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Abstract

How much language competence can a small
recurrent model acquire when it must compress
its context into a fixed-size state? We study
this question with StateHead, a gated recurrent
language model without attention or positional
embeddings. Our BabyLM 2026 Strict-Small
submission has 9.97M parameters and 2,160
recurrent state values, equivalent to 4.2 KiB in
bf16. After 1.1 hours of training on a laptop, it
scores 68.2 on BLiMP, compared with 65.2 for
the official 98.4M-parameter GPT-2 baseline
on the same benchmark suite. This advantage
is specific to grammatical discrimination: State-
Head is weaker on reading-time prediction and
scores near or below chance on several seman-
tic and entity-tracking evaluations. We charac-
terize its computation and training trajectory,
and compare recipes that reset or carry state
across training chunks. The apparent entity-
tracking gain is confined to items whose cor-
rect answer is “nothing”; both recipes score
below chance on the revised benchmark. These
results document both the useful capabilities
and the limits of a language model with a very
small recurrent memory.

1 Introduction

The BabyLLM Challenge asks how much language
competence can be learned from a limited amount
of experience (Warstadt et al., 2023; Hu et al., 2024;
Charpentier et al., 2025). Its 2026 Strict-Small
track allows a corpus of at most 10M words and
at most 100M word exposures during model train-
ing (Choshen et al., 2026). This setting makes it
possible to study architectural choices with mod-
est resources, while testing grammatical, semantic,
and processing-related generalization.

We examine one such choice: compressing pre-
ceding context into a recurrent state whose size
does not grow with the sequence. A transformer
with full attention can retain a token-indexed record
of its context. A recurrent model instead updates a

fixed set of values as each token arrives. This con-
straint reduces persistent inference memory, but
also requires the model to retain useful distinctions
without direct access to earlier token representa-
tions.

Incremental comprehension provides one moti-
vation for studying this constraint. The Now-or-
Never account emphasizes that transient linguistic
input must be encoded as it arrives (Christiansen
and Chater, 2016), and recurrent networks have
long been used to study learning from sequential in-
put (Elman, 1990). The analogy has limits. Human
readers can revisit a passage, and a fixed-state text
model does not reproduce human memory or eye
movements. We treat bounded state as a computa-
tional restriction to investigate, rather than evidence
of cognitive fidelity. Reading-time prediction is an
empirical test of alignment, and our model per-
forms poorly on that test.

StateHead combines a gated recurrent update
with a residual language-model backbone. Its recur-
rence admits parallel scanning during training and
carries a vector of state values per layer. We study
a 10M-parameter submission and a 98 M-parameter
probe. Recurrent syntax learning has prior support
(Gulordava et al., 2018); our question is how far
this particularly small state can support the broader
BabyLM suite.

We document the capabilities and limitations of
this system, quantify its computation and persistent
memory, and report its training trajectory. We also
trace an apparent benefit from a state-carry recipe
to entity-tracking items removed by an evaluator
revision. Our contribution is empirical: it character-
izes what this restricted model learns, rather than
proposing a new recurrent-cell principle.
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GPT-2 SH-10M SH-98M
Parameters 98.4M 9.97TM 98.7M
Forward FLOPs/token 233.6M 20.0M 197.5M
Attention/scan share 16.4% 0.22% 0.09%
Training FLOPs — 9.7x10" 9.7x10'¢
State at 1,024 (bf16) 36.0MiB 42KiB 17.4KiB
State at 4,096 (bf16) 144.0MiB 4.2 KiB 17.4 KiB
Training time — 1.1h 5.1h
Training tokens/s — 39.8k 9.0k

Table 1: Analytic costs and measured StateHead train-
ing times. State sizes assume two bytes per value and
exclude parameters, training activations, and workspace.
The 4,096-token GPT-2 cache is a size extrapolation
beyond its 1,024 learned positions. Training FLOPs use
three times forward cost. GPT-2 training time was not
measured.

2 StateHead

2.1 Architecture and recurrent update

StateHead uses pre-normalized residual blocks.
Each block contains a recurrent token mixer fol-
lowed by a feed-forward multilayer perceptron
(MLP), with a residual connection around each
sublayer. The input and output embeddings are tied
(Press and Wolf, 2017). There are no positional em-
beddings: order enters through the recurrent update.
Figure 1 shows the block and its gates.

Let d denote the residual width, H the number
of heads, and d;, = d/H the width of each head.
For a normalized token representation z; € RY,
one affine projection produces all four sets of pre-
activations:

Uq,t W,
Upt | _ W
Uor = Wg.’L’t + ﬁg, Wg = |w.| (1)
Uo,t Wo

Here W, € R44xd vertically stacks four d x d
matrices; it is not an additional projection before
those matrices. The learned bias 3, is partitioned
in the same way. Each output is then split into H
heads. Each head maintains s; € R% and produces
y; € R, With o denoting the logistic sigmoid
and ® elementwise multiplication, and suppressing
the head index, the update is

= U(Ub,t)7
Ct = tanh(uqt), Ot = O-(u07t)7

st=a; ©si—1+bOcy, Yp=0Os. (2)
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The retention gate a; scales the previous state,
while b; ® ¢; adds new information. The out-

Residual input

St—1 —>[

st =at ©si—1+b Oy }

(o= oo Jje—

[Concat. heads; Wyys™* + ﬁp}

)4

®

RMSNorm; MLP

@ to next block

Figure 1: One StateHead block. The fused projec-
tion splits into retention, write, candidate, and output
branches. Each head updates a vector state; y52* con-
catenates the gated head outputs. The dashed arrow
supplies the previous state, and s; is retained for the
next token. The outer paths are residual connections.
Stacking L blocks requires Ld recurrent values.

put gate controls which state coordinates are ex-
posed to the rest of the block. All state operations
are elementwise. Head outputs are concatenated
into y§** € R and mixed by the affine projec-
tion Wpysa + 3, before the residual addition, with
W, € R?*4 and learned bias Bp € R,

Retention biases start at 2, giving an initial sig-
moid value of about 0.88 at zero input; the other
gate biases start at zero. Each layer has a learned
initial state used at resets. Each head’s gates use all
d input coordinates despite its diagonal state tran-
sition. At fixed width, parameters, and flattened
state, the head partition leaves the mathematical
forward computation unchanged; it determines the
gate-matrix grouping for head-wise Muon (Sec-
tion 4.2).

Once the gates are computed, the update is affine
in s;_1. Affine updates compose associatively, per-
mitting a parallel prefix scan (Blelloch, 1990; Mar-
tin and Cundy, 2018). The implementation uses
scan chunks of 64 tokens and fp32 accumulation.
This scan chunk size is an implementation parame-
ter, distinct from the 1,024-token training windows
described below.

2.2 Computation and persistent memory

Let N be the number of unique trainable param-
eters, L the number of layers, and 7' the context
length. We count a multiply-accumulate as two
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floating-point operations (FLOPs). Table 1 summa-
rizes the accounting; Appendix B gives formulas
and a profiler cross-check.

Most computation is in the gate projections, out-
put projections, MLPs, and vocabulary projection.
Under serial-equivalent arithmetic accounting, the
elementwise recurrence and gate activations con-
tribute approximately 0.22% of forward FLOPs
for SH-10M and 0.09% for SH-98M. Our account-
ing gives a total per-token cost close to 2/N. This
follows the dense-matrix convention of Kaplan
et al. (2020), but our N includes the tied embed-
ding/output matrix and our cost includes vocabu-
lary logits. These percentages describe the mathe-
matical update, not the exact instructions of a par-
allel kernel, which can repeat operations. Scan de-
pendencies and memory traffic also affect runtime,
so operation share should not be read as runtime
share.

StateHead carries Ld values independently of
T. SH-10M therefore needs 2,160 values, or 4,320
bytes (4.2 KiB) in bf16. This is persistent sequence
state, not total model memory: weights, activations,
and temporary buffers are additional. The scan ac-
cumulates internally in fp32 and returns state in the
numerical precision used for execution. Running in
fp32 uses 8.4 KiB for the same state; the exported
configuration defaults to fp32.

Full-attention GPT-2 retains 2L7'd key and value
entries. The baseline uses 36 MiB of bf16 cache at
T = 1,024, and attention adds context-dependent
computation. The large FLOP difference between
SH-10M and GPT-2 is primarily due to parame-
ter count; removing full attention accounts for a
smaller additional saving. Fixed-window attention
can also bound memory as a function of total se-
quence length. StateHead’s more restrictive prop-
erty is that it stores no token-indexed cache at all.

3 Related Work

Gated recurrent models. QRNNs combine tem-
poral convolutions with elementwise recurrent
pooling (Bradbury et al., 2017). StateHead’s cell
uses the same update form as QRNN ifo pooling:
independent retention and write gates, a bounded
candidate, and an output gate. Here the projections
use only the current token, equivalent to width-
one convolutions, within a pre-normalized resid-
ual/MLP backbone. RG-LRU also uses a diagonal
transition, but parameterizes retention through a
learned decay and scales writes by \/1 — a? (De

et al., 2024). StateHead does not use that write
scaling. Its state is a vector of d scalars per layer;
matrix-memory models such as mLSTM store asso-
ciations through outer-product updates (Beck et al.,
2024).

Recurrent models in BabyLM. BLalLM is a
close predecessor (Haller et al., 2025). It replaces
self-attention with mLSTM and studies short con-
volutions, sliding-window attention, and other addi-
tions. Its 270M-parameter Strict-Small submission
reports BLIMP 67.0, EWoK 50.6, and COMPS
50.5. This profile resembles our stronger gram-
matical discrimination and weak performance on
broader semantic tests. The numbers cannot estab-
lish a ranking: BLalLM uses a curated 2025 corpus,
a larger model, and an earlier evaluator. Its entity-
tracking score of 33.7 predates the filtering change
in Section 5.3.

Haller et al. also provide controlled evidence
about optimization. In their Strict-track experi-
ment, Muon reduces perplexity from 11.21 + 0.11
to 7.95 £ 0.15 across three runs, while mean zero-
shot performance changes more modestly, from
35.75 £ 1.74 to 36.24 £ 1.16. Our use of Muon
follows that precedent. We do not establish an ad-
ditional benefit from our head-wise update rule,
which was not ablated.

Context length and recall. Salhan et al. (2025)
study OPT and Mamba on the 100M-word Strict
corpus and find task-dependent, non-monotonic ef-
fects of training length. Their Table 2 distinguishes
a training-optimal length, balancing cost and per-
formance, from the length with the highest score.
For Mamba entity tracking these are 1,024 and
128, respectively; reading prediction peaks at 64.
For OPT, the highest entity score instead occurs
at 8,192. Their results therefore do not support
a universal preference for long recurrent training
contexts. Our 1,024-token setting is within a pre-
viously useful range, but its suitability must be
checked for StateHead and each task.

Lee et al. (2025) find complementary recall be-
havior in Mamba—attention hybrids. Sequential hy-
brids tend to favor shorter-context recall, whereas
parallel hybrids with attention-based merging per-
form better at longer contexts. Those experiments
use 430M—1.3B parameters and 100B SlimPajama
training tokens, providing architectural evidence
rather than a Strict-Small baseline. Their findings
motivate studying explicit retrieval. StateHead ex-
amines the more restrictive setting without any lo-
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cal or global attention cache.

4 Experimental Setup

4.1 Data, model sizes, and training windows

Both models train for ten epochs on the BabyLM
2026 Strict-Small corpus, nominally 100M word
exposures. Byte-pair tokenizers (Sennrich et al.,
2016) are trained only on that corpus. SH-10M uses
an 8,192-token vocabulary; SH-98M uses 16,384
tokens. Tokenizer training does not count toward
the model-training exposure allowance (organizer
Mustafa Omer Gul, personal communication, July
9, 2026). Training logs record 161.2M and 163.2M
token exposures, respectively.

Table 2 gives the configurations. The larger
probe approximates the parameter count of the of-
ficial GPT-2 baseline. The smaller configuration
targets an approximately 10M-parameter system
and was selected after development experiments
with alternative widths, depths, vocabulary sizes,
and MLP ratios. It was not chosen through a con-
trolled scaling experiment. Because parameter al-
location and tokenization both change, the models
test two practical configurations rather than isolate
parameter count alone.

The 1,024-token window controls packing, the
number of tokens processed together, and the dis-
tance through which gradients propagate. Linear-
time recurrence does not remove training activa-
tion costs or the need to choose a backpropagation
window. Inference state can continue beyond that
length, but this does not demonstrate accurate re-
call at arbitrary distances. Development runs also
examined windows of 512 and 2,048 tokens; Ap-
pendix C describes their narrower scope. Dropout
was fixed at zero and was not ablated. We make
no claim that either setting is optimal for this data
budget.

4.2 Training recipe and checkpoint selection

Training uses MLX (Hannun et al., 2023) on an
Apple M5 MacBook Air with a 10-core GPU and
32GB of unified memory. The microbatch is
one window, with 32 accumulation steps, yield-
ing 32,768 tokens per full optimizer update. Pa-
rameters and activations use bf16 where supported,
and the scan accumulates in fp32. Reported times
measure the training loop and exclude tokenizer
preparation, initial data loading, checkpoint export,
and evaluation.

Setting SH-10M SH-98M
Layers L 6 12
Heads H 6 12
Residual width d 360 744
Head width dj, 60 62
MLP expansion r 2 4
Vocabulary V' 8,192 16,384
Unique parameters N 9,971,640 98,658,120
Training window 7' 1,024 1,024

Dropout 0 0
State between windows Reset Carry

Table 2: Model configurations. The GELU MLP maps
d — rd — d, so r is the hidden expansion ratio. Both
models use RMSNorm, tied embeddings, and learned
initial states, without positional embeddings. State carry
is detached and resets at document boundaries.

SH-10M concatenates corpus rows without sep-
arators and divides the stream into windows. It
resets to the learned initial state at every win-
dow, including windows that cross a row boundary.
The loss therefore covers transitions between rows.
SH-98M carries detached state across consecutive
chunks within documents and resets at document
boundaries. Both shift the packing offset between
epochs to vary window boundaries. These differ-
ences also confound comparison of the two scales.

Hidden weight matrices and H X dj, learned
initial-state matrices use Muon (Jordan et al., 2024).
Token embeddings, tied output weights, normaliza-
tion scales, and biases use AdamW (Loshchilov
and Hutter, 2019). For W,, the implementation
groups update rows by head and applies Muon to H
matrices of shape 4dj, x d. Each group contains that
head’s rows from all four gates. Ordinary Muon
would process the complete 4d x d matrix. Unit
tests verify this grouping against explicit slices,
but we did not compare the variants experimentally.
Head-wise Muon is a disclosed recipe choice rather
than a demonstrated improvement.

We save 19 checkpoints at nominal word-
exposure milestones: every 1M through 10M, then
every 10M through 100M. Labels follow optimizer-
update progress, not a whitespace-word counter.
SH-10M is submitted at its final checkpoint. The
main SH-98M result uses a weight average of its
60M, 80M, and 100M milestones (Izmailov et al.,
2018), selected before full evaluation.

4.3 Evaluation and comparison scope

We use the official 2026 benchmark suite at its
July revision (BabyLM Organizing Committee,
2026). Zero-shot tasks include BLiMP (Warstadt
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Setting Value Benchmark GPT-2 SH-10M SH-98M
Schedule Cosine; 200 warmup steps Parameters 98.4M  9.97TM 98.7M
AdamW learning rate 5x 107 to 5 x 107° BLiMP 65.2 68.2 69.9
Muon learning rate 2%x107%t02x 1073 BLiMP Supplement 57.3 55.3 56.9
Weight decay 0.1 EWoK 50.6 50.6 50.1
Muon momentum 0.95, Nesterov Entity tracking 19.1 18.3 18.4
Newton-Schulz iterations 5 COMPS 51.8 50.8 50.9
Updates (10M / 98M) 4,920/ 4,990 Reading (ET / SPR) 9.6/1.6 02/0.1 —
Global-PIQA parallel — 26.2 —
Table 3: Optimization settings for the two main runs. ggﬁal_PIQA nonparallel - _43 '?7 _
Partial accumulation windows at epoch boundaries ac- GLUE (mean accuracy) _ 56.6 _

count for the small difference between update counts
and token exposures divided by 32,768.

et al., 2020), its Supplement, EWoK (Ivanova et al.,
2025), entity tracking (Kim and Schuster, 2023),
COMPS (Misra et al., 2023), and Global-PIQA
(Chang et al., 2025). The suite also tests reading-
time prediction (de Varda et al., 2024), word-level
age of acquisition (Chang and Bergen, 2022), and
fine-tuned classification on (Super)GLUE (Wang
etal., 2019b,a).

Official dataloaders and scorers drive our MLX
zero-shot evaluator. Its scan operations are parity-
tested against the PyTorch export. GLUE uses an
MLX reimplementation with official task defaults;
a check against the official RTE path gives simi-
lar results. AoA and the GPT-2 baseline use the
official PyTorch evaluator. These checks support
the comparison but do not independently reproduce
every task in both runtimes.

We evaluate the released GPT-2 checkpoint on
the same benchmark suite. Our BLiMP score of
65.2 agrees with the published 65.23. The base-
line was not retrained with our tokenizer or opti-
mizer, so the comparison concerns complete sys-
tems rather than isolating recurrence. All training
runs use one seed. Development used the pipeline’s
fixed reduced (“fast”) subsets; final results use full
sets. Fast and full scores are labeled throughout.

5 Results

5.1 Grammatical discrimination and broader
evaluation

Table 4 reports full-set evaluation. SH-10M scores
68.2 on BLiMP, 3.0 points above the official GPT-2
checkpoint with approximately one tenth the pa-
rameters. The SH-98M weight average scores 69.9.
These are descriptive single-run comparisons, with-
out an estimate of variation across training seeds.
The advantage is concentrated in BLIMP. GPT-2
scores higher on the Supplement, COMPS, and en-

Table 4: Full evaluation on the July 2026 benchmark
suite. SH-10M is the submitted final checkpoint; SH-
98M is the 60M/80M/100M weight average. Dashes
indicate results not reported under this protocol. Entity
tracking uses the revised full set (five choices; chance
20). Global-PIQA chance is 25 for parallel and 50 for
nonparallel. Reading scores are normalized incremental
R? x 100; AoA is acquisition-curve fitness. GLUE uses
the official scorer’s mean per-task accuracy.

tity tracking, although the latter two remain close
to chance for all three systems. StateHead’s EWoK
and Global-PIQA scores also remain close to or
below their nominal chance levels. The results
support grammatical discrimination under a small
parameter budget, but do not establish broad lan-
guage understanding.

Reading-time prediction gives the clearest con-
trasting result. GPT-2 reaches 9.6 on eye tracking
(ET) and 1.6 on self-paced reading (SPR), while
SH-10M reaches 0.2 and 0.1. Recurrence and com-
petent BLiMP performance are therefore insuffi-
cient to produce surprisal estimates that predict
the measured reading times well in this setup. We
have not identified whether architecture, training,
tokenization, or their interaction explains this gap.

Fine-tuned classification is also weak. SH-10M
obtains 56.6 mean accuracy and exhibits majority-
class behavior on several tasks, including near-zero
Matthews correlation on BoolQ, QQP, and Mul-
tiRC. Its causal objective and single-token pooling
are possible contributors, but neither was ablated.
Hybrid masked/causal objectives offer a relevant
precedent (Charpentier and Samuel, 2024); our re-
sults do not determine which change would im-
prove classification.

5.2 Changes across training

Figure 2 shows BLiMP on the fast subsets over 19
milestones. SH-98M rises to 72.6 near four epochs,
then declines to 67.0 at the final individual check-
point. SH-10M reaches 69.0 and finishes at 67.8,
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remaining between 67.8 and 69.0 from the nominal
40M milestone onward. Full-set scores differ from
fast scores because they evaluate different samples.

This contrast is consistent with overtraining un-
der repeated exposure, but it does not identify a
capacity effect: tokenizer, depth, width, MLP ratio,
and state handling all differ. A final-checkpoint
comparison can therefore conceal substantial dif-
ferences in trajectory. The smaller model offered a
practical submission with good final performance
and low training cost. We do not infer that small
models are generally more stable or that the larger
model’s best fast-subset checkpoint would be best
on the full suite.

Original entity-tracking scores vary sharply, in-
cluding jumps from 21.6 to 17.2 to 41.4 over adja-
cent early SH-98M milestones. These scores pre-
date the filtering change discussed next. We retain
the milestone record in Appendix D, but do not in-
terpret its old entity scores as evidence of changes
in tracking ability.

5.3 Reassessing a state-carry recipe

State handling determines what can persist across
training windows. Resetting at each window dis-
cards earlier state; carrying detached state within
a document preserves forward information with-
out backpropagating through the preceding chunk.
This resembles cached segments in Transformer-
XL (Dai et al., 2019) and truncated backpropaga-
tion through time (Williams and Peng, 1990).

We compared two earlier 98M training recipes,
distinct from the averaged SH-98M model reported
in Table 4. Both used cosine decay, but the
carry recipe also introduced learned initial states
and epoch packing shifts. The reset recipe used
a fixed zero state and did not use those shifts.
This comparison therefore does not isolate state
carry. The recipes gave similar fast-subset lan-
guage scores: reset/carry results were 66.6/66.2
on BLiMP, 56.0/55.2 on the Supplement, and
48.6/49.0 on EWoK. On the original fast entity
benchmark, however, the macro-average rose from
17.0 to 42.0. Taken alone, that difference would
suggest a benefit from the combined recipe.

The July 8, 2026 evaluator update (revision
7d0@a6c8) excludes every item for which any candi-
date answer contains “nothing” (BabyLM Organiz-
ing Committee, 2026). In the original fast regular
split, it removes 914 of 3,152 items (29.0%). We
partitioned saved predictions by that exact criterion.
Table 5 shows that the gain is confined to the re-
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Figure 2: BLiMP on fixed fast subsets across nomi-
nal word-exposure milestones. The dashed reference is
GPT-2’s full-set score, shown for orientation because
the samples differ. SH-98M points are individual check-
points, not the weight average in Table 4.

Original fast-split group  Items Reset Carry
Retained by July filter 2,238 18.1 18.0
Removed by July filter 914 152 94.9
All original items 3,152 17.3 40.3

Table 5: Per-item accuracies use the same original pre-
dictions, without rerunning either model. The headline
scores, 17.0/42.0, average six operation-count subtasks.
“Reset” and “Carry” denote combined recipes, not a one-
factor ablation.

moved group; accuracy on retained items is almost
unchanged.

All 914 removed items have “nothing” as the
correct answer. The carry model selects it on 867
of them (94.9%). One item describes seven boxes,
including “Box 6 contains nothing,” then asks “Box
6 contains ...” Its answers are “nothing,” “the suit,
“the bread,” “the medicine,” and “the egg.” A rule
that chooses “nothing” whenever offered succeeds
on the entire removed group without tracking any
contents. The increase is therefore compatible with
a preference for that answer form. The audit iden-
tifies this confound; it does not establish why the
training recipe changed the preference or whether
answer length caused it.

Fresh evaluation on the revised full set of 6,780
items gives 17.8 for reset and 18.8 for carry. SH-
10M scores 18.8 and GPT-2 scores 19.1. None
exceeds the nominal five-choice chance level of
20.0. Revised fast scores are 18.4 for both recipes.
These are new evaluations with subtask averaging,
distinct from the retained-item partition in Table 5.

The revised local evaluation includes an index-
alignment fix to the convenience scorer: it must

”
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filter gold items in the same way as the dataloader
filters predictions. The patch and upstream revision
accompany the reproduction code. The issue was
reported to the organizers; leaderboard scoring uses
a server-side path.

The evidence removes the apparent tracking ben-
efit of the combined recipe. It does not show that
resets are intrinsically better or that state carry
is useless. We chose per-window resets for the
submission because the extra machinery had no
demonstrated benefit in these evaluations. The
comparison remains single-seed, and small revised
differences should not be interpreted as a reliable
ranking.

6 Discussion

StateHead complements BabyL.M work on larger
recurrent models by showing that a small vec-
tor state can support many BLiMP contrasts
without positional embeddings. BLalLM’s sim-
ilar qualitative separation between BLiMP and
EWoK/COMPS suggests that weak semantic re-
sults are not unique to this cell, while differences in
data and model size prevent a stronger cross-paper
conclusion.

The experiments also delimit what can be at-
tributed to memory. On revised entity tracking, the
transformer fails alongside StateHead. These data
cannot establish that diagonal recurrence causes
the failure. Explicit key—value structure remains a
plausible way to improve binding, consistent with
research on associative recall and copying (Schlag
et al., 2021; Arora et al., 2024; Jelassi et al., 2024).
Testing that explanation requires a task and training
regime in which a suitable control succeeds.

Sequence length also needs task-specific inter-
pretation. Salhan et al. show that longer training
contexts do not uniformly improve reading pre-
diction. Whether longer windows would improve
StateHead remains an open question requiring a
direct ablation. Lee et al.’s hybrid results suggest
benefits from explicit retrieval at larger scales, but
do not predict how much benefit would survive
the Strict-Small budget. These comparisons moti-
vate controlled follow-up experiments rather than
supply explanations established by our data.

7 Conclusion

StateHead shows that a 9.97M-parameter recurrent
language model can exceed the official 98.4M GPT-
2 checkpoint on BLiMP after approximately 1.1

hours of laptop training. Its recurrent state contains
only 2,160 values, and its elementwise update con-
tributes a small fraction of arithmetic operations.
The capability profile is uneven: reading-time pre-
diction is poor, and several semantic and tracking
evaluations remain near chance. The recipe com-
parison further shows why a large score difference
must be checked at the item level. The resulting
submission is a reproducible point of comparison
for studying which language capabilities fit within
a very small persistent memory.

Limitations

All runs use one seed; the 3.0-point BLiMP mar-
gin therefore has no estimate of across-seed vari-
ation. Development used fast benchmark subsets,
so model and recipe selection were influenced by
them. The baseline was evaluated as released rather
than retrained with the same tokenizer and opti-
mizer. The two main StateHead configurations
differ in more than parameter count, and the earlier
reset/carry recipes also change initialization and
packing. None of these comparisons isolates an
architectural cause.

Historical entity trajectories use the original
benchmark and cannot be compared directly with
revised full-set results. The item audit identifies an
answer-form confound rather than the mechanism
by which models acquired their preferences. The
older SH-98M GLUE score of 60.0 used a pre-fix
fine-tuning pipeline and is omitted, as is its older
Ao0A evaluation. Submission GLUE results use
our MLX implementation; every task has not been
independently replicated with the official PyTorch
trainer.

Head-wise Muon, dropout, training objective,
and classification pooling were not separately ab-
lated. Near-zero reading-time performance remains
unexplained. Arithmetic and memory figures are
analytic estimates with explicit storage conventions.
Wall-clock time is measured only for StateHead
and does not establish a speedup over GPT-2. Ex-
periments cover one English corpus and one re-
current family, and do not establish long-context
accuracy or scaling behavior.
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A Reproducibility

The submitted model, tokenizer, and mile-
stone revisions are available on Hugging Face
(haybales/statehead-10m). The code repository
contains training and evaluation implementations,
configurations, tokenizers, and evaluator patches.
The original review snapshot is also available.

The PyTorch export supports the Hugging
Face causal-language-model interface with remote
model code enabled. Reproduction requires the
model-specific configuration and tokenizer rather
than current repository defaults. The camera-ready
source includes scripts and input hashes for the
item audit and FLOP cross-check. Preserve the
original training recipes and evaluator revision
when reproducing the submitted results.

B FLOPs and Memory Accounting

For L layers of width d, vocabulary size V, and
MLP expansion 7, the dominant per-token forward
cost is

Fsy ~ L[(10 + 4r)d?
+ (da+4)d] +24V.  (3)

Per layer, the four gate projections cost 8d2, the
output projection 2d?, and the MLP 4rd?. The vo-
cabulary projection incurs computation even with
tied embeddings. We approximate each nonlin-
ear activation by o = 4 operations. The counting
tool additionally includes GELU and normaliza-
tion costs: L(ard + 8d) + 4d. Bias additions and
nonlinear-kernel details are not exact hardware op-
eration counts. Vocabulary-output softmax and
training loss are outside the forward-logit compari-
son.

Analytic totals are 19,974,240 and 197,478,432
FLOPs/token for SH-10M and SH-98M. Gate ac-
tivations and recurrence contribute 43,200 and
178,560, respectively. Full attention adds about
4T'd matrix-multiplication FLOPs/token/layer, plus
a smaller softmax term. The GPT-2 estimate uses
12 layers, width 768, vocabulary 16,384, and 1,024
learned positions.

Profiler cross-check. We instantiated the pre-
served PyTorch exports with random weights and
profiled forward logits on CPU in fp32, using 32 to-
kens for SH-10M and eight for SH-98M. PyTorch
2.12.1 with with_flops=True reports 19,921,680
and 197,191,248 supported FLOPs/token. These
differ from the analytic totals by 0.27% and 0.15%,

respectively. The matrix-product counts agree ex-
actly. The profiler does not count every element-
wise operator, and this check does not measure the
repeated work or runtime of the MLX scan kernel.

Training is estimated as three times forward cost
per token, giving 3F'D for D tokens. The runs
process exactly 161,198,080 and 163,196,928 to-
kens. This approximates forward and backward
arithmetic, excluding optimizer operations, mem-
ory traffic, and system energy.

One sequence requires Ld recurrent values.
BF16 storage occupies 2Ld bytes: 4,320 for SH-
10M and 17,856 for SH-98M. FP32 storage doubles
these amounts. The full-attention cache has 2L7'd
values. These counts exclude parameters, training
activations, and temporary workspace.

C Context-Length Development Runs

Development runs used windows of 512, 1,024, and
2,048 tokens with the same 98,658,120-parameter
configuration and 16k tokenizer. Accumulation
factors were 64, 32, and 16, preserving 32,768 to-
kens/update. The runs used cosine decay, a 4,650-
update horizon, and approximately 152.2M token
exposures each. All used flat row packing, no sep-
arators, and per-window resets, unlike the main
document-carry SH-98M probe.

Original fast evaluations included the subse-
quently removed entity items. Applying the July
filter retrospectively to the saved final predictions
gives retained-item accuracies of 17.1, 15.9, and
16.5 for the three lengths, respectively. These are
item averages from old predictions, not fresh eval-
uations under the revised pipeline. They provide
no evidence that increasing training length to 2,048
rescued entity tracking in those runs. They also do
not establish an optimal length for the submitted
10M model; that requires a controlled evaluation
on its own recipe and replication across seeds.
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D Full Milestone Trajectories

SH-10M SH-98M
Milestone ~ BLiMP  Sup. EWoK Ent. BLiMP Sup. EWoK Ent.
IM 51.3 50.0 49.5 44.1 54.1 46.4 48.4 43.1
2M 544 54.0 47.5 43.1 54.3 55.6 49.1 434
3M 53.6 55.6 47.8 433 57.7 55.6 50.1 40.5
4M 55.0 56.8 51.5 429 58.6 55.2 50.4 414
M 56.6 57.6 50.2 40.1 60.9 58.8 50.1 29.3
6M 57.9 572 49.1 32.7 61.5 58.4 50.1 21.6
™ 59.0 55.6 514 40.9 63.4 56.4 49.9 17.2
8M 59.5 55.6 493 28.1 63.6 58.0 48.1 414
M 59.7 57.2 50.6 319 64.2 54.0 49.9 375
10M 60.3 56.8 48.9 40.3 65.1 56.4 504 41.0
20M 65.2 53.6 48.1 352 70.5 54.0 49.7 38.0
30M 67.4 55.6 50.1 35.4 72.1 60.4 50.2 38.6
40M 68.2 54.8 49.6 38.6 72.6 58.4 49.5 35.7
50M 69.0 51.6 50.0 37.8 72.3 59.2 49.7 343
60M 68.8 54.4 51.2 35.6 71.5 56.8 49.1 36.2
70M 68.6 56.4 51.8 374 70.1 59.6 51.3 31.2
80M 68.7 57.6 49.5 38.0 68.9 58.4 50.1 27.5
90M 68.0 56.8 49.5 38.0 67.5 54.8 51.5 25.0
100M 67.8 58.8 51.1 36.0 67.0 54.0 50.7 247

Table 6: All 19 milestones on the original fast subsets. Labels denote nominal cumulative word exposures scheduled
by optimizer updates. Entity scores predate the July filter and are historical measurements, not revised-benchmark
tracking results. The 98M columns refer to individual checkpoints.
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