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Abstract
Like image coding in visual data transmission, feature coding is
essential for the distributed deployment of large models by signifi-
cantly reducing transmission and storage burden. However, prior
studies have mostly targeted task- or model-specific scenarios, leav-
ing the challenge of universal feature coding across diverse large
models largely unexplored. In this paper, we present the first sys-
tematic study on universal feature coding for large models. The
key challenge lies in the inherently diverse and distributionally in-
compatible nature of features extracted from different models. For
example, features from DINOv2 exhibit highly peaky, concentrated
distributions, while those from Stable Diffusion 3 (SD3) are more
dispersed and uniform. This distributional heterogeneity severely
hampers both compression efficiency and cross-model general-
ization. To address this, we propose a learned peaky-to-balanced
distribution transformation, which reshapes highly skewed feature
distributions into a common, balanced target space. This transfor-
mation is non-uniform, data-driven, and plug-and-play, enabling
effective alignment of heterogeneous distributions without modi-
fying downstream codecs. With this alignment, a universal codec
trained on the balanced target distribution can effectively gener-
alize to features from different models and tasks. We validate our
approach on three representative large models (LLaMA3, DINOv2,
and SD3) across multiple tasks and modalities. Extensive experi-
ments show that our method achieves notable improvements in
both compression efficiency and cross-model generalization over
task-specific baselines. All source code has been made available at
https://github.com/chansongoal/DT-UFC.
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Figure 1: The overall framework of DT-UFC. Large models
generate heterogeneous features (red CDF curves). The pro-
posed adaptive transforms (blue curves) reshape these fea-
tures into a unified target distribution space. The decoded
features are inverse-transformed and passed to task-specific
heads to complete predictions. (Sec. 4.1)

1 Introduction
In recent years, large foundationmodels such as GTP-4 [1], DeepSeek
[21], and Gemini [49] have demonstrated remarkable capabilities
across a wide range of reasoning, discriminative, and generative
tasks. As these models are increasingly integrated into distributed
and resource-constrained systems [43, 53, 63], the transmission
of intermediate representations has become a bottleneck for scal-
able deployment. Similar to image and video coding [16, 30–34, 39,
48, 69], feature coding aims to encode intermediate features com-
pactly while preserving semantic fidelity. However, existing fea-
ture coding approaches are predominantly model- or task-specific
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[2, 8, 23, 38, 59, 62], where the encoder is tailored to a particular
feature distribution. Such specialization severely limits their uni-
versality in realistic scenarios where multiple large models coexist
and are applied to various downstream tasks.

These limitations highlight the need for universal feature cod-
ing — a single codec capable of compressing and reconstructing
intermediate representations from diverse models and tasks. De-
spite its practical importance, universal feature coding remains
largely unexplored. The fundamental challenge lies in the distri-
butional heterogeneity of large model features. As illustrated in
Fig. 2, features extracted from different models exhibit diverse sta-
tistical properties and value distributions. For example, features
from DINOv2 [41] exhibit highly peaky distributions with dense
value concentrations, while Stable Diffusion 3 (SD3) [12] features
are more evenly spread over a narrower range. Such heterogeneity
stems from fundamental differences in model architecture, training
objectives, and source modalities. This poses a severe obstacle to
universal feature coding: a codec trained on a specific feature dis-
tribution often generalizes poorly to others. Moreover, these peaky
distributions introduce additional challenges for feature coding:
they often lead to sparse latent activations, poor entropy modeling
efficiency, and unstable codec training. These issues jointly de-
grade compression performance and further hinder generalization
to unseen models or tasks.

To tackle these challenges, we propose a simple yet reasonable
insight: rather than forcing a universal encoder to directly accom-
modate heterogeneous inputs, we introduce a learnable transfor-
mation module that reshapes peaky, model-specific feature distri-
butions into a common, balanced target space. By aligning feature
distributions through a preprocessing step, we decouple the codec
frommodel-specific statistics, enabling robust generalization across
feature distributions. This idea draws inspiration from classical sig-
nal processing, where histogram equalization improves encoding
robustness by balancing value distributions.

Building on this insight, we proposeDT-UFC, a novel framework
for Universal Feature Coding via Peaky-to-Balanced Distribution
Transformation. The core of DT-UFC is the learnable non-uniform
peaky-to-balanced transform that can adaptively transforms di-
verse input feature distributions into a common, balanced target
distribution. This transformation is designed to be plug-and-play
and does not require any modification to the downstream codec.
Once transformed, the features can be compressed by a universal
codec and then inversely transformed for downstream tasks. This
not only bridges the distribution gap between features but also en-
hances the expressiveness of the latent representation and improves
entropy coding efficiency. To evaluate the generalization ability of
DT-UFC, we conduct experiments across three representative tasks:
common sense reasoning (CSR), semantic segmentation (Seg), and
text-to-image generation (TTI). These tasks cover both discrim-
inative and generative paradigms and span vision and language
modalities, providing a comprehensive evaluation for universal
feature coding. Our main contributions are summarized as follows:

• We formally introduce the problem of universal feature cod-
ing and identify distributional heterogeneity as the key bot-
tleneck preventing generalization across various models and
tasks.

• We propose DT-UFC, a plug-and-play framework that learns
a peaky-to-balanced transformation to align heterogeneous
feature distributions into a balanced target space, enabling a
single codec to handle diverse inputs effectively.

• We demonstrate the effectiveness and generalization ability
of DT-UFC across multiple large models, tasks, and modal-
ities, achieving superior rate-distortion performance com-
pared to task-specific baselines.

2 Related Work
2.1 Feature Coding
Feature coding, as a key branch of coding for machines [9, 18, 24, 35,
45, 46, 50–52, 65, 68], was originally introduced to compress inter-
mediate features in collaborative intelligence scenarios, where deep
models are split across edge and cloud. Early work in [10] evaluated
coding performance using standard image codecs but suffered from
low efficiency due to distribution mismatch. Subsequent research
focused on task-specific feature coding [7, 11, 17, 23, 38, 59], where
compression pipelines are tailored to single-task scenarios like im-
age classification or detection. While effective, these methods lack
generalizability across diverse tasks or models.

To broaden applicability, recent efforts explored multi-task fea-
ture coding [2, 3, 13–15, 22, 55, 57, 62, 67]. For instance, [62] pro-
posed a scalable coding scheme for coarse-to-fine tasks. However,
these methods typically rely on task-specific decoders or side in-
formation and remain constrained to fixed sets of tasks or models.
Recognizing the growing importance of feature coding, standard-
ization efforts have also emerged, notably through MPEG’s ongoing
work on feature coding standards [60].

Both academic research and standardization have predominantly
focused on features extracted from CNN-based models [25, 36, 40,
61, 67]. In contrast, the current landscape of artificial intelligence
has been dominated by large models [1, 5, 12, 21, 41, 54]. To bridge
this gap, [19] introduced the first large model feature coding bench-
mark, providing a dataset, unified test conditions, and baseline
methods. This work highlights the critical role of feature coding in
large model deployment. However, the proposed baselines require
model-specific training and do not address the universal feature
coding problem.

Therefore, a universal feature codec that can handle diverse mod-
els and tasks is increasingly needed. Our work takes a step toward
this goal by proposing a learnable transformation that aligns fea-
ture distributions, enabling efficient, model-agnostic compression
with a single codec.

2.2 Feature Alignment
Feature alignment is a common technique in representation learn-
ing to reduce domain shift and improve generalization. It has been
widely applied in domain adaptation [26, 37, 47, 56, 64], multi-modal
learning [20, 27–29, 42], and multi-task learning [44, 58], enabling
models to share or transfer representations across distributions,
modalities, or tasks.

Despite its effectiveness, feature alignment has never been ap-
plied to feature coding. Existing codecs typically assume fixed input
statistics and fail to generalize across heterogeneous features. In
this work, we introduce alignment as a pre-coding transformation,
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Figure 2: Visualizations of the original feature distribution (1st column), the nonlinear transformation function (2nd column),
the width of the split intervals in the original feature space (3rd column), and the transformed feature distribution (4th column).
The first, second, and third rows correspond to the CSR, Seg, and TTI tasks, respectively. (Sec. 4.2)

enabling a universal codec to handle diverse large model features
for the first time.

3 Challenges in Universal Feature Coding
This section outlines the key challenges hindering universal feature
coding across large models.

3.1 Feature Distribution Analysis
A core challenge of universal feature coding lies in the heteroge-
neous nature of feature distributions across models, stemming from
differences in architecture, task objectives, and training data. We
visualize the feature distribution in Fig. 2. The green histogram
shows the log-scaled frequency of the original feature values, while
the red curve represents their empirical cumulative distribution
function (CDF).

The feature distributions vary significantly in both statistical
range and shape. DINOv2 features exhibit a wide value range with
a majority of values densely concentrated in a narrow interval,
resulting in a highly peaky distribution. LLaMA3 features follow
a similar trend, though with a slightly narrower range and less
extreme concentration. In contrast, SD3 produces features that are
more balanced and flatly distributed over a limited range. These
differences highlight the incompatibility of feature distributions
across models, posing a fundamental challenge to universal coding.

3.2 Challenges in Universality
Encoders trained on features from a specific large model tend to
internalize distribution-specific priors and inductive biases. When
applied to features from anothermodel with a substantially different

Table 1: KL Divergence Comparison between the Original
and Transformed Feature Distributions (Sec. 3.2)

Original CSR (𝑞) Seg (𝑞) TTI (𝑞)

CSR (𝑝) 0 19.87 2.95
Seg (𝑝) 18.06 0 4.92
TTI (𝑝) 2.95 15.18 0

Transformed CSR (𝑞) Seg (𝑞) TTI (𝑞)

CSR (𝑝) 0 0.50 0.57
Seg (𝑝) 0.25 0 0.50
TTI (𝑝) 1.15 2.23 0

statistical distribution, these learned priors are violated, resulting in
a significant domain shift that degrades both reconstruction quality
and generalization performance [43].

Moreover, peaky feature distributions further exacerbate the gen-
eralization issue. Such inputs tend to encourage neural networks
to memorize dominant patterns while neglecting rare but seman-
tically meaningful variations [4, 66]. This tendency reduces the
network’s ability to learn robust representations, especially when
exposed to data outside the training domain. As a result, the learned
representations become brittle and narrowly focused, unable to gen-
eralize across diverse input variations or support cross-distribution
deployment.

To validate this, we characterize the similarity between different
feature distributions using Kullback-Leibler (KL) divergence. Each
feature distribution is approximated using a discretized histogram.
The KL divergence is computed as 𝐷KL (𝑝 ∥𝑞) =

∑
𝑝 log(𝑝/𝑞). As
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Figure 3: Visualization of the latent space. Left: latent repre-
sentations obtained from an encoder trained on the original
Seg features. Right: latent representations obtained from an
encoder trained on the transformed Seg features. (Sec. 3.3)

shown in Table 1, original features from different models exhibit
large KL divergence values, confirming their inherent distribu-
tional misalignment. This implies that an encoder trained on one
feature distribution must allocate additional bitrates to accurately
compress features from another distribution. In contrast, the KL
divergence among transformed feature distributions is significantly
lower, demonstrating that our proposed distribution transforma-
tion (see Section 4) effectively aligns statistical properties across
different models. This alignment serves as a critical enabler for
universal feature coding.

3.3 Challenges in Coding Performance
Beyond generalization, peaky input distributions also negatively
impact the efficiency and expressiveness of learned encoders. Specif-
ically, they restrict the effective exploitation of the latent space,
destabilize quantization, and reduce entropy coding efficiency.

When most of the input mass resides in a narrow range, the en-
coder’s analysis transform is biased toward over-representing these
dominant intervals. Consequently, the latent space is sparsely and
unevenly activated, as shown in Fig. 3, where only a few regions
are heavily populated while large portions remain underutilized.
Such non-uniform activation patterns limit the encoder’s repre-
sentational capacity and are suboptimal for downstream entropy
modeling. In addition, this indicates that the encoder transform
capacity is not fully exploited, leading to limited transform capacity
and poor adaptability to out-of-distribution inputs.

This sparse activation pattern violates the Lloyd-Max principle,
which dictates that optimal quantizers should allocate bins pro-
portional to the input density to minimize quantization distortion.
However, under peaky distributions, large parts of the quantization
space are wasted, resulting in inefficient bit allocation and increased
distortion.

In addition, this non-uniform latent usage undermines the as-
sumptions underlying many entropy models, which typically rely
on smooth and continuous latent distributions for accurate like-
lihood estimation. Sharp discontinuities and empty regions lead
to unstable training, inaccurate bitrate estimation, and ultimately
deteriorate rate–distortion performance.

4 The Proposed DT-UFC Method
4.1 Overall Framework
Based on the challenges discussed in Section 3, we identify a critical
requirement for universal feature coding:

Feature distributions should be aligned across models and
avoid excessive concentration.

This insight motivates us to seek a feature transformation that
reshapes diverse feature distributions into a common and balanced
target distribution. Such a transformation reduces distributional
discrepancies and enables a universal encoder to compress hetero-
geneous features efficiently.

We propose the DT-UFC framework, illustrated in Fig. 1. Given
that input features are extracted from various large models, we first
apply an adaptive transformation that normalizes and redistributes
the original feature values into a common, balanced distribution
space. A universal encoder is then trained to compress features in
this space. After decoding, the features are mapped back to their
original domain via an inverse transformation, and then fed into
task-specific heads for inference.

The core challenge in the DT-UFC framework lies in designing a
transformation that aligns heterogeneous input distributions to a
common target, while minimizing transformation-induced distor-
tion.

4.2 Non-uniform Feature Transformation
To address the problem outlined above, we first define two essential
criteria for a desirable transformed feature distribution:

• Consistent DistributionRange: Feature values from differ-
ent models should be mapped to a common range to facilitate
model-agnostic feature coding.

• Balanced Distribution: Feature values should be evenly
distributed within the range to fully exploit the latent capac-
ity of the encoder and enable efficient entropy coding.

To satisfy the first criterion, we decided to map the original
features into a fixed space. Inspired by image coding, we define a
fixed target space of 𝑝𝑡 ∈ {0, 1, . . . , 255} for transformed features.
This standardization facilitates compatibility with existing image
codecs and allows for direct reuse of quantization and entropy
modeling techniques. To satisfy the second criterion, we design a
learnable non-uniform transformation function that redistributes
the original feature values to form a balanced histogram in the
target space. This is especially important for features from models
like LLaMA3 and DINOv2, whose raw distributions are highly
concentrated.

Instead of deriving a closed-form function, we treat the transfor-
mation as a data-driven optimization problem. We aim to partition
the input space into 256 non-overlapping regions and map each
region to a unique integer in 𝑝𝑡 . Now the problem turns to how to
split the original distribution range into 256 regions with minimal
transformation distortion.

Formally, given an input feature f ∈ R𝑑 sampled from distribu-
tion 𝑝 𝑓 , we define a transformation 𝑇 : R → {0, 1, . . . , 255} such
that:

• The range of f is partitioned into 256 non-overlapping inter-
vals R = {𝑅0, 𝑅1, . . . , 𝑅255}, with each 𝑅𝑘 ⊂ R.

• All feature values in 𝑅𝑘 are mapped to the discrete value 𝑘
via 𝑇 .

• For each 𝑘 , we define an inverse transformed value 𝑐𝑘 ∈ R.
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Figure 4: Rate-accuracy performance comparisons between the baseline and the proposed method. The left, middle, and right
figures correspond to the CSR, Seg, and TTI tasks, respectively. (Sec. 5.3)

The forward transformation is defined as:

𝑇 (𝑓𝑖 ) = 𝑘 if 𝑓𝑖 ∈ 𝑅𝑘 , (1)

and the inverse transformation is:

𝑇 −1 (𝑘) = 𝑐𝑘 . (2)

The objective is to minimize the transformation distortion:

Dtransform = Ef∼𝑝𝑓

[
𝑑∑︁
𝑖=1

(
𝑓𝑖 −𝑇 −1 (𝑇 (𝑓𝑖 ))

)2]
. (3)

This optimization is carried out iteratively through two steps:

Assignment step: Given current inverse transformed values
{𝑐𝑘 }, update each region 𝑅𝑘 as:

𝑅𝑘 =

{
𝑓𝑖 ∈ R | 𝑘 = arg min

𝑗∈{0,...,255}

��𝑓𝑖 − 𝑐 𝑗
��} . (4)

Update step: Given updated regions {𝑅𝑘 }, recompute the in-
verse transformed values:

𝑐𝑘 =
1

|𝑅𝑘 |
∑︁
𝑓𝑖 ∈𝑅𝑘

𝑓𝑖 . (5)

We alternate between these steps until convergence ofDtransform.
The resulting region-to-integer mapping forms the non-uniform
transformation 𝑇 (·), and {𝑐𝑘 } are stored for inverse transform
𝑇 −1 (·). In our experiment, we randomly select 10 features to learn
the non-uniform transform.

Figure 2 illustrates the full transformation pipeline of the pro-
posed DT-UFC method. Each row corresponds to a different task,
and each column shows a specific stage:

Original Distribution: The original feature distribution is of-
ten highly skewed or concentrated, as seen in LLaMA3 and DINOv2.

Learned Transform: The blue curve plots the learned nonlin-
ear transform function 𝑇 (𝑓 ). For peaky distributions, the mapping
function becomes steep around highly concentrated regions, assign-
ing more indices to concentrated values. For more uniform inputs
(e.g., TTI), the function appears smoother, resembling a near-linear
transform.

Region Interval Width: We visualize the logarithmic width of
each region 𝑅𝑘 . We observe shorter intervals (denser coverage) near
peaks of the original distribution, and longer intervals in sparse
regions. The dashed red lines denote the average region interval.

Transformed Distribution: The transformed distribution over
integers in 𝑝𝑡 becomes much more balanced. The CDF curve is now
smooth and monotonic, indicating successful distribution align-
ment. This transformation not only reduces distributional diver-
gence across models ( Table 1) but also improves latent expressive-
ness ( See Fig. 3).

In summary, the proposed non-uniform transformation bridges
the gap between heterogeneous input distributions and a common
encoding space. It enables a universal codec to achieve both high
generalization and rate-distortion efficiency across diverse models
and tasks.

5 Experiments
5.1 Dataset
For each task, we first extract 10,000 original features from pre-
trained large models to construct the training set. These features are
then transformed using the proposed non-uniform transformation
to generate training inputs for the codec.

For evaluation, we follow the unified test condition proposed
in [19], using 100, 500, and 500 features for the Seg, CSR, and TTI
tasks, respectively. All features are packed using the same method
in [19].

5.2 Codec and Training Details
We adopt two representative feature codecs: Hyperprior [6] and
ELIC [23]. To investigate the impact of training data on performance,
we consider two strategies: hybrid training and task-specific train-
ing. In the hybrid training setting, all 30000 features across tasks are
used. In the task-specific training setting, only the 10000 features
corresponding to each task are used for that task.

The feature codecs are optimized using the following loss func-
tion:

𝐿 = 𝐵𝑃𝐹𝑃 + 𝜆 × ||(𝐹𝑜 − 𝐹𝑟 ) | |2 (6)
where BPFP measures the bitrate. 𝜆 is a scaling factor used to ad-
just the bitrate. 𝐹𝑜 and 𝐹𝑟 denote the original input feature and
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Table 2: Rate-Accuracy Performance on CSR, Seg, and TTI with Hybrid-Trained Hyperprior Codecs (Sec. 5.3, Sec. 5.4)

Task Common Sense Reasoning Semantic Segmentation Text-to-Image Synthesis

Lambda BPFP Accuracy ↑ MSE BPFP mIoU ↑ MSE BPFP FID ↓ MSE

0.0008 0.07 0.00 0.3006 0.04 34.33 3.5556 0.05 226.74 0.1388
0.001 0.11 0.00 0.2836 0.07 48.83 3.3804 0.06 234.27 0.1413
0.0013 0.20 0.00 0.2400 0.13 60.66 4.5479 0.07 197.31 0.1220
0.0018 0.49 3.80 0.1943 0.29 73.17 4.6615 0.12 140.52 0.0902
0.0019 0.52 4.00 0.1892 0.31 73.85 4.2202 0.13 137.88 0.0884
0.0023 0.67 15.60 0.1672 0.43 75.32 2.5743 0.16 137.83 0.0824
0.0025 0.95 39.80 0.1494 0.47 75.77 3.1560 0.17 127.98 0.0788
0.0028 1.19 72.60 0.1342 0.54 76.95 2.8723 0.19 119.43 0.0750
0.003 1.23 75.40 0.1177 0.60 77.20 2.4534 0.20 117.31 0.0707
0.004 1.39 85.60 0.1142 0.84 78.81 1.8782 0.27 112.95 0.0625
0.005 1.52 97.40 0.0904 1.00 79.83 1.8823 0.33 100.11 0.0551
0.007 1.68 99.40 0.0782 1.26 80.65 1.8499 0.46 80.26 0.0441
0.01 1.89 98.80 0.0715 1.48 80.74 1.6486 0.71 62.06 0.0337
0.02 2.59 98.00 0.0454 2.03 81.72 1.0889 1.15 38.91 0.0217

Table 3: Rate-Accuracy Performance on CSR, Seg, and TTI with Hybrid-Trained ELIC Codecs (Sec. 5.3, Sec. 5.4)

Task Common Sense Reasoning Semantic Segmentation Text-to-Image Synthesis

Lambda BPFP Accuracy ↑ MSE BPFP mIoU ↑ MSE BPFP FID ↓ MSE

0.0001 0.04 0.00 0.3316 0.005 15.23 7.0575 0.02 226.86 0.1751
0.0003 0.21 0.00 0.2986 0.06 70.02 3.0153 0.04 186.87 0.1267
0.001 0.36 3.80 0.2199 0.16 77.17 3.0283 0.09 137.92 0.0890
0.0015 0.64 34.60 0.1702 0.28 78.28 2.6021 0.12 118.64 0.0765
0.0019 0.70 46.80 0.1579 0.33 78.59 2.5045 0.14 112.00 0.0716
0.0021 0.94 69.40 0.1433 0.47 78.92 2.3994 0.16 101.74 0.0663
0.0025 1.02 75.40 0.1332 0.53 79.18 2.4558 0.18 95.59 0.0625
0.003 1.21 93.40 0.1125 0.61 79.24 2.2981 0.21 88.92 0.0586
0.004 1.65 94.00 0.0875 0.75 79.78 2.0942 0.28 76.84 0.0507
0.005 1.90 97.00 0.0641 0.94 80.13 1.9586 0.37 66.24 0.0440
0.007 2.21 94.20 0.0577 1.08 81.35 1.3101 0.44 63.32 0.0399
0.01 2.51 98.60 0.0464 1.58 81.41 1.2771 0.59 54.21 0.0327
0.015 2.97 99.20 0.0317 1.79 81.64 1.2243 0.87 31.37 0.0225
0.02 3.16 98.80 0.0192 2.00 82.73 0.6090 1.06 21.85 0.0174
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Figure 5: Universality comparison between the baseline and the proposed method. The left, middle, and right figures correspond
to CSR, Seg, and TTI, respectively. (Sec. 5.4)
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Table 4: Rate-Accuracy Performance on CSR, Seg, and TTI
with Task-Specifically Trained Hyperprior Codecs

Task CSR Seg TTI

Metric Lambda BPFP Acc. BPFP mIoU BPFP FID

CSR
Models

0.0005 0.11 0.00 0.05 10.61 0.13 327.38
0.0008 0.30 0.00 0.12 54.69 0.23 285.36
0.0017 0.68 36.00 0.39 73.10 0.50 198.86
0.0019 0.87 44.40 0.49 75.09 0.64 178.49
0.002 0.94 59.00 0.52 75.62 0.72 171.93
0.0025 1.05 79.60 0.62 76.83 0.74 148.21
0.003 1.56 97.80 0.92 77.97 1.03 120.52
0.0035 1.74 97.40 1.03 77.84 1.20 109.46
0.006 2.23 98.00 1.48 79.66 1.65 75.02

Seg
Models

0.0007 0.17 0.00 0.05 50.67 0.09 318.53
0.0008 0.21 0.00 0.08 60.69 0.12 300.42
0.002 0.46 6.40 0.21 71.89 0.27 300.25
0.0025 0.64 27.40 0.29 74.76 0.34 300.40
0.003 0.86 53.60 0.42 78.10 0.50 250.03
0.004 1.23 84.60 0.65 79.09 0.67 144.28
0.005 1.67 91.80 0.94 79.59 0.86 117.41
0.006 1.86 97.20 1.10 80.05 1.01 111.02
0.01 2.16 97.40 1.41 81.02 1.29 68.50
0.015 2.44 98.00 1.65 82.02 1.52 52.64

TTI
Models

0.001 0.09 0.00 0.06 28.64 0.06 183.68
0.002 0.21 16.20 0.15 39.78 0.11 136.78
0.004 0.60 88.20 0.45 69.15 0.22 100.26
0.006 1.06 95.20 0.79 76.49 0.33 83.42
0.008 1.39 97.00 1.11 78.56 0.46 67.20
0.01 1.52 97.40 1.24 80.13 0.56 58.27
0.015 1.73 98.00 1.43 78.62 0.77 47.79
0.02 1.91 99.40 1.61 80.49 0.92 38.69
0.05 2.52 98.40 2.16 80.62 1.44 22.16

reconstructed feature, respectively. Both training strategies use the
same training configuration. We employ the Adam optimizer with
an initial learning rate of 1e-4, which is adjusted by the ReduceL-
ROnPlateau scheduler. Training continues until the learning rate
drops to 1e-8, followed by 20 additional epochs. The model with
the lowest validation loss is selected. To control the bitrate, we
adjust the Lagrange multiplier 𝜆. Detailed settings are provided in
Tables 2, 3, and 4. All experiments are conducted on Nvidia RTX
3090 GPUs.

5.3 Rate-Accuracy Performance
This subsection validates the performance of DT-UFC in terms of
rate-accuracy across three representative tasks: CSR, Seg, and TTI.
We compare DT-UFC against baseline methods in both the task-
specifically trained and hybrid-trained strategies. Fig. 4 shows the
rate-accuracy curves, with numerical results in Tables 2, 3, and 4.
For clarity, some points are omitted from the figures.

In both CSR and Seg tasks, DT-UFC consistently outperforms
the baselines under both training strategies, especially at higher bi-
trates. This demonstrates that our proposed feature transformation
effectively addresses the issue of peaky and concentrated feature
distributions. Generally, the CSR task exhibits a higher correlation

between the feature MSE and task accuracy than the Seg task. We
attribute this to the broader original feature distribution range ob-
served in the Seg task, which introduces greater nonlinearity in the
rate–accuracy relationship.

In the TTI task, while the hybrid-trained ELIC codecs outperform
both baselines consistently, the hybrid-trained Hyperprior codecs
slightly underperform their task-specifically trained counterparts
at low bitrates. This indicates that TTI features, which are most
similar to image distributions, benefit more from high-capacity
codecs like ELIC.

Additionally, in the CSR task, the task-specifically trained Hy-
perprior codec achieves better performance than the more sophisti-
cated ELIC codec. This phenomenon reveals an inherent distinction
between textual and visual feature distributions: codecs that excel
on visual features may not perform well on textual features and
may even hurt performance.

In summary, the proposed distribution transformation provides
a more encoder-friendly feature representation space that enables
both lightweight and high-capacity codecs to operate effectively.
This is the key to realizing high-performance, task-agnostic feature
coding.

5.4 Cross-Task Universality
To evaluate the universality of DT-UFC, we test its ability to com-
press features from unseen tasks using models trained on a different
task. Fig. 5 shows the rate-accuracy performance across tasks.

In the CSR task, baseline models trained on Seg or TTI perform
poorly as they fail to generalize to the highly distinct textual CSR
features. In contrast, DT-UFC achieves strong performance even
when trained on other tasks, demonstrating the effectiveness of
our transformation in aligning heterogeneous distributions. By
transforming task-specific features into a unified space, DT-UFC
reduces distributional divergence and enables successful cross-task
compression.

In the Seg task, the baseline CSR models fail to achieve low bi-
trates, while all the DT-UFC models achieve smooth rate-accuracy
curves. For the TTImodels, both hybrid-trained and task-specifically
trained DT-UFC models outperform their baseline counterparts by
a large margin, indicating higher robustness of DT-UFC in the TTI
task.

In the TTI task, all the baseline models and task-specifically
trained models show unstable rate-accuracy behaviors. Neverthe-
less, DT-UFC still outperforms the baselines, especiallywhen trained
on CSR. The hybrid-trained variant demonstrates notable robust-
ness and achieves the best overall performance.

Furthermore, comparing task-specific and hybrid training reveals
that hybrid training generally improves generalization, especially
in Seg and TTI tasks, by exposing the codec to more diverse feature
distributions. However, in the CSR task, hybrid training slightly
degrades performance at low bitrates, possibly due to the model’s
adaptation to visual features. This highlights the importance of
balancing feature diversity in multi-task scenarios.

Overall, DT-UFC’s distribution alignment strategy ensures reli-
able encoder performance across tasks, even in zero-shot scenarios.
This confirms its potential as a universal feature coding solution
across tasks, models, and modalities.
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Table 5: Rate-Accuracy Performance Comparison between
the Baseline, Baseline with Transformed Features, and DT-
UFC with Baseline Features (Sec. 5.5 and Sec. 5.6)

Task CSR Seg TTI

Metric BPFP Acc. BPFP mIoU BPFP FID

Original 32 100 32 83.39 32 0

Baseline

1.35 34.80 0.03 37.11 0.08 170.01
1.50 57.80 0.12 62.58 0.15 124.84
1.68 82.40 0.54 74.82 0.28 95.03
3.60 87.80 1.30 77.27 0.66 52.12
6.34 91.40 1.71 77.96 1.44 25.25

Baseline with
Transformed

Features
(Sec. 5.5)

2.08 94.00 0.04 31.60 0.12 161.72
2.34 91.40 0.12 64.60 0.26 115.86
2.49 92.00 0.51 77.72 0.56 80.91
3.91 96.00 1.23 80.14 1.18 35.26
7.02 96.80 1.65 81.34 1.93 22.60

DT-UFC with
Baseline
Features
(Sec. 5.6)

0.30 6.60 0.05 37.32 0.08 166.57
0.35 14.80 0.17 62.41 0.14 144.11
0.50 20.80 0.45 73.50 0.18 128.57
0.97 71.00 1.09 76.55 0.33 96.84
1.41 97.20 1.55 77.94 0.54 72.97

Table 6: Rate-Accuracy Performance of DT-UFC on CNN Fea-
tures (Sec. 5.7)

Lambda BPFP Accuracy MSE

Original 32 86.40 0

0.0005 0.06 84.40 0.5006
0.0008 0.09 85.00 0.4627
0.0015 0.19 85.80 0.3350
0.0025 0.43 86.00 0.1749
0.004 0.88 86.40 0.0950

5.5 Universality of Transformed Features
To isolate the contribution of the distribution transformation, we
directly feed transformed features into the baseline codecs without
any retraining and compare their rate-accuracy performance with
the baseline.

As shown in Table 5, this simple substitution leads to significant
improvements across all tasks. In the CSR task, the baseline codecs
consistently encode the transformed feature with high bitrates yet
retain high accuracy. In the Seg and TTI tasks, the trends in bitrate
and accuracy remain similar to the baseline, indicating no degra-
dation. These results demonstrate that the transformation alone
enhances feature compressibility by reshaping feature distributions.
Even without retraining the codec, the benefits are clearly observed.
In essence, the transformation serves not only as an enabler for
universal encoder training but also as a standalone mechanism for
improving structural expressiveness and compressibility of features.

5.6 Codec’s Robustness to Imperfect Inputs
We further examine the robustness of DT-UFC codecs when given
imperfect input. Specifically, we feed features truncated by baseline
pre-processing to the hybrid-trained feature codecs.

As reported in Table 5, DT-UFC codecs maintain a competitive
performance under these degraded conditions. For the CSR task,
DT-UFC substantially outperforms the baseline, achieving over 40%
accuracy improvement at 1.5 BPFP. In Seg and TTI tasks, DT-UFC
maintains comparable performance with the baseline. This demon-
strates that even when inputs deviate from the ideal transformed
space, codecs trained using the transformed features still maintains
their effectiveness.

Moreover, the decline of metrics such as MSE and FID across
bitrate indicates that codecs trained with transformed features have
not merely memorized specific input patterns but have learned to
model underlying feature structures more generally. Therefore, DT-
UFC is not only effective under ideal conditions but also robust in
real-world deployment scenarios where features may be distorted
or misaligned. This resilience is critical for practical adoption.

5.7 Architecture-Agnostic Generalization
To assess cross-architecture generalization, we apply DT-UFC to
CNN-derived features. Specifically, we extract features from ResNet-
50 on an image classification task. A transformation is learned
on 10 features and applied before encoding. Instead of training
feature codecs on CNN features, we feed them to the hybrid-trained
Hyperprior codecs.

Table 6 shows that DT-UFC achieves nearly lossless classification
accuracy and decreasing MSE across bitrates. This demonstrates the
codec’s strong generalization from Transformer features to CNN
features. Importantly, this result highlights our method’s ability to
align feature distributions across architectural paradigms, enabling
universal feature compression across diverse model backbones. In
addition, the generalization ability also indicates that the proposed
transformation can align feature distributions acrossmodel architec-
tures, enabling universal feature coding across Transformer-based
and CNN-based backbones. The strong performance without re-
training further validates the scalability and practicality of DT-UFC
as a truly architecture-agnostic feature codec.

6 Conclusion
In this paper, we present DT-UFC, a novel framework for univer-
sal feature coding across large models by introducing a peaky-to-
balanced distribution transformation. By aligning diverse feature
distributions into a common, balanced space, DT-UFC enables a sin-
gle codec to generalize across models and tasks without retraining.
Extensive experiments demonstrate that DT-UFC not only improves
rate-distortion performance over task-specific baselines, but also
supports architecture-agnostic and cross-task generalization, con-
firming its practical value in large model deployment scenarios.

In future work, we aim to integrate DT-UFC into real-world
distributed AI systems to evaluate its impact on latency, energy effi-
ciency, and scalability. We hope this work inspires further research
on universal and practical feature coding.
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