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Abstract

The BabyLLM Strict-Small track fixes the train-
ing corpus at 10M words and the budget
at 10 epochs. We ask whether weight-tied
looped depth (applying the same transformer
block stack twice per forward pass) helps
under that constraint. On a 50M-parameter
model built from nanochat, held-out bits-per-
byte (val_bpb) falls from 1.3222 to 1.3175
over three seeds without adding parameters,
while the zero-shot average on five benchmarks
barely moves (49.90 to 50.00). Looping costs
1.71x the training time, so we also compare it
against spending that compute on longer train-
ing or on a larger model. The baseline itself
was tuned with a human-directed agentic loop:
the researcher proposed each hypothesis, and
an agent implemented it, trained it for the fixed
budget on a single GPU, and kept or reverted it
depending on val_bpb. The full record of kept
and rejected changes is released with the code.

1 Introduction

The BabyLLM challenge (Charpentier et al., 2025)
asks how well a language model can perform when
it is given a developmentally plausible amount of
text, a budget far below what large language models
are trained on. As the challenge organizers note,
Chinchilla (Hoffmann et al., 2022) sees about 1.4
trillion tokens during training, well over 10,000
tokens for every single word a 13-year-old child
has heard in their entire life. The Strict-Small track
limits the corpus to 10M words and training to 10
epochs, so a model sees at most 100M words in
total (Choshen et al., 2026).

By the standard of scaling laws (Kaplan et al.,
2020), which show that model size and data have to
grow together and that a model whose size grows
alone will overfit, this budget leaves the model
underprovisioned. A 50M-parameter model such
as ours would ideally see on the order of a bil-
lion tokens, roughly twenty per parameter (Hoff-
mann et al., 2022). Ten epochs over 10M words

is an order of magnitude short of that, and re-
reading a fixed corpus returns less with each pass
(Muennighoff et al., 2023). The same bottleneck
is now visible at the frontier: the stock of high-
quality human-generated text is finite and, on cur-
rent trends, is projected to be largely exhausted
within the decade (Villalobos et al., 2024). Since
the track fixes the corpus, our experiments change
only the architecture and the training recipe.

Weight-tied looped depth. In this data-
constrained setting, weight-tied looped depth
lowers validation loss at no parameter cost. The
same transformer stack is applied P times per
forward pass, so an L-layer model computes at
an effective depth of PL while its parameter
count stays that of the L-layer model. The idea
goes back to Universal Transformers (Dehghani
et al., 2019) and ALBERT (Lan et al., 2020) and
has recently been revisited in looped language
models (Giannou et al., 2023; Bae et al., 2025). In
our setting, re-applying the stack with the same
weights improves held-out bits-per-byte at every
seed, with a small downstream gain in the same
direction. Recent at-scale studies find that a looped
model has a better reasoning inductive bias but
higher perplexity than a non-looped model of the
same effective depth, which has more parameters
(Saunshi et al., 2025; Zhu et al., 2025b). Our
closest run to that setting, a deeper and wider
non-looped model, also beats the looped one on
val_bpb (Section 4.2).

Depth routing. We also pursued, at length, a way
of enriching how information moves between lay-
ers (Pagliardini et al., 2024; Zhu et al., 2025a). In
the form we tried, delta attention residuals (Luo
et al., 2026), each layer attends through learned
routing weights over the updates that earlier sublay-
ers wrote into the residual stream (v; = h; 1 —h;).
This looked especially promising under the loop,
where the second pass can route over the first pass’s



updates, but in every run, single-pass or looped, it
was neutral or worse and slowed training substan-
tially (Section 5 has our best guess as to why).

Human-agent research loop. The baseline itself
came out of a loop we built by modifying Karpa-
thy’s autoresearch framework (Karpathy, 2025a),
which scheduled training runs and evaluations auto-
matically, around the clock, on a single GPU. The
human researcher proposed the architectural direc-
tions, and the agent implemented each change, ran
the fixed 10-epoch budget, and reported both valida-
tion bits-per-byte and the downstream benchmark
results. By default a change was kept if val_bpb
improved beyond a noise threshold and reverted
otherwise. The human intervened when val_bpb
and the benchmarks disagreed, and in those cases
the benchmarks decided (Section 3.3). Its output
is our tuned baseline, together with a record of the
rejected changes.

Findings. Looped depth gives a repeatable
val_bpb gain at fixed parameter count, although
spending the same compute on a larger model does
better. Depth routing over sublayers and several
dataset modifications (cleaning, deduplication, reg-
ister re-weighting) did not improve on the base-
line.

2 Related Work

Weight-tied and looped transformers. Apply-
ing one block stack repeatedly to grow effective
depth at fixed parameter count is an established
idea. Universal Transformers (Dehghani et al.,
2019) recur a single layer in depth with a shared
weight matrix, and ALBERT (Lan et al., 2020)
shares parameters across all layers to cut model size
without losing quality. More recent work studies
the loop explicitly. Looped Transformers (Giannou
et al., 2023) show that a weight-tied stack iterated
in depth can express iterative computation, and Re-
laxed Recursive Transformers (Bae et al., 2025)
recover most of the quality lost to hard weight
sharing by adding small layer-wise adapters. Re-
cent work applies it to full-scale language model
pretraining. Saunshi et al. (2025) and Ouro (Zhu
et al., 2025b) pretrain looped models at the billion-
parameter scale. Both report that looping strength-
ens the reasoning inductive bias, but that against
a non-looped model of the same effective depth it
costs memorization and perplexity. Our main com-
parison is at fixed parameter count instead, and our

one run that roughly resembles their setting shows
the same ordering they report.

Dense depth routing and residual mixing. We
also studied, and rejected, a recent technique
for moving information between layers. Dense-
Former (Pagliardini et al., 2024) adds learned
depth-weighted averaging of all previous layer out-
puts, and Hyper-Connections (Zhu et al., 2025a)
generalize the single residual stream to multiple
learned connections. Our own model already car-
ries a scalar residual-and-embedding mix at each
layer, in the ResFormer and value-residual family
(Zhou et al., 2025). The delta attention residuals
we tried replace that scalar mix with a per-token
softmax over the individual sublayer updates, and
under the loop they can also route over an earlier
pass’s updates. Neither the cross-pass sources nor
any other routing variant improved on the plain
residual stream in this data-constrained regime.

Sample-efficient pretraining. The BabyLM
challenge (Charpentier et al., 2025) constructs
the data-constrained setting and the accompany-
ing zero-shot evals (BLiMP, Warstadt et al., 2020;
the BLIMP supplement, Charpentier et al., 2025;
EWoK, Ivanova et al., 2025; COMPS, Misra et al.,
2023; and entity tracking, Kim and Schuster, 2023).
GPT-BERT (Charpentier and Samuel, 2024) shows
that mixing causal and masked-language-model ob-
jectives improves data efficiency, a technique we
adopt in our baseline.

Optimizer and base-model components. We
use the Muon optimizer (Jordan et al., 2024) for
hidden matrices and AdamW for embeddings and
scalars, rotary position embeddings (Su et al.,
2024), SwiGLU feed-forward layers (Shazeer,
2020). Two of our baseline’s retained wins are also
established methods: stochastic weight averaging
(Izmailov et al., 2018) and multi-token prediction
(Gloeckle et al., 2024; DeepSeek-Al et al., 2025).

Agent-assisted research. The methodology
adapts Karpathy’s autoresearch (Karpathy,
2025a), part of a broader line of work on language-
model agents in machine-learning research. In
our version a human researcher steers, and the
agent implements, runs, and analyzes. We use it as
a tool for automatically scheduling training and
evaluations around the clock.



3 Method and Setup
3.1 Base model and budget

The starting point is a ~50M-parameter
decoder-only transformer with depth L=S8,
model dimension d=512, head dimension
dp=128, RoOPE, SwiGLU MLPs, and the
modded-nanogpt/nanochat value-embedding
mechanism (Karpathy, 2025b), inspired by
ResFormer-style value residuals (Zhou et al.,
2025). Every second attention layer, with the
last layer always included, carries a lookup
table U; € RIVIxd alongside the usual token
embedding. In that layer’s attention the values
are updated as v < v + gu, where u = U;[w]
is the table entry for the current token id w,
and g := 20(W{ z132) € (0,2)" is a learned
gate with one scalar per attention head. Here
T3 € R32 denotes the first 32 channels of the
layer input x, W¢ € R¥*32 is a per-layer learned
projection with H the number of attention heads,
and o is the logistic sigmoid. Each head’s gate
scalar scales that head’s slice of u. Because
u depends on the token id alone, this adds a
context-independent per-token component to the
attention values, bypassing the residual stream. At
each block the input is a learned scalar mix of the
running residual z and the embedding skip z¢ (the
normalized token embedding):

base; = Mz + pixo, (D)

with learned scalars A;, 1;. The embedding skip
is likewise inherited from the modded-nanogpt
baseline (Karpathy, 2025b). Hidden matrices are
optimized with Muon, and embeddings, projec-
tions, and per-layer scalars with AdamW. Training
is a fixed budget of 10 full passes over the cor-
pus at sequence length 2048. On a single RTX
3060 (12 GB) a single-pass run takes roughly 1
hour, and the submitted looped model roughly 1.9
hours. Training uses the detoxified BabyLM 2026
Strict-Small corpus (Choshen et al., 2026) (9.99M
words; CHILDES, Project Gutenberg, OpenSubti-
tles, Simple Wikipedia, BNC spoken, and Switch-
board) with a fixed Morfessor-based (Virpioja et al.,
2013) subword tokenizer (vocabulary 8192, byte
fallback).

The submitted model keeps this backbone and
differs from the initial baseline in five ways. First,
training follows the GPT-BERT hybrid objective
(Charpentier and Samuel, 2024), which trains one
model on both a causal and a masked objective:

15% of microbatches are trained as a bidirectional
masked LM and the remaining 85% causally. Sec-
ond, a multi-token-prediction head (Gloeckle et al.,
2024) adds an auxiliary loss that predicts the to-
ken at 42 from the same final hidden state. Third
and fourth, we hold weight decay constant on the
hidden matrices over the whole run, and apply de-
coupled weight decay to the value-embedding ta-
bles, which are large enough to overfit on their
own. Fifth, we evaluate a stochastic weight aver-
age (Izmailov et al., 2018), the uniform mean of the
weights over the final 40% of training. On top of
these, the block stack is applied twice per forward
pass.

3.2 Architecture: looped depth, and the
routing extension we tested

Weight-tied looped depth. Let the block stack
be By, ..., Br_1, where each block represents a
standard attention sublayer followed by an MLP
sublayer, and let xg be the normalized token embed-
ding. A standard forward pass applies each block
once. Looped depth instead applies the whole stack
P times with the same weights, so the effective
depth is P - L while the parameter count is exactly
that of the depth-L model. At each block the input
mix base; is formed as usual, the block is applied
to it, and the block’s output becomes the running
residual x seen by the next block. The P passes
simply repeat this over the stack. Re-injecting the
input at every iteration is standard in looped and
recurrent-depth models (Bai et al., 2019; Geiping
et al., 2025). The baseline uses P=1 and in our
submitted model we use P=2.

Cross-pass delta attention residuals. On top of
the loop we evaluated a routing mechanism based
on delta attention residuals (Luo et al., 2026), in-
tended to work together with the newly acquired
model depth. During the looped forward pass we
maintain a growing set of sources, comprising the
embedding x( together with every per-sublayer
delta

Uj = l‘j—ﬂfj_l, jzl,...,QLP, (2)
where sublayers are indexed consecutively across
all P passes and x;_1, x; denote the residual
stream entering and leaving sublayer j. The defini-
tion is the same for both sublayer kinds and each
sublayer adds its output to the stream, so v; is the
attention output when j is an attention sublayer and
the MLP output when j is an MLP sublayer. Every



block thus contributes two separate deltas per pass,
and each is routed over individually. Before rout-
ing sublayer s, with input h, a per-token softmax
routes over the sources seen so far and adds the mix
back into the sublayer input:

lj = g norm(u;),

h' = h + Zsoftmaxj(ﬁ) vj, 3)
J

where v; is the stored source value and g5 € R?
the learned query of routing sublayer s, the only
new parameters. Everything is zero-initialized so
that the model starts exactly at the looped-depth
baseline. The idea is that second-pass sublayers can
route over every first-pass delta, including those of
sublayers deeper than themselves, which no single
pass can provide.

3.3 The human-agent research loop

The baseline above was built with the help of
an agentic loop directed by a human. The loop
operates on a small, fixed codebase split in two.
prepare.py holds the data, the tokenizer, the dat-
aloader, and the evaluate_bpb evaluator, which
together define the task and the metric, and it is
read-only. train.py holds the model, the opti-
mizer, and the training loop, and it is the only file
the agent may edit. The agent can therefore change
the architecture, optimizer, hyperparameters, batch
size, and model size, but not the evaluator or the
dependencies.
Each iteration runs as follows:

(i) edit train.py with one hypothesis and com-
mit

(i1) train for exactly 10 epochs

(iii) read val_bpb and the per-epoch validation
curve from the run log

(iv) keep the change if val_bpb improves beyond
a noise threshold (~0.005, set by hand), oth-
erwise git reset to the previous best

(v) document the result

Architectural hypotheses come from the human
researcher. The agent applies the specified edits,
schedules the training runs and evaluations, and
logs the results. This kept our single GPU busy
while the researcher read papers and implementa-
tions.

Metric. The in-loop objective is validation bits-
per-byte (val_bpb), a per-byte cross-entropy on
held-out text. Measuring per byte instead of per to-
ken makes the number comparable across tokeniz-
ers. We needed this because the search changed
the tokenizer as well as the model. In later it-
erations we also ran the zero-shot benchmarks
(BLiMP, BLiMP-supplement, EWoK, COMPS, en-
tity tracking), because val_bpb does not always
track them. Some changes improve linguistic gen-
eralization while leaving the causal cross-entropy
flat or slightly worse, and a rule reading val_bpb
alone would reject them. The masked-LM objec-
tive is one such case.

Reproducibility. The evaluator, the data, and the
metric live in the read-only half of the codebase,
and every configuration is scored by the same code.
The human read each commit’s diff before its run
started, and every run log we quote from is released
with the code. Re-running the P=1 baseline at seed
42 from a later commit reproduced the original
val_bpb to 4 x 1075.

Only the looped-versus-baseline comparison
uses three seeds per model and the full harness
on all five benchmarks. All other numbers come
from the greedy search, mostly at a single seed.

4 Results

4.1 A strong regularization baseline

Both architectural changes are evaluated on top
of a heavily tuned baseline. We tuned first and
changed the architecture second, so that simple
tuning cannot account for any later improvement.
Table 1 lists the chain of kept changes the loop
produced, from the initial model to that baseline.
Most rows cleared the ~0.005 noise threshold on
their own. The SWA start shift (0.5 — 0.6) and
sequence-length warmup did not and were kept on
human judgement. Over the whole chain val_bpb
falls from 1.560 to 1.317.

The single largest step is stochastic weight av-
eraging (Izmailov et al., 2018), worth —0.084. It
scores a uniform average of the weights over the
last stretch of training, which smooths out the noise
of the final iterate. The remaining large gains came
from weight-decay settings. Switching to a con-
stant weight-decay schedule removed an overfitting
tail in the back half of training, and adding weight
decay to the value-embedding tables got rid of a
U-shaped validation curve (Figure 1).



Change (kept) Type val_bpb
Baseline (depth 8, d=512) base 1.5598
Muon LR 0.04—0.06 optim 1.5468
Muon LR 0.06 —0.08 optim 1.5325
Constant weight decay reg 1.4996
Weight decay 0.2—0.3 reg 1.4815
Full-attention window (L) arch 1.4738
Stochastic weight averaging avg 1.38981
Muon LR 0.08—0.10 optim  1.3824f
Value-embed weight decay 0.1  reg 133851
Muon weight decay 0.3 —0.2  reg 133121
SWA start 0.5—0.6 avg 132667
Sequence-length warmup signal  1.32427
Multi-token prediction (K=2)  signal  1.3173

Table 1: The tuned baseline, in discovery order. Each
kept change is an optimizer, regularization, averaging,
or training-signal change on a fixed-capacity model.
"From Stochastic weight averaging onward, val_bpb is
evaluated on the SWA-averaged weights; rows above
use the raw final-epoch weights.

On top of the tuned configuration we add the
GPT-BERT masked-LM objective (Charpentier and
Samuel, 2024) on 15% of microbatches. This raises
val_bpb slightly, from 1.3173 to 1.3221, because
the metric is measured causally and cannot see
the bidirectional benefit, while improving down-
stream grammar. This MLM-augmented model, at
val_bpb 1.3221, is the baseline for all architectural
experiments below.

The tuned model mildly underfits at 10 epochs.
Extending the budget to 14 epochs improves
val_bpb by a further —0.008 before flattening (Ap-
pendix A.2).

4.2 Looped depth

Applying the block stack twice per forward pass
(P=2) is our main confirmed result. It lowers
val_bpb at all three seeds, to 1.3148, 1.3178, and
1.3199 (mean 1.3175), against 1.3202 to 1.3249
for the P=1 baseline (mean 1.3222; seeds 43 and
44 come from an earlier commit). The two ranges
do not overlap, and the mean gap is —0.0047 (s.e.
0.0020). The looped runs also reach a lower final
training loss.

Downstream evaluation. Table 3 reports the full
zero-shot suite for the same three seeds of each
model, scored under the official harness. The
five-task average rises from 49.90 to 50.00. Four
tasks move up (BLiMP-supplement +0.64, BLiMP
+0.19, entity tracking +0.16, COMPS +0.13) and
EWoK moves down (—0.63), all within the seed
spread, which reaches 0.51 points on the baseline
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Figure 1: Per-epoch val_bpb (raw, pre-SWA) across the
full 10-epoch budget for the last kept step before adding
weight decay to the value-embedding tables (blue) and
the step that adds it (orange). Without value-embedding
weight decay the curve bottoms at epoch 7 and then
rises as the 17M-parameter value tables overfit; with
it the curve descends monotonically through epoch 9,
with only a negligible uptick at the final epoch.

Configuration Ep. Par. Time val_bpb BLiMP

Baseline P=1 10 50M 1.00x 1.3215 71.27
Baseline P=1 14} 50M 1.24x 13140 71.19
Looped P=2 10 50M 1.71x 1.3148 71.09
Looped P=3 10 50M 2.45x  1.3142 -
Deep (depth 12) 10 100M 1.80x  1.2979  71.86

Table 2: Compute-matched comparison at seed 42, on
one RTX 3060. “Time” is wall-clock training time rel-
ative to the baseline’s 4031 s. *Exceeds the track’s 10-
epoch limit.

average. Entity tracking stays near chance for every
configuration we trained, and the reading-time cor-
relations the harness also reports are near zero and
left out of the average. Fine-tuned on the BabyLM
GLUE tasks, the model scores close to majority-
class baselines (Appendix A).

Compute cost. The looped model has the same
50M parameters as the baseline but takes 1.71x
its training time (Table 2), and two other uses of
the same or less compute do better on val_bpb.
Training the P=1 baseline for 14 epochs instead of
10 reaches 1.3140 in 1.24x the baseline’s time,
below every looped run, though it exceeds the
track’s epoch limit. A 100M-parameter depth-
12 model reaches 1.2979 at 1.80x the time and
beats the looped model on both val_bpb and the
downstream average (50.19 over two seeds, against
50.00).



Model BLiMP Supp. EWoK COMPS Ent. Avg.
Baseline, s42  71.27 54.69 51.42  51.6718.9149.59
Baseline, s43  71.72 55.37 5259  51.16 19.16 50.00
Baseline, s44  70.64 56.64 51.50  51.9819.73 50.10

3-seed mean 71.21 55.57 51.84  51.6019.27 49.90
Looped, s42 71.09 56.56 51.31  51.7119.07 49.95
Looped, s43 71.42 56.69 50.89  51.27 19.36 49.93
Looped, s44 71.68 5537 5143  52.2319.8650.11

3-seed mean 71.40 56.21 51.21  51.7419.43 50.00

Table 3: Weight-tied looped depth (P=2) vs. the tuned
baseline (P=1), official zero-shot harness, three seeds
each. “Avg.” is the mean of the five columns to its left.

Number of passes. A third pass adds little. At
seed 42, P=3 reaches 1.3142 against 1.3148 for
P=2, for another full pass of block computation
per token. With the model only slightly underfit to
begin with, extra computation has little loss left to
remove. We fix P=2 for the submitted model and
did not explore P>3.

5 Negative Results

Delta attention routing. We started with routing
on its own, in an ordinary single forward pass, and
tried four formulations: a replacement formulation
over cumulative hidden states, a delta formulation,
a gated-additive variant, and the per-sublayer ver-
sion with 2L+1 sources as specified in the original
paper, each at depth 8 and depth 12. All were
neutral to negative, on val_bpb and downstream
alike.

Once the stack runs twice, a second-pass sub-
layer can route over the first pass’s per-sublayer
deltas, but this did not help either: at both seeds,
val_bpb regressed, to 1.3224 at seed 42 and
1.3242 at seed 43, where the loop alone reached
1.3148 and 1.3178. Downstream, neither model
was consistently ahead. On the fast evaluation (Ap-
pendix A), the five-task averages were 50.52 and
51.48 (loop alone: 51.34 and 50.56). We therefore
rejected the extension on val_bpb and on cost.

The learned router weights (Figure 2) collapse,
with almost all of the routing mass going to the
token embedding emb, which is the residual-and-
embedding skip the model already carries, plus one
early source from within the same pass. The cross-
pass deltas that the loop makes available receive
almost no weight.

We think the baseline already does this work
through two cheaper paths: ResFormer-style per-
token value residuals (Zhou et al., 2025) (the value-
embedding mechanism) and a learned residual-and-

embedding mix at every block. That fits the router’s
preference for the embedding skip. The value-
embedding path carries real signal. Removing its ta-
bles from the looped model costs 0.0096 val_bpb
and drops full BLiMP from 71.09 to 70.55 at seed
42. We did not run delta routing on a baseline
without these paths.

6 Conclusion

At the 10M-word budget, applying the same block
stack twice per forward pass lowers val_bpb at ev-
ery seed, on top of a heavily tuned baseline. Recent
at-scale work reports the opposite effect on perplex-
ity. The difference is likely the data budget. Our
model has not converged after 10 epochs and can
still turn extra computation into lower loss. Since
the parameter count stays fixed, looping is most
useful where model size is the constraint; under a
pure compute budget a larger model remains the
stronger choice. Delta attention residual routing,
with or without the loop, did not improve on the
plain residual stream.

Since exact weight tying already helps, a small
per-pass parameter budget (Bae et al., 2025) might
let the two passes specialize into distinct functions
while adding few parameters. And because the sec-
ond pass helps while the third adds little, per-token
adaptive depth could spend the extra computation
only where it is needed, as in the dynamic halting
of Universal Transformers (Dehghani et al., 2019).

The human-directed agentic loop was a useful
way to keep a single GPU busy, and its accept rule
made it easy to iterate on new ideas. It failed on the
bidirectional objective, where the accept metric and
the target evaluations disagreed and a human had
to override the rule. A future search could use an
acceptance metric that tracks the target evaluations,
or score against those evaluations directly. We
release the code and the full training and evaluation
logs.!

Limitations

Most of what we report rests on few seeds. The
looped-depth result holds across three, but the other
configurations were trained once or twice, and the
~0.005 val_bpb accept threshold was a hand-set
estimate of run-to-run noise, so the search could not
detect smaller effects. Cross-pass routing shows
how much one run can mislead: it gave the project’s

!Code and experiment logs:
quesswho/looped-transformer.

https://github.com/


https://github.com/quesswho/looped-transformer
https://github.com/quesswho/looped-transformer
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Figure 2: Mean softmax routing weights w/[s, j] for the cross-pass delta-routing variant (loop2_delta). Rows
are the 2L routing sublayers of each of the two passes; columns are the available sources (emb plus each earlier
attention/MLP delta). Despite having the first pass’s per-sublayer deltas available, the router collapses onto the
embedding skip emb and one early attention delta from within the same pass (a1 in the first pass, a1’ in the second),

leaving the first pass’s deltas near zero in the primed rows.

highest fast-eval BLIMP (72.46) at one seed and
71.20 at the next. Everything ran on a single RTX
3060 (12 GB), which limited the batch and model
sizes we could try and kept us at three seeds.

The search was also greedy. Because the loop
keeps whatever beats the current best, the final
configuration depends on the order in which we
tried things, and a change rejected early, such as
residual dropout or added depth, might have helped
on top of a later configuration. Table 1 is not an
ablation. Its rows do not measure each change in
isolation. The loop also optimizes val_bpb, not
the benchmarks themselves. With the masked-LM
objective the two disagreed clearly enough for us
to notice, but changes rejected on val_bpb were
never scored downstream.

Finally, the advantage of looping is parameter
efficiency. It was not the best use of extra compute

in our comparison (Table 2). Our results are spe-
cific to BabyLLM Strict-Small, with 10M words, a
~50M-parameter model, and this corpus and tok-
enizer. We have not tested other data scales, model
sizes, or corpora.
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A Full Evaluation Results

Both evaluation modes come from the official
BabyLLM evaluation pipeline. FULL scores all
67 BLiMP paradigms and the complete supple-
ment/EWoK/COMPS/entity sets (Table 4), while
fast is the pipeline’s fast suite, whose smaller per-
task samples are intended for intermediate check-
points. We used it for in-loop evaluation, and it is

correspondingly noisier (Table 5). It does not cover
COMPS, so five-task fast averages quoted in the
text take COMPS from the matching FULL evalu-
ation. Entity tracking varies by only a few points
across the configurations in this appendix and is
essentially at chance for every variant we tried, but
it is still included in the main-text average. The
reading-time correlations are near zero for every
run and are not tabulated here.

A.1 Fast-eval exploratory and rejected runs
(higher variance)

Table 5 lists every in-loop fast evaluation. These
numbers are comparable only within this table. The
looped model (P=2) beats the seed-matched base-
line at seed 42 (51.34 vs. 48.91) and ties at seed 43
(50.56 vs. 50.70). The delta-routing run’s BLiMP
of 72.46 at seed 42, the highest we recorded, falls
to 71.20 at seed 43.

A.2 Other experiments

GLUE fine-tuning. Fine-tuning the 50M MTP
model for 10 epochs gives an accuracy-average of
57.7 across the BabyLM GLUE tasks (BoolQ 64.0,
MNLI 35.7 = chance, MRPC 68.1, MultiRC 57.6,
QQP 62.8, RTE 54.0, WSC 61.5), with an official
mixed-metric average of 42.3 (F1 collapses to 0
on MultiRC/QQP). These sit near majority/chance
baselines, as expected for a SOM-parameter model
on 10M words.

Extended-budget probe (14 epochs). To test
the underfitting claim directly, we re-ran the P=1
baseline with the budget extended from 10 to 14
epochs, which exceeds the track’s 10-epoch limit
and is therefore a probe only, stretching every
progress-based schedule (learning rate, weight de-
cay, sequence-length warmup, MTP) over the new
budget. val_bpb improves from 1.3215 (baseline
re-run) to 1.3140 (—0.0076). The per-epoch val-
idation curve only flattens around epochs 11-12,
and the model is still gaining from optimization
at 10 epochs. The 14-epoch value is also below
each of the three looped runs at 10 epochs, yet its
full BLiMP is flat (71.19 vs. 71.27 for the same
configuration at 10 epochs).

B Hyperparameters

Table 6 lists the full configuration of the submitted
looped model. The P=1 baseline is identical ex-
cept for the number of block passes. All schedules
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Table 4: All FULL evaluations, in discovery order. Accuracies are percentages; val_bpb lower is better.

measured.

Configuration val_bpb BLiMP Supp. EWoK COMPS Ent.
50M base (d=512, depth 8)
MTP (K'=2) baseline 1.3173 70.45 55.35 52.05 5191 17.96
SwiGLU causal baseline 1.3161 69.32 5464 51.20 51.42 18.12
+ MLM (15%) [arch baseline] 1.3221 70.15 56.15 52.16 51.56 18.57
Baseline P=1, seed 42 1.3215 71.27 54.69 5142 51.67 1891
Baseline P=1, seed 43 1.3202  71.72 5537 5259 51.16 19.16
Baseline P=1, seed 44 1.3249  70.64 56.64 51.50 51.98 19.73
Scale (wider / deeper), +MLM 15%
70M wide (d=640, depth 8) 1.3088  71.16 5491 52.62 51.93 18.59
85M deep (d=640, depth 10) s42 1.3171 71.76  56.54  50.94 51.68 19.20
depth 10, seed 43 - 7139 5459 5025 5143 18.11
100M deep (d=640, depth 12) s42  1.2979  71.86 57.04 53.01 5191 1747
depth 12, seed 43 - 7158 56.12 51.68 51.52 19.73
Looped depth and routing (50M)
Looped P=2, seed 42 1.3148  71.09 56.56 51.31 51.71 19.07
Looped P=2, seed 43 1.3178 7142 56.69 50.89 51.27 19.36
Looped P=2, seed 44 1.3199  71.68 55.37 51.43 52.23 19.86
Delta-AR (gated-additive) 1.3237  70.23 55.80 50.93 51.34 -
Delta-AR (per-sublayer, gated) - 7028 56.19 52.69 51.68 -
AttnRes DenseFormer routing 1.540 61.94 53.17  50.65 50.67 -

are driven by training progress, defined as com-
pleted epochs divided by the 10-epoch budget.

10

w9

= not



Configuration (fast eval) val_bpb BLiMP Supp. EWoK Ent.
Baseline trajectory
Best original-data baseline 1.3266 69.03 57.20 51.09 19.37
+ sequence-length warmup 1.3242 69.17 55.60 51.73 21.15
+ MTP (K =2, “all”) 1.3173 70.93 58.00 52.27 20.21
MTP K=3 - 70.87 56.80 52.18 19.56
GPT-BERT masked-LM sweep (causal backend)
SwiGLU causal baseline 1.3161 69.59 5640 52.09 18.64
+ MLM 5% 1.3156 70.20 56.40 53.18 17.66
+ MLM 15% 1.3209 70.54 57.20 5536 20.44
15% rerun, seed 42 - 7121 5400 51.64 20.17
+ MLM 25% 1.3293 70.69 50.80 53.64 1891
Tokenizer granularity (Morfessor vocab)
vocab 4096 (finer) - 70.81 5440 50.18 19.72
vocab 8192 (default) 1.3173 7093 58.00 52.27 20.21
vocab 16384 (coarser) 1.3147 69.40 56.40 50.00 19.49
Scale / context / data variants
70M wide, MLM 0 1.306 71.08 56.80 50.64 19.03
50M, context cap 512 1.387 70.51 56.00 52.18 19.22
Corpus clean + refill - 69.25 54.00 51.55 19.96
Corpus clean + dedup + refill - 69.31 56.80 5245 20.17
Corpus finalized (<10M) - 69.61 5720 52.82 18.77
Register tilt (written 56%) - 69.31 5520 51.82 19.53
P=1 baseline, looped depth, and delta-routing family
Baseline P=1, seed 42 1.3215 71.38 53.60 49.00 18.88
Baseline P=1, seed 43 1.3202 71.74 5720 53.00 20.41
Baseline P=1, seed 44 1.3249 71.17 56.00 5191 20.39
Looped P=2, seed 42 1.3148 71.78 59.20 52.73 21.29
Looped P=2, seed 43 1.3178 71.53 58.00 52.18 19.80
Looped + delta route, seed 42 1.3224 72.46 5640 52.64 19.65
Looped + delta route, seed 43 1.3242 7120 61.60 52.45 20.04
Looped + delta route v2 (carry) 1.3437 69.14 - - -
Delta-AR per-sublayer (paper) 1.3255 70.96 59.60 51.18 19.98
Looped + curriculum 1.4047 70.59 - - -
Looped, VE ablation (33M) 1.324 70.83 - - -
100M depth-12, fast eval
100M deep, seed 42 1.2979 72.27 58.80 52.27 18.28
100M deep, seed 43 1.2985 72.07 56.00 50.55 20.46
Table 5: All fast evaluations. “~" = not measured.
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Setting Value

Architecture

Layers L / block passes P 8/2

Model dim d / heads 51274

Head dim 128

MLP / norm / positions SwiGLU / RMSNorm / RoPE
Attention window full causal, every layer
Value-embedding tables  every 2nd layer + last
Vocabulary (Morfessor) 8192, byte fallback
Context length 2048

Muon (hidden matrices)

Learning rate 0.10

Momentum (Nesterov)
Newton—Schulz / 32
Weight decay

0.85—0.95 over 300 steps
5/0.95
0.2, constant

AdamW (embeddings, scalars)

Token-embedding LR
Unembedding LR
Per-layer scalar LR

(B1,B2)
Value-embedding WD

0.6

0.004

0.5

(0.8,0.95)
0.1, decoupled

Budget and schedules
Epochs
Tokens per optimizer step
Device batch / accum.
LR schedule

over final
Sequence-length warmup
SWA start (uniform avg.)
Multi-token prediction
Masked-LM microbatches
Seeds

10

219 (524K)

8 x 2048 /32

constant, then linear to 0
50% of training
256—2048 over first 50%
60% of training

K =2, aux. weight 0.3
15%, 30% tokens masked
42,43, 44

Table 6: Full configuration of the submitted looped
model (P=2); the P=1 baseline differs only in the
number of block passes.
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