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INPUT PERTURBATION AS AUGMENTATION FOR PRE-
TRAINING DISTILLATION

Jack Cai

ABSTRACT

Knowledge distillation trains a student language model to match a teacher’s pre-
dictions on the training text. We ask whether the student also benefits from the
teacher’s predictions on text that has been deliberately perturbed. For an early
part of pretraining we perturb the inputs and train the student to match the teacher
on the perturbed text, and we spend the rest of the same token budget on ordinary
distillation. Teacher and student usually have embeddings of different sizes, so we
perturb the one-hot token vectors, which each model then maps through its own
embedding table. We test three perturbations: additive token noise, blending two
documents, and blending neighbouring tokens. When pretraining from scratch,
the method improves on standard distillation at both scales we tried, by 0.025 nats
at 135M parameters and by 0.020 nats at 0.5B (three seeds). At 135M this is 1.45
times the gain that distillation itself provides over next-token training. The gain
depends on the teacher seeing the perturbed text: without a teacher it largely disap-
pears, and perturbing only the student’s input, as pretraining augmentation usually
does, recovers about a third of it, while softer targets and a weaker early teacher
do not reproduce it. When 262M unique tokens are repeated for 16 epochs, the
gain persists against a baseline with tuned weight decay. The perturbed students
also quantize at least as well with GPTQ and AWQ, and at 0.5B they gain about
one point of average zero-shot accuracy over seven tasks.

1 INTRODUCTION

Distillation from a larger model is now a standard way to train small language models (Hinton et al.,
2015; Peng et al., 2025). The student learns to match the teacher’s next-token distribution, but only
on the training text itself. The teacher can make predictions on any input, and how it responds to
text that differs slightly from the training data is information the student never receives. This paper
asks whether giving the student some of that information during pretraining helps.

The usual tool for this kind of question is data augmentation. In language-model pretraining, aug-
mentation typically corrupts the student’s input, by masking or replacing tokens or by adding noise
to embeddings, and keeps the original next token as the target (Xu et al., 2026; Chen et al., 2026;
Ni et al., 2025; Jain et al., 2023). A teacher makes a different kind of augmentation possible. It can
predict on the corrupted input itself, so the target matches what the student actually sees. Training
on teacher-labelled augmented inputs is established in task-specific distillation of language models
(Jiao et al., 2020; Rashid et al., 2021) and in vision (Beyer et al., 2022; Wang et al., 2022). It has
not been studied for distillation during pretraining from scratch, and it was not obvious that it would
help there, since the student sees each token only once and the teacher’s predictions on clean text are
already a rich target. We find that it does help, and that the teacher’s side is what matters. Perturbing
only the teacher’s input recovers about 90% of the gain, while perturbing only the student’s input,
the usual form of augmentation, recovers about a third.

Perturbing the input of a language model raises two practical problems. Tokens are discrete, so there
is no small continuous change to make to them. And teacher and student embed tokens in spaces
of different width, so noise added to one model’s embeddings has no counterpart in the other’s. We
avoid both problems by perturbing the one-hot input vector in the shared vocabulary, which each
model passes through its own embedding matrix. This gives a single perturbation that applies to
models of any width, and we give both models the same draw. That choice turns out not to be
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essential: independent draws work as well, and so does Gaussian noise added to each model’s own
embeddings (Section 5).

Our contributions:

• Distillation on perturbed inputs for language models of different width, with three pertur-
bation families and a two-stage training schedule (Section 2).

• Controlled pretraining experiments at two scales, every comparison paired on identical data
(Section 3). At 135M the best variant gains 0.025 nats over standard distillation, and at 0.5B
it gains 0.020 nats over three seeds (Section 4).

• How the gain depends on the perturbation size and the length of the perturbed stage, and
why the noise should be sized to how strongly it changes the teacher’s predictions (Sec-
tion 4).

• Ablations locating the gain (Section 5). It requires the teacher, comes mostly from perturb-
ing the teacher’s input, and does not depend on sharing the draw or on the space in which
the noise is added. Softened targets and a weaker teacher in the first stage do not reproduce
it.

• Data-constrained pretraining (Section 6): with 16 epochs over 262M unique tokens, the
gain persists on top of a tuned weight decay, and is about 2.6 times larger with the teacher
than without.

2 METHOD

Shared one-hot perturbations (Fig. 1a). Let ot ∈ R|V | be the one-hot vector of token t. A
perturbation replaces ot by a sparse weighted combination õt =

∑
j wj ovj of a few vocabulary

items. Each model computes its input embedding as E>õt with its own embedding matrix E.
Teacher and student receive the same (vj , wj), so they see the same perturbation whatever their
embedding width. The loss is the forward KL divergence from the teacher’s next-token distribution
to the student’s at every position (temperature 1).

Perturbation families.

• Noise. õt = ot + σut, where ut places independent Gaussian weights N (0, 1/k) on
k=8 tokens drawn uniformly from the vocabulary (with replacement, so the true token can
occasionally be among them), resampled at every position; the weights are not normalized.
σ sets the size of the perturbation relative to the true token.

• Parallel blend. Two independent documents a, b are mixed position by position, õt =
λoat

+ (1− λ)obt .
• Adjacent blend. Consecutive token pairs of one document are merged into one position,
õt = λox2t + (1 − λ)ox2t+1 . Sequences are drawn twice as long, so inputs keep their full
length.

Both blends consume two raw tokens per model position, so during the perturbed stage they read
more unique text than the baseline; all token budgets are sized so that no token is seen twice. We
test whether the extra text matters in Section 5.

Two-stage schedule. Training consists of a perturbed stage covering a fixed fraction of the run,
followed by ordinary distillation on clean inputs for the remainder (Fig. 1b). The learning rate fol-
lows a warmup–stable–decay schedule (Hu et al., 2024): 10% warmup, a constant plateau spanning
the stage boundary, and a 10% final decay, which therefore always takes place on clean inputs. The
baseline is the identical run without the perturbed stage.

3 EXPERIMENTAL SETUP

Models and data. 135M scale: a SmolLM2-135M architecture trained from random initialization
and distilled from SmolLM2-1.7B (Allal et al., 2025), for 8000 steps of 512 × 1024 tokens (4.2B
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Figure 1: Method. (a) A perturbation replaces each token’s one-hot vector with a sparse weighted
combination of vocabulary items. The left side shows the three families on a toy vocabulary, with
the position’s own token as the dark bar. Teacher and student receive the same vector and map it
through their own embedding tables, so the perturbation is the same even though their widths differ.
The student is trained to match the frozen teacher’s next-token distribution. (b) While the inputs
are perturbed, the student’s loss on clean validation text lags behind standard distillation. Once the
perturbation is switched off, the loss recovers quickly, overtakes the baseline and finishes below it.

tokens) on a 58.6B-token FineWeb-Edu corpus (Penedo et al., 2024). 0.5B scale: a Qwen2.5-
0.5B architecture trained from random initialization and distilled from Qwen2.5-1.5B (Qwen Team,
2025), for 19073 steps of 256×2048 tokens (10B tokens) on a 65B-token FineWeb-Edu corpus. No
data is repeated at either scale, except in the data-constrained experiments of Section 6.

Paired comparisons. All runs at a scale read the same data in the same order and start from
the same initialization, and differ only in the training objective. As a check, runs from the same
seed agree on validation loss at the first evaluation to within 0.004 nats. The next-token-prediction
reference uses the same data stream.

Evaluation. At 0.5B every final model is scored on the full held-out validation split (2441 non-
overlapping windows of 2048 tokens, identical for every run). We report the difference to standard
distillation paired per window, with its standard error. At 135M we report the validation loss from
the training run’s evaluation pass; differences below about 0.003 nats are within its resolution. Most
configurations are trained once. The main 135M ablations, the data-constrained comparison and the
best 0.5B configuration are repeated with two or three initialization seeds, always on the same data
order.

4 RESULTS

All three perturbations improve on standard distillation at 135M (Fig. 2a–b). For reference,
distillation itself improves on next-token prediction by 0.017 nats (3.137 against 3.154). Adjacent
blending is the strongest variant. At λ=0.8 it lowers the loss by a further 0.0250 nats, 1.45 times
the gain from distillation itself. Noise reaches −0.0193 at σ=0.4, and parallel blending −0.0177
at λ=0.7. Each family has a clear optimum, and going past it hurts. Noise improves up to σ=0.4
and is harmful by σ=1.2 (+0.033). Gaussian noise on the embeddings behaves the same way, with
its best value at σ=0.8 in its own units (−0.021, mean of two seeds). Parallel blending becomes
harmful at λ=0.6 and 0.5 (+0.021 and +0.037).

Length of the perturbed stage (Fig. 2c, f). For both blends at 135M, the best perturbed stage
covers 30% of training. A 15% stage gives less of the gain, and with a 70% stage both blends end
up worse than next-token prediction. Noise is more forgiving. It does best with a 50% stage and still
helps at 75% (−0.007). Blended inputs are much further from natural text than small noise, which
is presumably why less training on them is useful. The 0.5B runs show the same ordering. Adjacent
blending is again best with a 30% stage (−0.0204± 0.0003, against −0.0188 at 15% and −0.0117
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Figure 2: Change in final validation loss against standard distillation (below zero is better).
(a–c) 135M student with the SmolLM2-1.7B teacher, 4.2B tokens. The dashed line is next-token
prediction without a teacher. (a) Noise size, with a 50% perturbed stage. (b) Blend weight for both
blends, with a 30% perturbed stage. The open markers in (a) are Gaussian noise added to each
model’s input embedding; their σ is relative to the embedding’s root-mean-square value, so it is not
in the same units as token noise. (c) Length of the perturbed stage at each family’s best size. (d–f)
0.5B student with the Qwen2.5-1.5B teacher, 10B tokens, scored on the full validation split. Error
bars are ±2 paired standard errors. (d) Noise size and (e) blend weight, with the same perturbed-
stage lengths as in (a, b). (f) Length of the perturbed stage at each family’s best size.

at 50%), and noise gains about the same with a 30% or a 50% stage. Parallel blending at λ=0.5, the
heaviest perturbation we use, does best with only 15%, and a 50% stage makes it harmful.

The gains hold at 0.5B (Fig. 2d–e). With the Qwen2.5-1.5B teacher, adjacent blending is again
the strongest variant. Its best setting is an even blend of the two tokens (λ=0.5), which improves on
standard distillation by 0.0204 ± 0.0003 nats. We repeated this run and its baseline with two more
initialization seeds and obtained 0.0212 and 0.0187. As the blend becomes less even the gain shrinks
steadily, to 0.0145 at λ=0.8. Noise peaks at σ=0.75 (−0.0123± 0.0003) and gains less than half as
much at σ=0.5 or 1.0. Parallel blending also does best with an even blend (−0.0086± 0.0003), and
its gain is gone by λ=0.7. Because the two documents play symmetric roles, λ=0.5 is the heaviest
blend this family allows. At 135M, with a different teacher, parallel blending peaked at λ=0.7 and
heavier blends hurt. The best blend weight, like the best noise size, depends on the teacher.

Noise should be sized to the teacher. At 0.5B we chose σ=0.75 before training, by measuring
how much the noise raises the frozen teacher’s own loss (+0.6 nats at σ=0.7 and +1.0 at 0.8).
Much larger noise, σ=1.2, raises the teacher’s loss by 3.5 nats, and training with it is harmful
(+0.0078 ± 0.0004). Smaller noise, σ=0.5, barely changes the teacher’s predictions (+0.07 nats
at σ=0.4) and gives less than half the gain. The noise has to be large enough to change what the
teacher predicts, but not so large that its predictions stop being informative.
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Figure 3: Ablations (135M, SmolLM2-1.7B teacher; difference in final validation loss, lower is
better). Bars show the mean over initialization seeds and dots the individual seeds, each compared
with standard distillation from the same seed. (a) Each family at its best setting, with and without
the teacher, each compared with its own unperturbed baseline (standard distillation or next-token
prediction). (b) Token noise given to both models, to the teacher only, or to the student only. The
grey bar is the sum of the two one-sided gains. (c) Clean inputs, with the teacher’s target softened
instead, either by a temperature τ (τ=1.15 matches the entropy of the teacher’s prediction on σ=0.4
inputs) or by label smoothing to the same entropy. (d) Clean inputs for the first half of training,
distilled from a weaker model (an early checkpoint of the teacher, or a smaller model) instead of the
teacher.

5 ABLATIONS

We test four alternative explanations of the main result (Fig. 3). All ablations are at 135M and,
unless noted, use token noise with σ=0.4 for the first half of training, the best noise setting. Its
gain is −0.0193 for the seed shown in Fig. 2 and −0.0153 averaged over three seeds. Where we
have several initialization seeds, bars show the mean and dots the individual seeds, and each seed is
compared with standard distillation from the same seed.

Without a teacher (Fig. 3a). Running the same noise or parallel-blend schedule with ordinary
next-token targets and no teacher improves on next-token prediction by only 0.0026 nats, 13–15%
of the gain with a teacher on the same seed. For adjacent blending the contrast is starker: without a
teacher, training on the blended inputs ends 0.030 nats behind plain next-token prediction, although
the same inputs give the largest gain of all when a teacher labels them.

Teacher side and student side (Fig. 3b). Next we perturb only one model’s input. When only the
teacher’s input is perturbed, the student sees clean text but is trained toward the teacher’s prediction
on a perturbed version of it. This recovers almost all of the gain (−0.0137, against −0.0153 with
both perturbed; means over three seeds). When only the student’s input is perturbed, with the
teacher’s prediction on the clean text as the target, the gain is much smaller (−0.0050), not much
more than the same noise gives with no teacher at all (−0.0026). This student-only arm is the usual
form of data augmentation for language models, which perturbs the input and keeps the target (Xu
et al., 2026; Chen et al., 2026), and it obtains about a third of the gain. The two one-sided gains
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sum to −0.0188, a little more than the gain with both sides perturbed, so the two effects combine
roughly additively.

Softer targets (Fig. 3c). A perturbed input makes the teacher less certain (the entropy of its pre-
diction rises from 1.97 to 2.46 nats at σ=0.4), so the gain might come from a flatter target alone. It
does not. Softening the teacher’s prediction on clean inputs to the same entropy with a temperature
gives −0.0010, and a stronger temperature (τ=1.3) or label smoothing to the same entropy gains at
most 0.0026 (+0.0005 and −0.0026). Applying the usual distillation temperature to both models,
which reweights the loss without changing its optimum, is slightly harmful (+0.0026 at τ=1.15,
+0.0078 at τ=2).

A weaker early teacher (Fig. 3d). A perturbed teacher is also a worse predictor, and distilling first
from a weaker or partly trained teacher can act as a curriculum (Panigrahi et al., 2025). To test this,
we distil the first half of training on clean inputs from a weaker model instead. None of the weaker
teachers helps. SmolLM2-135M, whose loss is close to that of the 1.7B teacher on σ=0.4 inputs,
gives +0.0031 (two seeds), SmolLM2-360M gives 0.0000, and the earliest published checkpoint of
the 1.7B teacher gives −0.0005.

Design choices that do not matter. Sharing the draw between teacher and student is not necessary,
since independent draws give the same gain (Appendix C). Perturbing in token space is not necessary
either, because Gaussian noise added to each model’s input embedding reaches a similar gain at its
own best size (Fig. 2a).

6 DATA-CONSTRAINED PRETRAINING

When unique data are limited, training repeats them for several epochs, and regularization becomes
important: properly tuned weight decay changes conclusions (Kim et al., 2026; Xu et al., 2026), and
input corruption with clean targets helps next-token training (Xu et al., 2026; Chen et al., 2026; Ni
et al., 2025). We test whether the gain of distilling on perturbed inputs survives this setting and a
tuned baseline. At 135M, with the same 4.2B-token budget, training repeats the first 262M tokens of
the corpus for 16 epochs. The tokens are cut into non-overlapping 1024-token windows, reshuffled
each epoch with the same shuffle for every run. We sweep AdamW weight decay over 0.1, 0.3, 1, 3
and 10 for standard distillation (10 diverges) and use token noise σ=0.4 for the first 50% of training
(Fig. 4).

Distillation already absorbs most of the cost of repetition. At the default weight decay, 16
epochs raise the final loss of next-token prediction by 0.18 nats but that of standard distillation by
only 0.065. Tuning weight decay matters for both: the best value, 1.0, lowers the loss of standard
distillation by 0.033 and of next-token prediction by 0.11.

With tuned weight decay. At weight decay 1.0, distilling on perturbed inputs improves on stan-
dard distillation by 0.023 and 0.020 nats for the two seeds, while standard distillation itself varies
by only 0.001 between them. Noise does not shift the best weight decay. Without a teacher the same
noise gains 0.008, so the teacher makes the gain about 2.6 times larger. At the default weight decay
the gain from noise looks larger (0.032), but much of that is regularization that tuning the weight
decay also provides. On the tuned baseline the gain is about the same as without any repetition
(0.019, at the default weight decay). With milder repetition, 4 epochs over 1.05B unique tokens,
repetition costs standard distillation only 0.006 and the gain is 0.023 at the default weight decay.

7 QUANTIZATION AND DOWNSTREAM EVALUATION

We evaluate the final 0.5B students, standard distillation and each family’s best setting, after post-
training weight quantization (Table 1) and on zero-shot benchmarks (Table 2). Quantization damage
is the increase in validation loss on 512 fixed validation windows, paired across models; all linear
layers except the output head are quantized to int4 or int3 with groups of 128 weights. We com-
pare round-to-nearest (RTN, symmetric absmax scale per group) with GPTQ (Frantar et al., 2023)
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Figure 4: Data-constrained pretraining at 135M: 16 epochs over 262M unique tokens, same 4.2B-
token budget. (a) Final validation loss of standard distillation with and without noise (token noise
σ=0.4 for the first 50% of training) as a function of AdamW weight decay. Black dots are two
initialization seeds at weight decay 1, and dotted lines show the same 4.2B-token budget without
repeated data (weight decay 0.1). Weight decay 10 diverges. (b) The gain from the same noise
with and without a teacher. Dotted lines again show the gain without repeated data. Exact values in
Table 4 (Appendix B).

Table 1: Increase in validation loss from post-training weight quantization at 0.5B (nats; 512
fixed validation windows, paired across models). RTN: round-to-nearest; GPTQ and AWQ as im-
plemented in llm-compressor. All linear layers except the output head are quantized; activations stay
in 16 bits.

full int4, group 128 int3, group 128
precision RTN GPTQ AWQ RTN GPTQ AWQ

standard KD 2.6782 0.205 0.028 0.019 6.226 0.160 0.099
noise σ=0.75 2.6642 0.317 0.027 0.019 5.623 0.117 0.097
parallel λ=0.5 2.6660 0.161 0.024 0.020 1.480 0.123 0.099
adjacent λ=0.5 2.6579 0.113 0.024 0.019 1.203 0.120 0.098

(symmetric) and AWQ (Lin et al., 2024) (asymmetric) as implemented in llm-compressor 0.14, both
calibrated on 256 windows of 1024 tokens from each model’s own training data.

The gains survive quantization. With GPTQ at int4, every perturbed student keeps its advan-
tage over standard distillation quantized the same way: −0.0244 ± 0.0011 nats for adjacent blend-
ing (−0.0203 before quantization, on the same 512 windows), −0.0166 for parallel blending and
−0.0154 for noise. With AWQ at int4 the advantages are essentially unchanged (−0.0203,−0.0118
and−0.0145). So with either method the perturbed students quantize at least as well as the standard
one. Under plain round-to-nearest the results are mixed. At int4 the noise-trained student loses more
than standard distillation (0.317 against 0.205 nats), while the blended students lose less.

Round-to-nearest and weight kurtosis. At int3 under round-to-nearest the blended students are
far more robust. Int3 raises the loss of standard distillation by 6.2 nats, but that of adjacent and
parallel blending by only 1.2 and 1.5. The difference holds at matched full-precision loss, comparing
checkpoints from the middle of training (int3 damage 3.1 nats for standard distillation and 0.55 for
adjacent blending), and it tracks the weight distribution. The mean excess kurtosis of the linear-
layer weights is 0.52 for standard distillation and 0.54 for noise, but 0.14 for both blends. Parallel
blending at λ=0.7, which gives no gain at 0.5B (Section 4), keeps the standard student’s kurtosis
(0.52) and its RTN damage. Methods that compensate for quantization error remove most of the
difference. With GPTQ the blended students’ int3 damage is 25% lower than standard distillation’s
(0.12 against 0.16 nats), similar to noise, and with AWQ all students lose the same (0.10). The
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Table 2: Zero-shot accuracy (%, lm-evaluation-harness; normalized accuracy for HellaSwag, ARC,
PIQA and SciQ, accuracy for Winogrande and LAMBADA). Each family at its best setting for that
scale. ∆ Avg.: difference from standard distillation in the average over tasks, ± paired bootstrap
standard error over examples. Best value per scale in bold.

HellaSwag ARC-E ARC-C PIQA Wino. LAMBADA SciQ Avg. ∆ Avg.

0.5B
standard KD 45.0 57.9 29.0 68.0 52.7 37.5 77.3 52.5 –
noise σ=0.75 45.7 56.8 30.5 68.8 52.8 39.1 81.3 53.6 +1.1 ± 0.4
parallel λ=0.5 45.5 58.1 30.3 68.3 54.1 36.7 77.5 52.9 +0.5 ± 0.3
adjacent λ=0.5 45.9 58.0 30.6 69.7 53.4 36.3 80.9 53.5 +1.1 ± 0.3

135M
standard KD 30.1 44.4 25.2 60.1 52.3 21.3 64.0 42.5 –
noise σ=0.4 30.4 45.4 24.5 61.3 50.2 22.6 65.1 42.8 +0.3 ± 0.3
parallel λ=0.7 30.5 46.1 25.1 60.3 50.0 22.1 62.6 42.4 −0.1 ± 0.4
adjacent λ=0.8 30.4 46.8 25.3 60.9 50.8 22.3 65.1 43.1 +0.6 ± 0.3

activation statistics we checked, the outlier ratio of the inputs to each linear layer and the fraction of
very large residual-stream activations, do not differ between the students.

Downstream accuracy. Averaged over seven zero-shot tasks (HellaSwag, ARC-Easy, ARC-
Challenge, PIQA, Winogrande, LAMBADA, SciQ; lm-evaluation-harness), adjacent blending and
noise both raise accuracy at 0.5B by about one point over standard distillation, from 52.5% to 53.5%
and 53.6% (±0.3 and ±0.4; Table 2). Parallel blending gains 0.5 ± 0.3. The largest gains are on
SciQ (+3.6 and +4.0 points) and HellaSwag (+0.9 and +0.8), while both blends are about a point
lower on LAMBADA. At 135M the differences in the average are within noise (+0.6 ± 0.4 for
adjacent blending).

Caveats. Apart from the best adjacent-blending setting, which we trained with three seeds (gains
between 0.0187 and 0.0212 nats), each 0.5B configuration was trained once, and its error bars reflect
evaluation sampling, not variation between training runs. At 135M, the gain from noise differs by
up to 0.008 nats between initialization seeds. This is smaller than the main gains but comparable
to several of the ablation differences, so differences of a few thousandths of a nat at 135M should
be read as indicative. Individual downstream tasks are mostly within two standard errors of zero;
only the averages are clearly separated. Perturbation sizes and stage lengths were selected on the
same validation split on which the gains are reported, so the best settings carry some selection
bias. Quantization was measured by validation loss rather than downstream accuracy, and only for
weights. All students are small (at most 0.5B parameters) and trained for at most 10B tokens.

8 RELATED WORK

Distillation in pretraining. Distillation into small pretrained language models is well established
(Hinton et al., 2015; Peng et al., 2025). Progressive distillation from intermediate teacher check-
points can induce an implicit curriculum (Panigrahi et al., 2025); a weaker first-stage teacher does
not reproduce our gain (Section 5). Work on language-model distillation has mostly changed the
divergence or the sampling distribution, for example with on-policy or reverse-KL objectives (Gu
et al., 2024; Agarwal et al., 2024). MiniPLM (Gu et al., 2025) uses the teacher to reweight the pre-
training data, and Busbridge et al. (2025) give scaling laws for distillation. We keep the objective
fixed and change the inputs on which it is evaluated.

Perturbations and derivative matching. Matching a teacher’s derivatives, or its responses to
perturbations, goes back to Jacobian and Sobolev training (Srinivas & Fleuret, 2018; Czarnecki
et al., 2017). In vision, Beyer et al. (2022) show that teacher and student should see the same
augmented view. Task-specific distillation of language models already trains on teacher-labelled
augmented text, e.g. with word replacement (Jiao et al., 2020) or adversarially masked text (Rashid
et al., 2021), and Liu et al. (2021) inject noise into both teacher and student in self-distillation for
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summarization. In vision, teacher-labelled augmentation is analysed by Wang et al. (2022) and
Stanton et al. (2021); Noisy Student (Xie et al., 2020) instead noises the student and labels the clean
input. We study the pretraining setting and separate the teacher-side and student-side contributions.
Unlike Jacobian matching, our students do not learn the teacher’s local response to the perturbation.

Data-constrained pretraining and input augmentation. Repeating data for a few epochs is
nearly as good as fresh data, with returns diminishing beyond about 16 (Muennighoff et al., 2023;
Chai & Xiong, 2026). Under repetition, dropout and much larger weight decay help (Xue et al.,
2023; Kim et al., 2026), and so does corrupting the input while keeping the clean target: an aux-
iliary loss on masked inputs (Xu et al., 2026), random token replacement (Chen et al., 2026), or
masking, which partly explains why diffusion language models tolerate more repetition (Ni et al.,
2025; Prabhudesai et al., 2025). Kim et al. (2026) also distill an ensemble into a smaller student,
by training on the ensemble’s generated text. These methods perturb the student’s input only; in
distillation, we find that most of the benefit comes from letting the teacher predict on the perturbed
input.

Mixing and merging inputs. Mixup-style interpolation (Zhang et al., 2018) has been applied to
language-model distillation in embedding space (Liang et al., 2021). Merging neighbouring tokens
is used to save computation in vision transformers (Bolya et al., 2023) and in language-model pre-
training (Peng, 2026), and embedding noise improves instruction fine-tuning (Jain et al., 2023). Our
blends use related constructions as shared perturbations for distillation, and our ablation shows that
their benefit depends on the teacher.

9 CONCLUSION

Distilling on perturbed inputs is a small change to standard distillation. Only the inputs of an early
stage of training change, and the objective, the data and the token budget stay the same. It improved
the student at both scales we tested, by 0.025 nats at 135M and 0.020 nats at 0.5B with the best
variant, adjacent-token blending. Two things mattered most in our experiments: keeping the per-
turbed stage short, and sizing the perturbation so that the teacher can still predict well on it. The
improvement comes from the teacher’s predictions on the perturbed inputs. This is why it mostly
disappears without a teacher, and why the usual student-side augmentation recovers only part of it.
One thing we do not yet understand is why a single random draw of the teacher’s target works better
than the average of several draws (Appendix C).
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A TRAINING DETAILS

B DATA-CONSTRAINED RESULTS

C MECHANISM PROBES

Shared or independent draws. Drawing the teacher’s and the student’s noise independently gives the
same gain as sharing it (−0.0168 against−0.0153, three seeds; Fig. 5). In line with this, the students
do not learn how the teacher’s prediction responds to the perturbation. We measure each model’s
response as the change in its next-token distribution under a small step along the noise direction.
For every student we trained, this response is nearly uncorrelated with the teacher’s (correlation at
most about 0.03), with or without noise in training. One draw or the average of four. Averaging
the teacher’s predictions over four noise draws into one target, which has the same expected value
as a single draw, gives a smaller gain than a single draw given to the teacher only (−0.0076 against
−0.0122 on the same two seeds). This suggests that the randomness of the target helps, not only its
expected value. The differences in this appendix are comparable to the spread between seeds, and
we regard them as indicative.
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Table 3: Training configuration. Both scales train the student from random initialization with a
frozen teacher; the distillation loss is the forward KL divergence over the full vocabulary at temper-
ature 1, with no next-token term.

135M 0.5B

Student / teacher SmolLM2-135M arch. / SmolLM2-1.7B Qwen2.5-0.5B arch. / Qwen2.5-1.5B
Vocabulary (shared) 49,152 151,936
Data FineWeb-Edu, 58.6B-token pool FineWeb-Edu, 65B-token pool
Steps × batch × length 8000 × 512 × 1024 (4.2B tokens) 19073 × 256 × 2048 (10B tokens)
Optimizer AdamW, β=(0.9, 0.95), weight decay 0.1 same
Peak learning rate 6 × 10−4 1.2 × 10−3

Schedule WSD: 10% warmup, 10% decay same
Precision bfloat16 bfloat16
Compute per run ≈20 H100-hours ≈90 H100-hours

Table 4: Data-constrained pretraining at 135M: final validation loss with 16 epochs over 262M
unique tokens, by weight decay, against the same 4.2B-token budget without repetition (1 epoch).
Two values: two initialization seeds. Noise: token noise σ=0.4 for the first 50% of training. Bold:
the better of each objective with and without noise.

1 epoch 16 epochs, weight decay

(wd 0.1) 0.1 0.3 1 3

Next-token prediction 3.1542 3.3365 – 3.2297 –
+ noise 3.1516 3.3250 – 3.2214 –

Standard distillation 3.1370 3.2016 3.1812 3.1682 / 3.1693 3.2198
+ noise 3.1177 3.1693 3.1510 3.1448 / 3.1490 –

both,
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indep. draws
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Figure 5: Mechanism probes (135M, token noise σ=0.4 for the first 50% of training; difference
from standard distillation, mean over seeds with individual seeds as dots).

12


	Introduction
	Method
	Experimental setup
	Results
	Ablations
	Data-constrained pretraining
	Quantization and downstream evaluation
	Related work
	Conclusion
	Training details
	Data-constrained results
	Mechanism probes

