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Abstract

We ask whether a low-weight data2vec-style
Exponential Moving Average (EMA) self-
distillation auxiliary (A=0.1, 7=0.999) im-
proves a small masked language model at the
BabyLM-2026 Strict-Small scale. Our base
model is a 33M-parameter LTG-BERT encoder
with GPT-BERT-style hybrid masked/causal
training, trained from scratch on the official
10M-word corpus in 2.3 GPU-hours on a
single NVIDIA L40S. A substantial gain in
Entity-Tracking during early development from
adding the auxiliary motivated the study, but
disappeared in later re-evaluation. In a compar-
ison across 6 seeds, no evaluation task changed
significantly (aggregate effect p=0.29), and the
early gain is best explained by seed noise. Sev-
eral variants intended to strengthen the aux-
iliary do no better. We attribute the model’s
competitive scores to its hybrid training recipe
and to EMA weight-averaging, both already
established.

1 Introduction

The BabyLM Challenge (Warstadt et al., 2023) asks
how much linguistic and cognitive competence a
language model can acquire from the amount of
text a child would encounter. The 2026 Strict-Small
track caps the corpus at 10M words and training at
10 epochs so a strong result must come from the
objective, architecture, or data.

We study one candidate for such an objective:
self-distillation with an Exponential Moving Aver-
age (EMA) teacher (Grill et al., 2020; Baevski et al.,
2022; Assran et al., 2023), in which the model re-
gresses onto a slowly updated running average of
itself and so needs no extra text. One closely related
attempt used latent bootstrapping as the main train-
ing goal at BabyLLM scale and found it useful but
erratic (Samuel, 2023). We test the lighter-touch
version: the EMA objective as a small auxiliary
(A=0.1) on top of a GPT-BERT-trained LTG-BERT

encoder, which already combines masked and next-
word prediction (Charpentier and Samuel, 2024).

The result is negative. Under controlled re-
evaluation the pilot gain disappears. Toggling
only the auxiliary weight (A=0.1 <« 0), with
recipe, seed, and the official 2026 evaluation
pipeline held fixed across six matched seeds,
the auxiliary changes no zero-shot task signifi-
cantly (Table 2): the chance-anchored aggregate
moves +0.03 (p=0.29) and Entity Tracking 40.1
(p=0.89). The dramatic development gap is best
explained by seed variation on the pre-update eval-
uation pipeline (Section 4.1).

Contribution. Our contribution is a negative re-
sult with these findings:

* (i) a seed-controlled ablation showing a low-
weight data2vec auxiliary does not improve a
hybrid-trained LTG-BERT at 10M words on
any of seven zero-shot tasks (Section 4);

e (i1) evidence that the model’s above-chance be-
havior comes from the recipe and from EMA
weight-averaging.

(iii) four single-axis variants meant to
strengthen the auxiliary (a higher weight, a
decoupled higher-rate mask, a wider target
window, a slower teacher), none of which help
(Section 4.2);

(iv) a candidate mechanism (Section 4.2): the
auxiliary predicts the teacher at the same
masked positions used by masked predic-
tion, so it is largely redundant with it, and
a sequence-length guard switches it off for the
final phase of training.

We also could not reproduce the Entity-Tracking
score on the GPT-BERT-mixed baseline’s model
card (39.95); our re-run of that recipe reaches
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20.1,! so all our Entity-Tracking claims are within-
pipeline comparisons against our own no-auxiliary
baseline, both scored with the official pipeline (see
Limitations).

2 Related Work

BabyLM. Strong Strict-Small entries modify the
objective or architecture: ELC-BERT (2023 win-
ner) learns per-layer weights (Charpentier and
Samuel, 2023); GPT-BERT (2024 winner) unifies
fill-in-the-blank and next-word prediction with a
single shared head (Charpentier and Samuel, 2024).
We adopt its recipe (but with two separate heads)
and its LTG-BERT backbone (Samuel et al., 2023).

Self-distillation. In self-distillation the model
learns from targets produced by a copy of itself.
BYOL (Grill et al., 2020) showed that predict-
ing the features of an EMA copy, a “teacher” that
trails the “student” as a slow running average of its
weights, learns useful representations without col-
lapsing. data2vec (Baevski et al., 2022, 2023) ap-
plies the same idea to masked inputs across modal-
ities, regressing onto an average of the teacher’s
top layers; I-JEPA (Assran et al., 2023) predicts
teacher features for hidden regions; LLM-JEPA
(Huang et al., 2025) applies JEPA objectives to
LLMs via paired views. We follow the data2vec
formulation (Section 3).

Closest work. BootBERT (Samuel, 2023), our
main inspiration, combined latent bootstrapping
with MLM at BabyLM scale with the weighting
inverted relative to ours (bootstrapping as the main
objective, MLM as the auxiliary), and found it
useful but erratic: better (Super)GLUE, mixed
BLiMP, and worse linguistic generalization. We
ask whether the reverse weighting, a small latent-
prediction auxiliary on top of a strong masked-
prediction recipe, behaves any better.

Known risks. Joint-embedding objectives risk
representational collapse (Bardes et al., 2022),
which EMA alone does not reliably prevent (Mo
and Tong, 2024; Halvagal et al., 2023), and multi-
objective training is sensitive to loss weighting and
gradient interference (Kendall et al., 2018; Chen
et al., 2018; Yu et al., 2020). The latter is consis-
tent with the narrow safe range of A\ we observe
(Section 4.2).

'This was before the July 2026 change to the Entity-
Tracking evaluation dataset, and we did not train on multiple
GPUs as the baseline intended.
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Figure 1: Training setup. MNTP and CLM cross-
entropies train the student; the auxiliary L4o, (Eq. 2)
regresses W h, onto the teacher target z; (mean of the
layer-normalized top-8 teacher layers, stop-gradient).
The teacher is an EMA copy of the student and encodes
the restored view. The I-JEPA variant replaces the aux-
iliary branch (Appendix B).

3 Method and Setup

Data and tokenizer. We train on the official
BabyLLM-2026 Strict-Small corpus, with the same
published 16,384-token BPE vocabulary as the
GPT-BERT-mixed baseline.?

Base model. The backbone is the LTG-BERT
encoder (Samuel et al., 2023) with the GPT-BERT-
mixed release’s modifications: 12 layers, hidden
size 384, 6 attention heads, feed-forward size
1280, inputs up to 512 tokens; 33.4M trainable
parameters (36.2M total as exported, encoder-only
LTGBertForMaskedLM). Training follows the GPT-
BERT hybrid scheme (Charpentier and Samuel,
2024): most batches (93.75%) train masked next-
token prediction (MNTP): labels are shifted by one
position, so each masked token is predicted from
the position preceding it. The remaining 6.25%
train next-word prediction under a causal mask.
Masked spans of 1-3 tokens (Joshi et al., 2020),
rather than single tokens (Devlin et al., 2019), are
sampled at a rate annealed from 30% to 15%. Un-
like GPT-BERT’s single shared head, we use two
separately parameterized prediction heads, both
output-tied to the embeddings. The causal head is
dropped at export.

The EMA auxiliary. The student is accompanied
by a teacher: a full copy of the student, created at
initialization and never trained by gradient descent.
After every optimizer step each teacher parameter
¢ is pulled slightly toward its student counterpart
0,

¢ — 1o+ (1—1)0, 7 = 0.999 (constant),
(D

babylm-baseline-10m-gpt-bert-mixed.
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so the teacher is an exponential moving average
of the student’s own history (visualized in Fig-
ure 1). Its outputs serve as regression targets. On
an MNTP batch the teacher encodes a restored
view of the input (owing to the label shift, each
masked target token is placed at its prediction posi-
tion rather than the original sequence being rebuilt
exactly), and the student, through a single linear
head IV at the masked positions M, regresses onto
the mean Zz; of the teacher’s layer-normalized top
K =8 layers, i.e., the teacher’s contextual embed-
ding of the target token. The submitted weights
are the EMA teacher copy of the final checkpoint.
We also trained a segment-level I-JEPA-style vari-
ant for comparison; it performed similarly to the
data2vec variant, so we did not pursue it further
(Appendix B).

Training loss. Each step minimizes

MNTP

CLM
2

o Lyuntp +wzL: + Ag Lagy
Lo +w: L,

where:
¢ Lane = iy Siens L (Whe, (),
e Lyntp and Lepv are cross-entropies,
* L. is a LogSumExp? logit regularizer,
* (g the Huber loss (3=4),
* sg the stop-gradient,
* A=0.1,

e and g € {0,1} being the loss-dropout gate:
P(g=1)=0.5 below sequence length 512 and
g=0 in the 512 phase (measured, ~47% of
sub-512-window batches carry the auxiliary
gradient).

Training. Table 1 lists the hyperparameters used.
It is mostly the same as the GPT-BERT-mixed
baseline release’s published hyperparameters (with
adjusted steps to match the strict-small cap and
with the auxiliary added). One run takes ~2.3
GPU-hours on one NVIDIA L40S. The submit-
ted model, including all 19 intermediate check-
points (chck_TM—chck_100M), is available on the
HuggingFace Hub.?

3https://huggingface.co/poopoobabylm/
babylm-2026-strict-small-d2v-s3

Evaluation and scoring. During development
we evaluated every saved model zero-shot, with-
out fine-tuning, on BLiMP and its supplement
(Warstadt et al., 2020, 2023), EWoK (Ivanova et al.,
2025), Entity Tracking (Kim and Schuster, 2023),
COMPS (Misra et al., 2023), and reading-time pre-
diction (SPR/ET) (de Varda et al., 2024). Entity
Tracking, the skill we target, tests whether a model
can follow the changing state of objects through
a passage; each item is a five-way choice, so its
chance level is 20.0, whereas the other minimal-
pair tasks are binary (chance 50.0) and the reading-
time scores are AR? over a baseline regression,
%100 (chance 0). We report raw per-task scores
plus an aggregate defined as

1 I S; — C;
agg = 3)
=1

bi—Ci7

where s; is our model’s score on test ¢, ¢; its chance
level, and b; the score of the official GPT-2 anchor
baseline (Radford et al., 2019), evaluated with the
same updated pipeline. For the final analysis, we
exclude tasks with b; — ¢; < 0.5: a reference be-
low chance would reward lower accuracy, while a
reference too close to chance makes normalization
unstable. This excludes EWoK and Entity Tracking
(1T'=5); both remain in the per-task analysis. Nor-
malized scores are capped at =2 when b; — ¢; < b
(binds for Reading-SPR). A score of 1.0 ties the up-
dated anchor on the included tasks.* Development
and submission selection used the original six-task
aggregate with pre-update reference scores; the fi-
nal analysis reported here uses this revised five-task
definition.

4 Results

The auxiliary changes no task significantly. To
isolate the auxiliary’s effect we run a single-axis
ablation: the identical recipe (Table 1) trained with
the auxiliary weight set to A=0.1 (aux) and to A=0
(no-aux), six seeds each. Table 2 reports the seed-
averaged per-task scores, the chance-anchored ag-
gregate of Eq. 3, and the paired difference. No task
reaches significance. The aggregate moves +0.03
(p=0.29) and Entity Tracking 4+-0.1 (p=0.89), and
the largest effect is a slight EWoK drop (p=0.11).
Per-seed differences are the size of seed noise and
change sign across seeds. The auxiliary therefore

*The reference scores are BLIMP 65.37, Supplement

59.60, COMPS 51.81, Reading-SPR 1.64, and Reading-ET
9.63.
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Hyperparameter Value

Architecture LTG-BERT encoder

Training scheme GPT-BERT hybrid

Shape (L/H/d/FFN) 12/6/384 /1280

Parameters 33.4M (36.2M exported)
Vocabulary 16,384 (BPE)

Objective mix 93.75% MNTP / 6.25% CLM
Auxiliary data2vec EMA self-distillation
Aux. A\/EMA 1 0.1/0.999

Aux. target smooth-L1, top-K =8 layers
Optimizer / LR LAMB /7 x 1073

LR scheduler cosine, warmup/cooldown 1.6%
Precision / batch bf16 / 128 sequences

Steps / epochs 9,656/ 10

Words seen 99.95M (cap: 100M)

Masking spans 1-3, rate 0.3 — 0.15
Seq. length 128 — 256 — 512

Seed (submission) 3
Compute 1xL40S, 2.3 h, ~23.2x10'% FLOPs

Table 1: Training recipe for the submitted model
(exp_seed_d2v_s3).

Task Chance Aux No-aux A P
(A=0.1) (A=0)
aggregate 0 1.369 1.342 +40.03 0.29
BLiMP 50 72.68 72.61 +0.07 0.75
Supplement 50 59.40 58.33 +1.07 0.21
EWoK 50 5038 51.77 —1.39 0.11
Entity Tracking 20 2138  21.26 +0.12 0.89
COMPS 50 5223 5220 +0.03 0.86
Reading (SPR) 0 4.93 481 +40.12 0.15
Reading (eye-tr.) 0O 11.13  11.12 +0.01 0.97

Table 2: Seed-controlled ablation of the data2vec aux-
iliary: mean over six matched seeds, auxiliary toggled
A=0.1 (aux) vs. A=0 (no-aux). Chance is the per-task
chance level; the aggregate follows Eq. 3, excluding
EWoK and Entity Tracking (0 is chance, 1 ties the up-
dated GPT-2 anchor on the included tasks). A is the
mean aux—no-aux difference, p a paired ¢-test. No task
reaches significance.

provides no measurable benefit at the 10M-word
scale. Both aux and no-aux sit above the re-scored
GPT-2 anchor on Entity Tracking (19.10, itself be-
low the 20.0 chance level), so the above-chance
behavior is present with or without the auxiliary.
Using the original development aggregate gives the
same qualitative conclusion (+0.03, p=0.67).

4.1 The development gain was a single-seed
artifact

The study was motivated by a striking develop-
ment result: before the exposure cap, one config-
uration reached Entity Tracking ~28, far above
its no-auxiliary counterpart. Two facts dissolve
it. First, at this scale the seed matters more than
the auxiliary. Table 3 reports the six matched seed

Seed Aux (A=0.1) No-aux (A=0) A

0 20.76 23.06 —2.30
1 21.23 23.14 —1.91
2 21.54 21.28 +0.26
3 21.53 20.49 +1.04
4 20.04 19.67 +0.37
5 23.18 19.93 +3.25
mean 21.38 21.26 +0.12
sd 1.04 1.53 2.03

Table 3: Per-seed Entity Tracking for the six matched
seed pairs behind Table 2, reported to compare the size
of the auxiliary effect with the size of seed variation.
The per-seed effect is negative for two seeds and positive
for four, and its standard deviation (2.0) is an order
of magnitude larger than its mean (+0.1); the paired
difference is not significant (p=0.89).

pairs individually: the per-seed aux—no-aux dif-
ference swings from —2.3 to +3.2, is negative for
two seeds and positive for four, and its standard
deviation (2.0) is an order of magnitude larger than
its mean (+0.1). The mean effect of the auxiliary is
small relative to this seed-to-seed spread, so a com-
parison that rests on one seed per condition, as our
development comparison did, can be dominated by
noise. The development gap was moreover mea-
sured on the pre-update pipeline, where per-seed
Entity Tracking ranged more widely (some seeds
falling to 15-17); comparing a lucky auxiliary seed
to an unlucky baseline seed there manufactures a
large gap from noise. Second, the pre-update eval-
uation pipeline scored Entity Tracking differently
(the July 2026 update filters =~ 29% of items; see
Limitations), inflating the apparent margin further.
Re-evaluating for both, with matched seeds and
one pipeline, the gap vanishes (Table 2). The sub-
mitted model (data2vec seed 3) was selected using
the pre-update aggregate; it is a strong entry, but its
strength is not attributable to the auxiliary.

4.2 Possible explanations and attempts to
improve the auxiliary

Two structural properties may explain why the aux-
iliary fails. (i) The auxiliary regresses the student’s
projected state onto the EMA teacher’s contex-
tual embedding at the same masked positions that
masked prediction already supervises with a cross-
entropy target. Predicting a slowly-averaged copy
of one’s own representation of the masked token
may largely restate the masked-prediction objec-
tive. (ii) A sequence-length guard disables the aux-
iliary once inputs reach the full 512-token length
(a memory measure), so it is turned off for the final
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Variant Change Entity Tr.
No-aux (baseline) A=0 19.7-23.1
Aux (default) A=0.1 20.0-23.2
Higher weight A=0.15 21.7-22.6
Decoupled mask  disjoint, rate 0.40  20.3-22.9
Wider target +4-token window 22.2

Slower teacher 7—0.9999 19.1

Table 4: Single-axis attempts to rescue the auxiliary.
None of the four modifications exceeds the best no-
auxiliary Entity-Tracking score.

refinement phase of training (i.e., the phase that
most shapes the exported weights).

We retrained the recipe with one change at a time,
each targeting a suspected cause: a higher weight
(A=0.15), a decoupled higher-rate auxiliary mask,
a +4-token target window, and a slower teacher
(7—0.9999). None helped. Entity-Tracking scores
for the four modifications ranged from 19.1 to 22.9,
compared with 19.7-23.1 for the no-auxiliary base-
line (Table 4). Within the range we tested, the
negative result is a property of the objective at this
scale, not of a single unlucky hyperparameter.

5 Conclusion

A low-weight data2vec-style EMA self-distillation
auxiliary does not improve a 33M-parameter
hybrid-trained LTG-BERT at the BabyLLM-2026
Strict-Small scale. In a seed-controlled, single-axis
ablation the auxiliary moves no zero-shot task sig-
nificantly (aggregate +0.03, p=0.29).

The large Entity-Tracking gain we first observed
was a favourable seed draw scored on the pre-
update pipeline. Four single-axis variants of the
auxiliary (weight, mask, target window, teacher
rate) did not change the outcome. The model itself
remains a competitive Strict-Small entry, but we
attribute that competitiveness to the hybrid training
recipe and EMA weight-averaging, both already
present in the no-auxiliary baseline, rather than to
the auxiliary. We hypothesize that, at this scale,
latent prediction would need to provide more com-
plementary supervision to improve on the hybrid
baseline.

Limitations

Unreproduced baseline score. We could not re-
produce the Entity-Tracking score published on the
GPT-BERT-mixed baseline’s model card (39.95 un-
der MNTP scoring): our retraining of the published
recipe reaches 20.1 under the official 2026 pipeline.
All Entity-Tracking claims in this paper are there-

fore within-pipeline comparisons against our own
no-auxiliary baseline, and we cannot rule out that
the published number reflects a configuration detail
we failed to replicate.

Seed and statistical power. Our conclusion rests
on six matched seed pairs. We found no statisti-
cally significant improvement, but this comparison
has limited power to detect small effects. The sub-
mitted model was selected from the auxiliary seeds
using the pre-update aggregate, a selection that
inflates its pre-update headline number but is or-
thogonal to the aux-vs-no-aux comparison, which
is seed-matched.

Evaluation pipeline update. A July 2026 up-
date to the official pipeline changed the Entity-
Tracking data selection. Re-scored under the up-
dated pipeline, the submitted model’s full-eval
Entity-Tracking average moves from 21.66 to
19.92 (regular subset 23.28 — 21.53) and the
GPT-2 anchor from 21.68 to 19.10 (regular sub-
set). EWoK also changes slightly (53.41 — 51.82,
full evaluation) from an unrelated fix in the same
update. EWoK remains above chance under both
pipeline versions. EWoK and Entity Tracking are
excluded from the updated aggregate because their
updated GPT-2 reference scores are below chance
(Section 3). The updated GPT-2 anchor’s regular-
only and full Entity-Tracking scores both round to
19.10.

On the updated pipeline the submitted model
still scores above the re-scored anchor on Entity
Tracking (21.53 vs 19.10 regular; 19.92 vs 19.10
over all three categories), so the within-pipeline
comparison that our analysis rests on is preserved.
The absolute margin, however, is smaller than un-
der the pre-update pipeline and sits close to the
20.0 chance level on the three-category average,
which we flag as a caveat on the strength of the
Entity-Tracking result.
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model. Under the pre-update pipeline, its Entity-
Tracking scores are 23.28 (regular), 23.96 (move-
contents), and 17.76 (ambiguous-reference); the
ambiguous-reference category is thus the one that
pulls the full-eval average below the regular sub-
set. By linguistic domain, BLiIMP decomposes into
morphology 81.7, syntax 68.9, syntax—semantics
69.3, and semantics 66.4. Table 6 reports the full
pipeline’s (Super)GLUE fine-tuning results.

Task Accuracy  Fl MCC
BoolQ 0.673 0.744 0.294
MultiRC 0.659 0.453 0.288
RTE 0.547 0.496 0.085
WSC 0.712 0.595 0.376
MRPC 0.711 0.825 0.255
QQP 0.722 0.625 0.404
MNLI 0.469 — —

Table 6: (Super)GLUE fine-tuning results of the submit-
ted model under the full evaluation pipeline (accuracy,
F1, Matthews correlation).
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Figure 2: What each network sees (toy inputs).
(a) data2vec variant: spans of 1-3 tokens are masked;
with the MNTP label shift, the position of “cat” predicts
“sat”, and the teacher’s restored view carries the target
token at that prediction position. (b) I-JEPA variant: one
whole <s>-delimited line of the packed (restored) input
is masked in a fresh copy; the bracket marks the masked
line, which is predicted as a single pooled vector.

B Auxiliary Mechanics and the I-JEPA
Variant

Both variants share the EMA teacher of Eq. 1 (Sec-
tion 3).

What each network sees. Figure 2 shows the
two auxiliary branches. In the data2vec variant (a),
spans of 1-3 tokens are masked and, because labels
are shifted by one position (MNTP), the position
of “cat” predicts “sat”; the auxiliary regresses the
projected student state Wh, at that position onto
the teacher’s state z;, the mean of the teacher’s
layer-normalized top 8 layers. The teacher’s re-
stored view places the target token at the predic-
tion position rather than rebuilding the original se-
quence exactly (Section 3). In the I-JEPA variant
(b), one whole <s>-delimited corpus line (>10 to-
kens) is masked in a fresh copy of the restored
input; the student’s states over the masked line
are mean-pooled, passed through a two-layer MLP
head, and regressed with a cosine loss onto the
teacher’s mean-pooled final-layer representation of
the same line, for at most 8 sequences per batch.
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The variants share the EMA teacher, the weight
A=0.1, the 0.5 loss-dropout, and the 512 cutoff;
they differ in masking granularity (short spans vs. a
whole line), target construction (layer-normalized
top-8 mean per token vs. final-layer mean-pool per
segment), prediction head (single linear vs. two-
layer MLP), and loss (Huber vs. cosine).
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