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Abstract
Efficient compression of language model weights
is increasingly critical as model scale and de-
ployment grow. Yet, most existing methods
rely on handcrafted transforms and heuristics,
reflecting the limited understanding of weights
as a data modality. To move beyond this
paradigm, we formulate weight compression
as neural codec learning and propose Neu-
ral Weight Compression (NWC), a framework
for training neural codecs on pretrained weight
datasets. NWC addresses challenges intrinsic
to weight compression, including tensor hetero-
geneity and the mismatch between reconstruc-
tion losses and downstream performance. Exper-
iments show that NWC achieves highly compet-
itive accuracy–compression tradeoffs, with par-
ticularly strong results in the 4–6 bit regime,
without relying on rigid handcrafted components
such as the Hadamard transform. These gains
extend to across diverse architectures, e.g., vi-
sion encoders. Our analysis highlights the roles
of entropy-constrained quantization and learned
transforms in adapting compression to weight
data and downstream tasks.

1. Introduction
The “weights” of neural nets constitute a new form of data,
and the demand for efficient storage and transmission of
this modality is rapidly increasing. This issue is particu-
larly pressing for large language models (LLMs), whose
parameter counts now reach hundreds of billions to the tril-
lion scale (Gemini team, 2025). Beyond inference-time
communication across intra- and inter-chip interconnects
(Pope et al., 2023), LLM weights must also sit in cold stor-
age on public registries, exchanged during distributed or
federated training (McMahan et al., 2017), maintained as
task- or user-specific updates for personalization (Hu et al.,
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2022), and pile up as training-checkpoint archives whose
footprint now rivals that of the training data itself. There-
fore, effective weight compression is essential for reducing
storage and transmission costs and making LLMs easier to
deploy and distribute.

Currently, the dominant paradigm in compressing language
model weights is quantization with minimal, handcrafted
transforms such as channel-wise scaling (Xiao et al., 2023;
Lin et al., 2024) and orthogonal rotation (Ashkboos et al.,
2024; Chee et al., 2023; Tseng et al., 2024b). This “min-
imalism” trend is especially prevalent in the accelerating
LLM inference on conventional GPUs, where the latency
from decoding operations can be a critical drawback. Nev-
ertheless, the community has yet to reach a consensus on
what constitutes the optimal transform, as evidenced by re-
cent works (van Breugel et al., 2025; Liang et al., 2026).
Furthermore, the manual design of transforms demands
substantial human effort through trial-and-error, making it
difficult to extend for covering a diverse family of LLM
weights with highly heterogeneous distributions (Pierro &
Abreu, 2024; Xu & Yang, 2025).

In this work, we step back from these constraints, and ask
a more fundamental question:

“What advantages can be gained by
learning to compress language model weights?”

Contribution. We develop Neural Weight Compression
(NWC), a neural codec for the weight modality based on
the transform-coding paradigm of Ballé et al. (2017). NWC
consists of an analysis network, an entropy-coded latent
representation, and a synthesis network trained end-to-end
on pretrained weight tensors. Adapting neural codecs to
weights introduces two key challenges: weight tensors
are highly heterogeneous in shape and scale across lay-
ers, and the natural distortion measure—downstream task
error— is intractable to directly optimize at LLM scale.
NWC addresses these challenges through three compo-
nents: (i) chunk-and-normalize preprocessing, (ii) an im-
portanceaware training loss that prioritizes chunks more
critical to model performance; and (iii) inference-time
error compensation that propagates reconstruction errors
through each layer.

Without relying on any handcrafted transforms, NWC
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(a) Weight quantization (b) Search-based method (c) NWC (Ours)

Figure 1. Operational diagrams of various weight compression paradigms, and corresponding minimization objectives. Learnable paths
are marked in blue. g, g−1 : denote the transforms and their inverse; ·: random matrix generation and multiplication; U/Q : Uniform
noise / Quantization; Search : grid search of codewords and coefficients; ga, gs : trainable analysis & synthesis networks.

achieves competitive accuracy-compression tradeoffs. This
benefit is particularly strong in the 4–6 bit regime on lan-
guage models and extends to vision encoders for LLMs.
Our analyses suggest that this success may be due to both
the inherent limitations of the competing VQ-based base-
lines in handling high bitrates (Tseng et al., 2024b), and the
ability of learned transform coding to capture features that
are relevant to the downstream task.

Overall, our work provides a starting point for treating
weight compression as a modality-specific codec problem
rather than a byproduct of inference quantization.

2. Problem Statement
In this section, we formalize the general weight compres-
sion framework.

2.1. Transform coding for weight compression

Similar to the compression of natural signals, weight com-
pression can be understood under the transform coding
paradigm. Suppose a weight codec maps the original
weight w ∈ W to a reconstructed weight ŵ ∈ W through
a finite bitstream. Let f : W → Z be an analysis transform
that maps the weight w to a latent representation z ∈ Z ,
and let g : Z → W be a synthesis transform that maps the
latent representation back to the weight space. Then, the
compression processes can be written as:

Compression: c = C(Q(f(w))), (1)

Decompression: ŵ = g(Q−1(C−1(c))), (2)

where the quantizer Q discretizes the latent representation,
and the coder C encodes the quantized values into a finite
bitstream c.

2.2. Codec optimization

The performance of a codec is measured by the trade-off
between rate and distortion. Let R denote the expected
length of the bitstream and let d : W × W → R denote
a task-dependent distortion measure. We consider the opti-
mization:

min
f,g,C

Ew∼DW [d(w, ŵ)], (3)

subject to R ≤ b. (4)

Distortion. Unlike conventional data compression, where
distortion is often measured by reconstruction error such as
MSE, weight compression should account for downstream
model degradation. Let Mw and Mŵ denote the models
parameterized by the original and reconstructed weights,
respectively. We define the distortion as d(w, ŵ) =
ErrT (Mw,Mŵ), where ErrT is a task-dependent error
functional measuring the discrepancy caused by replacing
w with ŵ.

2.3. From handcrafted to learned compression

Handcrafted compression. Recent existing weight com-
pression methods can be viewed as handcrafted transform
coding systems. Given a weight vector w, they first apply
an invertible linear transform T before quantization:

z = Tw, ŵ = T−1ẑ. (5)

Two representative types of transforms have been widely
explored. The first is channel-wise scaling, where T is a
diagonal matrix. The second is rotation-based transforma-
tion, where T is an orthogonal matrix, so that T−1 = T⊤.
These are computationally efficient and easy to invert.

They are also fixed-rate instances of the framework in Sec-
tion 2.2. They store quantized indices using a predefined
bitwidth, so the rate is fixed in advance and the objective
reduces to minimizing distortion under a given rate budget.
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Figure 2. The proposed neural weight compression (NWC) framework. (Left) Preprocessing steps for weight tensors, including column-
wise chunk-and-normalization and importance level assignment. (Right) Model architectures of the analysis and synthesis. AE/AD refer
to Arithmetic Encoding/Decoding. Q denotes the rounding operator.

Learned compression. In this paper, we consider learned
compression with nonlinear transforms. We parameterize
the analysis and synthesis transforms as neural networks,
f(·; θa) and g(·; θs), and optimize them jointly with an en-
tropy model. The resulting learning objective is the La-
grangian relaxation of the rate–distortion problem:

min
θa,θs,ϕ

Ew [− log pϕ(ẑ) + λd(w, ŵ)] , (6)

where ẑ = Q(f(w; θa)), and ŵ = g(ẑ; θs). Here, the first
term E[− log pϕ(ẑ)] represents the rate loss, which penal-
izes the expected code length under the entropy model pϕ
over the quantized latent representation. The parameter λ
controls the trade-off between this rate and the distortion
d(w, ŵ).

This formulation allows the codec to learn both the rep-
resentation and the code length from weight data, rather
than relying on a manually designed transform and a fixed
bitwidth.

3. Neural weight compression
Now we describe the proposed neural weight compression
(NWC) framework for LLM weights.

3.1. Preprocessing: Chunk and normalize

Unlike images or videos, LLM weights vary widely in
shape and scale. For instance, in Llama 3-8B, the key-
projection matrix has size R1024×4096, whereas the up-
projection matrix has size R14336×4096. Their statistics also
differ substantially across layers and channels; see Appen-
dices D.3 and D.4.

To handle this heterogeneity, we preprocess each weight
matrix W ∈ Rm×n with a simple column-wise pipeline.

We first split W into column vectors wcol ∈ Rm, normal-
ize each column to unit standard deviation, and then divide
them into fixed-length chunks w ∈ R16, which serve as
inputs to the neural codec; see Figure 2, left.

Column-wise normalization factors are stored in FP16
and used to restore the original scale after reconstruction.
This incurs only about 0.004 bits per parameter. We use
column-wise chunking because it aligns naturally with our
inference-time error compensation procedure, described in
Section 3.3.

3.2. Importance-aware training objective

Ideally, the codec should be trained to directly minimize
ErrT (Mw,Mŵ). For LLMs, however, this is impractical:
Each update would require decoding the weights, running
the full model on the task, and attributing the resulting er-
ror to individual compressed chunks. We therefore adopt
a local proxy based on the output distortion of each linear
layer.

For a linear layer x 7→ Wx, the effect of replacing W with
Ŵ can be measured as

E[∥Wx− Ŵx∥22] = tr
(
(W − Ŵ)H(W − Ŵ)⊤

)
(7)

where the Hessian H = E[xx⊤] is estimated from calibra-
tion activations. Motivated by activation outliers in LLMs
(An et al., 2025; Sun et al., 2024a), we use the diagonal
approximation

≈ tr
(
(W − Ŵ)diag(H)(W − Ŵ)⊤

)
, (8)

which yields a Hessian-weighted MSE: errors in columns
with larger activation (or Hessian diagonals) are penalized
more heavily.
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Figure 3. Rate-accuracy tradeoffs on Llama 3-8B. We evaluate WikiText-2 perplexity with a context length of 2048, as well as zero-
shot accuracies on MMLU and six common-sense tasks—ARC-Easy, ARC-Challenge, WinoGrande, PiQA, HellaSwag, BoolQ—across
varying average bit-widths. NWC results are reported as an average over three random seeds, and the standard error is marked in shade.

Chunk-wise importance weights. Since NWC com-
presses fixed-length chunks for each column, all chunks
from the same column inherit the corresponding Hessian
diagonal. We discretize these values into K importance
levels i ∈ {0, . . . ,K − 1} and assign each level a weight
λ
(i)
I . The training objective for a chunk w is:

LImp = E[− log pϕ(ẑ) + λλ
(i)
I ∥w − ŵ∥22]. (9)

Here, λ(i)
I controls the reconstruction fidelity allocated to

chunks of importance level i. In practice, a small number
of levels, e.g., K = 4, is sufficient.

During training, we sample the importance level i uni-
formly at random and condition the codec on it. At in-
ference, we instead use the Hessian-derived level of each
column; see Figure 2 (left) and Appendix F.

Network architectures. As shown in the right panel of
Figure 2, both the analysis transform f and synthesis trans-
form g are residual MLPs. The importance index i is em-
bedded and injected into each residual block by element-
wise multiplication with the hidden states. Storing this
index requires only ⌈log2(K)⌉ bits per column, adding
< 0.001 bits per parameter. We use a fully factorized en-
tropy model with arithmetic coding (Ballé et al., 2017).

3.3. Inference-time error compensation

At inference, to further mitigate compression error, we em-
ploy two compensation mechanisms

Intra-layer error feedback. Incorporating the standard
LDLQ objective (Chee et al., 2023), we update the uncom-
pressed k-th column wk to compensate for quantization er-
rors from preceding columns:

w̃k = wk + (W1:k−1 − Ŵ1:k−1)ak, (10)

where W1:k−1 and Ŵ1:k−1 denote the original and com-
pressed preceding columns. Here, ak corresponds to the

k-th column of L⊤ − I, where L is derived from the LDL
decomposition of the layer’s Hessian (H = L⊤DL). The
updated w̃k will then be compressed by the neural codec,
and the next column will be updated subsequently. We note
that our column-wise chunking strategy makes the com-
pression pipeline compatible with this procedure.

Inter-layer recovery fine-tuning. Before compressing
each layer in a transformer block, we fine-tune the layer
to account for the compression conducted on other layers
in the same block; this is inspired by recent works in model
compression (Tseng et al., 2024a; Egiazarian et al., 2024).
Precisely, after compressing each layer in a k-th block, we
fine-tune the uncompressed layers in the same block to
minimize the MSE between the current block output and
the original k-th block output of the uncompressed model.
Here, as the block input, we use the features of the uncom-
pressed model computed from calibration data enabling a
parallel compression of multiple transformer blocks.

4. Experiments
4.1. Experimental setup

Baselines. We compare NWC against post-training model
compression methods, including (1) Scalar quantization:
AWQ (Lin et al., 2024), GPTQ (Frantar et al., 2023),
and SpinQuant (Liu et al., 2025); (2) Vector quantiza-
tion: QuIP# (Tseng et al., 2024a) and QTIP (Tseng et al.,
2024b); (3) Pseudo-random generator: SeedLM (Shafipour
et al., 2025); (4) Neural codec: ReALLM (Leconte et al.,
2024). See Appendix E.1 for details.

Evaluation. To evaluate the quality of compressed mod-
els, we measure both perplexities and zero-shot accura-
cies. The perplexity is measured on the WikiText-2 (Merity
et al., 2016) and the C4 datasets (Raffel et al., 2020) with
the context length of 2048. Zero-shot accuracies are mea-
sured across MMLU benchmark (Hendrycks et al., 2021)
and 6 common-sense reasoning tasks (ARC-Easy, ARC-
Challenge, WinoGrande, PiQA, HellaSwag, BoolQ).
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Figure 4. Rate-accuracy tradeoffs on six common-sense tasks. We evaluate average zero-shot accuracies ARC-Easy, ARC-Challenge,
WinoGrande, PiQA, HellaSwag, BoolQ across varying average bit-widths.

Training. We train compression network on a dataset con-
sisting of all linear layer weight tensors from Llama 3-8B.
Both encoder and decoder consist of 4-layer residual MLPs
with a width of 512. See Appendix E.4 for more details.

4.2. LLM weight compression

We measure the quality for compressed Llama models
(Grattafiori et al., 2024; Touvron et al., 2023) at vari-
ous bitrates in Figure 3 (see Figure 8 for C4 perplex-
ity). For NWC, we report the average over three training
runs of codec. NWC consistently outperforms most base-
lines, achieving low perplexity and high accuracy. Notably,
the advantage of the neural approach becomes more pro-
nounced at higher bitrates, i.e., over 4 bits.

In Figure 4, we validate the generalizability of our ap-
proach across diverse LLM architectures. In particular,
we consider Mixtral (Jiang et al., 2024), Qwen3 (Yang
et al., 2025), and GPT-OSS (Agarwal et al., 2025). We
provide perplexity and MMLU accuracies in Figure 9. For
MoE models, we employ a modified block-wise fine-tuning
strategy—see Appendix E.6 for details. Without retraining
the codec, we observe that the performance on these mod-
els is strong in the 4–6 bit regime, similar to what has been
observed on the original Llama model.

4.3. Data-free scenarios

Additionally, we evaluate the performance of NWC in a
data-free scenario, where the model is compressed without
any calibration data. For this experiment, we compare our
method against data-free baselines: SeedLM, and data-free
version of ReALLM. For this experiment, we use a sim-
plified version of NWC where all weight chunks are com-
pressed to a uniform importance level and without applying
adaptive error feedback or block-wise fine-tuning.

As shown in Figure 5, NWC consistently achieves lower
perplexity compared to baselines, suggesting that it learns
a more effective representation of the weights than simpler
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Figure 5. Data-free compression comparison against SeedLM and
ReALLM. WikiText-2 perplexity of Llama models.

approximations based on a heuristic search. As reported
in the paper, ReALLM exhibits a significant performance
drop at low bitrate in the data-free setting, as it heavily re-
lies on the tuning of low-rank components using data.

4.4. Other experiments

In Appendix B and Appendix C, we provide additional ex-
perimental results on the follows topics:

• Perplexity and MMLU result (Appendix B.1)

• Vision encoders (Appendix B.2)

• Comparision with non-PTQ methods (Appendix B.3)

• Ablation studies (Appendix C)

• Coding latency analysis (Appendix D.1)

5. Analysis
5.1. The role of entropy-constrained quantization

Why is NWC effective, especially at 4–6 bit range? Our
analyses suggest that this may be due to the effectiveness
of the entropy-constrained quantization—i.e., jointly opti-
mized rate and distortion—in handling heavy tails at higher
rates, where prior approach falls suboptimal.

To show this, we compare the rate-distortion curve of var-
ious compression schemes—scalar Lloyd-Max quantiza-
tion (SQ), vector quantization (VQ), trellis-coded quanti-
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Figure 6. Rate-distortion curves for various quantization schemes
and data distributions. The entropy constrained scalar quantiza-
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while fixed-rate methods (SQ, VQ, TCQ, TCQ*) become sub-
optimal. RHT denotes the random Hadamard transform, and the
model weights are from the Llama 3-8B.
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Figure 7. Perplexity vs. MSE analysis on Llama 3-8B. The
learned compression yields superior downstream performance de-
spite higher reconstruction error.

zation (TCQ), and entropy-constrained scalar quantization
(ECSQ)—across various data distributions; For TCQ, we
adopt the configuration of QTIP (Tseng et al., 2024b). We
also evaluate a variant of TCQ, termed TCQ∗, which uses
the variable-sized codebook optimized for the rate. Fur-
thermore, for the Laplace and model weight sources, the
codebooks were initialized using a Laplace distribution in-
stead of the standard normal distribution. Details regarding
the experimental setup are provided in Appendix E.7.

In Figure 6, we observe that ECSQ stays close to the
Shannon limit across all sources and rates (Gish & Pierce,
1968). In contrast, fixed-rate methods exhibit the gap that
widens as the rate increases. Variants with relaxed code-
book constraints, such as TCQ∗ and TCQ (RPTC), also
fail to be near-optimal, especially in heavy-tailed distri-
butions. While random Hadamard transform (RHT) can
mitigate this, the gap persists at high rates. ECSQ yields
superior and robust performance, particularly at ≥ 4 bits.

Table 1. Statistical analysis of transformed query projection
weights. The neural encoder significantly reduces kurtosis and
outliers compared to other transformations.

Method Kurtosis Max Value (σ) Outliers (> 3σ)

Original 20.48 43.57 1.94%
DCT 0.46 10.54 0.50%
Random Rotation 5.42 16.77 1.86%
RHT 5.44 16.66 1.86%
NWC 0.00 2.70 0.00%

5.2. The role of learned transforms

If ECSQ alone can achieve near-Shannon-limit MSE, what
is the role of the learned transforms? Experiments suggest
that the transform helps ensure a good model quality, which
is not fully guaranteed by having low MSE.

In Figure 7, we observe that while adding learned transform
to ECSQ slightly worsens the MSE, it can greatly reduce
the perplexity of the compressed LLM. This observation
suggests that the learned transform effectively steers the
compression process to retain weight components essential
for model performance, rather than naı̈ve average distor-
tion. This intuition is also confirmed in Appendix D.2.

Finally, we note that the learned transform also has an ef-
fect of suppressing outliers and heavy tails (Table 1). Here,
we observe significantly reduced kurtosis and outlier fre-
quency for features yielded by neural encoders, rendering
the representation more amenable to coding.

6. Conclusion
We introduce Neural Weight Compression, a novel frame-
work that treats model weights as a learnable modality. Ul-
timately, we envision this work serving as a pioneering step
toward fully automated compression pipelines in the era of
large-scale models.

Limitation and future work. While our current imple-
mentation relies on tensor-level simulations due to the non-
trivial nature of implementing optimized fused kernels for
tile-wise arithmetic decoding and memory constraints of
decoding parameters, we believe that bridging this gap
through dedicated efforts will unlock meaningful inference
acceleration. We leave the development of such optimized
kernels as a promising direction for future research.

NWC framework opens up the possibility of leveraging re-
cent advances from the neural data compression literature.
For instance, incorporating techniques such as progressive
coding (Jeon et al., 2023; Lu et al., 2021; Lee et al., 2022)
and code optimization (Gao et al., 2022; Perugachi-Diaz
et al., 2024) are promising directions for future work. Ex-
ploring these avenues could further enhance both the per-
formance and flexibility of the neural weight compression.
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Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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Ballé, J., Laparra, V., and Simoncelli, E. P. End-to-end op-
timized image compression. In International Conference
on Learning Representations, 2017.

Banaei, M., Bałazy, K., Kasymov, A., Lebret, R., Tabor, J.,
and Aberer, K. Revisiting offline compression: Going
beyond factorization-based methods for transformer lan-
guage models. In Findings of the Association for Com-
putational Linguistics: EACL 2023, 2023.

Bisk, Y., Zellers, R., Gao, J., Choi, Y., et al. PIQA: Reason-
ing about physical commonsense in natural language. In
Proceedings of the AAAI Conference on Artificial Intel-
ligence, 2020.

Cai, W.-P., Li, M.-Y., and Li, W.-J. Lcq: Low-rank
codebook based quantization for large language models.
arXiv preprint arXiv:2405.20973, 2024.

Chee, J., Flynn (née Renz), M., Damle, A., and De Sa,
C. M. Model preserving compression for neural net-
works. In Advances in Neural Information Processing
Systems, 2022.

Chee, J., Cai, Y., Kuleshov, V., and De Sa, C. M. QuIP:
2-bit quantization of large language models with guar-
antees. In Advances in Neural Information Processing
Systems, 2023.

Chen, H., Gwilliam, M., Lim, S.-N., and Shrivastava, A.
HNeRV: A hybrid neural representation for videos. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2023.

Cheng, L., Guan, P., Taherkordi, A., Liu, L., and Lan,
D. Variational autoencoder-based neural network model
compression. arXiv preprint arXiv:2408.14513, 2024.

Clark, P., Cowhey, I., Etzioni, O., Khot, T., Sabharwal, A.,
Schoenick, C., and Tafjord, O. Think you have solved
question answering? try ARC, the AI2 reasoning chal-
lenge. arXiv preprint arXiv:1803.05457, 2018.
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Appendix
A. Related Work
Neural data compression. Unlike conventional handcrafted codecs, the neural codec framework does not require an
explicit modeling of the data generation procedure, as it fits the data distribution directly. Moreover, the flexibility to
optimize for any differentiable distortion measure allows the maximization of diverse quality metrics beyond simple MSE
(Zhang et al., 2018). These advantages have led to state-of-the-art performance in compressing high-dimensional natural
signals, such as images (Ballé et al., 2017; He et al., 2022; Li et al., 2024; Liu et al., 2023a), videos (Lu et al., 2019;
Jia et al., 2025), and audio (Zeghidour et al., 2021; Défossez et al., 2023). Inspired by this progress, our work extends
this paradigm to language model weights—data characterized by high dimensionality and complex generation procedures,
where preserving model performance is paramount.

Weight compression via neural codecs. Most of the prior attempts to apply neural compression on model weights—e.g.,
based on simple autoencoders (Banaei et al., 2023) or VAEs (Cheng et al., 2024)—largely focus on compressing small-
scale models like BERT or LSTMs. Unlike these works, there have been recent attempts based on VQ-VAE to compress the
weights of LLMs (Leconte et al., 2024; Tian et al., 2025). These works tend to rely on a piecemeal strategy—overfitting
codes or tuning decoders for individual weight matrices, similar with the implicit neural representation literature (Chen
et al., 2023). In contrast with these works, we propose a single, unified encoder-decoder pair that compresses the entire set
of weights for an LLM. To the best of our knowledge, this is the first of such global neural compression framework that
can be effectively scaled to handle large language models.

Weight compression via quantization. Quantization remains the dominant paradigm for LLM compression. Early ap-
proaches have primarily focused on scalar quantization, employing second-order error compensation (Frantar et al., 2023)
or activation-aware scaling (Lin et al., 2024) to preserve salient weights. As an attempt to further enhance the robustness
against outliers, subsequent works have introduced incoherent transformations, such as the random Hadamard transform, to
Gaussianize weight distributions (Chee et al., 2023; Ashkboos et al., 2024). More recently, vector quantization frameworks
have pushed compression to lower bitwidths (e.g., sub-3-bit) (Egiazarian et al., 2024; Tseng et al., 2024a;b). While some
of these methods incorporate some data-driven optimizations, such as gradient-based codebook optimization (Egiazarian
et al., 2024; Cai et al., 2024; Tseng et al., 2024b), our framework essentially differs by leveraging fully learned nonlinear
transformations and entropy coding driven by learnable probability model, without using handcrafted transforms.

Other approaches. There are several other non-learned approaches for compressing neural network weights such as
pruning (Hassibi et al., 1993; Chee et al., 2022; Sun et al., 2024b), and low-rank matrix approximation (Hsu et al., 2022;
Yuan et al., 2023; Wang et al., 2025b; Lin et al., 2025). More recently, Shafipour et al. (2025) has explored representing
weight blocks using a random seed, with corresponding coefficients as the compressed code. These works tend to put a very
significant restriction on the computational footprint of the decoding procedure, using one or no matrix multiplications. In
contrast, our work relaxes this restriction, considering multi-layer decoders and entropy decoding. However, as we will
demonstrate, the decoding latency can be kept at a competitive level.
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Figure 8. Rate-accuracy performance on Llama models. We evaluate C4 perplexity (context length 2048) across various average bit-
widths.
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Figure 9. Rate-accuracy trade-off comparison. Each subfigure shows the Wikitext2 perplexity (left plot) and MMLU accuracy (right
plot) for (a) Qwen3-30B-A3B and (b) Mixtral-8x7B.

B. Additional Results
B.1. Language models

C4 perplexity of Llama models. Figure 8 presents the C4 perplexity of Llama3-8B, Llama2-7B, and Llama2-13B across
various bit range.

Mixtral & Qwen3. Figure 9 illustrates the rate-distortion performance on Qwen3-30B-A3B and Mixtral-8x7B. For each
model, we report the Wikitext2 perplexity (left) and MMLU accuracy (right). Consistent with the results on Llama models,
our approach maintains high performance at mid to high bitrates, demonstrating its robustness across diverse architectures
without requiring model-specific retraining.
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Figure 10. Compression of vision encoders. We report zero-shot classification accuracy for CLIP and SigLIP, and linear probing
accuracy for DINOv2 on ImageNet-1k.
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Figure 11. Compression results of Llama 2-7B.

Table 2. Performance of Llama 3-8B compressed by SVD-based methods and NWC.

METHOD Ratio↓ Wiki-2↓ OpenQ ARCe WG HS PQ MathQ Avg↑
Original 100% 6.14 0.35 0.80 0.73 0.60 0.80 0.40 0.61

SVD-LLM 80% 11.82 0.29 0.77 0.64 0.51 0.72 0.30 0.54
SVD-LLM V2 80% 8.01 0.33 0.79 0.70 0.58 0.77 0.36 0.59
NWC 25% 6.32 0.34 0.80 0.75 0.60 0.79 0.39 0.61

B.2. Vision models

To demonstrate versatility, we evaluate NWC on the prominent vision encoders. We evaluate zero-shot classification
accuracy of CLIP-ViT-L/16 (Radford et al., 2021) and SigLIP-B/16 (Zhai et al., 2023), and linear probe accuracy of
DINOv2-L (Oquab et al., 2023) on ImageNet (Russakovsky et al., 2015). For these experiments, the NWC codec is first
pre-trained on Llama weights and then fine-tuned on the weights of each respective model. No recovery fine-tuning is
applied to either method, which we mark with †. See Appendix E.5 for more details.

The results, presented in Figure 10, show that NWC achieves superior performance at mid-to-high bitrates. This is consis-
tent with the trend observed in the LLM experiments, suggesting that the benefits of our neural approach generalize across
the neural networks trained on the data of different modalities.

B.3. Comparison with other baselines

In the main experiments, we leave out comparing NWC with the QAT methods. The main reason is that QAT methods
often require significantly more computation than ours. Specifically, LLM-QAT demands approximately 280 hours on an
A100 80G. Furthermore, QAT relies on the full pre-training corpus or extensive synthetic data, NWC requires only the
small calibration set.

QAT & ReALLM. In this section, we compare NWC against Quantization-Aware Training: LLM-QAT (Liu et al.,
2023b), BitDistiller (Du et al., 2024) and other neural codecs: ReALLM (Leconte et al., 2024). The evaluation is per-
formed on Llama2-7B, measuring perplexity on WikiText-2 and the average zero-shot accuracy across four common-
sense tasks (PiQA (Bisk et al., 2020), HellaSwag (Zellers et al., 2019), WinoGrande (Sakaguchi et al., 2021), and ARC-
Challenge (Clark et al., 2018)). As shown in Figure 11, NWC consistently demonstrates superior performance compared to
QAT-based methods at equivalent bitrates. Crucially, when evaluated in a calibration data-free setting, NWC compression
performance is substantially better.

SVD-based methods. Table 2 presents a comparison between NWC and SVD-based compression methods (Wang et al.,
2025b;a). We evaluate both the compression ratio and the zero-shot accuracy on a range of tasks, including Open-
bookQA (Mihaylov et al., 2018) and MathQA (Amini et al., 2019). Here, the compression ratio is defined ratio of total
storage cost, calculated as the total number of bits in the compressed model divided by that of the original model. The
results indicate that NWC achieves superior performance compared to SVD even at higher compression ratios.

PocketLLM. Table 3 presents the perplexity comparison with PocketLLM (Tian et al., 2025) on the WikiText-2 and C4
benchmarks with context length of 4096. Note that we do not include zero-shot results from the paper in this section. A
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direct comparison was not feasible because their reported baseline performance for the uncompressed model and other
methods diverges from ours, presumably due to differences in the evaluation setup.

Table 3. Perplexity comparison of Llama 2-7B on WikiText-2 and C4 benchmarks (context length 4096).

Method Bits WikiText-2 C4

FP16 16 5.12 6.63

PocketLLM 3.98 5.27 6.86
NWC (Ours) 3.96 5.17 6.70

B.4. Standard deviations across multiple seeds

Table 4 summarizes the standard deviations observed across three independent seeds.

Table 4. Standard deviations of Llama 3-8B performance metrics computed over three seeds.

Bits per parameter

Metric 3.96 bits 4.80 bits 5.98 bits

WikiText-2 (PPL) 0.009 0.008 0.005
C4 (PPL) 0.004 0.003 0.005
Common-sense (%) 0.23 0.07 0.08
MMLU (%) 0.20 0.12 0.04
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Figure 12. Ablation studies on NWC components. We report WikiText-2 perplexity (context length 2048) on Llama 3-8B.

C. Ablation studies
We systematically evaluate the efficacy of each technical component of the proposed framework. First, we observe that
applying normalization at a finer granularity (i.e., channel-wise) yields the most favorable rate-distortion trade-off com-
pared to coarser alternatives (Figure 12a). Second, the analysis confirms that leveraging importance-awareness is crucial
for minimizing perplexity, particularly in low bitrate regimes (Figure 12b). Furthermore, we validate the necessity of the
inference-time error mitigation strategies; the results demonstrate that both intra- and inter-layer compensation mechanisms
are beneficial for effectively recovering model performance during compression (Figure 12c). Finally, comparisons against
fixed-rate baselines reveal the clear superiority of our learned entropy model over standard scalar and vector quantization
approaches, as shown in Figure 12d.

C.1. Encoder and decoder networks

To quantify the benefit of the learnable ga and gs networks, we compare the model against an entropy-only baseline.
This baseline replaces ga and gs with identity functions and is trained using only the auxiliary and rate losses; without a
distortion loss, it is incapable of controlling the bitrate or adapting reconstruction quality. For this ablation, both importance
awareness and error compensation were disabled. The results in Table 5 demonstrate that the learnable networks offer a
large reduction in perplexity compared to the entropy-only model.
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Table 5. Wikitext-2 and C4 perplexity for Llama-3-8B.

En/Decoder Bits Wikitext-2↓ C4↓
Identity(·) 2.12 27.8 33.2
ga/gs 2.13 14.5 20.7

C.2. Use of entropy model

In Figure 12d, to validate the effectiveness of density estimation-based entropy coding within our framework, we conducted
an ablation study comparing our method against baselines where the entropy model is replaced by non-linear fixed-length
quantizers. We trained and compared compression models utilizing a non-linear scalar quantizer, a vector quantizer, and
the entropy model, respectively. For all three models, the encoder and decoder architectures were identical, and no input
importance was employed. The two fixed-length quantizers were trained using the Straight-Through Estimator (STE), with
the dimension of the vector quantizer set to 2.

C.3. Importance aware compression

Figure 12b presents a comparison of compression performance between our importance-guided quality allocation and a
baseline using a uniform quality assignment. The results demonstrate that leveraging importance consistently leads to
lower perplexity. This performance gain is particularly significant in the low bitrate regime.

C.4. Channel-wise normalization

Figure 12a presents an ablation study on the granularity of weight normalization. We compare the performance when
normalization is applied at different levels: globally (across the entire model weights), tensor-wise (per-layer), and channel-
wise. The results, which account for the bit overhead required to store the normalization factors, show a clear trend: a finer
granularity (i.e., channel-wise) consistently leads to lower perplexity.

C.5. Compensation for compression error

The effectiveness of our inference-time compression error compensation is demonstrated in Figure 12c. The results show
that applying each of the intra- and inter-layer error compensation mechanisms leads to a lower perplexity, confirming the
positive contribution of both components.
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Table 6. Encoding and decoding latency for 4096× 4096 tensor, measured on a single NVIDIA RTX 6000 Ada.

Operation NWC (Ours) GPTQ QTIP QuIP#

Encoding (×103 ms) 1.64 ±0.30 0.69 ±0.02 19.84 ±0.30 21.71 ±0.82

Decoding (ms) 1.17 ±0.07 0.08 ±0.04 0.52 ±0.02 1.33 ±0.33

Synthesis, g 1.07 ±0.07 - - -
Entropy Decoding 0.10 ±0.01 - - -
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Figure 13. Compression error for the 10th layer Q-projection in Llama 3-8B. Weights were normalized by their column-wise standard
deviation prior to compression. (Top) Comparison between the Hessian diagonals and the inverse column-wise MSE. (Bottom) Heatmap
visualizing the absolute error magnitude.

D. Additional Analyses
D.1. Latency analysis

In Table 6, we assess the computational efficiency of NWC by measuring the wall clock latency for compressing and
decompressing a 4096× 4096 weight tensor. We have evaluated under at the target rate of 4 bits per parameter, on a single
NVIDIA RTX A6000 GPU. Detailed experimental settings are provided in Appendix E.8.

From the table, we observe that the NWC achieves the latencies that are competitive to prior quantization methods, despite
the prevalent belief that entropy-coding-based methods are slow. Indeed, it outperforms vector quantization baselines in
terms of the encoding speed, and performs similarly in terms of the decoding speed. This is largely due to the availability
of GPU-accelerated entropy decoding library—namely, the “nvCOMP” library by NVIDIA.1 These results highlight the
proposed neural codec may have some potential to be further developed into a practical tool in the near future.

D.2. The effect of Hessian-based importance-aware compression

The Hessian-based importance-aware transform effectively steers the compression process to retain weight components
essential for model performance, rather than naı̈ve average distortion. This intuition is confirmed by Figure 13, where
we visualize the loss Hessian and channel-wise reconstruction error. As expected, channels with larger Hessian diagonals
demonstrate lower MSE.

1https://developer.nvidia.com/nvcomp
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Figure 14. Layer-wise statistic of Llama 3-8B. (Top) Kurtosis. (Bottom) Standard deviation.

D.3. Per-layer statistic of Large language model

In Figure 14, we visualize the kurtosis and standard deviation across different layer depths and types. From these results,
we observe three key characteristics:

• The majority of layers exhibit kurtosis values higher than that of a Gaussian distribution (i.e., > 0), indicating heavy-
tailed distribution.

• Certain layers exhibit extremely high kurtosis. This is particularly pronounced in the Q, K and O projections of the first
block.

• The standard deviation varies depending on the layer type.

D.4. Channel-wise scale

Similar to the observation in CNNs (Nagel et al., 2019), the transformer-based models exhibit scaling differences across
channels. We visualize the channel-wise scale for the Q matrix of Llama 3-8B in Figure 15
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Figure 16. Per-layer rate-distortion curve of K projection layer in different blocks.

D.5. Robustness to heavy-tailed distributions

Figure 16 presents the single-layer rate-distortion curves for QTIP and NWC. Our method outperforms QTIP in terms of
MSE, particularly in layers characterized by high kurtosis (i.e., heavy-tailed distributions). This observation aligns with
Figure 6 and Table 1, demonstrating that learned codecs are more robust to extreme distributions and surpass handcrafted
approaches in handling heavy-tailed weights.

E. Implementation Details
E.1. Experimental setup details

For a thorough comparison, we reproduce the results of the baselines over the bitwidths missing in the original paper. For
closed-source models, we compare with the figures in the original papers. Furthermore, to evaluate the efficacy of the
compression scheme in isolation, we compare with the baselines without end-to-end fine-tuning. To clarify this point, we
mark the modified baselines—QuIP# and QTIP—with an asterisk (∗). For all experiments, we report the effective bits per
parameter, which explicitly accounts for the overhead of metadata, including normalization factors and importance level
indices.

E.2. Reproduction of baselines over various bitwidths

For QTIP, AWQ, and SpinQuant, we reproduce the results of the baselines over the bitwidths missing in original papers.

• QTIP: We change k in hybrid-computed codes

• SpinQuant: We optimize the WbA16KV16 rotation scheme for each target bitwidth b, then apply PTQ using this rotation
in b-bits weight quantization setting.

• AWQ: We apply b-bit weight quantization using group size of 128, which induces roughly 0.25 extra bits per parameter.
This overhead is included in the bits per parameter reported on the X-axis of the comparison plots. (e.g. Figure 3,
Figure 8)

In contrast, we were unable to reproduce results for QuIP# at arbitrary bit-widths. This is because it relies on fixed
codebooks for each specific bitrate targeted in the original paper, which does not allow for flexible bitrate adjustment.

E.3. Hessian generation

We generate Hessian matrices following the protocol of QuIP# (Tseng et al., 2024a), using the exact same matrices for all
baseline comparisons (NWC, QuIP#, QTIP). We use the RedPajama dataset (Weber et al., 2024) for all language models:

20



Neural Weight Compression for Language Models

6,144 sequences (length 2,048) for the Llama 2/3 families, and 2,048 sequences for Mixtral-7x8B, Qwen3-30B-A3B, GPT-
OSS-20B, and Gemma3-4B. For vision models, Hessians are estimated using 512 samples from the Conceptual Captions
Dataset (Sharma et al., 2018).

E.4. Network design and training

Hyperparmeter. Details regarding the architecture and training of our compression network are provided in Table 7. We
employ an auxiliary loss to update the quantile parameters of the entropy model, which is trained separately from the main
rate-distortion objective.

Table 7. Hyperparameters for network design and training

Hyperparameter Value

Chunk size 16
ga network width 512
ga number of residual blocks 4
gs network width 512
gs number of residual blocks 4
Entropy model channel size 16
Learning rate 1× 10−4

Learning rate (auxiliary loss) 1× 10−3

Optimizer Adam
λ {30, 50, 100, 300, 1000, 10000}
λI {0.29, 0.83, 10, 20}

Training cost. We train the codec with the following compute resources and data:

• Compute cost: The codec is trained for 60 epochs, requiring 11.45 hours on a single NVIDIA A6000 Ada GPU.

• Dataset: The codec training does not require any external datasets or text corpora, utilizing only the model weights.
For computational efficiency during random sampling, we aggregated 64 weight chunks into a single training sample.
Consequently, for LLaMA-3-8B, the training set consists of approximately 6.8 million examples, with a validation set of
1,000 samples.

Fine-tuning on specific model. For vision models, fine-tuning on model weights required maximum half an hour for
6 epochs using a single NVIDIA RTX A6000 GPU. For laguage models, our experimental results demonstrate that the
learned codec generalizes effectively to diverse architectures even without fine-tuning step. We observed that when at-
tempting to fine-tune on new model weights, the initial loss was already near convergence, only minimal adaptation is
required for most current transformer-based architectures.

E.5. Experiment details for vision models

We applied our compression technique to the vision encoder models as follows:

• CLIP and SigLIP, compression was applied to all projection layers within both the text encoder and vision encoder
blocks.

• DINOv2, compression was applied to all layers within the main encoder blocks.

• For all models, the collection of weights targeted for compression was used as a dataset to fine-tune the NWC codec
specifically for that model.

E.6. Block-wise inter-layer recovery fine-tuning for MoE models

Recent Mixture-of-Experts (MoE) architectures, such as Mixtral (Jiang et al., 2024), and Qwen (Yang et al., 2025), contain
a significantly larger number of linear layers within a single Transformer block due to the multiplicity of experts. Conse-
quently, performing block-wise recovery fine-tuning after compressing every single layer incurs prohibitive computational
overhead. To address this we adopted a modified strategy that applies fine-tuning to groups of layers in the experiment
of Figure 4 and Figure 9 for NWC and QTIP. Specifically, we execute the recovery fine-tuning following these groups of
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layers:

• Compress the self-attention weights (Wq,Wk,Wv,Wo) and the router weights, followed by block fine-tuning.

• Compress the up-projection weights of all experts, followed by block fine-tuning.

• Compress the gate-projection weights of all experts, followed by block fine-tuning.

• Compress the down-projection weights of all experts, followed by block fine-tuning.

E.7. Experiment details of Figure 6

To substantiate the efficacy of entropy coding and optimization via the joint rate-distortion objective, we compare the
rate-distortion performance of various compression schemes—scalar Lloyd-Max quantization (SQ), vector quantization
(VQ), trellis coded quantization (TCQ), and entropy-constrained scalar quantization (ECSQ)—across i.i.d. Gaussian and
Laplacian sources, and pre-trained language model weights. For all evaluations, we fix a sample size of 220

For TCQ baselines, we evaluate several configurations to ensure a rigorous comparison:

• Standard TCQ: We adopt the default configuration from QTIP (Tseng et al., 2024b) with constraint length L = 16,
trellis states V = 2, and a fixed codebook size Q = 9.

• TCQ∗ (Scaled codebook): To address performance saturation at higher bitrates (specifically ≥ 5 bits), we employ a
variant where the codebook size scales dynamically with the target rate (Q = 2× rate+1). Furthermore, for Laplace and
model weight sources, codebooks are initialized using a Laplace distribution rather than the standard normal distribution.

• TCQ variants: We also include the Random Permutation Trellis Coder (RPTC) as implemented in QTIP, and the
Lookup-Free Computed Codebook (1MAD) variant to benchmark against diverse TCQ optimizations.

E.8. Details of latency analysis

In this section, we provide details of the latency analysis presented in Appendix D.1. The reported values represent the
average wall-clock time and standard deviation for processing a 4096 × 4096 weight tensor at a target rate of 4 bits per
parameter on NVIDIA RTX A6000.

• Encoding Time: This measures the total duration to transform the original tensor into its compressed format. Crucially,
this includes the computational overhead of the Hessian-based intra-layer error feedback mechanism (e.g., LDLQ). Note
that we exclude the runtime for inter-layer recovery fine-tuning for NWC, QuIP#, and QTIP. This is because this process
operates at the block level—making tensor-wise attribution ambiguous—and incurs a comparable computational cost
across all methods.

• Decoding Time: This corresponds to the latency involved in fully reconstructing the full precision tensor in VRAM
from the compressed bitstream. For NWC, the total decoding time is calculated as the sum of the neural synthesis
latency and the entropy decoding time. Specifically, the entropy decoding component is benchmarked separately using
the Asymmetric Numeral Systems (ANS) codec from the NVIDIA nvCOMP library1.
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F. Details of Determination and Assignment of Importance Levels
Assigning importance levels during inference. We determine the importance level for each column based on the magni-
tude of its corresponding Hessian diagonal elements. Specifically, we employ a quantile-based stratification strategy with
thresholds that are fixed across all weight tensors. Columns in the top 0.1% of Hessian values are assigned importance
level 3, those in the top 1% receive level 2, and those in the top 10% are set to level 1. All remaining columns are assigned
level 0. This ensures that bit allocation is prioritized for the most sensitive parameters.

Importance level training coefficient. During training, an importance level coefficient is sampled from a discrete set
for each weight chunk. These values were empirically selected to span a wide spectrum of operating points, ensuring the
model learns to handle diverse rate-distortion trade-offs. Following the literature on variable-rate neural image compression
(Iwai et al., 2024), we formulate the loss by applying the reciprocal of the importance coefficient λI to the rate term (i.e.,
weighting the rate by 1/λI ). We observe that this formulation enhances the model’s ability to learn diverse bitrate controls
compared to distortion weighting schemes.

F.1. Importance-aware strategy in AWQ and GPTQ

In this section, we explicitly compare the proposed NWC with existing post-training quantization methods like AWQ and
GPTQ. Our method differs in two critical aspects:

• Discrete importance: For compact storage, we discretize the scaling factors into a small set of levels (e.g., K = 4).
These levels can be stored using only trivial overhead (e.g., 2 bits per channel). In contrast, the sensitivity metrics in
GPTQ and AWQ are continuous.

• Importance-augmentation during training: To address the imbalance in samples across importance levels, we conduct
importance-augmented training where each vector is paired with a randomly selected scaling factor.

F.2. Activation-aware scaling in AWQ

AWQ’s activation-aware scaling is defined as

s = sX
α∗
, α∗ = arg min

α∈[0,1]
L(sαX) (11)

where (sX)c =
1
N

∑N
i=1 |Xc,i|, and L(s) is quantization objective of Equation (4) in Lin et al. (2024).

This scaling mechanism relies on the empirical assumption that the quantization step size ∆ = max(|w|), remains stable
even after scaling (i.e., ∆′ = max(|s⊤w|) ≈ ∆). As the scaling factor s increases, this assumption breaks down, forcing
AWQ to use a heuristic search to find a safe α.

As a fully learnable framework, NWC can explicitly incorporate the scale into its loss function, allowing the optimizer to
find the most effective compression directly with respect to the importance.

F.3. Sensitivity metrics in GPTQ

Drawing from OBQ (Frantar & Alistarh, 2022), GPTQ leverages arbitrary ordering and Cholesky reformulation to define
the error sensitivity metrics of each weight column as:

s = diag(L⊤)−1, L = Cholesky(H−1). (12)

Adopting this as an importance metric, however, is computationally more intensive than simply using the Hessian diagonal
Λ. It requires one additional matrix inversion and one Cholesky decomposition for each Hessian matrix. Empirically, we
find that using the diagonal of the Hessian directly is not only sufficient but often yields superior results for training neural
compression models.
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G. Justification for Diagonal Hessian Approximation
In Section 3.2, we employ a diagonal approximation of the Hessian matrix to measure parameter sensitivity. While the full
Hessian captures cross-parameter correlations, we justify the adequacy of the diagonal approximation based on the distinct
activation characteristics–outlier activations– in LLMs.

LLMs are known to have massive outlier activations, where specific feature dimensions possess magnitudes significantly
larger than others (Sun et al., 2024a; An et al., 2025). Let x ∈ Rdin denote the input activation. The Hessian is typically
approximated using the expected outer product of the inputs, H ≈ E[xx⊤].

Consider a feature dimension d that corresponds to an outlier feature. Mathematically, if the magnitude of this outlier
feature is significantly larger than other dimensions (i.e., |xd| ≫ |xj | for j ̸= d), the diagonal term Hdd dominates the
off-diagonal terms:

Hdd ≈ E[x2
d] ≫ E[xdxj ] ≈ Hdj (13)

The Hessian matrix becomes effectively diagonally dominant in the presence of strong outliers. Therefore, the diagonal
approximation serves as accurate and computationally efficient proxy for parameter importance.
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