength can substitute for
replay-token volume. For self-distilled replay,
moderate increases in λ move low-replay settings
toward the trade-off achieved by a larger replay
mixture. For example, D2:G1 with λ = 3 reaches
47.52 general score and 54.58 PubMedQA,
close to the D2:G3 reference at 48.19 and 53.87
while using one third as many replay tokens.
This suggests fewer replay tokens can approach
a higher-replay-ratio run when paired with a
stronger frozen-base replay objective.

The effect is not monotonic. Larger weights can
keep increasing PubMedQA while reducing gen-
eral retention; at D2:G1, λ = 6 reaches 59.97 Pub-
MedQA but drops to 46.53 general score. Thus, λ

NTP replay Self-distilled replay

Learning rate General PubMedQA General PubMedQA

Frozen base 48.69 51.23 48.69 51.23
1× 10−5 49.42 50.78 48.78 51.10
3× 10−5 49.45 49.10 48.82 49.92
2× 10−4 46.10 52.02 48.19 53.87
5× 10−4 41.06 54.52 42.01 54.43

Table 2: Learning-rate sweep on PubMed D2:G3. All
runs use the same data, budget, and schedule except the
peak learning rate. The 2×10−4 row is the main-setting
comparison.

is a trade-off knob rather than a uniformly larger-
is-better parameter. The NTP control behaves dif-
ferently: increasing the replay-loss weight gener-
ally reduces general performance, even when Pub-
MedQA improves. This is consistent with the
replay-gradient mechanism in Section 2: scaling a
noisy one-hot replay target amplifies the sampled
replay signal, whereas scaling the frozen-base tar-
get strengthens a cleaner preservation signal.

Temperature. Temperature changes the sharp-
ness of the teacher and student distributions used
in the KL loss. Figure 7 sweeps T on two replay
mixtures. Since the sweep shows no consistent im-
provement over T = 1, we keep T = 1 in the main
experiments: it matches the base model’s untem-
pered predictive distribution and remains directly
comparable to NTP replay.

Learning rate. The main learning rate 2× 10−4

follows the SmolLM3 Stage-3 decay recipe and
was not tuned for self-distilled replay. Table 2 re-
ports a D2:G3 sweep over 1 × 10−5–5 × 10−4.
At every learning rate, self-distilled replay stays
closer to the base on General than NTP. At 1 ×
10−5 and 3× 10−5, neither method improves Pub-
MedQA over the base, so smaller learning rates
avoid forgetting mainly by avoiding domain adap-
tation. At 2× 10−4, self-distilled replay improves
PubMedQA by +2.64 with −0.50 General, ver-
sus +0.79 and −2.59 for NTP; at 5 × 10−4, Pub-
MedQA gains are similar and self-distilled replay
again loses fewer General points.

3.5 Minimal Target Substitution Suffices
Using distillation as a constraint to preserve pre-
vious behavior is a standard continual-learning
strategy (Hinton et al., 2014; Li and Hoiem,
2018). Table 3 compares representative variants:
DER/DER++ use logit replay (Buzzega et al.,
2020), SER extends replay with distillation-style
consistency (Zhuo et al., 2023), Lifelong PT uses
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Figure 7: Hyper-parameter sensitivity on PubMedQA–general trade-off. (a) Replay-loss weight under self-distilled
replay. (b) Replay-loss weight under NTP replay. In (a,b), labels such as (×2) denote the replay-loss multiplier λ;
unlabeled points use λ = 1. (c) Distillation temperature.

distillation-based lifelong pretraining (Jin et al.,
2022), Mix-CPT uses logit-swap self-distillation
(Jiang et al., 2025), LongReD uses hidden-state
restoration (Dong et al., 2025), and GeRe uses
threshold-margin replay (Zhang et al., 2025).

This is a controlled objective-design compar-
ison under one matched PubMed D2:G3 set-
ting, not a fully tuned leaderboard for each
prior method. All of these constraint/distillation
variants score below pure NTP on PubMedQA,
whereas self-distilled replay improves over pure
NTP on both PubMedQA and general score. This
separation suggests that self-distilled replay is
not simply another instance of adding distillation
regularization. Appendix C reports coefficient
sweeps for these two methods on the same set-
ting. Lifelong-PT reaches at most 48.08 Gen-
eral (λ = 4) or 50.57 PubMedQA (λ = 0.5);
Mix-CPT peaks at 45.94 General and 51.72 Pub-
MedQA (α = 0.90). Self-distilled replay reaches
48.19 General and 53.87 PubMedQA.

The comparison points to two distinct design is-
sues. On the replay side, logit L2, hidden cosine,
and threshold-margin losses make extra assump-
tions about which representation of old behavior
should be preserved. Such assumptions may be
appropriate in their original settings, but they are
not necessarily suitable for domain CPT replay.
Self-distilled replay makes no feature- or logit-
level proxy assumption; it directly constrains the
student to match the frozen-base next-token dis-
tribution. On the domain side, methods that add
distillation-style regularization to domain tokens
do not improve domain adaptation here, consistent
with the need to keep the domain objective plastic.

Self-distilled replay avoids both changes made
by the more complex objectives. It leaves domain

tokens on NTP and only softens the replay target
from a one-hot label to the frozen-base distribu-
tion. Since this minimal target substitution im-
proves over pure NTP while the heavier constraint
variants do not, the useful intervention is target
replacement rather than additional distillation ma-
chinery.

4 Related Work

Replay in domain CPT and continual adapta-
tion. Continual pre-training (CPT) adapts a pre-
trained language model to new domains by con-
tinuing language modeling on new text (Gururan-
gan et al., 2020; Gupta et al., 2023; Ibrahim et al.,
2024), but preserving general ability under domain
shift remains difficult (Wang et al., 2023; Li and
Lee, 2024; Li et al., 2025). Replay is a common
mitigation because it mixes old or general text into
the new-data stream without changing the model
architecture (Abbes et al., 2026; Lu et al., 2026),
while other work explores regularization, model
merging, or capacity isolation (Kirkpatrick et al.,
2017; Ke et al., 2023; Šliogeris et al., 2025; Liu
and Chang, 2026; Yadav et al., 2023; Siriward-
hana et al., 2024; Ueda et al., 2025; Zhang et al.,
2026). Prior CPT replay work has largely framed
replay as a question of data mixtures and token
budgets, while applying one-hot next-token predic-
tion (NTP) uniformly to both domain and replay
tokens. This implicitly treats replay labels as or-
dinary empirical samples, leaving underexamined
the target variance and corpus dependence intro-
duced when sampled tokens are used to preserve
base-model behavior.

Distillation and soft-label replay. Knowledge
distillation transfers a soft teacher distribution to a
student (Hinton et al., 2014), and continual learn-
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Method Domain obj. Replay obj. PubMedQA General Know. Reason. Math Code Multi.

Base – – 51.23 48.69 33.96 70.53 46.58 47.73 44.64

DER NTP logit L2 42.73 40.86 32.18 67.12 23.65 42.05 39.31
DER++ NTP NTP + logit L2 43.28 45.49 31.80 68.42 46.26 40.70 40.25
SER NTP + logit L2 NTP + logit L2 45.80 45.94 32.39 67.76 48.07 41.00 40.49
Lifelong PT NTP + KD NTP + KD 45.35 48.02 36.97 69.07 50.03 41.53 42.51
Mix-CPT NTP + LSSD NTP + LSSD 48.72 46.20 32.00 68.04 48.69 41.38 40.91
LongReD NTP hidden cosine 50.52 43.46 33.92 67.32 33.78 40.55 41.74
GeRe NTP NTP + TM 46.82 45.61 38.76 66.55 41.19 40.23 41.32

Pure NTP NTP NTP 52.02 46.10 35.43 66.37 49.35 39.77 39.59
SDR NTP KL 53.87 48.19 37.62 69.23 48.23 43.83 42.04

Table 3: Controlled comparison of pure NTP, self-distilled replay, and distillation-style CPT objectives under
matched PubMed D2:G3 training. Base is the frozen checkpoint before CPT. All trained methods use the same
model, data, token budget, and training setup; only the objective design differs. General averages Knowledge,
Reasoning, Math, Code, and Multilingual scores. KD, LSSD, and TM denote knowledge distillation, logit-swap
self-distillation, and threshold-margin loss, respectively; hidden cosine matches frozen-base last-layer hidden states
with cosine loss. Bold marks the best trained method in each column.

ing has long used such signals to preserve previ-
ous behavior (Li and Hoiem, 2018). Related meth-
ods include logit replay in DER/DER++ (Buzzega
et al., 2020), replay with distillation-style consis-
tency in SER (Zhuo et al., 2023), distillation-based
lifelong pretraining in Lifelong Pretraining (Jin
et al., 2022), logit-swap self-distillation in Mix-
CPT (Jiang et al., 2025), hidden-state restoration
in LongReD (Dong et al., 2025), and threshold-
margin replay in GeRe (Zhang et al., 2025). For
episodic supervised methods such as DER and
SER, soft labels mainly compensate for memory
scarcity by storing richer information in each re-
play example. Language-model variants use dis-
tillation as an auxiliary constraint, often over all
tokens; for example, Lifelong Pretraining uses
MLM +KD across current and memory batches,
while Mix-CPT combines NTP with logit-swap
self-distillation over a unified knowledge mix-
ture. Domain CPT has a different bottleneck: re-
play text can be available at scale, but each one-
hot next-token label is a high-variance target for
preserving the base model’s conditional behavior.
Self-distilled replay is narrower: it leaves domain-
token NTP unchanged and only substitutes the re-
play target, replacing the sampled one-hot label
with the frozen base model’s next-token distribu-
tion. Thus, our focus is not distillation machinery,
but the asymmetric supervision role of replay to-
kens in domain CPT.

5 Conclusion

This paper revisits domain-CPT replay as a
supervision-target problem: self-distilled replay

keeps domain-token NTP unchanged and replaces
one-hot replay supervision with KL matching to
the frozen base model. This minimal target sub-
stitution addresses the fact that sampled replay
tokens are noisy and corpus-dependent proxies
for the base behavior replay is meant to pre-
serve. Our analysis links this change to lower
target error, more stable replay gradients, and re-
duced base-behavior drift. Empirically, it im-
proves the domain–general trade-off over NTP re-
play in matched settings, remains effective with
non-source replay data for models such as Qwen
whose pretraining mixtures are unavailable, and
outperforms more complex distillation-style vari-
ants in the evaluated CPT setting. Together, these
findings show that moving beyond one-hot replay
to base-behavior preservation reduces target vari-
ance and yields a simple, data-flexible path to im-
prove domain CPT.

Limitations

Our experiments focus on replay-based domain
CPT for decoder-only language models, with
biomedical adaptation as the main domain and
benchmark averages as general-capability diag-
nostics. They do not establish the same trade-
off for all domains, model scales, languages, or
instruction-tuned chat models. We use biomedi-
cal adaptation as a high-value, distribution-shifted
testbed; the target-noise and gradient-variance
mechanisms arise from the replay objective it-
self. We include supplementary finance and legal
checks in Appendix A, but neither is a full sweep
over domains, ratios, or hyper-parameters; broader
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empirical validation remains future work.
Self-distilled replay also requires access to the

frozen base model during training: batches con-
taining replay examples need an additional teacher
forward pass, even though domain-only batches
skip it. Although the throughput overhead is
modest at the scales tested (Figure 5), retaining
the frozen teacher also increases the parameter-
memory footprint. Scaling this design to very
large models, such as 100B+ checkpoints, may
require systems optimizations such as teacher of-
floading, cached teacher logits, or careful tensor-
parallel scheduling.

Self-distilled replay also assumes that the
frozen base model’s behavior is worth preserving:
if the base is undertrained or systematically biased,
SDR can preserve those deficiencies, and abilities
absent from the replay corpus are not directly con-
strained.

Finally, our compute budget concentrates the
broadest sweep on the main matched-budget com-
parison between NTP replay and self-distilled re-
play. The non-source replay and hyper-parameter
studies are smaller robustness and sensitivity
checks, and the distillation-style baselines are
compared under a single matched PubMed D2:G3
setting rather than exhaustively tuned per method.
Thus, Table 3 should be read as a controlled com-
parison of objective designs under one setting, not
as a fully optimized leaderboard for all prior meth-
ods. Broader sweeps over replay sources, hyper-
parameters, and baseline-specific tuning remain
useful future work.

Ethical Considerations

We use publicly released models, corpora, bench-
marks, and software frameworks under their orig-
inal licenses and terms of use, together with
the supplementary finance data described in Ap-
pendix A.1, for research training and evaluation
only. This includes the released artifacts used in
our experiments, such as SmolLM3, Qwen3, Nan-
otron, OpenCompass, PubMed, PubMedQA, and
the replay data source. We do not redistribute orig-
inal model weights or raw corpora, and derived
checkpoints are not intended for clinical decision
making or production deployment.

We do not collect new human-subject data or
recruit annotators. For personally identifying or
offensive content risks, we rely on the release and
curation practices of public source artifacts; we do

not conduct an additional exhaustive per-example
audit of the web-derived finance corpus or inter-
nal documents. Because self-distilled replay pre-
serves frozen-base behavior, it may also retain bi-
ases, factual errors, or unsafe tendencies present in
the base model.
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A Additional Domain Results

A.1 Finance

Scope. We include an additional cross-domain
check in finance using professional exam-style
benchmarks. This experiment is intended as sup-
plementary evidence beyond the biomedical main-
text setting, not as a fully tuned sweep over do-
mains, replay ratios, or hyper-parameters.
Domain evaluation. For domain evaluation, we
use exam-style practice questions aligned with
the syllabi of CAMS, CDCS, CertICM, CertPay,
CITF, and FRM. We also report perplexity on held-
out internal documents, where lower values indi-
cate better domain fit.
Training data. The domain corpus is built from
large web corpora, using keyword filtering fol-
lowed by judge-model filtering for finance rele-
vance. The replay corpus is the same general re-
play mixture used in the main experiments. This
keeps the replay setting aligned with the main re-
sults while changing the target domain and domain
evaluation.
Results. Figure 8 reports average score differ-
ences from the baseline. The 11B NTP-replay-
only run is not a neutral update: even without
domain data, it lowers the domain exam aver-
age by 3.05 points, increases document PPL by
0.91, and reduces four of five general-capability
categories. This domain drop may partly reflect
general-capability erosion, but it is also consis-
tent with our premise that one-hot replay is a
noisy preservation target rather than a stable an-
chor. Adding 4B domain NTP with 11B NTP re-
play reverses the domain trend by improving the
exam average by 3.73 points and lowering PPL
by 0.85, but still produces large general drops, es-
pecially 7.30 points in Code and 5.30 in Multilin-
gual. With self-distilled replay, the same domain-
adaptation setup gives the strongest domain result:
the exam average improves by 5.76 points and PPL
drops by 1.11, with smaller drops in every general
category.

Pairwise, both domain-adapted runs improve
the domain metrics over replay-only training,
showing that the filtered finance corpus provides
the needed adaptation signal. More importantly,
replacing NTP replay with self-distilled replay im-
proves the domain-exam gain by 2.03 points and
further lowers PPL, while preserving general abil-
ity better in every category: Knowledge drops by
1.04 points rather than 1.70, Reasoning by 1.66

rather than 4.18, Math by 1.01 rather than 1.11,
Code by 5.58 rather than 7.30, and Multilingual by
2.91 rather than 5.30. Thus, the finance check sup-
ports the same conclusion as the main biomedical
experiments: self-distilled replay turns replay into
a more useful preservation signal, improving do-
main adaptation with less general-capability ero-
sion than standard NTP replay.

A.2 Legal

We include a third domain as a direction check
only. We train SmolLM3 on 4B tokens of the
public Pile of Law (Henderson et al., 2022) with
12B tokens of the general replay mixture, and
evaluate on CaseHOLD (Zheng et al., 2021) and
LegalBench (Guha et al., 2023). This public-data
setup does not produce a stable absolute domain
improvement over the frozen base model, so we
do not use it as a standalone validation of legal
CPT; we report the matched NTP–SDR compari-
son only as evidence that the direction of the ef-
fect is not biomedical-specific. Self-distilled re-
play is 1.67 points higher on General and 2.94
points higher on Legal than NTP replay.

Method General Legal

Frozen base 48.69 51.00
NTP replay 42.18 45.09
Self-distilled replay 43.85 48.03

Table 4: Legal-domain matched comparison. Gen-
eral averages the same five capability categories as the
main text; Legal averages CaseHOLD and LegalBench.
Both methods use the same 4B domain / 12B replay
budget.

B Run-to-Run Variance

We reran two representative settings three times
each with different data-order seeds. Table 5 re-
ports the mean and sample standard deviation; the
General gap exceeds one standard deviation in
both settings.

Setting Method General PubMedQA

D1:G4 NTP 43.66± 0.57 52.33± 1.07
SDR 47.24± 0.95 51.42± 0.80

D2:G3 NTP 45.37± 0.64 51.15± 0.93
SDR 47.95± 0.60 53.45± 0.87

Table 5: Run-to-run variance for two representative
matched settings. Scores are mean ± sample stan-
dard deviation over three runs with different data-order
seeds. SDR denotes self-distilled replay.
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Figure 8: Finance domain results. Bars show average differences from the baseline across domain and general cat-
egories. The domain exam score averages CAMS, CDCS, CertICM, CertPay, CITF, and FRM; domain-document
PPL is measured on held-out internal documents, where lower is better.

C Baseline Coefficient Sweeps

The main-text comparison probes objective de-
signs under one coefficient per method. To check
whether the two closest all-token regularizer-style
methods would match self-distilled replay under
their own loss weights, we run single-seed coef-
ficient grids on the same PubMed D2:G3 setting.
These runs are controlled objective probes, not full
reproductions of the original training systems.

Method General PubMedQA

Frozen base 48.69 51.23
Pure NTP 46.10 52.02
SDR 48.19 53.87

Lifelong-PT, λ = 0.25 46.01 48.07
Lifelong-PT, λ = 0.5 46.87 50.57
Lifelong-PT, λ = 1 48.02 45.35
Lifelong-PT, λ = 2 46.09 47.30
Lifelong-PT, λ = 4 48.08 48.67

Mix-CPT, α = 0.60 45.32 45.80
Mix-CPT, α = 0.80 45.87 47.83
Mix-CPT, α = 0.90 45.94 51.72
Mix-CPT, α = 0.95 45.22 42.75

Table 6: Coefficient sensitivity for the two closest
regularizer-style objective probes on PubMed D2:G3.
λ scales the Lifelong-PT-style all-token KL term; α is
the NTP weight in the Mix-CPT-style logit-swap ob-
jective; Mix-CPT rows use reverse KL. SDR denotes
self-distilled replay. All runs use the same data, budget,
and seed.

No tested coefficient point reaches self-distilled
replay on both axes. The Lifelong-PT-inspired
grid has a Pareto frontier split between λ = 0.5
(best PubMedQA) and λ = 4 (best General), while
the Mix-CPT-inspired grid peaks at α = 0.90
and remains below pure NTP on General. These

single-seed grids provide sensitivity evidence, not
a claim that the original methods are fully tuned
and decisively surpassed.

D Exact Matched Comparison Tables

Tables 7–10 report the full benchmark-level
matched comparisons summarized in the main
text, including base-checkpoint reference columns.
SDR denotes self-distilled replay. General avg. is
the average over the five general-capability cate-
gories. PubMedQA uses the answer-permutation
score used in the corresponding trade-off plot.

Category-level retention. Across the reported
settings, both NTP and SDR largely preserve
Knowledge for SmolLM3 (−0.24 and +0.20
points relative to Base), while Code and Multilin-
gual decline more; SDR reduces the mean drop
in all five categories. For Qwen, NTP loses 6.00–
10.05 points across the five categories, whereas
SDR preserves Math (+0.07), limits the Reason-
ing loss to −1.28, and reduces the losses in Knowl-
edge, Code, and Multilingual to −3.44, −3.93,
and −2.66 points.
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Benchmark Base D1:G1.5 D1:G4 D1:G9 D2:G3 D2:G8 D2:G18

NTP SDR NTP SDR NTP SDR NTP SDR NTP SDR NTP SDR

General avg. 48.69 46.19 47.38 44.13 46.25 48.21 48.30 46.10 48.19 45.98 46.51 48.48 48.80
PubMedQA 51.23 51.43 56.35 53.53 51.55 45.53 48.83 52.02 53.87 44.68 52.85 41.02 55.10

Knowledge avg. 33.96 31.23 32.44 37.07 31.06 32.76 36.84 35.43 37.62 32.72 33.19 37.03 35.69
MMLU 62.08 59.60 60.84 59.58 60.35 59.82 61.42 57.92 60.27 59.75 60.75 60.22 61.43
MMLU-Pro 7.71 7.91 9.26 31.14 3.66 5.47 29.78 33.92 35.70 11.69 11.23 31.13 23.76
C-Eval 50.68 46.35 47.28 47.83 46.47 47.17 47.70 44.52 46.83 46.34 49.19 49.00 48.45
GPQA-Diamond 32.32 27.27 29.80 31.82 29.80 35.35 29.29 26.77 30.30 30.81 28.79 29.80 28.79
SuperGPQA 17.00 15.00 15.00 15.00 15.00 16.00 16.00 14.00 15.00 15.00 16.00 15.00 16.00

Reasoning avg. 70.53 67.09 68.83 67.18 68.74 67.96 69.16 66.37 69.23 66.69 68.82 68.71 69.99
ARC-C 76.27 65.42 70.85 63.73 69.49 68.81 71.86 67.80 71.19 67.46 72.20 71.19 73.90
ARC-E 86.07 82.89 82.54 81.48 84.48 86.24 85.54 82.89 84.13 82.89 84.13 86.77 84.83
BBH 51.70 47.50 48.12 48.82 48.51 47.89 49.92 45.91 51.67 46.63 49.33 47.96 50.61
BoolQ 72.11 61.47 68.26 65.75 68.47 66.36 69.42 58.23 67.61 62.69 64.53 65.23 70.21
COPA 67.00 68.00 70.00 66.00 69.00 69.00 65.00 67.00 68.00 68.00 67.00 69.00 68.00
CommonsenseQA 70.11 67.16 68.96 67.08 67.65 67.32 69.86 67.57 67.90 66.91 69.78 67.90 69.86
HellaSwag 73.98 71.36 72.22 71.63 72.11 71.62 72.66 70.41 71.76 71.02 72.45 71.57 72.74
OpenBookQA 63.80 63.80 64.00 65.70 64.30 59.70 63.80 61.50 67.40 58.90 64.90 64.50 66.50
PIQA 78.56 78.02 78.13 77.69 78.67 78.84 78.62 77.58 77.80 78.07 78.02 77.75 78.07
WinoGrande 65.75 65.27 65.27 63.93 64.72 63.77 64.96 64.80 64.80 64.33 65.90 65.19 65.19

Math avg. 46.58 49.48 47.38 32.45 46.87 52.88 45.69 49.35 48.23 47.72 42.20 52.85 49.84
GSM8K 72.55 64.97 66.57 27.90 65.73 67.55 61.18 62.70 67.85 56.63 64.59 67.10 69.67
MATH-500 20.60 34.00 28.20 37.00 28.00 38.20 30.20 36.00 28.60 38.80 19.80 38.60 30.00

Code avg. 47.73 42.25 46.30 42.58 42.45 45.70 45.52 39.77 43.83 41.58 45.42 42.15 44.70
HumanEval 41.50 30.50 39.00 34.10 32.90 37.80 36.00 29.30 34.80 29.30 37.80 34.10 34.10
HumanEval+ 34.80 27.40 33.50 27.40 27.40 32.30 30.50 25.60 30.50 23.80 31.70 28.70 29.90
MBPP 63.00 61.40 61.10 59.30 61.10 61.60 63.00 56.10 60.30 61.90 60.60 57.70 62.20
MBPP+ 51.60 49.70 51.60 49.50 48.40 51.10 52.60 48.10 49.70 51.30 51.60 48.10 52.60

Multilingual avg. 44.64 40.88 41.97 41.38 42.13 41.75 44.30 39.59 42.04 41.18 42.89 41.64 43.80
MGSM 43.40 38.08 39.60 39.40 40.12 39.96 43.56 37.68 39.64 39.68 41.44 40.68 43.08
MMMLU 45.87 43.68 44.34 43.36 44.15 43.54 45.04 41.50 44.44 42.68 44.34 42.61 44.53

Table 7: Full SmolLM3 source-replay matched comparisons for D1 and D2 settings, with the SmolLM3 base
checkpoint as reference. Category averages and General avg. use the same aggregation as the main text.
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Benchmark Base D4:G1 D4:G2 D4:G4 D4:G6 D4:G16

NTP SDR NTP SDR NTP SDR NTP SDR NTP SDR

General avg. 48.69 44.63 43.18 42.18 44.04 41.29 44.34 44.84 48.02 45.75 45.48
PubMedQA 51.23 53.65 55.25 56.30 58.52 48.63 53.90 51.88 52.08 46.20 54.15

Knowledge avg. 33.96 32.78 31.52 30.84 30.72 34.11 33.95 34.90 36.79 32.08 35.99
MMLU 62.08 57.99 57.60 56.57 57.69 58.87 58.44 58.65 60.30 59.07 59.20
MMLU-Pro 7.71 17.43 11.73 12.40 10.00 27.36 23.59 26.32 30.61 7.80 27.28
C-Eval 50.68 45.18 43.48 45.47 42.11 44.58 44.45 45.21 48.74 45.22 47.66
GPQA-Diamond 32.32 29.29 30.81 26.77 29.80 24.75 28.28 29.29 29.29 33.33 29.80
SuperGPQA 17.00 14.00 14.00 13.00 14.00 15.00 15.00 15.00 15.00 15.00 16.00

Reasoning avg. 70.53 65.11 66.95 64.56 67.83 66.53 67.78 65.71 68.04 66.59 66.66
ARC-C 76.27 60.00 66.10 60.00 68.14 63.05 68.14 65.42 67.80 66.44 68.14
ARC-E 86.07 81.13 80.78 78.84 82.36 81.31 82.01 82.54 83.60 82.89 84.13
BBH 51.70 47.88 42.94 42.43 47.84 45.93 45.33 46.31 47.53 46.36 46.66
BoolQ 72.11 57.58 69.02 65.02 64.74 64.28 67.06 59.42 67.22 58.17 57.92
COPA 67.00 67.00 65.00 64.00 71.00 68.00 71.00 65.00 67.00 67.00 63.00
CommonsenseQA 70.11 65.03 66.26 64.70 66.18 66.26 67.08 67.24 67.57 68.39 67.73
HellaSwag 73.98 69.37 69.32 68.34 70.04 70.57 70.42 70.40 71.56 70.46 71.18
OpenBookQA 63.80 63.40 70.10 62.90 67.70 65.60 64.90 59.20 65.60 64.10 66.50
PIQA 78.56 76.33 76.71 76.71 77.53 77.20 77.09 77.09 77.37 77.53 76.99
WinoGrande 65.75 63.38 63.30 62.67 62.75 63.14 64.72 64.48 65.19 64.56 64.33

Math avg. 46.58 46.53 40.95 41.31 43.69 25.11 43.09 45.27 48.98 49.84 42.77
GSM8K 72.55 59.67 58.91 58.23 61.18 16.22 61.18 56.33 66.57 62.47 63.15
MATH-500 20.60 33.40 23.00 24.40 26.20 34.00 25.00 34.20 31.40 37.20 22.40

Code avg. 47.73 40.85 40.90 38.90 39.80 40.90 38.42 40.10 44.02 41.38 42.20
HumanEval 41.50 31.10 32.90 32.90 32.30 31.10 28.70 32.30 34.10 32.90 32.30
HumanEval+ 34.80 26.80 28.00 27.40 27.40 26.20 25.00 26.80 29.90 26.80 28.00
MBPP 63.00 58.70 55.30 51.90 54.00 57.40 53.70 55.80 61.60 58.20 59.30
MBPP+ 51.60 46.80 47.40 43.40 45.50 48.90 46.30 45.50 50.50 47.60 49.20

Multilingual avg. 44.64 37.87 35.56 35.29 38.17 39.80 38.45 38.22 42.26 38.87 39.78
MGSM 43.40 34.24 29.76 29.80 34.64 37.28 34.56 35.96 40.40 35.72 36.44
MMMLU 45.87 41.49 41.36 40.78 41.71 42.32 42.35 40.49 44.13 42.03 43.13

Table 8: Full SmolLM3 source-replay matched comparisons for D4 settings, with the SmolLM3 base checkpoint
as reference. Category averages and General avg. use the same aggregation as the main text.
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Benchmark Base D1:G9 D2:G3 D2:G8 D4:G6

NTP SDR NTP SDR NTP SDR NTP SDR

General avg. 65.07 59.18 63.62 60.13 63.78 58.38 63.89 52.02 62.72
PubMedQA 66.92 63.80 70.03 63.75 70.17 63.33 68.35 67.15 68.98

Knowledge avg. 54.97 43.28 52.57 46.89 51.30 42.83 52.16 44.21 48.83
MMLU 75.21 71.72 74.61 71.88 73.64 71.28 74.13 71.52 73.07
MMLU-Pro 51.87 17.67 46.86 35.87 43.96 17.55 47.84 25.48 34.82
C-Eval 79.38 71.19 76.47 71.87 74.51 70.50 73.95 69.24 73.86
GPQA-Diamond 41.41 32.83 39.90 31.82 39.39 31.82 39.90 32.83 38.38
SuperGPQA 27.00 23.00 25.00 23.00 25.00 23.00 25.00 22.00 24.00

Reasoning avg. 78.41 72.61 77.78 72.73 76.93 72.31 77.27 71.47 77.05
ARC-C 90.85 84.41 89.49 84.07 88.14 82.71 89.15 83.39 88.81
ARC-E 96.65 94.71 96.12 92.42 95.41 94.53 95.24 93.65 95.77
BBH 68.35 63.29 64.10 63.76 64.71 62.95 64.06 62.41 63.33
BoolQ 78.62 58.35 81.77 64.01 80.34 61.01 80.83 55.78 77.13
COPA 78.00 70.00 76.00 66.00 75.00 69.00 75.00 63.00 78.00
CommonsenseQA 70.43 67.73 69.86 69.04 69.04 67.65 70.19 67.98 69.29
HellaSwag 71.27 69.96 70.91 69.20 70.33 69.27 70.64 68.94 70.07
OpenBookQA 85.80 77.30 85.30 79.70 83.80 76.10 85.10 78.90 85.70
PIQA 77.75 76.93 78.62 76.71 77.80 76.66 77.86 76.99 77.97
WinoGrande 66.38 63.46 65.67 62.35 64.72 63.22 64.64 63.69 64.40

Math avg. 67.28 67.50 68.10 68.56 72.06 65.92 68.87 34.01 70.77
GSM8K 74.15 79.61 81.80 79.91 82.71 75.44 82.34 15.01 80.74
MATH-500 60.40 55.40 54.40 57.20 61.40 56.40 55.40 53.00 60.80

Code avg. 64.28 56.02 60.85 57.12 60.27 54.40 62.17 55.17 58.58
HumanEval 63.40 49.40 59.80 52.40 57.90 47.60 62.80 49.40 53.70
HumanEval+ 56.10 42.70 52.40 47.00 49.40 40.90 51.80 42.70 45.70
MBPP 74.60 71.40 71.40 70.10 73.50 70.10 73.00 70.90 74.10
MBPP+ 63.00 60.60 59.80 59.00 60.30 59.00 61.10 57.70 60.80

Multilingual avg. 60.43 56.45 58.79 55.37 58.34 56.46 58.99 55.25 58.39
MGSM 61.89 58.36 59.71 56.22 60.00 57.93 60.73 56.44 60.36
MMMLU 58.97 54.54 57.87 54.53 56.67 54.99 57.26 54.07 56.41

Table 9: Full Qwen3-4B non-source replay matched comparisons, with the base checkpoint as reference. Both
methods use the same non-source replay corpus at each token budget.
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Benchmark Base D1:G9 D2:G3 D2:G8 D4:G6

NTP SDR NTP SDR NTP SDR NTP SDR

General avg. 69.89 61.94 66.34 63.29 68.96 61.98 65.56 61.64 67.00
PubMedQA 71.98 69.27 73.50 69.98 73.05 72.80 73.33 70.98 71.85

Knowledge avg. 57.87 50.71 54.23 52.37 56.03 49.59 53.99 52.32 54.74
MMLU 78.59 74.66 76.24 76.05 77.82 75.18 76.69 73.87 76.26
MMLU-Pro 53.39 39.68 48.72 43.37 51.63 34.88 48.49 43.06 49.37
C-Eval 83.44 74.84 78.78 77.05 81.28 76.53 79.34 75.72 78.15
GPQA-Diamond 43.94 39.39 40.40 40.40 42.42 36.36 40.40 44.95 42.93
SuperGPQA 30.00 25.00 27.00 25.00 27.00 25.00 25.00 24.00 27.00

Reasoning avg. 81.92 75.99 80.89 76.15 80.82 75.49 80.04 74.50 80.29
ARC-C 91.53 89.49 90.51 89.83 90.17 87.46 91.19 86.44 91.53
ARC-E 97.18 95.59 97.18 95.94 96.30 95.77 95.24 95.24 97.18
BBH 74.31 69.15 69.65 67.00 71.38 69.41 67.76 67.60 69.66
BoolQ 80.18 60.83 82.11 66.21 81.04 60.31 78.04 62.81 77.74
COPA 87.00 72.00 85.00 74.00 81.00 72.00 81.00 70.00 82.00
CommonsenseQA 74.12 71.74 73.46 69.78 73.55 70.27 73.05 69.53 72.24
HellaSwag 76.12 72.17 75.01 70.89 75.42 72.51 74.68 71.22 75.08
OpenBookQA 89.10 83.10 87.20 85.10 89.70 83.30 89.40 79.20 88.20
PIQA 79.76 79.00 79.38 78.02 80.41 78.40 80.36 77.48 79.87
WinoGrande 69.93 66.85 69.38 64.72 69.22 65.51 69.69 65.51 69.38

Math avg. 75.81 69.11 72.00 71.09 75.61 69.34 72.35 68.07 73.14
GSM8K 86.43 80.21 82.79 82.18 84.23 80.89 81.50 80.14 84.69
MATH-500 65.20 58.00 61.20 60.00 67.00 57.80 63.20 56.00 61.60

Code avg. 67.95 55.12 63.08 58.08 68.38 56.70 60.00 55.88 64.17
HumanEval 69.50 50.60 64.00 56.70 68.90 52.40 56.10 50.00 64.00
HumanEval+ 63.40 43.90 55.50 49.40 61.00 45.10 50.00 41.50 54.90
MBPP 74.90 68.30 72.20 70.40 77.50 70.60 72.00 73.30 75.40
MBPP+ 64.00 57.70 60.60 55.80 66.10 58.70 61.90 58.70 62.40

Multilingual avg. 65.89 58.77 61.49 58.77 63.94 58.76 61.43 57.45 62.67
MGSM 69.85 61.05 63.38 59.38 66.76 60.11 62.65 58.62 65.35
MMMLU 61.93 56.48 59.60 58.16 61.11 57.41 60.21 56.29 59.99

Table 10: Full Qwen3-8B non-source replay matched comparisons, with the base checkpoint as reference. Both
methods use the same non-source replay corpus at each token budget.
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