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Abstract

Neural language model architectures that iter-
ate over their layers have recently shown su-
perior performance on reasoning benchmarks
and proved to be a promising method for re-
ducing model size while maintaining perfor-
mance at scale. However, the effectiveness of
such architectures in data-constrained settings
remains unexplored. We present a systematic
study of layer-sharing transformer architectures
trained on the BabyLM corpus (10M tokens),
across various iteration strategies and a range of
layer and iteration counts. We find that iterative
architectures are highly effective under data-
constrained setting: a 3-layer iterated model
outperforms a standard 24-layer transformer
model (ModernBERT-inspired) on SuperGLUE
benchmark.

1 Introduction

Over the past several years, the dominant strategy
for improving pretrained large language models
(LLM) has been to scale model size, following
empirical scaling laws (Kaplan et al., 2020) that
associate larger architectures with better perfor-
mance. However, this approach substantially in-
creases memory requirements and, according to
compute-optimal scaling laws, also requires sub-
stantially more training data as model size grows
(Hoffmann et al., 2022). With LLMs already reach-
ing hundreds of billions of parameters, further pa-
rameter scaling is becoming increasingly ineffi-
cient. Consequently, there is growing interest in
alternative architectures that can achieve compara-
ble or superior performance with fewer parameters.

One promising direction are iterative architec-
tures, in which the same layer is applied multiple
times to hidden representations (Yang et al., 2024;
Saunshi et al., 2025; Bae et al., 2025). When un-
rolled, such architectures are equivalent to much
deeper networks whose layers share parameters,
while substantially reducing memory requirements.

Figure 1: Overview of the classic transformer model and
three iteration strategies explored in this paper: layer
repetition, middle-loop repetition and model repetition.

Since these techniques are designed to improve per-
formance while reducing the number of trainable
parameters, they may be particularly well suited to
small-data settings, where a smaller effective capac-
ity can mitigate overfitting, echoing the classical
bias-variance trade-off (Hastie et al., 2009).

In this work, we present the first systematic
study of iterative, layer-sharing architectures for
language modeling in a strictly data-constrained
setting, using developmentally plausible corpora
(10M tokens BabyLM corpus, Haga et al. 2024).
We investigate three families of iterative architec-
tures, explore iteration-specific specialization via
LoRA adapters (Hu et al., 2022), as well as inves-
tigate further parameter reduction through smaller
input representations (reduced vocabulary size and
embedding layer factorization). Our experiments
span architectures ranging from 1 to 24 transformer
layers and from 2 to 16 recursive iterations, result-
ing in a comprehensive exploration of the trade-offs
between model depth, recursion, and parameter ef-
ficiency.

The results demonstrate the effectiveness of it-
erative computation in data-constrained regimes.
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For instance, we discover that a model contain-
ing only three distinct layers, repeatedly applied
through recursion, surpasses the performance of
a conventional 24-layer ModernBERT-based ar-
chitecture (Warner et al., 2025) on Super-GLUE
benchmark (Wang et al., 2019) while using the
same training data and substantially fewer train-
able parameters. This highlights the potential of
parameter-sharing architectures for efficient learn-
ing from limited data. To boost further research
on iterative architectures, we make our code and
models publicly available.1

2 Related Works

Iterative language models In the context of lan-
guage modeling, iterative computation has previ-
ously proven highly effective in models such as
ALBERT (Lan et al., 2020), which combined cross-
layer parameter sharing (i.e., single-layer repetition
throughout the whole model) with embedding fac-
torization to dramatically reduce model size while
maintaining competitive performance.

More recently, the concept of iterative compu-
tation has been revisited to improve LLM reason-
ing capabilities. Geiping et al. (2025) proposed
recurrent-depth architecture to scale test-time com-
putation and perform reasoning in implicit latent
space. Saunshi et al. (2025) further explored la-
tent thoughts by analyzing transformer models that
iterate over layers multiple times, showing their
higher efficiency on reasoning benchmarks. These
architectures can be extended by adding learnable
adapters, individual for every iteration, that make
the repeated layer act differently in every iteration
while maintaining low parameter count (Bae et al.,
2025). Many other different iteration schemas
have been proposed, such as dynamic selection
of the number of iterations basing on token diffi-
culty (Chen et al., 2025) or iterating in the space of
word embeddings (Zeng et al., 2026).

The effort to apply iterative language models
at large scale showed that such models achieve
competitive performance with several times larger
state-of-the-art language models (Zhu et al., 2026).

While these works demonstrate the promise of it-
erative architectures at large scale or for reasoning-
heavy tasks, their effectiveness in data-constrained
regimes remains unexplored.

Building models on developmentally plausible
corpora Several editions of the BabyLM work-

1https://github.com/Wector1/BabyLM_iterative

shop (Charpentier et al., 2025; Hu et al., 2024;
Warstadt et al., 2023) provided significant insight
into techniques effective for data-constrained lan-
guage modeling on developmentally plausible cor-
pora.

While many different training and data tech-
niques were explored, for instance curriculum
learning (Roque and Velasco, 2025), specialized
training objectives (Kamzela et al., 2025) or data
creation (Ulm et al., 2025), works exploring new
architectures are less common: Charpentier and
Samuel (2023) explored adding layer weighting to
the LTG-BERT architecture (Samuel et al., 2023).
Other works explored different variants of recur-
rent neural networks (Haller et al., 2024), state
space models (Lee et al., 2025), replacing attention
with mLSTM token mixer (Haller et al., 2025) or
training only LoRA adapters with specifically ini-
tialized layers (Kumar et al., 2025). An iterative
architecture, to the best of our knowledge, was not
explored.

3 Iterative Language Models

The classical transformer architecture (Vaswani
et al., 2017) used for language modeling is built out
of several layers f(x) consisting of self-attention
and fully-connected sublayers. The entire trans-
former network consisting of L such layers can be
denoted as:

y(x) = (fL ⊙ · · · ⊙ f2 ⊙ f1)(x) ≜
L⊙

i=1

(fi)(x)

where ⊙ is the compound function operator.

3.1 Three Iterative Architectures

Iterative transformer architectures aim to obtain
higher performance by allowing the model to com-
pute longer, without increasing the number of lay-
ers or the number of learnable parameters. This is
achieved by iterating over the same layers multi-
ple times and applying them to process the inter-
mediate hidden representations. Such models are
more parameter-efficient by reusing a layer’s pa-
rameters multiple times, training them to perform
operations generalizable across iterations, thus ef-
fectively achieving higher model depth without
actually increasing the number of layers. In this
work we explore three main iteration strategies vi-
sualized in Fig. 1 and described below.
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Layer Repetition is an iteration strategy which
applies the same layer consecutively to process the
hidden representation and only then returning the
result to the next layer. This can be alternatively
seen as a model with several first layers, followed
by several second layers, etc., as shown in Fig. 2
on the left.

Formally, the Later Repetition architecture with
L layers and N iterations is defined as:

y(x) =
L⊙

i=1




N⊙

j=1

fi


 (x)

Model Repetition iterates over the entire, L-
layered model instead of iterating over layers:

y(x) =

N⊙

j=1

(
L⊙

i=1

fi

)
(x)

This can be thought of as a deeper network with
N ·L layers, constructed by stacking N models on
top of each other.

Middle-loop Repetition is inspired by mecha-
nistic interpretability studies (Wendler et al., 2024;
Lad et al., 2025), suggesting a simplified concep-
tual view that LLM inference consists of three
coarse phases: encoding the input, reasoning and
synthesizing (including knowledge retrieval), and
forming the final answer by choosing appropriate
tokens. The reasoning phase is considered to be
the most complex one, spread across most layers
of LLMs (Lad et al., 2025).

Therefore, we propose a 3-layer architecture,
reflecting three general operations of the entire pro-
cessing. While the first and last layer are repeated
K times, the middle layer is applied a higher num-
ber of M times (M > K):

y(x) =




K⊙

j=1

f3


⊙




M⊙

j=1

f2


⊙




K⊙

j=1

f1


 (x)

We assume N = 2K +M for general statements
about iterative models.

3.2 Relaxed Iterative Model
Iterative architectures act as deeper N · L layer
models while having significantly less parameters,
which is achieved by applying the same layer sev-
eral times. This effectively means, that such models
are less expressive than standard N · L layer mod-
els because they apply exactly the same operation
without any variability.

Figure 2: Unrolled visualization of standard Layer Rep-
etition iteration strategy and its variant with iteration
specialization.

If we slightly relax the assumption that the num-
ber of model parameters does increase at all with
the number of iterations chosen, we can enable the
model to perform different operations in different
iterations, potentially bringing their expressivity
closer to deeper classical models while still requir-
ing only a fraction of their parameters. The idea
is that while the same layer is applied multiple
times to process the hidden representations, it is
applied in every iteration with a different LoRA
adapter (Hu et al., 2022) that alters the computed
operation. In this way, the model has different N ·L
layers while still having the number of parameters
significantly reduced in comparison to classical
N · L model. Such architecture is visualized in
Fig. 2 on the right and defined below:

y(x) =

L⊙

i=1




N⊙

j=1

fi ⊙ LoRAij


 (x)

3.3 Embedding Compression
As the parameter count of the smallest iterative
models we test is largely influenced by the signifi-
cant size of the embedding matrix, we explore two
additional techniques that reduce the number of
trainable parameters: embedding factorization and
custom tokenizers.

Embedding factorization was adapted from ear-
lier works on ALBERT (Lan et al., 2020), that
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proposed the decomposition of the embedding ma-
trix into a shared linear layer and an embedding
matrix with reduced dimensionality. Each token
has an embedding with a smaller dimensionality
d, which is then scaled up to the size of model’s
hidden representation h by a linear layer. Since the
original embedding matrix has |V | × h parameters
and the new setup has h× d+ |V | × d parameters,
as long as d << h, a reduction of parameter count
is achieved.

Custom tokenizers Another possibility to reduce
the size of embedding matrix is to limit the size of
vocabulary |V | the tokenizer operates on. To this
end, we used the WordPiece algorithm, originally
developed for BERT (Devlin et al., 2019), to con-
struct tokenizers on training corpora that have a
smaller vocabulary set V .

4 Experiments

4.1 Experimental Setup
Model architecture Our models are based on
ModernBERT (Warner et al., 2025) implementa-
tion from the HuggingFace library (Wolf et al.,
2020). Our baseline model has 149M parame-
ters, closely following the architecture of original
ModernBERT-small with default parameters, ex-
cept for the number of hidden layers set to 24, the
context size of 256 and sliding attention disabled.
We tested all three iteration strategies as well addi-
tional techniques mentioned in Sec. 3.

Iteration strategies We evaluated models with
the number of layers L = {1, 3, 6, 12, 24} and iter-
ations N = {1, 2, 4, 8, 16}, except for the largest
models, where computational constraints prevented
evaluating N = 16 for L = 12 and N = {16, 8}
for L = 24. The Middle-loop Repetition vari-
ant is by definition L = 3 and was tested for
K = {1, 3} and values of M that will result in
architectures having M + 2K unrolled layers in
the set of {6, 12, 24, 48}.

Relaxed iterative models were trained with
LoRA adapters of dimensionality 64 and α = 128.
The models are trained with the adapters from the
very first epoch and the training was performed
without further changes.

Embedding Compression Embedding factoriza-
tion was applied with an embedding matrix with
a dimensionality of 128. The embeddings were
scaled up to the model’s 768 dimensionality by an
additional linear layer.

As a custom tokenizer, we trained a WordPiece
model on the BabyLM 10M-word corpus using the
HuggingFace tokenizers library. Prior to vocab-
ulary construction, text was normalized via NFD
decomposition, lowercasing, and accent stripping,
then pre-tokenized by splitting on whitespace and
punctuation. The tokenizer was trained with a vo-
cabulary size of 24,000 and a minimum subword
frequency of 2. Note that the original Modern-
BERT tokenizer has a 50,368 vocabulary size.

Training details Models were trained with
AdamW optimizer with 64 batch size on masking
modeling objective with masking probability of
p = 0.4, following the initial setup of Edman and
Fraser (2025). Learning rate followed the cosine
schedule with 500 warmup steps and a learning
rate of 0.0003. A small weight decay of 0.01 was
applied. The models were trained for 10 epochs
with the best checkpoint selected basing on the best
perplexity value on validation set.

Evaluation Our evaluation protocol follows the
one provided by the BabyLM Challenge organiz-
ers (Charpentier et al., 2025). More concretely, we
evaluated on two benchmarks:

• SuperGLUE, which measures language un-
derstanding capabilities on tasks like BoolQ,
MNLI, MultiRC, RTE, WSC, MRPC, and
QQP (Wang et al., 2019);

• BLiMP (the Benchmark of Linguistic Min-
imal Pairs), consisting of 67 sub-datasets
of minimal sentence pairs probing syntax,
morphology, and semantics (Warstadt et al.,
2020).

Additionally, masked language modeling perplex-
ity was also measured.

For each SuperGLUE task, pretrained models
were fine-tuned with default parameters provided
by BabyLM organizers, without any further hyper-
parameter tuning.

5 Results

5.1 Layer Repetition
The results of the Layer Repetition strategy across
5 layer sizes and 5 iteration numbers are shown
in Tab. 1. For the baseline model (N = 1), the
results on both benchmarks grow as expected with
the increasing number of hidden layers. Iterative
models, while having the same number of parame-
ters, achieve superior results in comparison to the
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L (Layers) N (Iter.) Params S. GLUE BLiMP Perp.

1

1 44.3M 62.96 61.69 17.69
2 44.3M 64.66 63.47 14.69
4 44.3M 63.91 64.07 10.81
8 44.3M 65.14 66.58 9.91
16 44.3M 64.13 57.90 28.56

3

1 54.4M 63.59 66.74 10.27
2 54.4M 65.14 66.60 9.63
4 54.4M 65.75 68.08 9.46
8 54.4M 62.45 69.40 9.54
16 54.4M 64.92 68.06 8.95

6

1 69.4M 65.73 68.12 9.42
2 69.4M 65.00 68.56 8.79
4 69.4M 65.66 69.54 8.58
8 69.4M 66.75 69.57 8.59
16 69.4M 65.07 70.04 9.23

12

1 99.5M 65.54 70.36 8.42
2 99.5M 65.55 71.33 8.04
4 99.5M 65.61 70.15 9.01
8 99.5M 66.34 71.46 8.77

24
1 159.7M 66.04 71.84 8.34
2 159.7M 65.72 72.25 8.37
4 159.7M 67.54 71.50 8.53

Table 1: The results of Layer Repetition strategy across
different numbers of layers L (Layers) and the number
of iterations N (Iter.). Note that the results for N = 1
are standard transformer models. The number of model
parameters (Params) and results of Super GLUE (S.
GLUE), BLiMP and Perplexity (Perp.) also reported.

baseline and their performance seem to generally
increase with increasing the number of iterations.

Impressively, the iterative model with a single
layer and N = 8 iterations achieves a SuperGLUE
performance comparable to a baseline model with
12 trainable layers. This shows the effectiveness
of iterative models in modeling complex functions
with a limited number of layers, and the potential
of scaling the computation time while keeping the
parameter count fixed.

The best iterative model in our comparison is
the iterative model with L = 24 layers and N = 4
iterations. The best baseline has also L = 24 layers
and achieves 1.5 p.p. worse result on SuperGLUE
and a slightly better result on BLiMP (0.34 p.p.,
within standard deviation) than the iterative coun-
terpart.

5.2 Iterative Schema Comparison
Model Repetition is compared to Layer Repe-
tition in Tab. 2. It appears to work better than
Layer repetition overall; however, the differences
between the architectures are typically within ±1
p.p. for both benchmarks. Interestingly, even
Model repetition with N = 8 and L = 3 layers

L (Layers) N (Iter.) Rep. schema S.GLUE BLiMP

1
8 Model rep. 65.08 66.54

Layer rep. 65.14 66.58

16 Model rep. 64.16 58.36
Layer rep. 64.13 57.90

3
8 Model rep. 66.43 69.40

Layer rep. 62.45 69.40

16 Model rep. 63.97 59.30
Layer rep. 64.92 68.06

6

2 Model rep. 66.07 68.72
Layer rep. 65.00 68.56

4 Model rep. 66.83 70.22
Layer rep. 65.66 69.54

8 Model rep. 66.81 69.82
Layer rep. 66.75 69.57

12
2 Model rep. 66.14 70.47

Layer rep. 65.55 71.33

4 Model rep. 67.10 71.05
Layer rep. 65.61 70.15

24
1 Baseline 66.04 71.84

2 Model rep. 66.74 72.00
Layer rep. 65.72 72.25

Table 2: Comparison of Layer and Model Repetition
schema on models with different number of layers L
(Layers) and number of iterations N (Iter.).

only achieves better SuperGLUE than the biggest
baseline model with L = 24. BLiMP seems to be
a more challenging benchmark for iterative models,
and the improvements over the biggest baseline are
obtained only by iterating a model of a similar size.

Middle-loop Repetition A more detailed eval-
uation on L = 3 layered architectures in Table 3
reveals that the differences between the best and the
worse iteration schema increase with the increase
of the number of iterations. Most importantly, it
seems that Layer and Model repetition do not work
well in high iterations regimes (48 unfolded lay-
ers) and increase of iteration count does not bring
further benefits. In contrast, the interpretability-
inspired Middle-loop Repetition schema is more
stable in high iteration regimes, bringing consistent
improvements on SuperGLUE. These models end
up having better SuperGLUE than the baseline with
L = 24 and better BLiMP than the baseline L = 6,
while reducing the number of trainable layers by 8
and 2 times, respectively.

5.3 Impact of Iteration Specialization

Adding iteration specialization seems to only have
a moderate positive impact on iterative models, as
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Layers Un-
rolled

Iteration schema Super
GLUE

BLiMP

3 6
Layer Rep. 65.14 66.60
Model Rep. 64.72 67.95
Mid.-loop Rep. (K = 1) 64.72 67.97

3 12

Layer Rep. 65.75 68.08
Model Rep. 66.45 69.32
Mid.-loop Rep. (K = 1) 65.60 68.75
Mid.-loop Rep. (K = 3) 65.81 68.60

3 24

Layer Rep. 62.45 69.40
Model Rep. 66.43 69.40
Mid.-loop Rep. (K = 1) 66.14 69.30
Mid.-loop Rep. (K = 3) 66.41 69.42

3 48

Layer Rep. 64.92 68.06
Model Rep. 63.97 59.30
Mid.-loop Rep. (K = 1) 66.68 68.41
Mid.-loop Rep. (K = 3) 67.95 68.78

Table 3: Comparison of iteration schemas for models
with L = 3 hidden layers and a different number of
iterations N . For easier comparisons, we report the
number of layers in unrolled architectures (Unrolled).
For Layer and Model Repetition schemas, the number of
iterations N can be computed by dividing this number
by L = 3. For Middle-loop Repetition, the value of 2K
needs to be subtracted from it to get M .

shown in the results presented in Fig. 3 (see App.A
for raw results). Adding adapters to the baseline
architectures results in an inconsistent and small
effect on BLiMP but – quite surprisingly – a posi-
tive effect on the SuperGLUE benchmark (except
for the largest L = 24 model). Note that the latter
benchmark requires model finetuning, which may
indicate better suitability for finetuning. However,
the general lack of consistency on SuperGLUE
results suggests that the hyperparameters on the
standard BabyLM pipeline used for evaluation may
be suboptimal for iterative architectures.

Iteration specialization improve results on
BLiMP for almost all the values of N and smaller
numbers of layers L ≤ 6, with larger increases for
higher values of N . For a larger model (L = 12),
iteration specialization provides better results only
for the highest N = 4 tested. For the largest
L = 24 models, we do not observe any improve-
ment. However, we only tested N = {1, 2} in this
case due to computational limitations.

In contrast, the results on SuperGLUE are typi-
cally worse for models with specialized iterations
with the number of iterations N growing. Since
this benchmark uses fine-tuning to assess model
capabilities, it is possible that the default finetuning
parameters are suboptimal for this kind of models.

Figure 3: Visualization of models’ results with iteration
specialization via LoRA compared with standard Layer
Repetition iterative models across different numbers of
hidden layers L (Layers) and number of iterations N
(# Iterations). See the raw numbers in Tab. 5.

Different LoRA parameterizations In Ap-
pendix A, we present results with two additional
ways of adding LoRA parametrization for consecu-
tive iterations. As LoRA adapters are typically used
for fine-tuning the models, we trained the standard
iterative model for first few epochs, adding LoRA
only in the 8th or 9th epoch. This was accompanied
with an increase of learning rate to 0.0003 to allow
faster training of newly added parameters.2 Never-
theless, the standard technique of having iteration
specialization from the beginning of training seems
to yield the best results.

5.4 Embedding Compression

Results for models constructed with different input
representation techniques are shown in Tab. 4; all
are reported for the Layer Repetition schema.

2In our preliminary experiments, it offered better results
than keeping the original learning rate.
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Lay. Iter. Tok. Fac. Param S.GLUE BLiMP

1

8

M.BERT Yes 11.7M 64.55 66.49
M.BERT No 44.3M 65.14 66.58
Custom Yes 8.3M 65.21 66.51
Custom No 24.1M 64.81 65.82

16

M.BERT Yes 11.7M 34.96 49.85
M.BERT No 44.3M 64.13 57.90
Custom Yes 8.3M 63.93 51.88
Custom No 24.1M 65.23 59.58

3

8

M.BERT Yes 21.7M 66.43 69.44
M.BERT No 54.4M 62.45 69.40
Custom Yes 18.3M 68.98 69.14
Custom No 34.1M 64.97 67.47

16

M.BERT Yes 21.7M 67.72 69.19
M.BERT No 54.4M 64.92 68.06
Custom Yes 18.3M 67.17 68.22
Custom No 34.1M 60.76 67.47

6 8

M.BERT Yes 36.8M 66.76 69.95
M.BERT No 69.4M 66.75 69.57
Custom Yes 33.4M 68.73 70.00
Custom No 49.1M 67.87 68.68

12

1

M.BERT Yes 66.9M 68.61 69.87
M.BERT No 99.5M 65.54 70.36
Custom Yes 63.5M 68.98 68.68
Custom No 79.2M 67.34 69.20

2

M.BERT Yes 66.9M 67.47 70.56
M.BERT No 99.5M 65.55 71.33
Custom Yes 63.5M 70.12 69.42
Custom No 79.2M 67.39 70.67

4

M.BERT Yes 66.9M 67.76 70.76
M.BERT No 99.5M 65.61 70.15
Custom Yes 63.5M 69.58 69.86
Custom No 79.2M 67.32 69.78

24

1

M.BERT Yes 127.1M 68.13 70.73
M.BERT No 159.7M 66.04 71.84
Custom Yes 123.7M 69.26 70.60
Custom No 139.4M 68.08 69.93

2

M.BERT Yes 127.1M 68.99 70.72
M.BERT No 159.7M 65.72 72.25
Custom Yes 123.7M 69.23 69.87
Custom No 139.4M 67.36 71.57

Table 4: Comparison of results obtained with Modern-
BERT and Custom Wordpiece tokenizer, with or without
embedding factorization (Fac.) under Layer Repetition
schema.

Combining a custom tokenizer with smaller vo-
cabulary size and embedding matrix factorization,
results in approx. 36M decrease in parameter count.
For the smallest of our models with L = 1, this
is equal to more than 5 fold compression of the
model size. Interestingly, the impact of this reduc-
tion in parameter size often results in an improved
predictive performance.

Embedding matrix factorization applied across
both tokenizers results in an improved SuperGLUE
score for almost all layer and iteration numbers.

It also improved results on BLiMP for a smaller
architecture with 3 and 6 layers, but caused a drop
– typically up to 2 p.p. – on other architecture sizes.

The Original ModernBERT tokenizer proved to
enable better scores on the zero-shot BLiMP bench-
mark with only two exceptions: L = 1, N = 16
and L = 6, N = 8 configurations. On the
other hand, our custom tokenizer enabled higher
scores on SuperGLUE with only one exception
(L = 3, N = 16).

Overall, for the majority of configurations,
switching from original ModernBERT tokenizer
to our custom tokenizer with embedding factoriza-
tion leads to an improved averaged score of Super-
GLUE and BLiMP benchmarks while reducing the
number of parameters.

6 Conclusions

In this work, we present the first systematic study of
iterative, layer-sharing architectures for language
modeling under a data-constrained setting, using
the 10M-token BabyLM corpus. We tested three
iteration strategies: Layer Repetition, Model Repe-
tition, and an interpretability-inspired Middle-loop
Repetition; and showed that reusing a small num-
ber of trained layers through repeated computa-
tion is an effective alternative to scaling parameter
count. Notably, a 3-layer iterated model was able to
outperform a conventional 24-layer ModernBERT-
style baseline on SuperGLUE and a 6-layer base-
line on BLiMP, despite using a fraction of the train-
able parameters and identical training data.

Finally, we also explored introducing per-
iteration LoRA specialization and reducing param-
eter count through embedding factorization and a
custom, smaller-vocabulary tokenizer. We showed
that these techniques shrank the model parame-
ter counts while frequently improving rather than
harming the overall performance.
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A Additional results of relaxed iterative
methods

The results of iterative methods with iteration spe-
cialization (via LoRA) are presented in Tab. 5.

Additional results of relaxed iterative methods
with different LoRA training schemas are presented
in Tab. 6.

Layers Iter. LoRA Super GLUE BLiMP

1

1 63.23 62.45
– 62.96 61.69

2 63.19 63.62
– 64.66 63.47

4 65.40 66.34
– 63.91 64.07

8 63.05 66.78
– 65.14 66.58

16 56.66 67.10
– 64.13 57.90

3

1 64.09 66.72
– 63.59 66.74

2 64.05 67.58
– 65.14 66.60

4 64.80 69.42
– 65.75 68.08

8 65.04 69.90
– 62.45 69.40

16 57.58 70.02
– 64.92 68.06

6

1 66.54 68.31
– 65.73 68.12

2 65.65 69.40
– 65.00 68.56

4 64.28 69.87
– 65.66 69.54

8 65.63 71.13
– 66.75 69.57

12

1 67.06 70.01
– 65.54 70.36

2 66.01 71.15
– 65.55 71.33

4 65.11 71.92
– 65.61 70.15

24
1 65.11 71.45

– 66.04 71.84

2 65.70 71.56
– 65.72 72.25

Table 5: Results of models with iteration specializa-
tion via LoRA compared with standard iterative models
across different numbers of hidden layers L (Layers)
and number of iterations N (Iter.).
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Layers Iter. LoRA 0th LoRA 8th LoRA 9th Decayed LR S. GLUE BLiMP

1 8

0.00030 64.84 65.91
0.00030 65.13 66.27
– 63.05 66.78
– 65.14 66.58

1 16

0.00030 63.90 58.05
0.00030 64.20 58.23
– 56.66 67.10
– 64.13 57.90

3 8

0.00030 64.54 69.11
0.00030 61.20 69.15
– 65.04 69.90
– 62.45 69.40

3 16

0.00030 63.63 67.05
0.00030 65.28 67.26
– 57.58 70.02
– 64.92 68.06

6 8

0.00030 65.74 69.72
0.00030 66.58 69.69
– 65.63 71.13
– 66.75 69.57

12 2

0.00030 65.09 70.98
0.00030 64.24 71.13
– 66.01 71.15
– 65.55 71.33

12 4

0.00030 64.67 71.03
0.00030 66.13 69.91
– 65.11 71.92
– 65.61 70.15

24 1

0.00030 66.36 70.93
0.00030 67.06 71.15
– 65.11 71.45
– 66.04 71.84

24 2

0.00030 64.89 71.48
0.00030 65.19 72.08
– 65.70 71.56
– 65.72 72.25

Table 6: Additional results of relaxed iterative models with different LoRA parameterizations. See Sec. 5.3 for
details.
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