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Abstract

In the small-data regime of the BabyLM Chal-
lenge, a model’s architecture still shapes what
it learns. We ask how much an inductive bias
toward recurrence helps, and whether current
benchmarks can detect that help. Our model
adapts the Hierarchical Reasoning Model, a
small recurrent puzzle-solver that reuses one
shared block many times per token instead of
stacking more layers. We make three changes
to turn it into a language model: a sequence-
mixing layer that can carry order-dependent
state, a gate on one of the two connections be-
tween its modules, and a tunable number of re-
current cycles. The result matches a parameter-
matched GPT-2, and we use it to study three
questions. Q1: recurrence buys depth with-
out adding parameters. On a controlled state-
tracking task, running more cycles of the same
weights tracks longer sequences, even when
the extra cycles are added only at inference.
Q2: the advantage is largest where data is
scarcest. HRM-rec leads GPT-2 on BLiMP at
10M words, ties at 100M, and, trained to con-
vergence, still leads at 3B tokens (out of bud-
get, where data and tokenizer also change). Q3:
the benchmark meant to reward state-tracking
cannot see it. A null model that never reads
the puzzle outscores every trained model on
entity_tracking, because 28.5% of its
items reveal the answer in the option list and ev-
ery trained model is at chance on the rest. Gains
on that task measure how well a model has
learned the frequency of one answer. Because
the suite misses a capability we can demon-
strate directly, we recommend pairing bench-
marks with controlled architectural probes.

1 Introduction

The BabyLM Challenge (Warstadt et al., 2023;
Charpentier et al., 2025) asks how far language
models can be pushed under a developmentally
plausible data budget. Many entries focus on maxi-
mizing benchmark scores. We use the setting differ-
ently: to measure how much architectural inductive
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Figure 1: Per-task gap between HRM-rec and GPT-
2 (points, HRM-rec minus GPT-2) on the zero-shot
tasks across data scale, with both models trained to
convergence (parameter-matched; caveats in §4). The
durable advantage is on BLiMP. The reasoning-flavored
tasks (entity, EWoK, reasoning suite) sit near zero.

bias helps at small data scale and whether current
benchmarks can detect it. We adapt a recurrent
puzzle-solver into a competitive language model,
then use it to study three questions about inductive
bias, data scale, and benchmark validity.

Our starting point is the Hierarchical Reasoning
Model (Wang et al., 2025), HRM for short, a 27M-
parameter network built for symbolic puzzles such
as Sudoku. Instead of stacking layers, HRM applies
one small shared block many times per token, so
its depth comes from recurrence rather than from
parameters. It has two copies of that block. A fast
module runs several times in a row, then a slow
module reads the result and runs once, and this
outer loop repeats. We call one pass through the
loop a cycle and write Ly for the number of fast
passes per outer step. Only the final pass receives
a gradient. §2 gives the details.
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HRM was built for puzzles, and, like Wang et al.
(2026), we adapt it to language. We make three
changes (§3). We replace its attention layers with
a delta-rule mixer, a sequence-mixing layer that
can carry order-dependent state (Yang et al., 2024,
2025). We gate the hand-off from the slow module
to the fast one, and only that direction. And we
tune the number of recurrent cycles. Together these
raise BLiMP from 60.0 to 68.6 at 10M words and
bring the model level with a parameter-matched
GPT-2 (18 layers, ~140M). The directional gate
is the main architectural detail: gating only the
slow—fast hand-off adds 2.5 BLiMP points over
gating both directions (§5.1). We treat HRM-rec’s
extra compute per token as part of the inductive
bias under study. We then use the model to study
three questions:

1. Q1: recurrence as free depth. Tracking state
across a sequence of order-dependent opera-
tions needs a depth that grows with the se-
quence. On a controlled state-tracking task,
unrolling the recurrence for more cycles ex-
tends the length over which HRM-rec tracks
state, at no parameter cost. Because the cy-
cle count is set at inference, the same weights
track longer sequences when given more cy-
cles. A fixed-depth transformer has no equiv-
alent setting (§5.2).

2. Q2: inductive bias across data scale. We
compare against GPT-2 at four data scales,
two inside the BabyLM budget (10M and
100M words) and two outside it (1B and 3B
tokens, where data and tokenizer also change).
The BLiMP advantage peaks at 10M, becomes
a tie at 100M, and, once both models are
trained to convergence, persists out to 3B to-
kens (§5.3, Fig. 1).

3. Q3: architecture as a benchmark audit.
entity_tracking is the one BabyLM
task that targets state-tracking. We show that
most of its score comes from items whose
option list reveals the answer, and that every
model is at chance on the rest. Gains on it
reflect how well a model has learned the fre-
quency of one answer, which we call calibra-
tion (§5.4). This extends earlier critiques of
the BabyLM evaluation pipeline (Pdpusoi and
Nisioi, 2025; Hu et al., 2024), and we pair
the audit with the controlled probe of Q1 as a
general validity check.

Together these place the recurrent bias where
data is scarcest, and show that its clearest benefit
(BLiMP) is not the one the state-tracking bench-
mark reports. This runs against the expectation
from the bitter lesson (Sutton, 2019) that generic
architectures win. We also report a negative con-
trol: mixing synthetic reasoning traces (PleIAs and
Al Alliance, 2025) into a fixed word budget lowers
BLiMP and improves nothing else (§5.6). Code,
configs, and the scaling harness are released.

2 Background and Related Work

Recurrence and weight sharing. Recurrence
and weight sharing (Lan et al., 2020; Dehghani
et al., 2019) trade parameters for compute. Adap-
tive computation (Graves, 2016; Banino et al.,
2021), gated recurrence (Parisotto et al., 2020),
and looped transformers (Giannou et al., 2023;
Schwarzschild et al., 2021) all iterate a shared
block. The looped-transformer work shows that
recurrent depth drives length extrapolation, which
is the closest prior result to our finding that more
cycles extend the sequence length over which the
model tracks state (§5.2). Within BabyLLM, gated-
linear RNNs match or beat transformers at 10—
100M words (Haller et al., 2024), as do linear-
attention mixers (Haller et al., 2025) and linguis-
tically gated RNNs (Chesi et al., 2024). We add
a hierarchical-recurrent model, a mechanistic ac-
count of how recurrence extends state-tracking, and
evidence on how its BLiMP advantage varies with
data scale.

The Hierarchical Reasoning Model. Distinct
from that RNN lineage, HRM (Wang et al., 2025)
is a ~27M-parameter recurrent reasoner that solves
algorithmic puzzles (Sudoku, maze navigation,
ARC) on which much larger chain-of-thought trans-
formers stumble. It couples two weight-shared
transformer modules at different timescales: a fast
module L with hidden state z;, and a slow mod-
ule A with hidden state zg. In each outer cycle
the fast module updates Ly times against a fixed
zg. The slow module then reads the settled fast
state and updates once. There are Hy. such outer
cycles per token, so the unrolled network is many
times deeper than its layer count. HRM trains with
a one-step gradient: only the final inner step is
backpropagated through, and a warmup grows this
backpropagated depth over training. The original
modules use softmax attention and pass state to
each other by plain addition in both directions. We
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revisit both choices at BabyLM scale (§3). Re-
productions have questioned how much of HRM’s
puzzle results comes from the H/L hierarchy rather
than from its refinement loop and task augmenta-
tion, so we isolate the hierarchy with an ablation
(§5.1) and a synthetic probe (§5.2).

Delta-rule mixers and state tracking. A se-
quence mixer is the layer that moves information
between positions, whether softmax attention or
a linear-time recurrent alternative. Diagonal state-
space models and vanilla linear attention provably
cannot track non-commutative state, that is, quan-
tities whose value depends on the order of opera-
tions, such as the result of a sequence of swaps (Gu
and Dao, 2024; Dao and Gu, 2024; Merrill et al.,
2024; Liu et al., 2023). Delta-rule mixers do not
have this limitation. DeltaNet (Yang et al., 2024)
uses a per-step state transition that is a generalized
Householder reflection, and its gated variant adds a
decay term (Yang et al., 2025). Allowing negative
eigenvalues in that transition unlocks parity and
simple permutations (Grazzi et al., 2025). That line
of work characterizes what a single mixing layer
can represent when trained directly on the formal
task. We use these mixers inside the H/L. modules
via flash-linear-attention (Yang and Zhang, 2024)
and show that recurrent depth also extends tracking
length, on top of a fixed mixer.

Inductive bias versus scale. The bitter lesson
(Sutton, 2019) and scaling laws (Kaplan et al.,
2020; Hoffmann et al., 2022) characterize the
large-data limit where generic architectures win.
At the small-data end the most reliable BabyL.M
wins have been architectural (ELC-BERT (Char-
pentier and Samuel, 2023), GPT-BERT (Charp-
entier and Samuel, 2024)), while curriculum and
data-ordering tricks have repeatedly underdeliv-
ered (Warstadt et al., 2023). Our negative SYNTH
control (§5.6) fits that pattern. Our question is or-
thogonal to leaderboard position: how the value
of an architectural prior changes with budget, and
whether the evaluation protocol can measure it.

Evaluation validity. Benchmarks can reward
spurious signal (Gururangan et al., 2018; Bow-
man and Dahl, 2021). Partial-input baselines an-
swer multiple-choice questions without reading the
question (Balepur et al., 2024), and scoring op-
tions by raw summed log-probability favors short
options (Brown et al., 2020; Gao, 2021). Both
are directly relevant to the BabyLM zero-shot
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Figure 2: HRM-rec. Two weight-shared transformer
stacks, a fast module L and a slow module H: L iter-
ates Ly times against a fixed I state, then H updates
once, for Hy outer cycles under a truncated one-step
gradient. Circled numbers mark our three modifica-
tions to HRM: (D) a GatedDeltaNet mixer replaces soft-
max attention; (2) a directional slow—fast hand-off
gate (red) replaces the symmetric additive injection (the
fast—slow hand-off z, stays additive); 3) the fast-cycle
recurrence depth L., . becomes a tunable setting.

tasks, which compare log-probabilities of candi-
date strings (Warstadt et al., 2020; Kim and Schus-
ter, 2023; Gao et al., 2024). At developmental
scale, Papusoi and Nisioi (2025) show that a model
emitting identical logits for every input scores max-
imally, not at chance, on BLiMP, and Hu et al.
(2024) trace inflated EWoK scores to a fixed la-
bel assigned on probability ties (since randomized).
We extend these critiques to the previously unau-
dited entity_tracking with a puzzle-blind
null model and a score decomposition that exposes
a choices-only giveaway (§5.4).

3 Model: HRM-rec

HRM-rec uses a GPT-2-small-sized block (12 lay-
ers, d=768, 12 heads), split 6+6 across H and L
(Figure 2). Token embeddings enter the fast mod-
ule L, the two modules exchange state as described
in §2, and the slow module’s final state feeds the
language-model head. We make three changes to
turn the puzzle-solver into a language model, de-
scribed below with their rationale. §5.1 reports the
evidence.

* GatedDeltaNet mixer: we replace softmax
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attention in the H/L modules with Gated-
DeltaNet. The rationale is the state-tracking
expressivity reviewed in §2: delta-rule tran-
sitions can represent non-commutative state
that diagonal mixers cannot.

* Directional hand-off gate: HRM’s modules
exchange state by plain addition, z < 2z + inj,
in both directions. We replace one of these ad-
ditions with a learned hand-off gate. Writing
z for the receiving module’s current state and
y for the incoming state from the other mod-
ule, the gate returns a convex combination

gate(z,y) = (1-g) Oz +g0y, (1)

where g € [0, 1]¢ is computed from [x;y] by
the GRU-style gate of Parisotto et al. (2020).
Its parameters (~3.5M) are included in the
reported count. The gate is directional: only
the slow—fast hand-off is gated, so within
each inner step the two modules update as

2L — L(gate(zL, zH)),zH — H(zH + zL),

2

with L, H the fast and slow stacks. Keeping
the fast—slow direction additive matters: gat-
ing it instead hurts (§5.1).

* Recurrence depth: in the unmodified HRM,
changing the number of fast-module cycles
Ly does not change BLiMP. With the mixer
and gate in place it does. Ly, is set at training
time and can be changed at inference. §5.1
quantifies the gain and §5.2 explains its mech-
anism.

4 Experimental Setup

Data and tracks. We adopt the 2025/2026
BabyLM setup (Warstadt et al., 2023; Charpentier
et al., 2025): the Strict and Strict-Small tracks cap
training data at 100M and 10M words, and own
data may be substituted within the budget. The
corpus is a detoxified mix of transcribed speech
and accessible text (CHILDES, BNC, Gutenberg,
OpenSubtitles, etc.); we use it with the official
16,384-token BPE tokenizer at the developmental
scales.

Models. Both models share the d=768, 12-head
width of §3. The GPT-2 baseline is a standard
causal transformer, sized to parameter-match HRM-
rec at 18 layers (140.9M parameters). HRM-rec

is the final configuration selected by the abla-
tions (§5.1, Table 1): GatedDeltaNet mixer (head
dim 128), slow—fast hand-off gate, H.y.=2 and
Lcyc=5, at 140M parameters. The two models
share width, tokenizer, data, and training recipe,
so any difference isolates the recurrent bias. For
the same reason we compare against a standard
causal-LM baseline rather than the strongest leader-
board entry. Higher-scoring BabyLLM systems such
as GPT-BERT (Charpentier and Samuel, 2024)
change the training objective (masked + causal),
which would confound the architectural question.
Our claims are about the effect of the bias, not
about leaderboard rank.

Training. Both models train in bf16 with a co-
sine learning-rate schedule and warmup, using
the optimizer of their reference implementation
(AdamW for GPT-2; adam_atan?2 with a weight
EMA of 0.999 for HRM-rec, following HRM). Ev-
ery in-budget run trains for ten epochs over its
corpus (100M words seen at Strict-Small, 1B at
Strict), our convention rather than a track rule. Se-
quence length is 256, with an effective batch of
16 at 10M words and 64 at 100M, chosen by a
small sweep. For HRM-rec, the depth that receives
gradient grows over the first ~20% of steps (the
HRM warmup of §2). Full hyperparameters are in
App. A.

Out-of-budget scaling. The scaling study (§5.3)
departs from the BabyLM budget. It uses a 32,768-
token BPE tokenizer trained on FineWeb-Edu
(Penedo et al., 2024) and SYNTH (PlelAs and Al
Alliance, 2025), sequence length 1024, and a to-
ken budget (1B or 3B) rather than an epoch count.
Natural runs use FineWeb-Edu, and mixed runs
interleave 50% SYNTH at the word level. Both
models train with a matched learning rate and a full
cosine anneal to convergence.

Evaluation. Models are assessed zero-shot with
the official BabyLM pipeline, which scores each
item by whether the model assigns higher proba-
bility to the correct member of a minimal pair or
to the correct continuation. The tasks are BLiMP
(Warstadt et al., 2020) and BLiMP-Supplement
(grammar), COMPS (Misra et al., 2023) (concep-
tual property knowledge), EWoK (physical and
social world knowledge), and Entity Tracking
(Kim and Schuster, 2023) (discourse state). WUG
and Reading are absent from our pipeline ver-
sion. At the out-of-budget scales we add a reason-
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Step BLiMP
HRM (softmax attn., additive inj.) 60.0 £ 0.5
+ GatedDeltaNet mixer 62.2+0.3
+ gated injection (both directions) 63.6 = 0.3
+ directional gate (slow—fast) 66.1 +£0.9
alt: gate fast—slow only 62.7+ 1.1
+ tuned learning rate (hyperparameter)  67.2 £ 0.2
+ recurrence depth (Lcyc=5) 68.6 0.7
—hierarchy: flat recurrent stack 55.8£0.3

Table 1: Architecture ablation on Strict-Small (10M
words). The cumulative path (single indent) runs from
unmodified HRM (60.0) to the final model (68.6), each
step separated by non-overlapping error bars. The gat-
ing step is directional: slow—fast (66.1) beats both-
directions (63.6), while the reverse hand-off alone (alt,
off-path) hurts (62.7). The learning-rate step (italics) is
a hyperparameter change. The last row removes the H/L
hierarchy from the final model at matched parameters
and compute (a single recurrent GatedDeltaNet stack),
collapsing BLiMP to 55.8.

ing suite (ARC-easy and ARC-challenge, Open-
BookQA, HellaSwag, PIQA, CommonsenseQA,
WinoGrande) scored by length-normalized accu-
racy in the LM Evaluation Harness (Gao et al.,
2024). The pipeline also fine-tunes each model on
subsampled (Super)GLUE (BoolQ, MNLI, QQP,
MRPC, MultiRC, RTE, WSC; §5.5).

Comparability. We not that the models are
parameter-matched (~140M each in budget), but
HRM-rec spends roughly Hcyc X Lcyc more com-
pute per token, so a compute-matched comparison
would be less favorable to it. Distribution shift:
the out-of-budget points change data and tokenizer
along with scale, so they show only whether the
in-budget advantage persists under a different data
distribution. All in-budget results (10M/100M)
models were trained over three seeds. We report
mean and standard deviation. Out-of-budget runs
are single-seed for cost.

5 Results

5.1 Architecture Ablation

We ask what each of the three changes of §3 con-
tributes.

Setup. All ablations run on the 10M-word Strict-
Small track (BLiMP) and follow a cumulative mod-
ification path from the unmodified HRM.

Delta-rule mixing. Replacing softmax attention
in the H/L. modules with GatedDeltaNet gives +2.2
BLiMP.

Directional gating. Gating both directions with
the hand-off gate of Eq. 1 helps (41.3), but the
two directions behave differently (Table 1, alf row).
Gating the slow—fast hand-off helps, while gat-
ing the fast—slow hand-off hurts. Removing the
harmful gate therefore yields +2.5 BLiMP over the
both-directions design. The fast module benefits
from admitting high-level state selectively, while
the slow module does better integrating the fast
module’s output unfiltered. Monea et al. (2026)
describe a similar division of labor, in which a
state-holding component and a predicting compo-
nent are kept separate, and the directional gate is a
recurrent instance of it.

Recurrence depth. With the mixer and gate in
place, the number of fast-module cycles matters.
Raising Ly from 3 to 4 to 5 lifts BLIMP from
67.2 to 67.3 to 68.6. In the unmodified HRM it
made no difference. §5.2 explains why.

Removing the hierarchy. The path above adds
modifications within the H/L hierarchy. Reproduc-
tions of HRM question whether the hierarchy itself
matters (§2), so we also train a control without it: a
single GatedDeltaNet stack of the same 12 layers,
iterated the same number of times with the input
added back at each iteration, in the style of the
Universal Transformer. This control has the same
parameters and the same effective depth as the final
model. It reaches only 55.8 4= 0.3 BLiMP, below
even the unmodified hierarchical HRM (60.0) and
12.8 points under the final model.! It also fits the
training data worse throughout training (train per-
plexity ~22 vs ~10), so the flat stack already falls
behind during optimization.

5.2 Q1: Recurrence as Free Depth

QI asks whether unrolling the weight-shared recur-
rence buys effective depth: longer state tracking at
the parameter cost of a single layer. State-tracking
is the natural test for a recurrent model. Following
a sequence of order-dependent operations requires
a composition depth that grows with the sequence
length. HRM’s outer loop supplies that depth by
applying its shared block again and again. A fixed-
depth transformer has to fit the same work into a
fixed number of layers.

Setup. The task is to follow five objects being
shuffled. Each input token is one permutation of

!Stable across learning rates {1.5,3,6} x 107*: 55.5—
56.7.
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model L*

bare GatedDeltaNet 24+0
HRM-rec, cye (2,3) 87+1
HRM-rec, cyc (2,5) 11146

Table 2: State-tracking on S5 (|S5|=120): L* (train
128, test 512), mean=+std over 3 seeds. Cycle counts are
(Hoye, Leyc). With the mixer held fixed, each increase
in cycle count extends L*, at low seed variance.

five positions (a generator of the permutation group
Ss), and at every position the model predicts the
arrangement that results from applying all permu-
tations so far, in order. Because permutations do
not commute, the model has to carry an exact or-
dered state through the sequence, the bookkeeping
a diagonal mixer cannot do. Models train on se-
quences of length 128 and are tested on sequences
of length 512. We report L*, the longest prefix
tracked at floored cumulative accuracy > 0.5: how
far into a test sequence the model keeps the running
product correct before accuracy decays to chance.
Results are means over three seeds. All models
use the same GatedDeltaNet mixer, so any gain
is attributable to the recurrence. Cycle counts are
written as (Heye, Leyc).

Results. With the mixer fixed (Table 2), each in-
crease in cycle count extends L*: 24 for the bare
mixer, 87 at cycles (2,3), and 111 at (2,5), with
non-overlapping seed ranges. Each extra cycle ap-
plies the mixer’s state transition once more before
the prediction, composing one further permutation
into the carried state. A deeper stack would do the
same work with additional layers. This explains
why Ly affects BLIMP once the mixer is in place

(85.1).

Changing cycles at test time. Larger Ly al-
lows us to increase the compute after training dur-
ing inference. We re-evaluate the probe, trained at
Lyc=5, at more cycles without retraining (Fig. 3,
left). Sequence accuracy at the training length rises
from 0.34 to 0.75 at L.y.=8, and length 192, un-
solved at the trained depth, reaches 0.24, in all three
seeds. Past a length-dependent optimum, further
cycles hurt.

State tracking improvements to not convert to
the BabyLM grammar benchmarks. A 10M-word
LM trained at L.y.=4 holds BLiMP flat as infer-
ence cycles rise from 4 to 5 and declines slowly
beyond that (Fig. 3, right). We read the decline
as a train/test depth mismatch, since the LM was

State-tracking Grammar (BLiMP)

70 1
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Figure 3: Changing the number of recurrence cy-
cles at test time, on the same weights. Left: the
state-tracking probe, trained at L.y.=5 (dotted), re-
evaluated at more cycles. Sequence accuracy at length
128 (3-seed mean-+sd) rises to an optimum and then
falls. Right: a 10M-word LM trained at L.y.=4,
evaluated on BLiMP at L.,.=4/5/6/8/12, scores
67.3/67.3/66.8/66.4/65.1. Extra test-time cycles im-
prove state-tracking and leave BLiMP unchanged.

optimized at one depth, and not as evidence about
grammar in either direction. Extra inference com-
pute pays off only where the mechanism applies, on
state-tracking length, and a fixed-depth transformer
such as GPT-2 has no equivalent setting.

This result also separates Q1 from Q2. If the
state-tracking the probe measures drove BLiMP,
the cycles that extend L* should raise BLiMP too,
and they do not. We conjecture that both reward ef-
fective depth, but why unrolled depth helps BLiMP
specifically remains open. Geiping et al. (2025)
report the same split in a larger LM, where added
recurrent depth helps some capabilities and not oth-
ers. Whether the formal state-tracking isolated here
transfers to natural-language phenomena that plau-
sibly need it, such as long-distance agreement or
coreference, is untested here and, to our knowledge,
open.

5.3 Q2: The Recurrent Advantage Across
Data Scale

Q2 asks how the recurrent advantage changes with
data scale.

Setup. We compare HRM-rec (L¢y.=5) against
GPT-2 at matched parameters across four data
scales: in budget (10M/100M words, official cor-
pora and tokenizer) and out of budget (1B/3B to-
kens, FineWeb-Edu with the 32k tokenizer; §4).
Evaluation uses the BabyLM zero-shot suite and,
at the larger scales, the normalized-accuracy rea-
soning suite.
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scale model BLiMP gap
10M words GPT-2 67.0£0.3
HRM-rec 68.6+0.7 +1.6
100M words  GPT-2 75.3+£1.3
HRM-rec 75.8+0.8 +40.5
1B tokens GPT-2 71.3
HRM-rec 78.4 +7.1
3B tokens GPT-2 76.0
HRM-rec 79.7 +3.7

Table 3: BLiMP accuracy by data scale. Top two rows
(10M/100M words): BabyLM corpus, 16k tokenizer,
3 seeds. Bottom two (1B/3B tokens): out-of-budget,
FineWeb-Edu with a 32k tokenizer, trained to conver-
gence (matched LR, full cosine anneal), one representa-
tive seed per model (three-seed means for 1B are given
in the text). Comparability caveats in §4.

Results. Table 3 traces the BLiMP gap across
scale. HRM-rec leads at 10M words (+1.6), ties
at 100M (+4-0.5), and, once both models are trained
to convergence, stays ahead at 1B and 3B tokens.
The table lists one seed per model at the out-of-
budget points, matching Fig. 1. At 1B, where we
ran three seeds per model, the means are HRM-rec
76.6 vs GPT-2 73.5 (43.1) with non-overlapping
seed ranges, a smaller gap than the single seed’s
+7.1 but in the same direction.

The advantage is specific to BLiMP. BLiMP tests
core morphosyntax, whereas BLIMP-Supplement
is dominated by lexical-semantic and pragmatic
phenomena (hypernymy, question—answer congru-
ence, turn taking) where extra compositional depth
has no obvious role. GPT-2 leads Supplement at
both in-budget scales (60.9 vs 56.1 at 10M, 62.2
vs 60.5 at 100M). Supplement is also the noisier
set (seed std 1.1 vs 0.7 for BLIMP).

Within every budget this setting can spend, scale
does not reverse the recurrent advantage. Any
crossover is deferred past that range. Nor does
the advantage reduce to added capacity. The di-
rectional gate removes parameters yet gains +2.5
BLiMP (§5.1). Raising Ly from 3 to 5 adds no
parameters and gains +1.4. And at matched param-
eters the gap shrinks with data, from +1.6 at 10M
to +0.5 at 100M, and at 100M the two models are
close on all five in-budget tasks (App. C). The re-
current design improves sample efficiency, and its
BLiMP advantage is largest where data is scarcest.

54 Q3: What entity tracking Measures

The probe (§5.2) showed directly that recurrence
buys state-tracking. entity_tracking is the
only suite task that claims to measure this ability. .
We measure whether in a language modeling setup
the same improvements are transferable.

Setup. entity_tracking (Kim and Schus-
ter, 2023) describes objects being placed in and
moved between numbered boxes, then asks which
objects a given box holds. Each item offers a list
of candidate answers, and the pipeline scores each
candidate string by its log-probability under the
model. We build a puzzle-blind null model that
never reads the box-state description: if nothing
is among the options it answers nothing, other-
wise it guesses uniformly. On the 3,152 items the
BabyLM pipeline ships, nothing appears only as
the correct answer and never as a distractor. So on
the 28.5% of items whose answer is nothing, its
presence in the option list gives the answer away, a
choices-only artifact in the sense of Balepur et al.
(2024). On the other 71.5%, distractors are token-
length-matched to the correct answer by construc-
tion. We audit the subset the BabyLM pipeline
distributes and do not re-check the original release
of Kim and Schuster (2023).

Results. The null model scores an expected 43.3
under the official pipeline, which breaks ties at ran-
dom, above every trained model in this study. The
number follows from the split: the rule is correct on
all 28.5% giveaway items and at the 20% chance
rate on the rest, for 0.285 x 100 +0.715 x 20 ~ 43.
The best of our runs reaches 41.2. On the length-
matched items every trained model, whether GPT-2
or HRM-rec, 16k or 32k tokenizer, at any train-
ing stage, near the 20% chance floor (18-25%, Ta-
ble 4). Nearly all of the benchmark’s signal, and
all of its run-to-run variance, sits in the giveaway
subset. As a result, HRM-rec tracks state better on
the probe (§5.2) yet scores worse on the giveaway
items (43.0 vs 77.5).

Effect of training. We also compare two GPT-
2 checkpoints. One is undertrained: its learn-
ing rate was not annealed and its validation
perplexity was still falling. It scores 12.8 on
entity_tracking. The same model trained
to convergence scores ~31. The whole difference
is on the giveaway items. The converged model
answers nothing on 77% of them and the under-
trained checkpoint on almost none, while both are
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“nothing” matched
scale model (29%) (71%)
100M words  GPT-2 77.5 18.1
HRM-rec 43.0 22.6
3B tokens GPT-2 46.1 21.9
HRM-rec 35.0 24.6
null model (no puzzle) 100.0 20.0

Table 4: entity_tracking accuracy split into the
29% giveaway items (gold is nothing, never a distrac-
tor) and the 71% whose distractors are length-matched
to the gold (harness-faithful scoring). Every model is
near the 20% chance floor on the matched items; all
score and all cross-model variance come from the give-
away column. HRM-rec, which the probe (§5.2) shows
tracks state better, is worse at the giveaway (43 vs 77),
so the benchmark ranks it below GPT-2.

at chance on the length-matched 71% (Table 4).
Training therefore teaches the model how often
nothing is the answer. It does not teach it to read
the box contents. We refer to this as calibration.

Other checks. With both models trained to con-
vergence, HRM-rec and GPT-2 score the same on
entity_tracking (30.9 at 3B), and GPT-2 is
slightly ahead on the reasoning suite (33.8 vs 32.7,
App. E). The reasoning suite contains no state-
tracking task and both models are near chance on
it, so we do not draw conclusions from it. The
scoring rule adds a second problem. The pipeline
ranks options by summed token log-probability,
which favors short options (§2), and nothingis
the shortest. Length normalization (Gao, 2021) re-
moves this bias, but nothing still appears only
as a correct answer, and surface-form effects can
remain after normalization (Holtzman et al., 2021).
Normalizing the scores is therefore not enough to
fix the task.

5.5 Downstream Fine-Tuning

We fine-tune both models to check whether the re-
current architecture hurts downstream performance.
The BabyLM pipeline fine-tunes on subsampled
(Super)GLUE, and we run it on the 100M-word
models. A linear classifier is attached to the final-
token representation and the full model is fine-
tuned with the pipeline defaults. For HRM-rec
we expose the final hidden state of the recurrent
backbone through a thin encoder interface. HRM-
rec averages 69.5 and GPT-2 68.1 (per-task scores
in App. B). The two models are within one point
of each other on five of the seven tasks, and each

number comes from a single run, so we do not con-
sider the difference reliable. HRM-rec fine-tunes
about as well as a standard transformer.

5.6 Synthetic Reasoning Data

HRM was designed for reasoning tasks, so we test
whether HRM-rec benefits from training data that
contains reasoning traces.

Setup. At a fixed 10M-word budget we replace
25, 50, or 75% of the training data with SYNTH,
which consists of query — reasoning — answer
traces. One further run trains a 50% mixture to
convergence on 3B tokens (§4).

Results. BLiMP decreases as the SYNTH frac-
tion increases (App. D), and no other task improves,
whether we use the full reasoning traces or only
the question—answer pairs. An earlier run showed
an improvement on the question sub-tasks, but it
did not replicate. The 3B-token run gives the same
result: the 50% mixture has lower BLIMP and no
higher reasoning-suite score than the run without
SYNTH. The only score that SYNTH raises consis-
tently is entity_tracking, which is the task
that §5.4 found to reward calibration.

6 Conclusion

We adapted HRM, a recurrent puzzle-solver, into a
language model that matches a parameter-matched
GPT-2 at BabyLM scale, and used it to study three
questions. First, running more recurrent cycles
lets the model track state over longer sequences,
even when the cycles are added only at inference.
Second, HRM-rec has a BLiMP advantage over
GPT-2 that is largest at 10M words, and GPT-2
does not overtake it at any scale we trained, up
to 3B tokens. Third, entity_tracking, the
BabyLM task intended to measure state-tracking,
mostly measures whether a model has learned how
often nothing is the answer.

The first two results do not share a mechanism.
Extra test-time cycles improve state-tracking but
leave BLiMP unchanged (§5.2), so we cannot yet
explain why the recurrent model does better on
BLiMP. On the architecture side, we found that
gating only the slow—fast connection works better
than gating both directions (§5.1).

We draw two recommendations for evaluation
from the ent ity_tracking analysis. Options
that reveal the answer, such as the nothing items,
should be removed or reported separately. And
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when two models are known to differ in some abil-
ity, as ours do on the state-tracking probe, a bench-
mark for that ability should be checked against
them.

Limitations

HRM-rec and GPT-2 have the same number of
parameters but not the same compute (§4). HRM-
rec spends more compute per token because of its
recurrence, and a compute-matched comparison
would be less favorable to it. The 3B-token results
come from a single seed per model. The out-of-
budget models have ~167M parameters, and at
1-3B tokens several tasks in the reasoning suite
are near chance, so the absolute reasoning scores
carry little information, although the comparison
between the two models is consistent across tasks.
Validation perplexity cannot be compared between
the runs with and without SYNTH, because their
held-out sets differ. Our benchmark audit covers a
single task. We expect other multiple-choice tasks
scored without length normalization to have similar
problems, but we have not tested this.
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A Reproducibility

Best HRM-rec configuration (10M): Gated-
DeltaNet mixer (head dim 128), slow—fast hand-
off gate, Hcye=2, Lcyc=5, 646 layers, one-step
gradient with warmup, adam_atan?2 with weight
EMA 0.999, learning rate 3x10~%, sequence length

256, effective batch 16, 10 epochs. The hand-off
gate is the GTrXL GRU gate of Parisotto et al.
(2020), whose six d x d projections account for
its ~3.0M parameters. Training uses a manual
data-parallel loop in bf16, AdamW for GPT-2, and
a cosine schedule with warmup for both models.
Scaling runs use a 32k byte-level BPE tokenizer, se-
quence length 1024, a token budget (1B/3B), data
streamed and packed into shards, and milestone
checkpointing. The state-tracking probe trains on
length-128 sequences and evaluates to length 512.

B Fine-tuning per-task scores

Table 5 gives the per-task (Super)GLUE scores
behind the average quoted in §5.5, fine-tuned at the
100M-word scale.

task GPT-2 HRM-rec
BoolQ 69.9 70.0
MNLI 61.0 61.9
QQP 72.8 72.2
MRPC 83.8 85.3
MultiRC 65.4 67.0
RTE 56.8 62.6
WSC 67.3 67.3
avg 68.1 69.5

Table 5: Fine-tuning on the BabyLM (Super)GLUE
subset at the 100M-word scale (accuracy, F1 for
MRPC/QQP).

C Developmental-scale results

Table 6 gives the full zero-shot comparison at 10M
and 100M words, underlying the phase diagram of
Table 3. EWoK is near the 50% chance floor for
both models at both scales, consistent with reports
that it is barely testable at this data scale (Hu et al.,
2024), and shows no architecture effect.

scale model BLiMP Suppl COMPS Ent. EWoK

10M  GPT-2 670 609 515 279 50.8
10M HRM-rec 68.6 56.1 514 29.1 514

100M GPT-2 753 622 579 327 557
100M HRM-rec 75.8 60.5 57.6 28.6 556

Table 6: Zero-shot at the developmental scales.
BLiMP/Suppl/COMPS/Entity are 3-seed means, and
EWOoK is a single run on the fast subset (50% chance).
The HRM-rec 10M BLiMP seed std is 0.7 (Table 1).
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D Synthetic-data results

Table 7 gives the per-mixture zero-shot scores
behind §5.6: BLiMP falls monotonically with
the SYNTH fraction at both scales, while
entity_tracking is the one score it raises.

scale / model SYNTH BLiMP Suppl COMPS Ent.

10M HRM-rec 0% 68.6 57.8 51.4 29.1
25% 67.7 58.0 51.1 32.2
50% 65.3 56.8 50.8 38.2
5% 64.2 56.4 49.9 33.6
3B GPT-2 0% 76.0 57.4 57.8 30.9
50% 73.8 55.0 56.7 35.6
3B HRM-rec 0% 79.7 61.8 59.4 30.9
50% 78.8 58.9 58.2 32.9

Table 7: Zero-shot results for mixing SYNTH reasoning
traces into training.

E Per-task reasoning scores

Table 8 gives the normalized-accuracy breakdown
behind the reasoning-suite numbers quoted in
§5.4. Several tasks (HellaSwag, CommonsenseQA,
WinoGrande) sit at chance for all ~167M models,
so the suite average is carried by ARC-easy. GPT-2
leads it at both scales.
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scale model ARC-e ARC-c OBQA HellaSwag PIQA CSQA WinoG. avg

1B GPT-2 nat 335 21.3 26.8 25.1 546  19.6 50.8  33.1
1B GPT-2 mix 31.1 21.1 28.0 25.3 54.1 19.6 49.7 327
1B HRM-rec nat  29.2 224 26.8 25.1 53.6 19.6 513 326
1B HRM-rec mix 294 22.6 26.8 25.0 536 19.6 512 326
3B GPT-2 nat 37.3 20.6 26.0 26.1 56.5 19.7 503 338
3B GPT-2 mix 36.2 21.1 24.6 26.5 54.1 19.6 506 332
3B HRM-rec nat  32.0 21.3 27.0 252 54.0 19.6 500 327
3B HRM-rec mix  31.3 21.5 26.2 252 54.1 19.6 49.8 325

Table 8: Reasoning suite, per task (% normalized accuracy). Chance is 25% (ARC, OpenBookQA, HellaSwag),
~20% (CommonsenseQA), 50% (WinoGrande).
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