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ABSTRACT

Continual post-training faces a dual challenge of acquisition and retention: mod-
els must learn new capabilities while preserving prior knowledge. While Self-
Distillation Fine-Tuning (SDFT) mitigates this using self-supervision with in-
context demonstrations, it relies on strong in-context learning and instruction-
following abilities. Consequently, SDFT fails on smaller models critical for low-
latency, on-device use. To enable continual learning at smaller scales, we first
identify the root cause of failure. We show that poor acquisition and forgetting
correlate linearly with the post-trained model’s distribution shift, revealing the ne-
cessity of in-distribution learning. We thus introduce Synthetic Self-Distillation
(SYNTHSELF), imitating SDFT’s in-distribution rewrite by outsourcing the task
to a minimally larger, same-family aligner. Coupled with off-policy supervision
and rejection sampling, this provides the high-quality supervision small models
require without breaking their original distribution. Evaluations spanning 4 acqui-
sition datasets (including a mixture) and 14 retention benchmarks show SYNTH-
SELF consistently outperforms 6 methods (including off- and on-policy distilla-
tion) across 3 small model scales. Extensive further analyses confirm SYNTHSELF
paves the way toward effective small-model continual learning.

1 INTRODUCTION

Continual post-training of language models (LMs) is a common setting where practitioners aim to
inject new capabilities into already-trained models for scenarios such as customizing for specific
use-cases and enabling human-like lifelong learning (Shi et al., 2024; Wang et al., 2024a; Zheng
et al., 2025a;b; Srijith et al., 2025; Chen et al., 2026a). Yet, this process is notoriously challenging
on both the acquisition (injecting new abilities) and retention (maintaining existing capabilities)
axes (Harmon et al., 2026; Luo et al., 2025; Chen et al., 2026b). The failure to retain existing
capabilities, widely known as catastrophic forgetting (McCloskey & Cohen, 1989; French, 1999;
Kirkpatrick et al., 2017), is particularly well-documented in settings where a supervised fine-tuning
(SFT) dataset is used for teacher forcing (Kalajdzievski, 2024; Luo et al., 2025; Lai et al., 2026;
Chen et al., 2026b; Shenfeld et al., 2026b).

A recent work showed that self-distillation fine-tuning (SDFT) is an effective way to inject SFT
demonstrations in an on-policy manner (Shenfeld et al., 2026a), outperforming recent off-policy
continual fine-tuning methods such as re-invoke (Lu & Lab, 2025) and Dynamic Fine-tuning (DFT;
Wu et al. (2026)) on both acquisition and retention axes. SDFT leverages the in-context learn-
ing (ICL) and instruction-following (IF) abilities of post-trained models to provide demonstrations
in-context to the self-teacher model, and applies on-policy distillation (OPD; Ross et al. (2011),
Agarwal et al. (2024)) on itself, supervising on an implicit self-rewrite of the demonstrations.

However, as models struggle with ICL and IF at smaller scales, SDFT remains infeasible in this
regime (see Fig. 3a). We aim to address this limitation, as small models have become critical for
applications such as on-device deployment, latency-specialized models, draft models, verifiers, and
large-small collaborative methods (Cobbe et al., 2021; Chen et al., 2023; Abdin et al., 2024; Liu
et al.,, 2024; Lu et al., 2025; Belcak et al., 2025; Cai et al., 2026).
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(a) Averaged across 3 base models, continual post-
training via SYNTHSELF on the medical domain re-
sults in near-zero forgetting across all 14 benchmarks.
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(b) Across 3 base models, 4 acquisition benchmarks,
and 14 retention tasks, SYNTHSELF maximizes per-
formance gains with minimal forgetting.

Figure 1: Overview of SYNTHSELF performance across three model scales (0.5, 1.5, and 3B).

Contribution. To better understand how to leverage the key principles of SDFT, we first examine
why it succeeds in continual post-training (§ 2.2.1). We reveal that the distribution shift of the post-
trained base model linearly correlates with poor acquisition and forgetting (Fig. 2), indicating that
staying in-distribution is crucial for continual learning. While the primary advantage of SDFT over
off-policy methods is its ability to staying in distribution, evaluating its self-generated offline dataset
reveals that SDFT’s self-supervision quality is inadequate at smaller model scales (Fig. 3).

In response, we propose Synthetic Self-Distillation (SYNTHSELF), which imitates self-distillation’s
implicit in-distribution rewrite by outsourcing the distribution-aligned rewrite to a larger model (§
2.4). Our method distinctly differs from SDFT in the following ways: (i) choosing off-policy over
on-policy supervision allows us to apply rejection sampling, which in turn improves supervision
quality for small models that are sensitive to data quality; and (ii) using minimally larger, same-
family aligners allows us to simultaneously (ii.a.) provide high-quality supervision (Tab. 2), (ii.b.)
remain in-distribution relative to the base model (Fig. 4), and (ii.c.) maintain low computational
costs. We empirically validate SYNTHSELF (§ 3), demonstrating that:

1. SYNTHSELF achieves the best acquisition across 3 domains (science, tool-use, and
medicine) and a 4-subject science mixture while preserving prior capabilities on 14 bench-
marks, consistently across 3 base model sizes (0.5, 1.5, 3B), and against 4 relevant
baselines (Fig. 1, Tab. 1).

2. Controlling for the confounding factor of teacher model size, we demonstrate that SYNTH-
SELF outperforms both on- and off-policy distillation in acquisition by +5.7%p to
+16.9%p, averaged over all four settings and three base scales (Tab. 1, Fig. 5).

3. We show that utilizing a smaller (weaker) in-distribution aligner is more effective than
deploying a larger (stronger) out-of-distribution teacher, yielding a 69.9% reduction in
alignment computational cost (FLOPs) (Tab. 2).

4. We validate that our improvement over SDFT is not due to prompt differences using
prompt-matched and diverse prompts, achieving +18.96 %p and +1.68 %p gains in acqui-
sition and retention over prompt-matched SDFT (Fig. 6).

5. Finally, our ablation studies confirm that combining rejection sampling with off-policy
supervision is a meaningful component of our methodology (Fig. 5).
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Figure 2: Distribution shift negatively correlates with ideal continual learning. (a) Exper-
iment 1: Post-training distribution shift strongly correlates with forgetting existing capabilities
across GPQA-Diamond, ARC-C, MMLU-Pro, HumanEval, and MBPP, regardless of data source
or type. (b) - (e) Experiment 2: Transforming the same dataset from its original OOD form (HI) to
more in-distribution forms (MID, LO) monotonically improves (c¢) target domain (math) retention,
(d) target domain performance, and (e) cross-domain (coding) retention.

2 METHOD

2.1 PROBLEM SETTING: CONTINUAL FINE-TUNING

Continual fine-tuning. Given a post-trained policy 7, we continually inject new knowledge from
a dataset Dyain = {(2:, i)}, by further training 7. In doing so, we aim to maximize (i) acquisi-
tion: performance on a same-domain test set Dy.y, While maintaining (ii) retention: performance on
existing capabilities, evaluated via Di..

Self-distillation fine-tuning. Given a demonstration pair (, %) and an SDFT prompt PSPFT that
places the demonstration in-context, SDFT trains the policy 7y parameterized by 6 on-policy toward
the frozen model’s self-rewrite of that demonstration,

mo(y | =)
m(y' | PSP (2, y)) |7
where ¢y’ denotes a completion sampled from the current policy. This supervision preserves the

semantic content of y while remaining within the model’s native distribution, allowing for effective
continual learning.

L) = Dxr(mo(- | 2)[[7(- | PP (2,9)) ) = Eyomy( ) |08 (1)

2.2 IN-DISTRIBUTION DEMONSTRATION INJECTION
2.2.1 IN-DISTRIBUTION LEARNING IS KEY FOR CONTINUAL LEARNING

Building on the observation that SDFT preserves the native distribution, we hypothesize that training
on out-of-distribution (OOD) targets is the primary driver of poor acquisition and forgetting. To
test this, we continually fine-tune Qwen?2 .5-3B-Instruct (Qwen et al., 2025), measuring the
resulting policy shift via Dxr, (Tatier || Toefore ). TO avoid data contamination, we use this older model
to evaluate against post-release datasets. Further details are available in Appendix B.

Experiment 1: Distribution shift correlates with forgetting across datasets. [Setup] First, we
collect 23 diverse math training datasets, size-matched to 2.5M completion tokens. Datasets are
grouped by domain and release date relative to the base model: (1) pre-cutoff, (2) post-cutoff: long
chain-of-thought (CoT) math reasoning, and (3) off-target: post-cutoff code or general instruction
data.' Forgetting is measured as the mean performance drop (A) across five non-math benchmarks:
GPQA-Diamond (Rein et al., 2024), ARC-C (Clark et al., 2018), MMLU-Pro (Wang et al., 2024b),

! Although a dataset’s release date does not definitively guarantee whether its tokens were seen during train-
ing, it serves as a reasonable proxy for distinguishing between older and newer data. Our overall results and
analyses remain robust regardless of this specific grouping.
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(a) SDFT acquisition performance relative to SFT de- (b) For example, in the tool-use domain, self-rewriting
clines monotonically as model size decreases. results in reduced accuracy and missing CoTs.

Figure 3: SDFT fails at smaller model sizes as its ability to self-teach deteriorates.

HumanEval (Chen et al., 2021), and MBPP (Odena et al., 2021). [Results] Fig. 2 (a) demonstrates
that the magnitude of forgetting (y-axis) is strongly correlated with the distribution shift of the policy
7 after fine-tuning (Spearman p = —0.85), suggesting that updates causing significant distribution
shifts are detrimental to continual learning.

Experiment 2: Distribution shift correlates with poor acquisition and forgetting within a
dataset. [Setup] Second, to isolate distribution shift within an underlying dataset, we hold the
corpus fixed using OpenR1-Math-220k (Face, 2025), a long-CoT dataset. Using identical prompts,
we construct three 2M completion-token datasets that vary only in target text shift: (HI) high shift:
full R1 trace with reasoning, (MID) mid shift: R1 final solution without long-CoT, and (LO) low
shift: the model’s own verified-correct solution. LO is curated via self-rejection sampling (Singh
etal., 2024). The base model decodes a single solution per problem under the same prompt, which is
then verified for correctness. [Results] Fig. 2 (c) - (e) show that higher distribution shift tracks with
in-domain forgetting and catastrophic forgetting, whereas low-shift self-generated samples improve
math acquisition performance while preserving existing coding capabilities.

2.3 LIMITATIONS OF SELF-DISTILLATION

Self-supervision fails at small model scales. Although on-policy self-distillation (SDFT; Shen-
feld et al. (2026a)) successfully preserves the base distribution during continual post-training, its
efficacy drops for smaller models. Fig. 3a demonstrates that SDFT’s performance relative to SFT
decreases monotonically with student size. We attribute this to poor self-supervision quality. To
evaluate this, we generate an offline dataset to approximate on-policy teacher quality. Fig. 3b con-
firms that smaller models yield weaker supervision: regardless of the prompt (Appendix A), average
accuracy falls to 60%, and CoT traces are dropped 8.2% of the time.

2.4 OFF-POLICY IN-DISTRIBUTION DISTILLATION AS SYNTHETIC SELF-DISTILLATION

To bridge this gap, SYNTHSELF is designed to (1) remain in-distribution with respect to the base
model 7, and (2) provide high-quality supervision. We achieve this via two core mechanisms: (i)
utilizing off-policy distillation to enable rejection sampling, and (ii) selecting a larger aligner model
that simultaneously (ii.a.) yields high-quality supervision, (ii.b.) stays in-distribution relative to the
base model, and (ii.c.) incurs low computational overhead.

(i) Off-policy supervision enables rejection sampling. By generating offline datasets for SFT
rather than training on-policy, we can filter for accuracy through rejection sampling. This step is
essential because small models are highly sensitive to supervision quality.
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Figure 4: Same-family rewrites provide more Figure 5: An ablation study demonstrates
in-distribution off-policy data relative to Gold that off-policy rejection sampling is a valuable
SFT. Conversely, stronger, cross-family models component. Furthermore, SYNTHSELF consis-
fail to meaningfully improve distributional align- tently outperforms standard off-policy distilla-
ment with the base model. tion, even when controlling for model scale.

(ii) Identifying a low-cost, competent in-distribution aligner. We formalize the dual objectives
of (ii.a.) generating high-quality supervision and (ii.b.) maintaining in-distribution alignment. Let
A= {WS), .. ,7rf4K)} be a pool of candidate aligners. We aim to select an aligner 7% € A that
minimizes the distributional gap to the base model, subject to quality constraints (Eq. 6).

Given a demonstration pair (z;,%;) and a rewrite prompt P (Box A), the aligner’s rewrite
distribution is:

ai(y) = ma(y| P (i, ) - 2)

This distribution translates the knowledge from (z;,y;) into the aligner’s native distribu-
tion.  Appendix D shows an example: the rewrite keeps the gold answer and format
while restating the reasoning in the aligner’s own phrasing. We decode greedily, §;; =
arg maxycy ma (v | P (2;,1;), §i,<¢), ensuring a deterministic rewrite §;. We measure su-
pervision quality (ii.a.) directly on these rewrites:

R(ma) = Ei[r(z,9)], 9; = greedy(q;), 3)

where a verifiable reward r(z;, ;) = I[a(¢;) = a(y;)] checks the extracted answer a(-) against the
gold demonstration.

The student is trained to imitate the point mass g, at the mode of ¢;. The divergence against this
point mass simplifies to the negative log-likelihood (NLL) under the student 7, serving as our metric
for in-distribution alignment (ii.b.):

93]

(- |z))] = —Eizlogﬂ(ﬁi,t | 24, 9i,<t)- 4

t=1

,C(ﬂ'A) == ]El [DKL (5@1

Standard SFT on gold demonstrations follows an identical objective, replacing ¢, with J,, to pro-
vide a baseline divergence:

lyil
Loow = Ei[Dxr(0y, | 7(- | 2:))] = _EiZIOgﬂ'(yi,t | i, i, <t)- (5)

t=1
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Algorithm 1: SYNTHSELF (post-aligner selection)

Input: Demonstrations Dtrain = {(as, yi)}f\il, post-trained base model 7y, aligner 7%, rewrite
instruction P™"™*¢_ answer extractor a(-)

D0 // Initialize offline dataset
foreach (z;,y;) € Dyuin do
/* Synthetic In-distribution Rewrite */
g; < argmax, 74 (y | P (z,y;)) ; // Greedy decoding
/* Rejection Sampling */
if a(g;) = a(y;) then
‘ D« DU{(xs,0:)} 3 // Same answer, but in-distribution
else
| discard (z;,7;)
end
end
/+ Off-policy learning via SFT */

0 + arg ming ]E(LQ)N@[* log (9 | )] ;
return 7; ;

Consequently, we formulate aligner selection as:

w7y = argmin L£(m4) s.t. L(ma) < Lgoa and R(ma) > R(m). (6)
TAEA
In short, we select the aligner closest in distribution to the student. The constraints guarantee its
rewrites offer a distributional advantage over standard SFT (L£(74) < Lgod) and strictly exceed the
base model’s supervision quality (R(m4) > R(7)).

In practice, scaling up within the same model family perfectly satisfies Eq. 6. Fig. 4 shows that
same-family aligners (Qwen2 . 5-7B, 14B, 32B) achieve the lowest average KL, falling well below
Lgo1d, whereas stronger cross-family models fail to meaningfully reduce the NLL (averaged across
three domains detailed in § 3). Furthermore, same-family aligners yield higher data accuracy than
the base model, satisfying R(m4) > R(w) (Tab. 2). Finally, to satisfy the low-cost constraint
(ii.c.), we instantiate 7% using minimally larger Qwen2 . 5-7B and 14B models, ensuring minimal
computational overhead.

Algorithmic implementation. Using this minimally larger same-family aligner 74, we imple-
ment SYNTHSELF (see Alg. 1). We first initialize an empty offline dataset D (Line 1). Next,
processing the data in batches, we generate an in-distribution rewrite ¢; for each sample ¢ via the
aligner w4 using greedy decoding (Lines 2 and 3). Samples that satisfy the rejection sampling are
then added to D (Lines 4 to 8). Finally, we perform SFT on this filtered dataset Dto update the base
model parameters (Line 10).

3 EMPIRICAL STUDY

We evaluate SYNTHSELF on the three domains from SDFT (Shenfeld et al., 2026a), alongside a
4-subject science mixture to verify generalization. In §3.3, we further analyze our approach by:
(i) demonstrating that distribution matching outweighs aligner capability; (ii) benchmarking against
SDFT on matched and diverse prompts; and (iii) ablating rejection sampling to confirm the value of
off-policy supervision.

3.1 EXPERIMENTAL PROTOCOL

Baselines. We compare our method against four baselines: standard SFT, SDFT (Shenfeld et al.,
2026a), DFT (Wu et al., 2026), which modifies the objective function to imitate on-policy learn-
ing, naturally inducing in-distribution learning, and ASFT (Zhu et al., 2026), which improves upon
DFT by further mitigating distributional shift. To control for the larger aligner model size, we also



Baseline

SYNTHSELF (ours)

Model Base SFT SDFT DFT ASFT SS-1A A Off-PD A On-PD SS-2A A Off-PD A On-PD
SCIENCE: CHEMISTRY
0.5B  Acq. 254 568 38.5 355 456 63.7 +21.1 +34.5 59.4 +10.1 +21.5
Ret. 31.8 282 303 28.7 303 27.8 2.4 +1.2 29.5 -0.8 +5.1
1.5B  Acq. 31.0 649 53.6 56.8 485 67.1 +16.4 +33.3 65.3 +12.0 +22.9
Ret. 439 44.1 418 438 452 45.0 +0.4 +1.9 44.6 +0.0 +2.5
3B Acq. 30.2 688 659 60.9 58.6 69.6 +21.5 +38.7 67.7 +11.2 +21.9
Ret. 529 52,6 515 513 516 52.7 -0.7 +2.9 51.8 2.3 -1.3
Avg. Acq. 289 635 527 51.1 509 66.8 +19.7 +35.5 64.1 +11.1 +22.1
Ret. 42.8 41.6 412 412 424 41.8 -0.9 +2.0 42.0 -1.0 +2.1
SCIENCE MIXTURE (4 SUBJECTS)
0.5B  Acq. 23.0 48.7 257 328 355 49.8 +7.2 +20.0 43.0 +0.4 +9.6
Ret. 31.8 30.0 295 29.1 29.7 30.8 -0.7 +2.4 28.8 2.5 +1.8
1.5B  Acq. 304 555 402 528 489 58.9 +12.6 +18.7 57.0 +7.0 +14.3
Ret. 439 42.8 43.1 433 443 433 -1.5 -1.1 44.5 2.3 +0.9
3B Acq. 43.8 61.1 60.6 509 55.1 63.2 +7.2 +17.4 67.7 +10.4 +16.6
Ret. 529 529 515 50.7 51.6 51.6 2.5 +1.4 52.9 +0.0 +2.0
Avg. Acq. 324 551 422 455 465 57.3 +9.0 +18.7 55.9 +6.0 +13.5
Ret. 42.8 419 413 41.0 419 41.9 -1.6 +0.9 42.1 -1.6 +1.5
TOOL-USE
0.5B  Acq. 23.7 402 247 309 423 433 -1.0 +7.2 56.7 +10.3 +6.2
Ret. 31.8 259 30.5 26.0 29.0 28.3 -1.0 +0.5 29.9 -0.5 +3.2
1.5B  Acq. 433 57.7 515 598 54.6 61.9 +11.3 +15.5 55.7 2.1 -6.2
Ret. 439 399 426 41.6 41.6 42.3 -1.1 -3.0 42.4 -1.4 +0.3
3B Acq. 33.0 66.0 57.7 474 588 61.9 +7.2 +13.4 68.0 +9.3 +9.3
Ret. 529 509 522 49.6 532 51.0 +0.5 +0.9 51.4 +0.4 +2.1
Avg. Acq. 333 546 447 460 519 55.7 +5.8 +12.0 60.1 +5.8 +3.1
Ret. 42.8 389 418 39.1 413 40.5 -0.5 -0.5 41.2 -0.5 +1.8
MEDICINE
0.5B  Acq. 26.7 160 267 2.0 182 32.7 -3.0 -1.5 34.2 -0.5 -2.0
Ret. 31.8 284 30.5 28.0 294 31.0 -0.8 +3.7 29.9 2.4 +2.1
1.5B  Acq. 42.8 41.3 288 27.7 36.7 47.8 +0.5 -0.2 48.3 -0.3 -3.0
Ret. 439 414 425 40.8 428 43.7 2.8 +4.5 43.3 2.6 +2.2
3B Acq. 57.5 48.8 548 20.7 502 57.3 +1.3 +5.2 54.0 +1.0 +0.7
Ret. 529 487 522 51.7 528 52.3 -3.0 +1.4 52.8 -0.6 -0.6
Avg. Acq. 423 354 368 168 35.0 459 -0.4 +1.2 45.5 +0.1 -1.4
Ret. 42.8 39.5 41.7 402 41.7 424 2.2 +3.2 42.0 -1.9 +1.2
Avg. Acq. 342 522 44.1 39.8 46.1 56.4 +8.5 +16.9 56.4 +5.7 +9.3
Ret. 42.8 40.5 415 404 418 41.7 -1.3 +1.4 41.8 -1.2 +1.7

Table 1: SYNTHSELF leads acquisition (Acq.) in all 4 benchmarks and ties the best baseline
on 14 retention tasks (Ret.), over 4 baselines, off-/on-policy distillation, and three base models.
Green and red background shading on Avg. rows is min-max normalized across each row. The
14 retention tasks span instruction following, commonsense, diverse knowledge, code, and math.
The mixture contains Chemistry, Biology, Materials, and Physics in both the train and test splits. A
Off-PD and A On-PD are SYNTHSELF minus off- or on-policy distillation (%p).

compare SYNTHSELF against off- and on-policy distillation (Agarwal et al., 2024). Here, off-policy
distillation is equivalent to Alg. 1, but conditions the generation on the original query x; rather than
the rewrite prompt P™¥®(z; 1,). We tune standard SFT minimally and fix these hyperparame-
ters across all methods for fairness. To ensure a strong baseline, we additionally optimize SDFT’s
skip-token hyperparameter; which discards 7" initial formatting tokens. Conversely, SYNTHSELF is
tuning-free and introduces zero additional hyperparameters.

Datasets and models. Following Shenfeld et al. (2026a), we evaluate on three domains: sci-
ence (SciKnowEval Chemistry L-3; Feng et al. (2025)), tool-use (ToolAlpaca; Tang et al. (2023)),



Acquisition T KL (NLL) | Data-gen Accuracy (%) 1 Data-gen PFLOPs |
Aligner Sci. TooL  Sci. TooL ScI. TooL ScI. TooL

More In-distribution Aligners

Qwen2.5-7B  66.8 55.7 0995 0.650 99.0 84.1 139 39.0
Qwen2.5-14B 64.1 60.1 1.033 0.666 99.1 81.8 36.6 76.0
Stronger but More Out-of-distribution Aligners
Qwen3.5-27B 65.1 50.5 1.440 0.873 90.3 95.8 70.0 142.1
Gemma-4-31B 60.8 56.0 1.245 0.812 99.8 99.3 1482 167.9
ID 65.5 579 1.014 0.658 99.0 829 252 57.5
OOD 63.0 533 1.342 0.843 95.0 97.5 109.1 155.0
A=ID—-00D +2.5 +4.6 -0.328 -0.185 +4.0 -14.6 -83.8 -97.5

Table 2: SYNTHSELF performs better with in-distribution aligners. Averaged over the
Qwen2.5-0.5B, 1.5B, and 3B base models, using aligners that are more in-distribution (mea-
sured by NLL) is a stronger predictor of performance than the strength of the aligner (measured by
data-generation accuracy). Data-generation accuracy represents the reward R(74) in Eq. 3. Itis
additionally advantageous that smaller, same-family aligners are the most compute-efficient when
generating off-policy data. Bold indicates best value across each column.

and medicine (MedMCQA; Pal et al. (2022)). We expand to all four SciKnowEval subjects
for our mixture experiment. We substitute the medical dataset used by Shenfeld et al. (2026a)
with MedMCQA to avoid LLM-as-a-judge evaluation and improve reproducibility. We adopt the
Qwen2.5-Instruct family as base models, unlike later versions like Qwen3 (Yang et al., 2025)
exhaustively trained on open-source data; this choice reduces contamination and ensures demonstra-
tion novelty. Further experimental details are in Appendix C.

3.2 RESULTS

SYNTHSELF achieves the highest acquisition across all four benchmarks, including the science mix-
ture, while matching the strongest baselines on 14 retention tasks (Tab. 1, Fig. 1). We abbreviate
SYNTHSELF as SS, with 1A and 2A denoting aligners one and two sizes larger, respectively (i.e.,
Qwen?2.5-7B and Qwen2.5-14B). Interestingly, recent methods fail to surpass SFT in acqui-
sition at these smaller scales. DFT’s performance in the medical domain deteriorates especially
significantly; we have double-checked that these evaluation values are correct. However, consistent
with the discussion in § 2.2.1, the on-policy and in-distribution mechanisms of SDFT and ASFT
successfully improve retention over SFT.

Moreover, we validate that the performance gains of SYNTHSELF stem primarily from in-
distribution demonstration injection, rather than merely leveraging a larger aligner (Tab. 1). Off-
and on-policy distillation (Off-/On-PD) use the identical aligner, differing only in conditioning on
x; rather than on P™1(z; v;). Averaged across all four settings, SYNTHSELF nonetheless im-
proves acquisition by +5.7%p to +16.9%p while maintaining comparable retention. As expected,
demonstration injection drives these acquisition gains, whereas all three methods (SYNTHSELF,
Off-PD, and On-PD) similarly preserve the base model distribution to sustain retention capabilities.
Lastly, we observe that SYNTHSELF does not yield significant improvements over Off-/On-PD in
the medical domain. This is likely due to the aligner models already having perfect knowledge of the
training data, making demonstration injection largely redundant. Despite this, SYNTHSELF remains
highly competitive, successfully outperforming all remaining baselines.

3.3 FURTHER EXPERIMENTAL ANALYSES

Distribution matching outweighs aligner capability, and leads to data generation cost sav-
ings. We validate our hypothesis that lower-cost, in-distribution aligners are more effective than
stronger out-of-distribution (OOD) alternatives. Although larger aligners like Qwen3.5-27B
and Gemma-4-31B (Team et al., 2026) generate higher-quality supervision (measured via data-
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Figure 6: SYNTHSELF outperforms SDFT across diverse prompt variations, including a ver-
sion prompt-matched to SYNTHSELF. On average, SYNTHSELF outperforms prompt-matched
SDFT by +18.96%p and +1.68%p on acquisition and retention, respectively.

generation accuracy), they introduce severe distributional shift relative to the base model. Conse-
quently, they yield similar or worse acquisition performance (Tab. 2). Moreover, using a same-family
aligner reduces data generation inference costs by 62.9% to 76.9% FLOPs.

SYNTHSELF outperforms prompt-matched self-distillation. We confirm that SYNTHSELF’s
gains over SDFT do not arise from differences in supervision prompts (Fig. 6). Evaluating four
SDFT prompt variants, including one matched to SYNTHSELF, we find our method consistently
achieves higher acquisition across all three domains and higher average retention than every variant.
Full prompts are provided in Appendix A.

Rejection sampling ablation. Finally, we ablate the offline data generation that enables rejection
sampling (Alg. 1, Lines 4-7). As shown in Fig. 5, this filtering mechanism consistently improves
both SYNTHSELF and Off-PD. We hypothesize such filtering is especially critical for smaller base
models, which are highly sensitive to noisy supervision.

4 DISCUSSION

Additional related work. Huang et al. (2026) highlights the impact of distribution drift in SFT
using code-generation data on Qwen3-8B. However, they do not directly address continual learning
or small language models, restricting their evaluation to limited scales and domains. Furthermore, Li
et al. (2026) combines mechanisms that we instead isolate: SDFT-style self-rewrites with similarity
filtering, cross-family fusion, and an on-policy KL regularizer; covered individually by our SDFT,
on-policy distillation, and ASFT baselines. Crucially, we differ in the supervision source. Because
their rewrites originate from the student, they inherit the small-scale degradation shown in Fig. 3.
Our same-family aligner explicitly resolves this limitation.

Training compute savings and further performance headroom. Rejection sampling reduces
training compute by shrinking the dataset \ﬁ\ (e.g., by 17.1% for tool use; Tab. 2). Despite training
on fewer demonstrations than SFT, SYNTHSELF improves acquisition by +4.2%p on average, prov-
ing these gains stem from supervision quality rather than quantity. To further boost performance,
practitioners can scale k in pass @k, trading inference compute for larger coverage supervision.

Limitation and future directions. SYNTHSELF requires a larger, same-family aligner. Fortu-
nately, most major open-weight families provide a spectrum of model sizes, naturally satisfying this
requirement since smaller variants are often distilled from their larger counterparts (e.g., Qwen?2 . 5,
Qwen3.5,0LMo 2 (Walshetal., 2025), Llama 3 (Grattafiori et al., 2024), and Gemma 4). Nev-
ertheless, future work could explore adapting out-of-family aligners to produce in-distribution su-
pervision. One promising direction is adding the base model’s answer in-context with an appropriate
prompt to generate an in-distribution rewrite.



Al USE STATEMENT

We used generative Al to assist with experimental code generation and reviewing writing for gram-
mar and spelling. Furthermore, language models generated the reasoning demonstrations for three
SciKnowEval subjects. The Chemistry demonstrations were generated with GPT—-40 by Shenfeld
et al. (2026a). Al was not used for conceptualization, methodology design, data analysis, or result
interpretation. All reported numbers were produced directly by our experimental pipeline, not by a
language model. The authors reviewed all Al-assisted scripts and text, and we take full responsibility
for the final content of this work.
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APPENDIX

A  PROMPTS

Prompt A is PV the instruction behind every trained SYNTHSELF cell. Prompts B, C and D are
the rewrite variants used in the self-rewrite study (§ 2.2.1) and the prompt-matched SDFT ablation
(§ 3.3). {q} and {go1d} are the question and the gold response.

Prompt A: Paraphrase (matched) = Prevrite

Rewrite the following response in your own words. Keep the SAME
final answer and the SAME format exactly.

Question:

{a}

Response to rewrite:

{gold}

| r
\

Prompt B: No Format

Rewrite the following response in your own words. Keep the SAME
final answer.

Question:

{a}

Response to rewrite:

{gold}

End with exactly this format: <reasoning>...</reasoning>
<answer>LETTER</answer>

r
\

Prompt C: Thinking

Rewrite the following response in your own words, including the
thinking process. Keep the SAME final answer.

Question:

{a}

Response to rewrite:

{gold}

End with exactly this format: <reasoning>...</reasoning>
<answer>LETTER</answer>

Prompt D: Free Think

Rewrite the following response in your own words, adding your
thinking process before the final answer. Keep the SAME final
answer.

Question:

{a}

Response to rewrite:
{gold}

Prompt B: No Format, on tool-use

Rewrite the following response in your own words. Keep the SAME
final answer.
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Question:

{a}

Response to rewrite:

{gol1d}

End with exactly this format: Action: <tool>
Action Input: <Jjson>

Prompt C: Thinking, on tool-use

Rewrite the following response in your own words, including the
thinking process. Keep the SAME final answer.

Question:

{a}

Response to rewrite:

{gold}

End with exactly this format: Action: <tool>
Action Input: <json>

B SETUP FOR THE IN-DISTRIBUTION EXPERIMENTS

Both experiments continue fine-tuning Qwen?2.5-3B-Instruct in bf16 with LoRA (r=16,
a=32, all linear layers) for 1 epoch at a constant learning rate of 10~* with AdamW, seed 1, and
differ only in the training data. Decoding is greedy. Tab. 3 lists every dataset Experiment 1 trains
on, with its source and upload date.

C FURTHER EXPERIMENTAL DETAILS

C.1 HARDWARE

All experiments run on A100 nodes. For other hardware such as CPU, RAM and disk we use
commonly available ones, as these did not induce any bottlenecks.

C.2 DATASETS

All datasets are set to default values following the SDFT paper. Tab. 4 gives the SCIENCE MIX-
TURE split. SCIKNOWEVAL supplies only an answer key for its multiple-choice rows, so the
<reasoning> demonstrations every arm trains on or rewrites are model-generated: GPT-4o0 for
CHEMISTRY, released by Shenfeld et al. (2026a), and gpt -5 . 6—-1una for the other three subjects.
Gold is therefore the subset of the L-3 pool a correct demonstration exists for, split 80/20 into train-
ing and test, so the evaluation prompts are filtered the same way, though every arm is scored on the
same pool.

C.3 TRAINING CONFIGURATION

Tab. 5 lists the settings. Every cell is a single seed 42 chosen a priori, and never changed after
experimentation.
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Training Dataset (HuggingFace Path) Uploaded

Pre-cutoff: math released before the cutoff

microsoft/orca-math-word-problems-200k 2024-03
openai/gsm8k (main) 2022-04
AI-MO/NuminaMath-1.5 2025-02
EleutherAI/hendrycksmath (algebra) 2023-09
TIGER-Lab/MathInstruct 2023-09
deepmind/aqua_rat (raw) 2022-03
meta-math/MetaMathQA 2023-09
nvidia/OpenMathInstruct-1 2024-02
Post-cutoff: long-CoT reasoning released after the cutoff

zwhe99/DeepMath-103K 2025-04
nvidia/OpenMathReasoning (split cot) 2025-04
simplescaling/sl1K-1.1 2025-02
GAIR/LIMO 2025-02
open—-thoughts/OpenThoughts-114k 2025-01
gqihoo360/Light-R1-SFTData 2025-03
bespokelabs/Bespoke-Stratos-17k 2025-01
open-rl/OpenRl1-Math-220k 2025-02
open—-thoughts/OpenThoughts2-1M 2025-04
a-m-team/AM-DeepSeek-R1-Distilled-1.4M (am-0.5M) 2025-03

Off-target: code or general instruction data, also post-cutoff
OpenCoder-LLM/opc-sft-stage2 (educational_instruct) 2024-11

EricLu/SCP-116K 2025-01
allenai/tulu-3-sft-mixture 2024-11
KodCode/KodCode-V1 2025-02
nvidia/OpenCodeReasoning (split_0) 2025-04

Table 3: The training data. The 23 corpora Experiment 1 trains on, each taken as published and
named by the HuggingFace path it is loaded from. Groupings are domain and upload date against
the base model’s 2024-09 cutoff, and the dates are each repository’s createdAt read from the
HuggingFace API.

Per-subject domain SCIENCE-MIX

Subject L-3 Gold Train Test Train Test
Chemistry 3,542 2,674 2,139 535 668 133
Biology 679 356 285 71 285 71
Material 1,283 969 775 194 668 133
Physics 1,498 1,114 891 223 668 133
Total 7,002 5,113 4,090 1,023 2,289 470

Table 4: Train/test split of the SCIENCE-MIX corpus. SCIKNOWEVAL L-3 gold, split 80/20 at
seed 0.

Setting Value

Adaptation full fine-tuning of all parameters
Learning rate 5x107°

Epochs 2

Effective batch 16 sequences

Optimizer paged AdamW, 8-bit

Schedule cosine; warmup ratio 0.1
Gradient clipping llgll < 1.0

Seed 42

Table 5: Configuration for every cell in Tabs. 1 and 2. Unlisted values are library defaults.
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D QUALITATIVE EXAMPLE OF ALIGNER REWRITES

A qualitative example is provided in Box D.

Sample: Science, aligner Qwen?2 . 5-7B

Question (the task prompt, shown to the student at train and test time)
How do you calculate the half life of carbon 147

A: 5.73 x 1073 yr
B: 4.56 x 10°3 yr
C: 7.89 x 1073 yr
D: 3.21 x 10°3 yr

Gold (the original demonstration; what plain SFT trains on)

<reasoning>

The half-life of carbon-14 is a well-established scientific fact
used in radiocarbon dating. The correct value is approximately
5730 years. This corresponds to option A: 5.73 x 1073 yr.
</reasoning>

<answer>

A

</answer>

Rewrite (what SYNTHSELF trains on)

<reasoning>

The half-1life of carbon-14 is known to be about 5730 years, which
matches option A: 5.73 x 1073 yr.

</reasoning>

<answer>

A

</answer>
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