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Abstract

Feature coding has recently emerged as a key technique for
efficient transmission of intermediate representations in dis-
tributed AI systems. Existing approaches largely follow a
transform-based pipeline inherited from image and video
coding, where the transform module is used to remove spa-
tial structural redundancies in visual signals. However, our
analysis indicates that such redundancies have already been
largely removed during feature extraction, which reduces the
necessity of the transform module. Building on this insight,
we propose a new transform-free pipeline that directly en-
codes the extracted features via a vector quantization module
and an entropy model. The proposed transform-free frame-
work jointly learns the quantization codebook and entropy
model, enabling end-to-end optimization tailored to the inher-
ent feature characteristics. Furthermore, the proposed method
inherently avoids the computational complexity of the trans-
form module. Experiments on features from diverse architec-
tures and tasks demonstrate that our method achieves supe-
rior rate-distortion performance compared to transform-based
baselines, while significantly reducing the encoding and de-
coding complexity.

Code — https://github.com/xxii111/FCVQ

Introduction
The rapid advancement of large models has greatly ex-
panded the scope of artificial intelligence, powering appli-
cations such as autonomous driving, remote healthcare, and
smart surveillance (Zhang et al. 2024; Qu et al. 2025; Friha
et al. 2024). However, the deployment of such models in
real-world scenarios faces two critical challenges: compu-
tational cost and data. Centralized execution on the cloud
raises privacy concerns due to raw data transmission, while
on-device execution is often infeasible due to limited com-
putational resources (Vepakomma et al. 2018). To address
these issues, distributed deployment has emerged as a prac-
tical paradigm, where models are partitioned between cloud
and edge devices (Lepikhin et al. 2020; Tian et al. 2022,
2024; Wang et al. 2024). In this setting, intermediate fea-
tures become the primary medium of information exchange
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Figure 1: Comparison of three coding pipelines. The key dif-
ference lies in (c), where the transform stage is removed,
reducing complexity while preserving task-relevant seman-
tics. Subfigures (d)-(h) visualize the feature correlations of
the input image, image latent, and features. The low correla-
tion observed in (f)-(h) indicates that extracted features are
already decorrelated, eliminating the need for an additional
transform module.

between the two sides. Efficiently compressing these fea-
tures is therefore crucial for reducing communication over-
head and enabling real-time inference, making feature cod-
ing a key technique for large model deployments.

Existing feature coding methods are largely inspired
by image and video coding pipelines, typically adopting
a transform-quantization-entropy coding framework (Chen
et al. 2019; Choi, Bajić et al. 2021; Alvar and Bajić 2021;
Liu et al. 2023b; Yamazaki et al. 2022; Suzuki et al. 2022;
Cai, Xing, and Gao 2022; Kim et al. 2023; Yang et al.
2024; Gao et al. 2025a). The transform module is central to
decorrelating raw visual signals, a necessity in image cod-
ing where spatial redundancies are high. However, deep fea-
tures differ fundamentally from images: they have under-
gone multiple nonlinear operations in the backbone network,
which already suppress structural redundancies and enrich
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semantic representations. Our systematic correlation anal-
ysis confirms this distinction, revealing that deep features
exhibit significantly lower correlations than raw images or
even image latents. This observation challenges the neces-
sity of the transform step and motivates a fundamental ques-
tion: Can we design a transform-free feature coding frame-
work tailored to the properties of deep features? In addition,
prior studies often overlook the computational overhead of
the transform module, which can substantially affect system
latency and energy consumption. These limitations highlight
the need for an effective and more efficient feature coding
paradigm.

In this work, we propose a transform-free feature cod-
ing framework based on entropy-constrained vector quan-
tization (ECVQ) (Chou et al. 2002). Instead of perform-
ing an explicit transform, our method directly partitions in-
termediate features into low-dimensional chunks and maps
them to a learned codebook. The quantized indices are then
entropy-coded using a discrete probability model. Both the
codebook and entropy model are jointly optimized under a
rate–distortion objective, enabling end-to-end training that
aligns compression efficiency with downstream task per-
formance. This design simultaneously simplifies the coding
pipeline and reduces computational cost, while leveraging
the inherent decorrelation properties of deep features.

Distinct from previous studies that primarily focus on
either CNNs or large models, our framework is validated
on diverse architectures and tasks, including ResNet50 (He
et al. 2016) and DINOv2 (Oquab et al. 2023) for both clas-
sification and semantic segmentation. This comprehensive
evaluation demonstrates the generalization ability of our
method across heterogeneous feature types. Experiments
show that our approach achieves superior rate-distortion per-
formance compared to transform-based baselines, particu-
larly at low bitrates, while reducing computation complex-
ity. Such efficiency makes the proposed method well-suited
for real-time and privacy-preserving deployment in practi-
cal edge-cloud systems. In summary, our contributions are
threefold:

• We identify the unique statistical properties of deep fea-
tures compared to raw images, providing empirical evi-
dence that challenges the necessity of the transform mod-
ule in feature coding and introduce the transform-free
feature coding framework.

• We design an entropy-constrained vector quantization
scheme that jointly learns the codebook and entropy
model for end-to-end rate-distortion optimization.

• Our framework achieves higher compression efficiency
across CNN and Transformer features for both classifi-
cation and segmentation, while maintaining significantly
lower computational complexity.

Related work

In this section, we introduce the related work on feature cod-
ing and vector quantization.

Input Input Size Mean Max Min Median
Image Spatial 3 0.76 1.00 0.00 0.88

Image Channel 10000 0.98 1.0 0.96 0.98

Image Latent Spatial 192 0.52 1.00 0.00 0.55
Image Latent Channel 320 0.07 0.67 0.00 0.05

ResNet50 Cls Spatial 2048 0.36 0.95 0.00 0.31
ResNet50 Cls Channel 49 0.25 0.97 0.00 0.22

DINOv2 Cls Hor 64 0.15 1.00 0.00 0.11
DINOv2 Cls Ver 64 0.21 0.93 0.00 0.19

DINOv2 Seg Hor 10 0.30 1.00 0.00 0.27
DINOv2 Seg Ver 10 0.39 1.00 0.00 0.37

DINOv2 Seg Hor 180 0.14 1.00 0.00 0.10
DINOv2 Seg Ver 180 0.15 0.99 0.00 0.12

Table 1: Correlation statistics on various input images and
features. The features show much lower correlation com-
pared to images.

Feature Coding
Feature coding is introduced to analyzing before compress-
ing, which is one of the two tracks included within the Cod-
ing for Machines (Duan et al. 2020; Yang et al. 2024). Ex-
isting feature coding methods are typically derived from
image coding methods, leveraging transforms to decorre-
late feature representations (Chen et al. 2019; Choi, Bajić
et al. 2021; Liu et al. 2023b; Gao et al. 2024a,b; Ma et al.
2024). For example, Chen et al. propose to quantize and
repack CNN feature maps, which are considered as one
frame for compression via video codecs (Chen et al. 2019).
This method serves as the anchor in MPEG-FCM, where
multi-layer features are first fused and then encoded (WG2
2023). Kim et al. introduce an end-to-end multi-scale fea-
ture coding framework that iteratively transforms and fuses
multi-scale features into latent representations (Kim et al.
2023). Liu et al. propose a mutual feature coding strategy
by compressing lower-scale features and predicting higher-
scale ones (Liu et al. 2023b). In parallel, task-aware fea-
ture coding approaches aim for scalability by exploiting se-
mantic relationships. Choi et al. proposed a latent-scalability
method, using partial channels for detection and full chan-
nels for reconstruction (Choi, Bajić et al. 2021). Other scal-
able methods encode a base layer and residual streams to
support multiple tasks (Wang et al. 2019; Liu et al. 2021;
Yan et al. 2021; Chen et al. 2024). Recently, Gao et al. illus-
trate the importance of feature coding in large model deploy-
ments and introduce the large model feature coding methods
(Gao et al. 2025d,c,b).

While effective, these transform-based methods inherit
the complexity of image codecs and overlook the intrinsic
properties of deep features, potentially limiting coding effi-
ciency and flexibility.

Vector Quantization
Vector quantization (VQ) maps high-dimensional vectors
to a discrete codebook by assigning each input vector to
its nearest codeword (Gray 1984). It has been widely used
in variou areas (Qi et al. 2025; Wu et al. 2025b,a; Jia
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Figure 2: Overview of the proposed transform-free feature coding framework. The input image is processed by a pretrained
backbone to generate the original feature F , which is uniformly partitioned into lower-dimensional chunks along a specified
axis and subsequently fed into a vector quantizer to obtain discrete indices. These indices are entropy-coded into a bitstream
using an arithmetic encoder. The decoding process mirrors the encoding pathway to reconstruct the feature. In this framework,
optimization is applied solely to the discrete entropy model and the codebook generator under the rate-distortion objective,
where bitrate R is estimated via the discrete entropy model and distortion D is measured by the MSE between the original and
reconstructed features.

et al. 2024). In the coding area, the encoder transmits
the index of the closest codeword, and the decoder re-
constructs the vector via codebook lookup. However, VQ
does not optimize rate-distortion performance, as codeword
assignment ignores the bit-rate constraint. This shortcom-
ing is addressed by Entropy-Constrained Vector Quantiza-
tion, which introduces a Lagrangian formulation to opti-
mize rate and distortion jointly (Chou et al. 2002). ECVQ
modifies the codeword assignment procedure by incorpo-
rating a rate-distortion loss, enabling variable-rate encoding
that is locally optimal. This framework aligns the quantiza-
tion process more closely with information-theoretic prin-
ciples, where both distortion and coding cost are explicitly
balanced.

Recent advances in learning-based image compression
have reintegrated VQ within the framework of rate-
distortion optimization (Agustsson et al. 2017; Zhu et al.
2022; Feng et al. 2023; Qi et al. 2025; Jia et al. 2024). While
existing methods focus on applying VQ in the transform
stage or latent domains, its potential in the visual feature
domain remains largely unexplored.

Analysis and Motivation
Revisiting Transform in Image and Feature Coding
Image coding has long adopted the transform-quantization-
entropy coding pipeline, shown as Figure 1 (a) (Ballé et al.
2016, 2018; Cheng et al. 2020; Bross et al. 2021; He et al.
2022; Liu et al. 2023a). The transform module plays a cen-

tral role by removing spatial and channel redundancies
in natural images, thereby producing compact latents with
reduced correlations. Such decorrelation simplifies subse-
quent entropy modeling, since entropy coders perform op-
timally when their inputs are nearly independent and identi-
cally distributed.

Inspired by image coding, most existing feature coding
approaches, shown as Figure 1 (b), inherit the same de-
sign: features extracted by a pretrained backbone are passed
through a transform before quantization and entropy coding.
However, this design overlooks fundamental differences be-
tween images and features:

• Images are raw signals captured by cameras and naturally
exhibit strong spatial correlations.

• Features, by contrast, are intermediate representations
extracted by deep neural networks that have already un-
dergone multiple nonlinear transformations aimed at re-
dundancy suppression and semantic enrichment.

In other words, the pretrained backbone itself can be viewed
as a transform, potentially reducing correlations inherently.
This raises a key question: Has the correlation already
been sufficiently removed during feature extraction?

Correlation Analysis
To answer this question, we conducted a systematic correla-
tion analysis across different representations, including raw
images, image latents, and features from multiple models
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(ResNet50, DINOv2) and tasks (classification, segmenta-
tion). We evaluated correlations along different axes. Specif-
ically, we compute the absolute value of the Pearson corre-
lation coefficient along the spatial and channel axes for im-
ages, image latents, and ResNet-50 features (all represented
in the H×W ×C format). For DINOv2 features, which are
structured as H ×W , the correlation is evaluated along the
horizontal and vertical axes. Figure 1 and Table 1 summarize
the results. The key observations are:

• Images and image latents exhibit high correlations (e.g.,
0.98 in Table 1), which justifies the transform stage in
image coding.

• Deep features show dramatically reduced correlations.
For example, ResNet50 features have mean spatial cor-
relation of only 0.36.

• Feature correlations are even lower than image latents,
indicating that neural networks inherently perform decor-
relation as part of representation learning.

These findings suggest that the main benefit of the
transform module (redundancy removal) is largely un-
necessary for features. Thus, applying an additional trans-
form to already decorrelated features may be redundant.
This motivates us to propose the transform-free feature cod-
ing framework.

Transform-Free Feature Coding
Although removing the transform seems straightforward,
one must recognize another implicit function of the trans-
form in image coding: dimensionality reduction. By re-
ducing the resolution, the transform generates lower-
dimensional latents that are easier to quantize and encode.

To retain this benefit in a transform-free design, we intro-
duce vector quantization as a core component. The proposed
transform-free feature coding pipeline is shown in Figure 1
(c). The framework bypasses the transform stage entirely
and directly applies vector quantization to deep features ex-
tracted from a pretrained backbone. The quantized indices
are then modeled using an entropy model to produce com-
pact bitstreams. This design leverages the inherent decorre-
lation of deep features while simplifying the coding pipeline
and reducing computational overhead.

Proposed Method
In this section, we introduce the overall framework of the
proposed transform-free feature coding method and its main
components.

Overall Framework
We first present the overall framework, illustrated in Fig-
ure 2. Let F ∈ RC×H×W denote the intermediate features
extracted from a pretrained backbone, where C, H , and W
represent the channel, height, and width dimensions, respec-
tively. The objective is to encode F into a compact bit-
stream while preserving task-relevant semantics for down-
stream tasks such as classification and segmentation.

The framework first divides F into lower-dimensional
feature chunks suitable for vector quantization. Each chunk

is mapped to a codeword index via the vector quantizer, and
the indices are encoded by an arithmetic coder guided by
a learnable discrete entropy model. The resulting bitstream
can be transmitted or stored. On the decoder side, the in-
dices are decoded and de-quantized using the shared code-
book, and the reconstructed chunks are combined to form
the reconstructed feature F̂. The entire pipeline is trained
end-to-end under a rate–distortion constraint.

Vector Quantization
Vector quantization in our framework consists of two stages:
(1) feature chunking, which reorganizes the original features
into low-dimensional chunks, and (2) codeword matching,
which maps each chunk to a learned codeword.

Feature Chunking Directly quantizing the high-
dimensional feature F is inefficient due to (1) training
instability with high-dimensional codebooks, (2) increased
computational cost in codeword search, and (3) unreliable
distance measures under the curse of dimensionality. To
address this, we split F into lower-dimensional chunks:

V ∈ Rn×d, n =
C ·H ·W

d
, (1)

where d is the chunk size and n is the total number of
chunks. Each chunk vi ∈ Rd corresponds to a contiguous
segment of the original feature.

In practice, the chunk size d is adapted to different back-
bones and tasks. For example, for ResNet50 features, each
channel is treated as a chunk; for DINOv2 classification fea-
tures, we set d = 64; and for DINOv2 segmentation fea-
tures, we adjust d according to target bitrates (details in Ta-
ble 2).

Codeword Matching We define a learnable codebook

E = {e1, e2, . . . , eK} ⊂ Rd, (2)

where K is the codebook size. For each chunk vi, the quan-
tizer selects a codeword ek(i) and represents it by its index
k(i).

The quantization distortion of a single chunk is measured
by Euclidean distance:

D(vi) =
∥∥vi − ek(i)

∥∥2
2
. (3)

The overall reconstruction distortion between the original
feature F and the reconstructed feature F̂ is then averaged
over all chunks:

D(F, F̂) =
1

n

n∑
i=1

D(vi). (4)

Discrete Entropy Modeling
To enable entropy coding of quantized indices, we introduce
a discrete entropy model that learns the probability distribu-
tion of codeword usage. Specifically, each codeword index
k ∈ {1, . . . ,K} is associated with a learnable logit ak ∈ R.
The probability of k is given by

P (k) =
exp(ak)∑K
j=1 exp(aj)

. (5)
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Figure 3: Rate-distortion performance comparisons between the proposed method and baseline methods. (a) ResNet50-Cls
features. (b) DINOv2-Cls features. (c) DINOv2-Seg features.

This softmax-based formulation yields a valid categorical
distribution and supports gradient-based training. The en-
tropy model provides probability estimates for the arithmetic
encoder and decoder, achieving near-optimal coding effi-
ciency. During training, this model encourages biased code-
word usage toward frequently selected indices, thereby re-
ducing the expected bitrate.

Rate-Distortion Optimization
Standard VQ focuses solely on minimizing distortion, which
is suboptimal for compression. We therefore adopt entropy-
constrained vector quantization to jointly optimize bitrate
and distortion. Specifically, the codeword index for each
chunk is selected via

k(i) = argmin
j

(
∥vi − ej∥22 −

1

λ
logP (j)

)
, (6)

where λ > 0 is the rate–distortion trade-off parameter. This
formulation favors codewords that are both close in Eu-
clidean space and probable under the entropy model.

The entire framework is trained end-to-end by minimizing
the following composite loss:

L = Ev

[
− logP (k) + λ ∥v − ek∥22

]
, (7)

where the first term approximates the coding rate and the
second term measures quantization distortion. Optimizing
this loss jointly updates the codebook and entropy model,
yielding compact yet semantically faithful feature represen-
tations.

Experiments
In this section, we first introduce the experiment setup.
Then, we compare our method with baselines in terms of
rate-distortion performance and computational complexity.

Experiment Setup
Backbones, Tasks and Datasets We adopt two represen-
tative backbones to ensure feature diversity: the CNN-based
ResNet50 (He et al. 2016) and the Transformer-based DI-
NOv2 (Oquab et al. 2023). Two widely studied tasks are
considered: image classification (Cls) and semantic seg-
mentation (Seg). For ResNet50, classification features are

Backbone
Task Epoch LR Codebook

Size
Chunk

Size Lambda

ResNet50
Cls 20 1e-3 2, 4,

8 32, 256
49, 49,

49, 49, 49
1, 1

1, 1, 1
DINOv2

Cls 800 1e-5 8, 16
32, 512, 2048

64, 64,
64, 64, 32

1, 1
1, 1, 1

DINOv2
Seg 800 1e-4 16, 64,

256, 512, 512
180, 50,

20, 10, 10
1, 1,

1, 1, 3

Table 2: Summary of training configurations and VQ set-
tings.

extracted from the final Batch Normalization layer, which
yields feature maps of size 2048×7×7. For DINOv2, we
follow the settings in (Gao et al. 2025d), obtaining features
of size 257×1536 for Cls and features of size 2×1370×1536
for Seg.

Baseline Method We compare our approach with two
widely used feature coding baselines: the handcrafted VTM-
based codec and the learning-based Hyperprior codec. For
DINOv2 features, we directly adopt the results reported in
Gao et al. (Gao et al. 2025d). For ResNet50 features, we re-
produce both baselines under the same settings to ensure fair
comparisons.

Training Strategies The training configurations are sum-
marized in Table 2. To cover different bitrate points, we vary
the codebook sizes and chunk sizes accordingly. All training
datasets are composed of features extracted from pretrained
backbones using the same procedure. Specifically, we em-
ploy 320000, 20000, and 5000 samples for ResNet50-Cls,
DINOv2-Cls, and DINOv2-Seg, respectively.

Rate-Distortion Performance
For rate-distortion evaluation, we adopt Top-1 accuracy and
mean Intersection-over-Union (mIoU) to measure image
classification and semantic segmentation tasks. The bitrate
is measured by Bits Per Feature Point (BPFP). We present
the rate-distortion performance in Figure 3 and Table 4.

Across all tasks and feature types, our method consis-
tently achieves substantially better RD performance than the
learning-based Hyperprior baseline. This advantage is par-
ticularly pronounced in scenarios with simpler tasks (e.g.,
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Backbone
Task

MACs (↓) Params (↓) Enc. Time Dec. Time Codebook
Ours Hyper. Ours Hyper. Ours (ms) Hyper. (ms) VTM (s) Ours (ms) Hyper. (ms) VTM (ms) Size Util.(%)

ResNet50
Cls

0.4M

2.8G

0.1K

48.7M

1.5 16.1 2.1 0.6 16.7 70.6 2 100.0
0.8M 0.2K 1.5 16.2 4.4 0.6 16.7 73.4 4 100.0
1.6M 0.4K 1.5 16.0 7.1 0.7 16.2 75.6 8 100.0
6.4M 1.6K 1.7 15.7 14.3 0.7 16.0 79.2 32 93.8

51.4M 12.8K 1.7 15.6 16.6 0.7 15.9 79.2 256 80.9

DINOv2
Cls

7.9M

41.2G

0.5K

5.1M

4.0 59.8 8.6 5.8 69.1 140.0 8 100.0
15.7M 1.0K 4.0 60.7 28.0 6.3 68.3 130.0 16 100.0
31.5M 2.1K 4.3 56.1 124.4 6.4 63.6 150.0 32 100.0
0.50G 33.3K 4.2 54.6 275.0 6.7 61.2 220.0 512 100.0

1.8G 67.6K 5.7 64.1 267.2 9.1 75.9 230.0 2048 100.0

DINOv2
Seg

0.14G

354.6G

2.9K

5.1M

10.6 420.0 70.7 47.4 453.4 270.0 16 100.0
0.55G 3.3K 28.8 405.6 407.3 82.0 448.9 320.0 64 100.0

2.2G 5.4K 56.0 447.1 1399.7 99.0 446.0 520.0 256 100.0
4.3G 5.6K 90.4 442.0 2039.3 160.4 488.3 940.0 512 97.3
4.3G 5.6K 81.2 396.0 2301.3 170.5 460.6 1110.0 512 100.0

Table 3: Complexity comparisons between the proposed method and baseline methods and the codebook utilization. Our method
achieves much lower computational, model, and time complexity than the baselines.

classification) or less complex backbones (e.g., ResNet50).
In these cases, the feature representations contain limited se-
mantic redundancy, rendering the transform stage in Hyper-
prior not only unnecessary but also detrimental–introducing
additional complexity without improving compression effi-
ciency. Moreover, compared with Hyperprior, our method
reaches peak performance at significantly lower bitrates,
demonstrating faster RD convergence and higher compres-
sion efficiency.

The comparison with the VTM baseline varies across fea-
ture types. For ResNet50 features, our method markedly out-
performs VTM across all bitrate ranges, reflecting the suit-
ability of VQ-based coding for compact, task-specific fea-
tures. For DINOv2 features, our method still offers com-
petitive or superior RD performance in low-to-mid bitrate
regimes but shows a reduced margin at higher bitrates. Nev-
ertheless, despite VTM’s competitive performance, its com-
putational cost is significantly higher.

Complexity Analyses
We evaluate the codec complexity in three aspects: compu-
tational complexity, model complexity, and time complexity.
To ensure fair comparison, we run the Hyperprior baseline
and our method on a single NVIDIA GeForce RTX 3090
GPU. For the VTM baseline, we run it on Intel® Xeon® E5-
2690 v4 CPUs. Since the VTM baseline is handcrafted and
cannot be run on GPUs, we only report its time complexity.
All the complexity comparisons are presented in Table 3.

Computational Complexity The computational com-
plexity is measured in multiply-accumulate operations
(MACs). As shown in Table 3, our proposed method
achieves a dramatic reduction in MACs. At low bitrates, our
method is about 0.0001 times that of the Hyperprior model,
demonstrating the effectiveness of the transform-free design.
By removing the transform module, which is unnecessary
for already decorrelated features, the encoder avoids sub-
stantial redundant computation.

Unlike the Hyperprior baseline, which exhibits nearly
bitrate-invariant complexity, our method demonstrates
bitrate-dependent scalability. This stems from our adaptive
selection of codebook size and chunk size, where lower
bitrates produce fewer quantized indices and thus lower
entropy-coding cost. This adaptive behavior enables effi-
cient resource utilization, particularly important for scenar-
ios with dynamic bandwidth constraints.

As expected, the computational cost increases with the
feature size because larger feature maps generate more in-
dices for entropy coding. This trend highlights the impor-
tance of our lightweight entropy model in maintaining low
complexity even for high-resolution inputs.

Model Complexity The model complexity, measured by
the number of trainable parameters, is also substantially
lower for our method compared to Hyperprior. The largest
configuration of our method requires only tens of thousands
of parameters, whereas Hyperprior requires millions. This
compactness directly follows from eliminating the transform
module and adopting a shared vector quantization codebook
rather than separate learnable transforms. Similar to compu-
tational complexity, the parameter count of our method in-
creases moderately with higher bitrates, as larger codebooks
are employed to enhance quantization fidelity.

Time Complexity We evaluate time complexity in terms
of both encoding and decoding time. Our method consis-
tently achieves one order of magnitude lower time than
Hyperprior across all bitrates, benefiting from its reduced
parameters. In contrast, VTM exhibits significantly longer
runtime due to its CPU-only implementation, with encod-
ing time exceeding seconds even at moderate bitrates. This
makes VTM unsuitable for real-time deployment. Addition-
ally, VTM’s encoding time grows with bitrate, reflecting the
heavy cost of transform and block-based coding methods.
Decoding times follow a similar trend: our method is con-
sistently faster than Hyperprior and dramatically faster than
VTM.
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Method Metric ResNet50-Cls (Acc) DINOv2-Cls (Acc) DINOv2-Seg (mIoU)

Ours BPFP 0.02 0.03 0.05 0.08 0.11 0.06 0.08 0.1 0.17 0.38 0.02 0.11 0.28 0.36 0.78
Performance 74.42 74.98 75.51 75.79 75.92 9.20 55.0 72.00 80.00 93.60 52.13 62.13 71.54 74.75 76.97

w/o Entropy Model BPFP 0.02 0.03 0.07 0.09 0.15 0.13 0.15 0.16 0.18 0.19 0.39 0.49 0.59 0.69 0.79
Performance 74.29 75.10 75.60 75.77 75.92 77.40 78.20 80.00 79.00 84.20 68.37 71.4 73.17 74.49 75.75

Table 4: Rate-distortion performance comparison between the proposed method and its variant with no entropy constraint
applied.
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Figure 4: Rate-distortion performance comparison between
the proposed method variants with various chunk sizes.

Effectiveness of VQ
The codebook utilization ratio serves as a direct indicator of
the effectiveness of the VQ module. A high utilization ratio
implies that the codebook entries are effectively exploited.
As shown in the rightmost column of Table 3, our method
achieves consistently high codebook utilization across dif-
ferent tasks, backbones, and bitrates.

The utilization ratio varies with the feature characteristics
of different backbones. For ResNet50 features, which are
trained in a supervised manner for classification, the infor-
mation content is strongly class-discriminative and less di-
verse. Consequently, when the codebook size increases, the
additional codewords are rarely used, leading to a noticeable
drop in utilization (e.g., from 100% to 80.9%). In contrast,
DINOv2 features, derived from self-supervised learning, en-
code richer and more diverse semantic information. As a re-
sult, even with larger codebook sizes (up to 2048 entries),
the utilization remains nearly 100%, indicating that the in-
creased codebook capacity continues to capture meaningful
variations in the features.

Ablation Study
In this subsection, we investigate the impact of VQ and en-
tropy model on the proposed method.

Ablation on VQ We evaluate the role of the VQ module
by varying the chunk size, which determines the dimension
of each quantized vector. As shown in Figure 4, the impact
of chunk size on rate-distortion performance differs across
bitrates. At low bitrates, increasing the chunk size leads to

better performance: a larger chunk encapsulates more fea-
ture information into a single index, reducing the total num-
ber of indices and thus the overall bitrate, while the addi-
tional quantization distortion is relatively less significant. In
contrast, large chunk sizes result in fewer indices, making
it difficult to achieve high bitrates, and smaller chunks be-
come more effective as the reduced quantization distortion
dominates. This observation reveals a key trade-off: chunk
size simultaneously controls the quantization distortion and
index count, and its optimal value depends on the target bi-
trate. Therefore, selecting an appropriate chunk size accord-
ing to the bitrate requirement is crucial for achieving the best
rate-distortion performance.

Ablation on Entropy Model This ablation aims to assess
the contribution of the entropy model and entropy constraint
to our framework. As shown in Table 4, removing the en-
tropy model has a negligible impact on classification perfor-
mance with ResNet50 features, where the accuracy curves
remain almost identical to our full method. This is because
ResNet50 features, designed for classification tasks, exhibit
low entropy and limited distributional complexity, making
entropy modeling less beneficial. In contrast, for DINOv2-
Cls and DINOv2-Seg features, integrating the entropy model
provides two key benefits: (1) it enables more flexible rate
control, covering a broader range of BPFP values; and (2)
it yields more consistent performance at low bitrates. This
demonstrates that the entropy model is particularly impor-
tant for features with rich semantics and diverse distribu-
tions, such as those from self-supervised models.

Conclusion
In this paper, we revisited the necessity of the transform
stage in feature coding and proposed a transform-free frame-
work based on entropy-constrained vector quantization.
By leveraging the inherent decorrelation of deep features,
the method eliminates redundant computation while jointly
learning the codebook and entropy model for optimal rate-
distortion trade-offs. Experiments on both CNN and Trans-
former features across classification and segmentation tasks
demonstrate superior compression efficiency and signifi-
cantly lower complexity compared to transform-based base-
lines.

We identify several directions for future exploration. First,
extending the framework to multi-task scenarios, where fea-
tures from multiple tasks or modalities are encoded jointly,
remains promising. Second, integrating advanced entropy
models, such as context-based or hierarchical priors, may
further enhance rate-distortion performance.
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