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Abstract

Learned weighting of earlier layers, as used in
ELC-BERT (Charpentier and Samuel, 2023),
is a promising direction for sample-efficient
language modeling.  Attention Residuals
(ATTNRES; Kimi Team et al.,, 2026) ex-
tend this idea by computing input-dependent
weights separately for each token, with re-
ported gains in large-scale autoregressive mod-
els. We present a controlled study of whether
such input-dependent depth routing helps in
the data-limited regime where static routing
first proved useful. Across the 10M- and
100M-word BabyLLM budgets and three paired
seeds, ATTNRES consistently lowers test nega-
tive log-likelihood (NLL) compared to a resid-
ual baseline. It reaches the same development-
set (dev) NLL after seeing fewer training
words. In the 10M L32 control, ATTNRES
also lowers test NLL relative to static routing
in all three seeds. Behavioral differences be-
tween ATTNRES and the baseline are small
and mixed. The BLiMP (Warstadt et al., 2020)
advantage at equal training exposure disap-
pears after matching on dev NLL. The trained
10M-word ATTNRES models make causal use
of routes from nonrecent depth blocks, but
we find no clear evidence that categories with
greater dependence on these sources achieve
larger BLIMP gains over the baseline.

AttnRes for BabyLM 2026 on Hugging Face
(models, tokenizers, and checkpoints)

© | Training and analysis code on GitHub

1 Introduction

Residual connections in pre-norm Transformers
accumulate earlier layer outputs with fixed unit
weights. A growing line of work replaces this
fixed accumulation with learned selection over
depth. In the BabyLM setting, ELC-BERT (Char-
pentier and Samuel, 2023) won the strict and

strict-small tracks of the BabyLM 2023 Chal-
lenge (Warstadt et al., 2023). It gives every layer
a learned convex combination of all earlier layer
outputs, with one static weight per pair of lay-
ers. Attention Residuals (ATTNRES; Kimi Team
et al., 2026) make this selection input-dependent:
a depth-wise softmax computes routing weights
over preceding representations separately for each
token. At large scale, Block ATTNRES, the vari-
ant that routes among groups of consecutive sub-
layers called blocks, matches the loss of a baseline
trained with 1.25 x more compute. The same work
applies ATTNRES to a Kimi Linear model with
48B total and 3B activated parameters trained on
1.4T tokens, improving downstream performance
across many tasks.

Static routing already helped under BabyLM
limits, and input-dependent routing helped at
large scale. These results leave open whether
input-dependent depth routing adds anything in
a much smaller, data-limited setting, and what
it adds. The BabyLM 2026 strict-small and
strict tracks limit training data to 10M and 100M
words, respectively (Choshen et al., 2026). We
trained models with 62-116M parameters, far
below the scale of the reported Kimi experi-
ment. In this setting, it remains unclear whether
input-dependent routing improves linguistic per-
formance at the same development-set (dev) neg-
ative log-likelihood (NLL). It is also unclear
whether any linguistic gains are associated with re-
liance on nonrecent depth routes.

We therefore ask three questions. RQ1: Does
ATTNRES improve language-model sample effi-
ciency under the BabyLLM data limits? RQ2: Does
the lower NLL associated with ATTNRES translate
into better linguistic behavior beyond overall train-
ing progress? RQ3: Do the trained models rely
on nonrecent depth routes, and is stronger depen-
dence associated with larger BLiMP gains over the
baseline?
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We compare residual baselines and Block AT-
TNRES models under matched architectures, op-
timization, and training schedules, using three
paired seeds. Our endpoint comparisons on the
10M track use 16- and 32-layer models. We
also evaluate the 32-layer models at multiple
checkpoints during training on both tracks. We
also evaluate a static-routing control in the 10M
L32 setting. We separate equal-exposure com-
parisons from within-seed matched-NLL compar-
isons, then compare the effect of nonrecent-source
masking and count-matched random masking.

We found that ATTNRES lowers test NLL at
the final checkpoint in all nine paired comparisons
and has a positive NLL advantage throughout most
of training, providing evidence of greater sample
efficiency. However, the endpoint downstream
differences are small and mixed, and the broad
BLiMP advantage at equal exposure disappears af-
ter matching on dev NLL. Finally, we mask se-
lected depth routes in the trained model at eval-
vation time. This intervention shows that routes
from nonrecent blocks causally affect the model’s
predictions, but the categories that rely more on
those routes are not necessarily the categories with
larger ATTNRES gains over the baseline.

2 Block Attention Residuals

2.1 From Fixed Residual Accumulation to
Input-Dependent Depth Routing

In a standard Transformer language model, each
layer contains one self-attention sublayer and one
feed-forward network sublayer. A sublayer ¢ re-
ceives the sum of all earlier residual contributions
as follows:

— hy,  i=0,
hg = Z’Ui, v; = (1)

where h; is the embedding, v; is an earlier resid-
ual contribution, and f;(+) is the transformation ap-
plied by sublayer i. Every earlier contribution en-
ters with a fixed weight of one. Throughout the
paper, we call the earlier contributions v; sources.
A learned selection over sources is routing, and a
weighted connection from one source to a target
sublayer is a route.

ATTNRES instead learns weights over sources
along the depth dimension (Kimi Team et al.,

2026). For target sublayer ¢, the routed input is
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Here, the query gy is a sublayer-specific learnable
vector in R, so different tokens can use different
mixtures of earlier depths.

We use Block ATTNRES, which routes among
the embedding, completed-block representations,
and the current partial block. A block groups
a fixed number of consecutive sublayers. A
completed block’s source is the sum of the sub-
layer outputs produced within that block, not the
residual-stream state at the block boundary, and
the current partial block is the running sum of sub-
layer outputs in the block so far. A final routing
mix with its own query is applied over all sources
before the language-model head.

2.2 Relation to ELC-BERT Layer Weighting

ELC-BERT (Charpentier and Samuel, 2023) re-
places each layer’s residual input with a con-
vex combination of all earlier layer outputs, us-
ing softmax-normalized weights learned during
pre-training. The core difference is whether the
learned weights depend on the input token. In
ELC-BERT, each “source—target” pair has a single
static scalar weight shared across all tokens and
inputs while being updated during training. AT-
TNRES instead computes input-dependent weights
at run time from each token’s source representa-
tions in eq. (3), so two tokens in the same sentence
can mix earlier depths differently. Static routing
was a deliberate choice in ELC-BERT, which de-
scribes itself as reintroducing highway-style layer
weighting (Srivastava et al., 2015) without the cost
of a conditional gating mechanism. ATTNRES in-
troduces input dependence through attention over
depth.

Two further differences matter for our setup.
ELC-BERT weights every individual layer output,
while Block ATTNRES routes among block-level
sources. ELC-BERT is an encoder-only masked
language model, while we study autoregressive
language models. Notably, ELC-BERT’s own
comparison against its architecture-matched LTG-
BERT backbone showed only small and mixed
benchmark differences, and its larger margins
came from baselines that differ in architecture and



training recipe. We therefore ask whether mak-
ing depth routing input-dependent improves sam-
ple efficiency.

3 Experimental Setup

3.1 Data and Models

We use the official BabyLM 2026 training, devel-
opment, and test splits of strict-small 10M-word
and strict 100M-word corpora (Choshen et al.,
2026). We clean the training, development, and
test splits independently with the same source-
specific pipeline. The cleaning pipeline removed
speaker labels and annotation-only lines, normal-
ized Unicode punctuation and whitespace, and ap-
plied source-specific rules while preserving docu-
ment boundaries. We trained byte-level BPE tok-
enizers with a 16k vocabulary for each corpus sep-
arately, and only on its cleaned training split.

All models have a maximum context length of
512 tokens, an embedding dimension of 512, eight
attention heads, RMSNorm (Zhang and Sennrich,
2019), SwiGLU with an 8/3 multiplier (Shazeer,
2020), rotary position embeddings (Su et al.,
2021), and Qwen3-Next-style gated attention (Qiu
etal., 2025). We apply dropout 0.1 to the input em-
beddings, attention weights and outputs, and the
SwiGLU output. The controlled endpoint exper-
iment crosses 16-layer (L16) and 32-layer (L32)
depth with the residual baseline and Block AT-
TNRES on the 10M track. The developmental anal-
yses use the L.32 pairs on both tracks. We also train
L32 static-routing models on the 10M track as con-
trols for the L32 ATTNRES models. The control
replaces the input-dependent routing scores with a
learned logit for each source at each routing site,
shared across tokens. Both routing variants start
from uniform mixing weights.

We trained models on both tracks for 10 epochs,
and sampled nonoverlapping context windows in a
new shuffled order each epoch. Every update con-
tains 262,144 tokens.! We trained models of each
setting with seeds 1337, 1338, and 1339, using the
same value for the model and sampler seed.

3.2 Route Blocks and Parameter Cost

Our L16 model groups four sublayers, or two
Transformer layers, per route block. Our L32
model groups eight sublayers, or four Transformer

'The 10M runs use microbatch size 8 and 64 accumula-
tion steps, while the 100M runs use microbatch size 16 and
32 accumulation steps.

Model Params Time (s) tokens/s Ratio
Baseline 116.23M  6.237 £ 0.025 42,029 1.00x
Static 116.23M 8.862 +0.280 29,582 1.42x

ATTNRES 116.30M 10.230 + 0.006 25,625 1.64 x

Table 1: Runtime measurements for the strict-small
L32 configuration on one RTX 3090. Time is seconds
per complete optimizer update, reported as the mean
=+ sample standard deviation of three repetition means.
Each repetition uses 10 warmup and 20 measured up-
dates; each update processes 262,144 tokens. Ratio is
relative to the baseline update time.

layers, per route block. Both models therefore
have eight completed route blocks over their full
depth.

The routing parameters add little model capac-
ity. At L16, the parameter size rises from 62.21M
for the baseline model to 62.24M for the AT-
TNRES model, an increase of 0.048%. At L32,
it rises from 116.23M for the baseline model to
116.30M for the ATTNRES model, an increase of
0.060%. Static routing adds 585 parameters, so its
total rounds to the same 116.23M as the baseline.
All comparisons therefore add less than 0.1% pa-
rameters. However, parameter size overhead does
not capture runtime cost; we report measured up-
date times in section 3.4.

3.3 Optimization and Checkpoint Selection

We use AdamW with peak learning rate 6 x 1074,
minimum learning rate 6 X 1075, 61 = 0.9,
B2 = 0.95, and weight decay 0.1. The learn-
ing rate follows linear warmup and cosine decay.
Warmup lasts 40 updates on 10M and 100 updates
on 100M. These optimization-related hyperparam-
eters are fixed in advance and are not tuned sepa-
rately for different models. The full configuration
is reported in table Al.

We use the final scheduled checkpoint in all end-
point comparisons to keep training exposure fixed.
We do not select checkpoints by dev NLL.

3.4 Runtime Measurements

Under the configuration described in section 3.3,
we benchmark the three model variants separately
on the same RTX 3090 using the 10M L32 con-
figuration. The results are shown in table 1. AT-
TNRES takes 1.64 x as long per update as the base-
line and 1.15 % as long as the static-routing model.
Appendix D describes the measurement protocol.



Depth Model Test NLL | BLiMP {1  Zero-shot 1
L16 Baseline  4.1370 +0.0017 67.47 £0.75 46.02 4+ 0.06
L16 ATTNRES 4.1109 £+ 0.0048 68.20 + 0.89 46.18 + 0.43
L32 Baseline  4.1075 £ 0.0111 68.66 + 0.74 46.81 + 0.01
L32 Static 4.1081 £ 0.0100 68.43 +0.56 46.54 £ 0.35
L32 ATTNRES 4.0807 £+ 0.0051 68.50 £0.33 46.59 + 0.45

Table 2: Strict-small endpoint results over three paired seeds, reported as mean 4 sample standard deviation. Zero-

shot is the six-suite mean defined in section 3.5.

3.5 Evaluation

We report test NLL and the official BabyLM
zero-shot suites (Choshen et al., 2026). For
the zero-shot aggregate, we first average the two
GlobalPIQA splits, then report the unweighted
mean of the six suites: BLiMP (Warstadt et al.,
2020), BLiMP Supplement (Warstadt et al., 2023),
EWoK (Ivanova et al.,, 2025), Entity Track-
ing (Kim and Schuster, 2023), COMPS (Misra
etal., 2023), and GlobalPIQA (Chang et al., 2025).
We report SuperGLUE separately. We run Super-
GLUE (Wang et al., 2019), Reading (De Varda
etal., 2024), and Age of Acquisition (AoA; Chang
and Bergen, 2022) for the L32 baseline and AT-
TNRES models on both tracks, with complete re-
sults for all three seed pairs.

4 Endpoint Performance

4.1 Held-Out Language Modeling

Across both tracks, ATTNRES lowers test NLL in
all nine paired endpoint comparisons.” As shown
in table 2, ATTNRES reduces mean test NLL at
both L16 and L32 on the 10M track compared to
the baseline model. At L32, ATTNRES has lower
test NLL than static routing in all three paired
seeds. At 100M, the mean L32 reduction is 0.0219
nats, as reported in table 3. The gain is simi-
lar across the two depths even though the deeper
model has almost twice as many parameters.

The 62.24M-parameter L16 ATTNRES model
approximately matches the 132 baseline’s test
NLL. Its test NLL is only 0.0034 higher than the
L32 baseline’s, which is smaller than the L32 base-
line’s across-seed standard deviation (0.0111). It
does so with half the depth and 46% fewer param-
eters.

2We report paired differences and descriptive variability
rather than significance tests: each configuration has only

three training seeds, and comparisons across configurations
reuse the same seed labels and data.

4.2 Endpoint Behavior

The endpoint benchmark differences are small and
mixed. As shown in table 2, at L16, ATTNRES
raises mean BLiMP by 0.73 points and the six-
suite mean by 0.16 points from the baseline. At
L32, the differences reverse to —0.16 and —0.23
points, respectively.® The endpoint results across
all three model variants show no evidence of a
broad downstream improvement.

Table 3 reports the full three-seed L32 results
on both tracks. At 10M, ATTNRES is higher on
EWoK, Entity Tracking, and COMPS, but lower
on BLiMP, the Supplement, and GlobalPIQA.
Mean SuperGLUE rises from 63.36 to 63.92, but
the paired difference is positive for two seeds and
negative for one. The complete NLP and Overall
aggregates are slightly lower for ATTNRES, while
the Human-like aggregate is nearly unchanged.*
At 100M, ATTNRES is higher on BLiMP, EWoK,
Entity Tracking, COMPS, GlobalPIQA, and Su-
perGLUE, but lower on the Supplement and Read-
ing. AoA and the AoA-dependent Human-like ag-
gregate are also lower, although the limited AoA
fitting coverage makes these differences difficult
to interpret. The 100M NLP aggregate rises from
54.51 to 55.09.

4.3 NLL by Context Position

We test whether the final NLL gain is concentrated
at tokens with long preceding contexts. For each fi-
nal 10M checkpoint, we compute token-weighted
dev-NLL differences in the context-position bins
1-4, 5-16, 17-64, 65-256, and 257-512.

In fig. 1, the improvement is approximately flat
across positions 5-512, while positions 1-4 show
a smaller gain. Therefore, we find no evidence that

3The differences are computed before rounding the aggre-
gate scores.

*The AoA scorer used here assigns zero when the fitted
correlation does not pass its p-value threshold (p > 0.1).



Model Test NLL | Overall NLP SuperGLUE Human-like Reading AoA
Strict-small (10M)

Baseline  4.1075 +0.0111  39.03 £0.03 49.18 +£0.04 6336 £0.30 3.51+£0.02 7.01 +0.04 0.00 £ 0.00
ATTNRES 4.0807 £+ 0.0051 38.94 £0.32 49.06 +042 6392+0.84 3.524+0.06 7.04+£0.13 0.00 £+ 0.00
Strict (100M)

Baseline  3.1088 + 0.0006 43.154+0.177 5451 £0.18 67.524+0.50 34340207 6.894+034 —0.04=+0.06
ATTNRES 3.0868 + 0.0012 43.56 +0.277 55.09 +0.28 68.18 £049 321 +£026" 6.67+£0.13 —0.25+0.43"
Model BLiMP Supplement EWoK Entity COMPS GlobalPIQA
Strict-small (10M)

Baseline 68.66 + 0.74 57.07 £ 0.43 50.15 + 1.10 19.74 + 0.52 51.13 + 0.08 34.12 £ 0.50
ATTNRES 68.50 £ 0.33 56.48 + 1.05 51.14 £ 0.57 20.18 £ 0.71 51.71 £0.29 31.48 +£0.32
Strict (100M)

Baseline 77.13 £ 0.38 66.60 + 0.97 56.08 + 0.65 17.50 + 1.74 57.57 + 0.08 39.13 +£3.45
ATTNRES 78.48 + 0.60 65.43 + 1.78 56.46 + 0.89 19.10 + 0.26 57.69 + 0.15 40.28 £1.25

Table 3: Full L32 endpoint results on both BabyLM tracks. All values are three-seed means + sample standard
deviations. The upper panel reports test NLL, leaderboard aggregates, and individual SuperGLUE, Reading, and
AoA scores, while the lower panel reports the six zero-shot suites. GlobalPIQA first averages its parallel and
nonparallel splits. NLP averages the six zero-shot suites with SuperGLUE, Human-like averages Reading with
AoA, and Overall averages all nine components. Four of the six 100M AoA evaluations fit only 5-8 words;

marks AoA and aggregates that depend on it.
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Figure 1: Final 10M dev-NLL differences across token
context positions. Thin lines are paired seeds and the
thick line is their mean. The lower dashed line marks
zero; the upper dashed line is the token-weighted over-
all mean.

the gain increases with position within the 512-
token context.

S Developmental Analysis

The endpoint results leave two different expla-
nations open: (1) ATTNRES may obtain lower
NLL after seeing the same amount of training
data, or (2) it may show different BLiMP behav-
ior even when the two models have the same dev
NLL. To separate these two questions, we com-
pare ATTNRES and baseline models throughout
pre-training through the lens of equal exposure,
which holds the number of words seen fixed, and

matched NLL, which holds dev NLL fixed.

5.1 Dev NLL at Equal Exposure

For seed s and exposure ¢, we define

ALS (t) = Lbaseline,s(t) - LATTNRES,S(t)7 (4)

where L, s(t) is the mean token-level NLL of
model m, with seed s, on the fixed dev set after
exposure t. We call AL,(t) the NLL advantage.
A positive value means that ATTNRES has lower
dev NLL than the paired baseline after seeing the
same number of words. A larger value indicates a
larger NLL reduction at that exposure.

The NLL advantage is not a single checkpoint
spike. In fig. 2a, it forms a mid-training plateau.
It peaks around 20-30M words at 0.12-0.17 nats
across paired seeds, then narrows to 0.018-0.033
nats by the final checkpoint (per-seed values in ta-
ble B1). Because the NLL advantage remains posi-
tive over most of training, ATTNRES reaches com-
parable dev NLL values after seeing fewer training
words. This provides evidence of greater sample
efficiency under the matched training setup.

5.2 BLiMP at Equal Exposure
We define the paired BLiMP difference as

ABs(t) — BATTNRES,s(t) - Bbaseline,s (t), (5)

where B, ¢(t) is the overall BLIMP accuracy
for model m with seed s after exposure t. At
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Figure 2: Developmental results for the 10M L32 models at 19 paired checkpoints. These checkpoints span the
full ten-epoch training run over the strict-small corpus. Thin lines show the three paired seeds, thick lines show
their mean, and bands show the seed range rather than a confidence interval. Vertical dashed lines mark the end of
warmup. Panel (c) plots all valid within-seed matches, but its thick mean uses only checkpoint labels with overlap

for all three seeds.

equal exposure, overall BLIMP is higher for AT-
TNRES through much of the mid-to-late trajectory
in fig. 2b. The difference is most consistent from
20M to 50M words. All three seed pairs favor AT-
TNRES at these four checkpoints, with mean dif-
ferences of 1.60, 1.04, 1.02, and 0.48 percentage
points. The difference narrows after 50M words
and becomes mixed across seeds at the final check-
point. However, the seed trajectories are noisy,
and the endpoint difference is not stable.

5.3 BLiMP at Matched Dev NLL

We next compare checkpoints at the same dev
NLL within each seed. We sort the baseline
checkpoints by exposure. When the baseline NLL
has a local upward fluctuation, we apply equal-
weight pool-adjacent-violators regression (PAVA;
Ayer et al., 1955)° to make only the NLL axis non-
increasing. Without the monotonicity correction,
the baseline NLL curve may cross a specific in-
termediate point multiple times, and then eq. (6)
would give multiple results for one L 4. In the 10M
L32 trajectories, this correction is applied only to
seed 1337 and changes only its final two baseline
NLL values. We do not smooth the BLiMP val-
ues because a model’s BLiMP performance is not
assumed to improve monotonically.

For an ATTNRES checkpoint with dev NLL L 4,
if L4 lies strictly between two distinct adjacent
baseline NLL values, we linearly interpolate the

5A correction method that finds the monotonic sequence
closest to the original sequence under squared-error loss.

baseline BLiMP score:
Bp(La) = B

Lp;i—1La
+ A,BJ—~ (BB,j+1 — BBJ‘) ,
Lpj— LB
(6)

where L B,j denotes the adjusted dev NLL of base-
line checkpoint j, and Bp ; denotes its original
BLiMP score. If L 4 equals an adjusted NLL value
shared by multiple checkpoints on a PAVA plateau,
we instead use the mean of their original BLiMP
scores. The matched residual is B4 — EB(LA).
We never match across seeds and never extrapolate
outside the observed baseline NLL range. The fi-
nal ATTNRES checkpoint is below the minimum
baseline NLL for all three seeds, so it has no
matched final estimate.

Figure 2c shows that the broad BLiMP ad-
vantage disappears after matching on dev NLL.
The all-point mean residuals are —0.382, —0.290,
and —0.281 percentage points for seeds 1337,
1338, and 1339. The valid matched counts and
monotonicity adjustments are listed in table B1.
Together with the equal-exposure result in sec-
tion 5.1, this shows that ATTNRES reaches com-
parable dev NLL at lower training exposure, but
we find no broad BLiMP advantage at the same
dev NLL.

5.4 Matched-NLL Results Across BLIMP
Categories

Overall BLiMP can hide differences among lin-
guistic categories. We therefore run a post-hoc
analysis of all 13 categories on the 100M trajec-
tories. We use the 100M track for this analysis be-
cause the 10M—70M checkpoints occur during its
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Figure 3: Matched-NLL residuals across all 13 BLiMP categories in the 100M trajectories. Each column identifies
the exposure of the ATTNRES checkpoint. For each category and seed, baseline accuracy is linearly interpolated
at the same dev NLL and may come from a different exposure. Each cell shows ATTNRES accuracy minus the
interpolated baseline accuracy, averaged over three paired seeds, in percentage points. The final column averages
the seven checkpoint-level values from 10M to 70M words seen. Positive values favor ATTNRES.

first training epoch. This limits repeated exposure
to the same training data. For every category and
seed, we match the 10M-70M ATTNRES check-
points to the paired baseline at equal dev NLL.
The 80M and 90M ATTNRES checkpoints have
lower dev NLL than any of the first-epoch baseline
checkpoints (10M-90M), so we do not extrapolate
matched BLiMP scores for them.

The residuals in fig. 3 vary across both cate-
gories and checkpoints. Argument structure and
subject—verb agreement are positive at most check-
points, while binding and S-selection are mostly
negative. Several other categories change sign
over training, and their checkpoint-level residuals
can be much larger than their trajectory means.
Across the full 10M-70M window, the category
means range from —0.8 to 1.0 percentage points.
Because this post-hoc analysis has 13 categories,
three paired seeds, and no multiplicity-adjusted
confirmatory test, it does not establish a broad or
category-specific ATTNRES advantage.

6 Depth-Routing Analysis

The previous matched-NLL analysis asks whether
linguistic behavior differs between models and

whether this difference changes over the course of
pre-training. However, it does not show whether
the trained ATTNRES model uses representations
from earlier route blocks. We address that ques-
tion with a masking intervention on the final 10M
L.32 models after ten epochs of training.5

6.1 Masking Procedure and Analysis
Measures

Following deletion-style analyses of attention
heads (Michel et al., 2019; Voita et al., 2019), we
test which depth routes the trained model relies on
by masking selected sources at evaluation time.
For each training seed and BLiMP linguistic cat-
egory, let Ay be unmasked ATTNRES accuracy
and Ap be the paired baseline accuracy. Let Ay
be ATTNRES accuracy when we mask nonrecent
completed-block sources. Specifically, in an AT-
TNRES model, the most recently completed route
block has age 1, the preceding block has age 2,
and so on. We mask nonrecent completed-block

Unlike the category analysis in the previous section,
which used the 100M trajectories, every quantity in this sec-
tion comes from the final 10M models; their exposure of
roughly 90M words is unrelated to the 100M track’s 90M
checkpoint.
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Figure 4: Nonrecent-route dependence across the 13 BLiMP linguistic categories. Points average three training
seeds. Vertical whiskers show the range across five fixed random-mask draws after averaging each draw across
training seeds, not a training-seed confidence interval. Panel (a) compares the cost with unmasked ability above
chance, while panel (b) compares it with the ATTNRES gain over the paired baseline. Draw-level values are

reported in table C1.

sources with age at least 2, while retaining the em-
bedding, the current partial block, and the most
recently completed block. We set the logits of
masked sources to —oo before the depth-wise soft-
max, so the weights of the remaining sources are
renormalized to sum to one. For control draw d,
let AR q be accuracy after masking the same num-
ber of randomly chosen completed-block sources,
with the most recently completed block also el-
igible for masking. Let Ar be the mean accu-
racy over five fixed random-mask draws. Each
draw masks, at every target sublayer, the same
number of completed-block sources as the non-
recent mask at that sublayer. We run this analy-
sis on BLiMP because its 13 linguistic categories
support category-level contrasts and its zero-shot
format is cheap to re-evaluate under every mask.
The remaining suites are reported at endpoint in
table 3.
We report three analysis measures:

absolute ability = Ay — 50, @)
relative gain = Ay — Ap, (8)

nonrecent masking cost = Arp —An.  (9)

Absolute ability measures unmasked performance
above the 50% chance level. Relative gain com-
pares unmasked ATTNRES with its paired base-
line. Nonrecent masking cost compares the non-
recent mask with count-matched random mask-
ing. We compute these measures within each train-
ing seed and linguistic category before averaging
across seeds.

6.2 Nonrecent Sources Affect Predictions

Masking nonrecent completed-block sources is
more damaging than masking the same number of
randomly selected sources. Overall BLiMP accu-
racy falls from 68.5% without masking to 55.1%
under nonrecent-source masking and 57.9% un-
der count-matched random masking. The equally
averaged excess cost across the 13 categories
is approximately 2.93 percentage points.” The
category-specific nonrecent masking costs range
from 0.02 to 6.42 percentage points, as detailed in
table 4. Because the intervention directly changes
the available routes in a trained ATTNRES model,
it shows that nonrecent sources make a causal
contribution to that model’s predictions.

In fig. 4a, nonrecent masking cost increases
with the model’s absolute ability above chance.
Using the mean nonrecent masking cost across the
five random masks, the Pearson correlation across
the 13 categories is » = 0.600. This relation-
ship suggests a headroom effect: categories with
stronger unmasked performance can show a
larger measurable masking cost. When each ran-
dom mask is analyzed separately, the correlations
range from 0.156 to 0.842, so the exact strength
depends on the random control.

6.3 Route Dependence and Relative Gain

We find no clear evidence of a positive associa-
tion between nonrecent-route dependence and the

"The count-weighted average cost is 2.80 percentage
points.



BLiMP category Ability Gain Nonrecent cost
Anaphor agreement 36.91 —1.01 6.42 £3.72
Argument structure 18.99 1.61 3.57£0.86
Binding 1822 0.11 0.15 £0.27
Control and raising 14.15 1.12 1.66 £0.23
Determiner—noun agreement 36.60 0.64 5.09 £ 1.02
Ellipsis 17.73  1.00 0.43 £0.98
Filler—gap dependency 19.52 1.75 3.77 £0.55
Irregular forms 36.00 —1.21 3.68 £ 4.08
Island effects 1.15 —1.67 0.02 +0.92
NPI licensing 1.95 —3.45 392+192
Quantifiers 29.76 —2.71 6.38 £2.87
S-selection 28.40 1.06 1.79 £ 0.66
Subject—verb agreement 1634 042 1.21 £0.76

Table 4: Routing contrasts for the final 10M L32 mod-
els, in percentage points. Ability is Ay — 50, gain is
Ay — Ap, and nonrecent cost is Az — Ay. The first
two columns are means over three training seeds. The
final column reports the mean £ sample standard devia-
tion over five fixed random masks after averaging each
mask over training seeds.

ATTNRES gain over the baseline on BLiMP. Us-
ing the mean nonrecent masking cost across the
five random masks, the Pearson correlation across
the 13 categories in fig. 4b is r = —0.326. The
individual-draw correlations range from —0.532
to 0.058. Therefore, categories that rely more on
nonrecent routes are not necessarily the categories
with larger ATTNRES improvements over the base-
line.

7 Conclusion

ATTNRES consistently improves held-out lan-
guage modeling in data-limited BabyLM train-
ing while adding less than 0.1% parameters.
Under the shared training recipe, it lowers test
NLL in all nine paired endpoint comparisons at the
same training exposure. We further separate static
routing from input-dependent routing: in the 10M
L32 setting, ATTNRES also achieves lower test
NLL than static routing in all three paired seeds.
Its positive NLL advantage over most of training
provides evidence of greater sample efficiency, al-
though it takes 1.64 times as long per update as
the baseline in our implementation. Moreover, the
16-layer ATTNRES model approximately matches
the 32-layer baseline’s test NLL with 46% fewer
parameters.

These language-modeling gains do not pro-
duce a broad downstream advantage. FEnd-
point benchmark differences between ATTNRES
and baseline models are small and mixed. The
same holds for ATTNRES versus static routing

on the zero-shot suites. The overall BLiMP ad-
vantage observed at equal exposure disappears at
within-seed matched dev NLL.

The trained ATTNRES models nevertheless
make causal use of nonrecent completed-block
sources. Masking them is more damaging than
masking the same number of randomly selected
sources. However, we find no clear evidence that
categories with greater dependence on nonrecent
sources achieve larger BLIMP improvements over
the baseline.

Limitations

All comparisons use three paired training seeds, so
the reported standard deviations and ranges are de-
scriptive and do not support fine-grained signifi-
cance claims. In the 100M category analysis, we
exclude the 80M and 90M ATTNRES checkpoints
because their dev NLL is below the range of the
first-epoch baseline checkpoints.

We evaluate static routing only in the 10M L32
setting, using three seeds. We use the same opti-
mization settings for all model variants rather than
tuning each variant separately. Our runtime mea-
surements compare update speed; we did not train
the models for the same amount of GPU time.

At each routing site with completed-block
sources, the nonrecent mask retains only the
most recently completed block. The random con-
trol masks the same number of completed-block
sources at that site, leaving one randomly selected
block. The two masks are identical when the ran-
dom control retains the most recent block.

The random masking control matches the num-
ber of sources masked by the nonrecent interven-
tion, but not their routing probability mass or ex-
pected severity. The routing intervention applies
only to the final 10M L32 ATTNRES models and
establishes causal use within those models.
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Component Strict-small 10M

Strict 100M

Training data

Official BabyLM 2026 training split

Official BabyLM 2026 training split

Tokenizer 16k-vocabulary byte-level BPE 16k-vocabulary byte-level BPE
Context length 512 tokens 512 tokens

Width and heads d = 512, 8 heads d = 512, 8 heads

Depths L16 and L32 L32

Shared architecture RMSNorm, SwiGLU 8/3, RoPE, attention gate RMSNorm, SwiGLU 8/3, RoPE, attention gate
Dropout 0.1 0.1

Route block size 4 sublayers at L16; 8 sublayers at L32 8 sublayers

Sampler shuffled nonoverlapping windows shuffled nonoverlapping windows
Microbatch / accumulation 8/64 16/32

Tokens per update 262,144 262,144

Updates 471 4,797

Optimizer AdamW AdamW

Peak / minimum learning rate 6 x 104 /6 x 10~° 6x107%/6x107°

Adam (1, 52 0.9, 0.95 0.9, 0.95

Weight decay 0.1 0.1

Schedule 40-update warmup, then cosine decay 100-update warmup, then cosine decay

1337, 1338, 1339
final checkpoint

Training and sampler seeds
Endpoint selection

1337, 1338, 1339
final checkpoint

Table Al: Experimental configuration. The L16 AttnRes block contains two Transformer layers, and the L32
block contains four Transformer layers. Both settings therefore expose eight completed route blocks over the full

network.

Alex Warstadt, Alicia Parrish, Haokun Liu, Anhad Mo-
hananey, Wei Peng, Sheng-Fu Wang, and Samuel R.
Bowman. 2020. BLiMP: The benchmark of linguis-
tic minimal pairs for English. Transactions of the As-
sociation for Computational Linguistics, 8:377-392.

Biao Zhang and Rico Sennrich. 2019. Root mean

square layer normalization. Advances in neural in-
formation processing systems, 32.

A Experimental Configuration

Table A1 reports the complete training configura-
tion. Values in each track column apply to every
model variant unless the row states otherwise.

B Checkpoint Results

Table B1 records the 10M L32 checkpoint results
used in the main text.

Seed Peak AL Peak Matchedn Matched AB PAVA
1337 0.1703 30M 15 —0.382 yes
1338 0.1648 20M 15 —0.290 no
1339 0.1164 20M 16 —0.281 no

Table B1: Summary of the 10M L32 checkpoint anal-
yses. Peak values are in nats, and matched AB is the
mean over all valid matched checkpoints, in percentage
points. Matched n counts the ATTNRES checkpoints,
out of 19, that have a valid estimate after matching
within the seed on dev NLL (section 5.3). The final
ATTNRES checkpoint falls below the minimum base-
line dev NLL in every seed.

C Random-Mask Control Variability

The five draws vary only the randomly masked
sources. Their range gives the vertical whiskers
in fig. 4.
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BLiMP category Ay —50 Ay —Ap Drawl Draw2 Draw3 Drawd4 Draw5 Ap— Ay

Anaphor agreement 36.91 —1.01 5.21 10.74 3.23 2.93 10.01 6.42
Argument structure 18.99 1.61 4.04 2.78 2.66 3.66 4.70 3.57
Binding 18.22 0.11 0.05 0.52 032 —-0.19 0.07 0.15
Control and raising 14.15 1.12 1.78 1.99 1.53 1.42 1.58 1.66
Determiner—noun agreement 36.60 0.64 5.25 4.30 4.27 4.87 6.77 5.09
Ellipsis 17.73 1.00 —-1.12 0.17 0.67 1.21 1.25 0.43
Filler—gap dependency 19.52 1.75 2.95 4.25 3.43 4.05 4.14 3.77
Trregular forms 36.00 —1.21 7.34 0.81 —1.07 2.94 8.37 3.68
Island effects 1.15 —-1.67 0.50  —0.06 0.31 0.86 —1.51 0.02
NPI licensing 1.95 —3.45 5.22 2.63 3.07 6.62 2.08 3.92
Quantifiers 29.76 —2.71 9.78 477 2.37 7.18 7.81 6.38
S-selection 28.40 1.06 1.43 2.09 1.27 1.36 2.83 1.79
Subject—verb agreement 16.34 0.42 0.30 2.09 0.94 0.80 1.90 1.21

Table C1: Complete routing intervention audit over 13 BLiMP linguistic categories. Each value is first averaged
across three training seeds. Draw columns report Ag 4 — Ay for five fixed draws of count-matched random
masking, in percentage points. The final column is their mean, Ag — Ay.

D Runtime Measurement Protocol

We tested the three strict-small L32 models on the
same RTX 3090. We used PyTorch 2.7.1+cul28,
BF16 autocast, and torch.compile. Each opti-
mizer update accumulates gradients over 64 micro-
batches of eight 512-token sequences.

We repeat the benchmark three times for each
model and vary the model order across runs. Each
run uses 10 warmup updates followed by 20 timed
updates. We synchronize CUDA before and after
each timed update.

One timed update includes the forward and
backward passes, gradient clipping, and the fused
AdamW update. We use synthetic inputs already
on the GPU. Timing excludes input generation and
transfer, compilation, validation, and checkpoint
writing.
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