
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at SciForDL 2nd edition

LEVERAGING LOW-RANK STRUCTURE FOR EFFECTIVE
WEIGHT-SHARING IN LANGUAGE MODELS

Anonymous authors
Paper under double-blind review

ABSTRACT

Small language models are often built by scaling down standard large language
model architectures. We argue that this design choice is suboptimal, and that small
models can be parameterized more effectively by sharing weights, with differences
captured by low-rank adaptation (LoRA) modules. We test this hypothesis by
comparing several weight-tying strategies. We find that attention matrices, and even
entire layers, can be shared without degrading performance. This increases FLOPs
per parameter, reduces optimizer-state memory, and improves over parameter-
matched baselines. We also reduce the parameter count of the embedding layer via
a factorized construction, which yields additional memory savings. To motivate
these design choices, we analyze the effective rank of model weights and the
residual stream. Our analysis leads to more efficient compact models.

1 INTRODUCTION

Small language models are often obtained by scaling down standard large language model archi-
tectures. In this work, we ask whether such scaled-down designs miss a simple opportunity: many
weight tensors may be similar enough that they can be shared, with only low-rank differences needed
to recover model capacity. Our central hypothesis is that a substantial fraction of weight differences
in pretrained language models are well-approximated as low-rank updates. If so, we can share base
weights and represent head- or layer-specific variation using LoRA modules (Hu et al., 2022).

We take a two-step approach where we first analyze a pretrained model (Gemma 3-270M) (Team,
2025) and measure the effective rank of weight and activation differences using singular value
decomposition (SVD). This analysis suggests that attention head weights, and differences between
some early layer outputs, have low effective rank. Second, guided by these observations, we run
controlled pretraining experiments that compare different sharing strategies for attention and for
transformer layers. To keep comparisons fair, we evaluate each sharing strategy against parameter-
matched unshared baselines.

Across these experiments, we find that weight sharing combined with low-rank adapters can sub-
stantially reduce parameters while maintaining, and in some settings improving, loss relative to
parameter-matched baselines. Finally, we address the embedding bottleneck in sub-billion models
by using factorized embeddings with weight tying (Press & Wolf, 2017; Lan et al., 2020), which
reallocates parameters from the embedding matrices to other components. These results provide
a practical recipe for improving parameter efficiency in small language models, and they connect
to recent theory work that uses low-dimensional parameterizations to obtain tighter generalization
bounds in large language models (Lotfi et al., 2023; 2024).

2 RELATED WORK

Our work focuses on parameter-efficient transformer design via compression and sharing. For
embeddings, weight tying (Press & Wolf, 2017) and factorized embeddings in ALBERT (Lan et al.,
2020) reduce the cost of input and output projections. This matters both when embedding matrices
are huge in large models (Workshop et al., 2022) and when they dominate the budget in smaller
models (Lan et al., 2020). We build on these works by sweeping embedding rank across model sizes
and identifying a more efficient allocation regime.
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(a) Attention head weight differences require few prin-
cipal components to capture 95% of variance.

(b) Early non-adjacent layer output differences are
similarly low-rank.

Figure 1: SVD shows weight differences in Gemma 3-270M are low-rank. This informs the use of
shared base weights, with LoRA to save expressivity while preserving a fixed parameter budget.

For parameter sharing across depth, Dehghani et al. (2019) studies sharing weights across layers,
and Takase & Kiyono (2023) shows that less rigid schemes, such as pairwise sharing, often perform
better. Bae et al. (2025) adds LoRA modules (Hu et al., 2022) to shared-layer models to recover
layer-specific flexibility. We go a step further by using a low-rank analysis of pretrained weights
and layer outputs to choose shared components, and by testing attention and layer sharing under
strict parameter-matched pretraining comparisons. Structured matrix parameterizations provide a
complementary route to efficiency (Dao et al., 2022; Qiu et al., 2024; Kuang et al., 2025); however
we focus on low-rank adaptation (LoRA) (Hu et al., 2022) to model the weight difference.

3 LOW-RANK STRUCTURE OF LLMS

Our central hypothesis is that differences between related weight tensors in pretrained language
models are well-approximated by low-rank updates, so a shared base can be paired with low-rank
adapters (LoRAs) (Hu et al., 2022). To validate this hypothesis, we analyze similarity between
weight tensors in Gemma 3-270M (Team, 2025) using singular value decomposition (SVD). Given a
difference matrix Ã, we compute Ã = UΣV ⊤ and count the number of singular values needed to
explain 95% of its variance.

For attention, we compute pairwise differences between attention projection weights as shown in
Section 3(a). Gemma 3-270M uses multiple heads only for the query matrix (each of dimension 256),
while key and value use a single head. The lowest-rank pairs are differences between attention head
weights, suggesting heads differ primarily through low-rank transformations, consistent with Wang
et al. (2025). For cross-layer structure, we compute differences between layer outputs on 25,000
tokens to capture each layer’s effect on the residual stream as shown in Section 3(b). Non-adjacent
early layers (e.g., layer 1 and layer 5) have the lowest rank differences. This finding differs from
Gromov et al. (2024) and suggests that aggressive low-rank sharing in later layers may not be as
effective as sharing non-adjacent early layers.

4 WEIGHT SHARING EXPERIMENTS

Motivated by the low-rank structure in Section 3, we test whether related weights can be tied while
preserving loss, using a low-rank adapter AB to represent their differences. We train Llama 3
based models (Dubey et al., 2024; Meta AI, 2024) with Meta’s Lingua (Videau et al., 2024) on 10B
tokens from FineWeb-Edu (Penedo et al., 2024) (see Appendix A for full training details). A key
experimental challenge is fair comparison: the same parameter budget can be reached by changing
latent width, MLP width, or attention configuration (e.g., more aggressive GQA (Ainslie et al., 2023)),
and these choices can bias conclusions. We therefore construct unshared baselines by fixing ratios
between model dimensions and scaling down in a consistent way. For each setting, we then tune
sharing hyperparameters to match the parameter count of the corresponding unshared baseline, and
we apply the same parameter-matching protocol when comparing sharing strategies to each other.
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(a) LoRA rank sweep for Bulge layer sharing (100M).
Rank 256 minimizes loss; rank 512 overspends the
parameter budget on adapters.

Attention Sharing (100M base)

Type Loss Matched ∆P Drop↓

Unshared 2.71 – – –
Rank-144 2.71 2.74 -8M -0.03
Rank-22 2.73 2.75 -15M -0.02
QKV-Hd 2.80 2.74 -17M +0.06

Layer Sharing (100M base)

Unshared 3.12 – – –
Sequence 3.23 3.27 -50M -0.04
Cycle 3.23 3.27 -50M -0.04
Cycle(Rev) 3.23 3.27 -50M -0.04
Hierarchy 3.31 3.38 -66.7M -0.07
Bulge 3.22 3.27 -50M -0.05

(b) Sharing strategies vs. parameter-matched unshared
baselines (“Matched”). Sharing matches or beats base-
lines at equal parameter count.

Figure 2: Weight sharing with LoRA matches or exceeds baselines. Best results obtained with
LoRA’s across shared attention heads and transformer layers utilizing a Bulge sharing strategy.

4.1 ATTENTION SHARING

Since attention heads exhibit the lowest-rank differences, we start by re-parameterizing attention with
a single base weight tensor for each of Q, K, and V , and model per-head variation with a low-rank
adapter:

softmax

(
(Qbase +AQBQ) (Kbase +AKBK)

T

√
dk

)
(Vbase +AV BV ) . (1)

We control the amount of sharing in two ways. First, we vary adapter rank to capture more or less
variance between heads. Second, we share within groups of heads, rather than tying all heads together.

We also increase sharing by tying parameters across the Q, K, and V projections themselves. This is
motivated by Multi-Latent Attention (DeepSeek-AI, 2024), which suggests redundancy between key
and value representations.

We begin with a 100M-parameter unshared model and apply attention sharing. We compare to
parameter-matched unshared baselines that remove a similar number of parameters via the same
scaling rules described above. As shown in Figure 2b, attention sharing removes 8M parameters from
a 100M-parameter model while matching validation loss. Lower adapter ranks and additional QKV
tying increase loss relative to the 100M baseline, but remain competitive with parameter-matched
unshared reductions. In Appendix C, we evaluate the same approach at 250M, 500M, and 1B
parameters with similar trends. At 250M, we also test head grouping, which provides an additional
knob for controlling the degree of sharing. To more robustly validate the effects of sharing, we also
conduct downstream evals (see Table 3), with the shared models consistently outperforming the
unshared baselines, especially at larger sizes.

4.2 LAYERWISE SHARING

We study layer sharing with LoRA relaxation following Bae et al. (2025): base weights are shared,
and LoRAs provide layer-specific adaptations. We test Sequence, Cycle, and Cycle(Rev) (pairwise
sharing patterns from Takase & Kiyono (2023)), along with Hierarchy (more unique early layers) and
Bulge (unique first and last layers, with shared middle layers). Appendix B visualizes these patterns.

As with attention sharing, we start from a 100M unshared baseline and compare to parameter-matched
unshared baselines. In Figure 2b, Bulge performs best among the tested patterns (loss 3.22). The
success of Bulge over Hierarchy is notable: Bulge preserves unique parameters in both the first and
last layers, while Hierarchy preserves uniqueness primarily in early layers. This suggests that later
layers still contribute useful capacity in our setting, which differs from the behavior reported by
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Figure 3: Optimal embedding proportion is around 27%, far below typical allocations in small
models. Sweeping embedding rank offers fine control over embedding proportionality, allowing
freed parameters to be reallocated to other model components.

Gromov et al. (2024). Combined with our SVD analysis showing that some non-adjacent early layers
are most similar, this points to sharing topologies that preserve boundary layers while maximizing
sharing in the middle. To study the effect of adapter rank, we match parameter count across shared
models and sweep LoRA rank. In our sweep, rank 256 on a 100M model performs best, as shown in
Figure 2a. We observe the same pattern at 250M and 500M base model sizes (Figure 5).

5 FACTORIZED EMBEDDINGS

For sub-billion parameter models, embeddings can exceed 60% of total parameters (e.g., Gemma3-
270M). One way to reduce this cost is to shrink the vocabulary, but larger vocabularies can encode
more information per token. We instead use factorized embeddings with weight tying (Press &
Wolf, 2017; Lan et al., 2020). Concretely, we decompose Wemb ∈ RV×d into E ∈ RV×re and
P ∈ Rre×d, reducing parameters from V d to re(V + d). With weight tying, the output projection
uses the same factors and becomes (EP )⊤. This matches the intuition that input embeddings and the
output projection implement inverse mappings, from tokens to vectors and from vectors to logits.

The embedding rank re provides a direct knob for parameter allocation. We sweep re across model
sizes and reallocate the saved parameters to other components. Figure 3 shows that the best setting
in our sweep corresponds to an embedding proportion of ≈ 27%, which is substantially lower than
typical small-model allocations. This suggests that large embedding budgets in standard scaled-down
architectures can be reduced without sacrificing efficiency, by using factorization and weight tying.

6 CONCLUSION AND FUTURE DIRECTIONS

In this work, we conduct controlled, parameter-matched experiments to study weight sharing as an
alternative to standard scaling heuristics for small language models. Rather than shrinking models
by changing widths, MLP ratios, or attention configurations, we hold these ratios fixed and isolate
the effect of sharing by tying weights and restoring flexibility with low-rank adapters. We find that
attention and layer sharing with LoRA can reduce parameters while matching, and in some settings
improving over, parameter-matched unshared baselines. Inspired by these findings, future work
can explore how the best sharing topology changes with model scale and training duration, and
whether the same trends hold under more deployment-like pipelines (larger token budgets, distillation,
and alternative optimizers such as Muon). It may also be fruitful to combine sharing with sparse
activation methods (e.g., MoE) and to use low-rank diagnostics as a pre-training tool to select which
components to share, thus enabling smarter model scaling methods.
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7 CHALLENGE: SCIENCE OF DL IMPROVEMENT

7.1 WHAT MODEL ARE YOU TARGETING?

Provide a summary of the problem the deep net model is designed to solve. Good summaries should
outline the state of the literature, provide an overview that domain experts would consider reasonable,
and cite relevant sources.

Large language models (LLMs) have made consistent gains across a range of upstream and down-
stream tasks by scaling the number of parameters across model iterations (Kaplan et al., 2020; Brown
et al., 2020). For example, GPT-3 demonstrated strong few-shot performance with 175B parameters.
However, this trajectory comes with two caveats. First, extremely large models incur substantial
training and inference costs, including compute, memory, and energy requirements. Second, scaling
purely by parameter count is not compute efficient. Hoffmann et al. (2022) shows that compute-
optimal scaling requires balancing model size with data volume, and that a smaller model trained on
more data can outperform a larger model.

In response, there is growing interest in strong small (≤ 1B parameter) language models (Team,
2025; Yang et al., 2025; Allal et al., 2024). These models have a smaller memory footprint, are more
suitable for local and on-device deployment, and are more accessible in settings with constrained
hardware. Our work targets this regime by studying architectural choices that improve parameter
efficiency without relying on ad hoc downscaling heuristics.

7.2 HOW DO YOUR RESULTS CONTRIBUTE—OR COULD POTENTIALLY CONTRIBUTE—TO
UNDERSTANDING THESE MODELS?

What aspects of the models become better understood thanks to your work?

Our results clarify where low-rank structure appears in pretrained small models and how it relates
to parameter allocation. We find that attention heads exhibit low-rank differences that support head
sharing with low-rank adapters, and we evaluate this hypothesis with controlled, parameter-matched
pretraining experiments. We also show that embeddings can take an outsized share of parameters
in sub-billion models, and that factorized, tied embeddings allow reallocating parameters more
effectively. Finally, our layer sharing experiments show that layer-sharing topology matters with
Bulge outperforming Hierarchy, contradicting prior findings that later layers can be pruned.

7.3 HOW DO YOU EXPECT YOUR SUBMISSION TO INFLUENCE FUTURE WORK?

Propose ways in which your insights, findings, or methodologies could shape subsequent research
directions, model design choices, or scientific applications.

Our methodology provides a practical alternative to standard heuristics for constructing small models
by scaling down widths and ratios. We show that low-rank diagnostics can help identify which
components are most amenable to sharing, and that controlled, parameter-matched comparisons can
isolate the effect of sharing from other architectural changes. These tools can support future work
on scaling sharing strategies across model sizes and training budgets, combining sharing with other
efficiency mechanisms, and improving small-model design by reallocating parameters away from
overly large embeddings.
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A EXPERIMENTAL DETAILS

All models follow the Llama 3 architecture (Dubey et al., 2024) and are trained with Meta’s Lingua
framework (Videau et al., 2024) on FineWeb-Edu (Penedo et al., 2024). We use the AdamW optimizer
with a learning rate of 3 × 10−4, selected by sweeping one order of magnitude above and below
and choosing the setting with the lowest validation loss. Training uses a cosine schedule with 2 000
warmup steps, gradient clipping at 10.0, bf16 mixed precision, and a context length of 2,048 tokens.
All runs use 8 GPUs without model sharding.

Table 1 summarizes the baseline architectures used for attention sharing and layerwise sharing
experiments. The two experiment families use slightly different model configurations because each
family scales down from a different starting point while keeping dimension ratios fixed. All models
use GQA and SwiGLU activations with RMSNorm.

Table 1: Baseline model architectures. d: model dimension, L: layers, H: attention heads, Hkv:
key-value heads, FFN: feed-forward dimension.

Attention Sharing Layerwise Sharing

Size d / L / H Hkv Tokens d / L / H Hkv Tokens

100M 752 / 13 / 8 1 10B 744 / 12 / 12 6 10B
250M 1024 / 20 / 16 8 10B 1260 / 12 / 9 9 10B
500M 1536 / 24 / 16 8 10B 1536 / 16 / 12 12 10B
1B 1536 / 36 / 16 8 10B 1980 / 20 / 15 15 10B

B LAYERWISE SHARING STRATEGIES

LAYER 1

LAYER 3

LAYER 4

LAYER 5

LAYER 6

LAYER 2

(a) Vanilla

LAYER 1

LAYER 3

LAYER 4

LAYER 5

LAYER 6

LAYER 2

(b) Sequence

LAYER 1

LAYER 3

LAYER 4

LAYER 5

LAYER 6

LAYER 2

(c) Cycle

LAYER 1

LAYER 3

LAYER 4

LAYER 5

LAYER 6

LAYER 2

(d) Cycle(Rev)

LAYER 1

LAYER 3

LAYER 4

LAYER 5

LAYER 6

LAYER 2

(e) Hierarchy

LAYER 1

LAYER 3

LAYER 4

LAYER 5

LAYER 6

LAYER 2

(f) Bulge

Figure 4: Weight-sharing strategies for transformer layers. Shared colors denote shared weights.

Figure 4 shows the layerwise sharing strategies. Vanilla is the unshared baseline. Sequence, Cycle,
and Cycle(Rev) shares pairwise layers (Takase & Kiyono, 2023). Hierarchy retains unique parameters
in early layers. Bulge retains unique parameters in first and final layers with maximum sharing
occurring towards the middle layers.

C EXTENDED RESULTS

C.1 ATTENTION SHARING ACROSS SCALES

Table 2 extends the 100M attention-sharing results from the main text to 250M, 500M, and 1B
parameters. Across all scales, head sharing at the highest tested rank matches or slightly exceeds
the parameter-matched unshared baseline, while more aggressive sharing (lower rank or QKV tying)
trades a small amount of loss for larger parameter savings. At 250M we additionally test head
grouping (2 groups), which provides a useful middle ground between full sharing and no sharing.
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Table 2: Attention Sharing Experiments

Attention Sharing (100M base)

Type Val. Loss Matched ∆P

Unshared 2.7060 – –
QKV + Head Sharing, Rank 4 2.80231 2.7388 -17M
Head Sharing, Rank 22 2.7326 2.7548 -15M
Head Sharing, Rank 144 2.7100 2.7360 -8M

Attention Sharing (250M base)

Type Val. Loss Matched ∆P

Unshared 2.5456 – –
QKV + Head Sharing, Rank 64, 2 Groups – 2.5736 -30M
Head Sharing, Rank 80 2.5695 2.5847 -28M
Head Sharing, Rank 192 2.5592 2.5759 -10M

Attention Sharing (500M base)

Type Val. Loss Matched ∆P

Unshared 2.4378 – –
QKV + Head Sharing, Rank 144, 2 Groups 2.5005 2.4667 -65M
Head Sharing, Rank 184 2.4641 2.4728 -60M
Head Sharing, Rank 288 2.4564 2.4673 -40M

Attention Sharing (1B base)

Type Val. Loss Matched ∆P

Unshared 2.3817 – –
QKV + Head Sharing, Rank 144, 2 Groups 2.4413 2.3973 -93M
Head Sharing, Rank 194 2.3934 2.3996 -81M
Head Sharing, Rank 288 2.3954 2.3973 -55M

C.2 LORA RANK SWEEP FOR LAYERWISE SHARING

To isolate the effect of adapter rank from other hyperparameters, we fix the Bulge sharing topology
and sweep LoRA rank while parameter-matching between shared models. Figure 5 shows results for
100M, 250M, and 500M models. All three scales reach their lowest loss at rank 256; higher ranks
(512) increase loss, likely because the added adapter parameters reduce capacity available for other
components under a fixed parameter budget.

8 16 32 64 128 256 512
LoRA Rank

3.0

3.1

3.2

3.3

3.4

3.5

3.6

Lo
ss

100M
250M
500M

Figure 5: Optimal LoRA rank rl = 256 for Bulge layer sharing. All model sizes show minimum
loss at rank 256 across a sweep of rl, suggesting a balance between additional expressive parameters
afforded to shared transformer layers vs the loss of base model capacity necessitated by a strict
parameter budget.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at SciForDL 2nd edition

C.3 DOWNSTREAM EVALUATION

To verify that sharing gains are not limited to validation loss, we evaluate on four standard benchmarks:
ARC-Easy, HellaSwag, PIQA, and Winogrande (Table 3). Given the small size of the models tested,
most perform only marginally better than guessing at the benchmarks. However, models do improve
performance with size, especially on ARC-E and HellaSwag, confirming the presence of signal in
the downstream evaluations. Additionally, at the largest model sizes (500M and 1B), shared models
consistently match or outperform parameter-matched unshared baselines on these tasks, consistent
with the validation-loss results.
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Table 3: Downstream Evaluation Results for Attention Sharing

Attention Sharing (100M base)

Type ARC-E HellaSwag PIQA Winogrande† ∆P

Unshared – – – – –

QKV + Head Sharing, Rank 4 – – – – -17M
Matched baseline – – – – -17M

Head Sharing, Rank 22 0.3245 0.2651 0.5136 0.4988 -15M
Matched baseline 0.3186 0.2647 0.5125 0.5075 -15M

Head Sharing, Rank 144 0.3127 0.2697 0.5098 0.5114 -8M
Matched baseline 0.3089 0.2632 0.5103 0.5028 -8M

Attention Sharing (250M base)

Type ARC-E HellaSwag PIQA Winogrande† ∆P

Unshared 0.3161 0.2648 0.5169 0.5138 –

QKV + Head Sharing, Rank 64, 2 Groups – – – – -30M
Matched baseline 0.3102 0.2625 0.5125 0.5036 -30M

Head Sharing, Rank 80 0.3266 0.2729 0.5054 0.5067 -28M
Matched baseline 0.3131 0.2675 0.5180 0.5162 -28M

Head Sharing, Rank 192 0.3295 0.2720 0.5044 0.5004 -10M
Matched baseline 0.3119 0.2633 0.5163 0.5067 -10M

Attention Sharing (500M base)

Type ARC-E HellaSwag PIQA Winogrande† ∆P

Unshared 0.3140 0.2726 0.5136 0.5075 –

QKV + Head Sharing, Rank 144, 2 Groups 0.3304 0.2776 0.5136 0.4925 -65M
Matched baseline 0.3056 0.2711 0.5196 0.5051 -65M

Head Sharing, Rank 184 0.3346 0.2788 0.5169 0.5146 -60M
Matched baseline 0.3093 0.2695 0.5098 0.5099 -60M

Head Sharing, Rank 288 0.3392 0.2808 0.5103 0.5154 -40M
Matched baseline 0.3077 0.2685 0.5098 0.5280 -40M

Attention Sharing (1B base)

Type ARC-E HellaSwag PIQA Winogrande† ∆P

Unshared 0.3165 0.2742 0.5256 0.5043 –

QKV + Head Sharing, Rank 144, 2 Groups 0.3485 0.2845 0.5131 0.4980 -93M
Matched baseline 0.3220 0.2687 0.5098 0.5091 -93M

Head Sharing, Rank 194 0.3468 0.2911 0.5147 0.5130 -81M
Matched baseline 0.3287 0.2782 0.5103 0.4980 -81M

Head Sharing, Rank 288 0.3388 0.2872 0.5141 0.5099 -55M
Matched baseline 0.3262 0.2760 0.5190 0.4957 -55M

All metrics are acc norm except †Winogrande which uses acc (acc norm unavailable).
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