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Abstract. We introduce variance-normalized latent distillation (VNLD),
a new loss function for learned image compression. VNLD transfers rich
latent representations from a teacher to a student through channel-
wise variance-normalized alignment, which amplifies informative chan-
nels and stabilizes training, while keeping the decoder frozen to com-
ply with JPEG AI decoding requirements. The teacher is obtained by
fine-tuning SegPIC, a state-of-the-art compression model, from its best
pretrained checkpoint on one image category with high distortion weight
(not rate—distortion (RD) constrained), and the student is initialized
from the same checkpoint and optimized with the combined RD and
VNLD losses. Experiments on the three dominant domains of smart-
phone photography (selfies, food, landscapes) show that VNLD achieves
up to 6.77% BD-rate savings over the pretrained baseline and out-
performs standard fine-tuning, while preserving performance on general
benchmarks (Kodak, JPEG AI) and remaining robust on unseen datasets
within the same category. These results position VNLD as a candidate
loss for future JPEG Al-compliant learned image compression.
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1 Introduction

The rapid proliferation of smartphones equipped with high-resolution cameras
has led to an unprecedented surge in the number of images captured and shared
daily. Efficient image compression has therefore become essential to reduce stor-
age requirements and transmission bandwidth, especially for mobile devices with
limited computational resources. Among user-generated content, a few categories
such as selfies, food, and landscapes dominate social media platforms [26], mak-
ing them particularly important targets for optimized compression. Preserving
perceptual quality in these categories is critical to enhance user experience while
reducing the overall storage and communication burden.
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Traditional codecs such as JPEG [1], JPEG 2000 [4], VVC [20], and BPG [5]
have been widely deployed but are reaching their performance limits. In con-
trast, learned image compression (LIC) has recently emerged as a promising
alternative, leveraging deep neural networks to achieve superior rate—distortion
performance [3,6]. SegPIC [15] exemplifies this new generation of models by
integrating semantic priors into the compression process, providing strong ef-
ficiency while remaining compatible with the JPEG Al decoding pipeline [23].
We adopt SegPIC as the backbone for our experiments due to its state-of-the-art
compression performance and its ability to incorporate semantic priors, making
it particularly suitable for our category-specific training and distillation frame-
work.

Despite these advances, most LIC models are trained on general-purpose
datasets such as COCO [24] or ImageNet [27], which do not fully capture the
statistical regularities of smartphone images. This domain gap limits compres-
sion efficiency for user-centric applications. In our previous work [25,22], we
addressed this issue by fine-tuning SegPIC on category-specific datasets (selfies,
food, landscapes), while keeping the decoder fixed to comply with JPEG Al
standardization [16]. While this fine-tuning improved compression efficiency, it
relied only on the rate—distortion loss, ignoring the richer semantic information
encoded in the latent space.

In this paper, we introduce variance-normalized latent distillation (VNLD),
a novel latent-space distillation loss to overcome this limitation. The proposed
approach adopts a teacher—student design: the teacher is obtained by fine-tuning
the best pretrained SegPIC with a high distortion weight (high-A) on the tar-
get category (e.g., Selfie), ensuring that its latent space retains rich semantic
and structural information, while the student is initialized from the pretrained
SegPIC checkpoints and trained with our loss function Eq. (8).

Knowledge transfer occurs directly in the latent space, guided by a channel-
wise-variance-normalized alignment loss that emphasizes informative channels
and stabilizes training. This design allows the student to inherit domain-specific
representations without losing the robustness of the pretrained backbone. Im-
portantly, the decoder remains frozen, in line with the JPEG AI vision where
the decoder is standardized and cannot be retrained.

We instantiate our framework on three representative smartphone images
domains (selfies, food and landscapes) as case studies. Experiments on these
datasets, along with cross-category evaluations [29] and general benchmarks such
as Kodak [11] dataset and the JPEG AI test set [14] show that our method
achieves up to 6.77% BD-rate savings in terms of the PSNR over the pre-
trained model and consistently outperforms standard fine-tuning on the special-
ized domain, all while preserving JPEG Al compatibility with a standardized
decoder.

Contributions. ((1) We propose variance-normalized latent distillation (VINLD),
a channel-wise latent alignment loss that transfers knowledge from a high-A
teacher (not RD constrained) to a pretrained student, while keeping the de-
coder frozen to comply with JPEG AI constraints. (ii) We show that VNLD
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consistently improves RD trade-offs over standard fine-tuning across three do-
mains (selfies, food, landscapes) and generalizes to unseen data, achieving up to
6.77% BD-rate savings compared to the pretrained baseline.

2 Background and Related Work

Learning-based image compression (LIC) has shown remarkable progress
in recent years, surpassing traditional codecs by jointly optimizing the rate—distortion
trade-off with deep neural networks. Ballé et al. [3] introduced a variational au-
toencoder (VAE) framework with an entropy bottleneck, while Minnen et al. [6]
proposed joint autoregressive and hierarchical priors for improved entropy mod-
eling. More recently, Liu et al. [15] presented SegPIC, a segmentation-prior-
guided framework that leverages class-agnostic masks through modules such as
the Region-Adaptive Transform (RAT) and Scale Affine Layer (SAL), achieving
state-of-the-art compression performance.

Most existing LIC models are trained on large-scale, general-purpose datasets
such as COCO [24] and ImageNet [27]. While such broad training ensures gener-
alization across diverse content, it often fails to capture the statistical regularities
of smartphone images, particularly selfies, food, and landscapes, which dominate
user-captured photos [26]. This limitation motivates the development of domain-
specific compression strategies that can exploit category-specific redundancies to
improve efficiency while preserving perceptual quality.

Any domain-specific solution must also comply with standardization require-
ments. The JPEG Al initiative [16] is currently defining a new generation of
learning-based codecs that achieve state-of-the-art compression while ensuring
interoperability across devices and applications. A key constraint of JPEG Al is
the use of a fixed decoder, which requires encoder optimizations to remain fully
compatible with the standardized decoding pipeline. As a result, evaluation on
the JPEG Al test set has become essential to ensure fair and standard-compliant
comparisons.

Knowledge distillation (KD). Introduced by Hinton et al. [7], KD was
originally proposed to transfer knowledge from a teacher to a student using soft-
ened outputs. Later works such as FitNets [8] and cross-modal distillation [9]
extended this idea to intermediate features, demonstrating that latent represen-
tations can act as effective supervisory signals.

The latent space in learned image compression is not only an intermediate
feature but the central representation that drives entropy modeling and im-
age reconstruction. Within the JPEG AI framework [16], its role is even more
critical, since a single encoder produces a latent representation that is consumed
by multiple standardized decoders. Beyond compression, these decoders can sup-
port downstream tasks such as classification, detection, segmentation, and image
restoration [2]. This highlights the importance of learning latent representations
that are both informative and well-structured.

However, despite this central role, knowledge distillation remains relatively
underexplored in the context of learned image compression. In particular, lever-
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aging KD directly in the latent space is a natural yet underutilized direction, as
it enables the transfer of structured, category-specific information between mod-
els. Latent-space distillation therefore provides a principled mechanism to guide
the encoder toward richer representations while preserving compatibility with a
fixed decoder. Since the alignment is performed at the encoder level, the decoder
can remain unchanged, ensuring full compliance with the JPEG AI framework
while enabling domain-adaptive optimization.

3 Variance-Normalized Latent Distillation (VINLD) Loss

3.1 Loss Formulation

While knowledge distillation (KD) is typically applied at the output level [7],
prior works have shown that intermediate features can serve as reliable supervi-
sory signals [8,9]. We extend this principle to the latent space, which in learned
image compression constitutes the central bottleneck for entropy modeling and
reconstruction.

We introduce variance-normalized latent distillation (VNLD), a distillation
strategy designed to transfer domain-specific representations between learned
image compression models while preserving decoder compatibility. VNLD oper-
ates directly in the latent space at the bottleneck pre-quantization latent y (i.e.,
the output of the analysis transform), before entropy modeling and synthesis.

To ensure bitstream compatibility with the standardized JPEG Al decoder,
the synthesis transform (decoder) and the probability model are kept frozen,
while only the analysis transform (encoder) is updated. Let y;, ys € ROXH xW'
denote the latent representations produced by the teacher and student encoders,
respectively. For each channel, we compute the spatial standard deviation of the
teacher features, oy, stabilized with a threshold ¢ = 0.02:

o¢ = max(Std(y), €). (1)

The distillation term aligns the student with the teacher while adaptively weight-
ing each channel by its variability:

1 A
Listil = 7 ==L, (2)
421 i€ It

where (2 denotes the spatial domain. This formulation departs from raw
feature matching by normalizing alignment with the teacher’s variability: high-
variance (often noisy) channels are downweighted, while low-variance, stable
channels are emphasized, which guides the student to inherit the most informa-
tive latent-space dimensions. The clamping mechanism improves stability.

3.2 Theoretical Justification

We provide theoretical insights into why latent-space distillation is effective even
when teacher and student share the same SegPIC architecture.
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Rate—Distortion Perspective An encoder trained at Lagrangian multiplier
A minimizes
min I(X:2)+ ABJd(X, X)), (3)
p(z|lx
where I(X; Z) is the mutual information between source X and latent vector Z.
Along the rate—distortion curve,

dR
Thus, a larger A yields lower distortion but higher rate, implying
I(X;Zy;) > 1(X;Zy,),  Aj> i (5)

High-\ encoders preserve richer latent representations, making them natural
teachers for guiding students.

Information Bottleneck Perspective In the information bottleneck (IB)
view, the objective for a secondary task Y is

max I(Z;Y) - BI(X; Z). (6)

A latent representation that retains more of X (larger I(X; Z)) can also achieve
higher I(Z;Y). A high-\ teacher therefore acts as an upper bound on task-
relevant information, and distilling its latent features helps the student approach
this bound under a tighter bitrate. This view is consistent with prior knowledge
distillation research. While early methods focused on matching output distribu-
tions [7], later work showed that aligning intermediate feature representations
yields stronger supervision [8,9]. Distillation in the latent space therefore pro-
vides a principled way to transfer structured representations from teacher to
student.

Interpretation Together, these perspectives explain why VNLD is effective
in learned image compression: the teacher retains high-fidelity latents, while
the student inherits them to improve its rate—distortion trade-off without alter-
ing the decoder. Unlike conventional KD, VNLD operates directly in the latent
space, which in LIC is the central bottleneck that governs entropy modeling and
reconstruction.

4 SegPIC backbone

The SegPIC model, proposed by Liu et al. [15], is a learned image compression
framework that leverages segmentation priors to guide the compression process.
It introduces two key modules, the Region-Adaptive Transform (RAT) and the
Scale Affine Layer (SAL), which enable region-specific feature transformations
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Fig. 1. SegPIC framework from [15].

and enhance semantic representation, making the model particularly suitable for
smartphone photography scenarios.

As shown in Figure 1, the framework integrates several components includ-
ing RAT, SAL, the Window Attention Module (WAM), Channel-wise Auto-
Regressive Model (ChARM), Factorized Model (FM), and Generalized Divi-
sive Normalization (GDN). The diagram highlights how RAT and SAL support
region-specific compression and feature enhancement, while downsampling and
upsampling blocks enable compact and expressive latent-space representations.

5 Training Setup

We conducted experiments on three representative datasets that dominate smart-
phone photography: the Selfie dataset [18], Food101 [19], and a subset from
the Landscape dataset YFCC100M [21]. For all three domains, we used 10,000
images per category with an 80/10/10 split for training, validation, and test-
ing, following the same protocol as in our previous work [25]. This ensured a
consistent experimental setup across datasets and enabled fair comparisons of
domain-specific specialization.

In all cases, the student was initialized from a generic pretrained SegPIC
checkpoint. The teacher, in contrast, was obtained from the best-performing
pretrained SegPIC model in terms of reconstruction quality (A = 0.0483) and
further fine-tuned on the target dataset with a high distortion weight (A =
2). Unlike a standard encoder trained for compression, this high-A teacher is
designed to preserve as much semantic and structural information as possible,
producing latents that are close to a ground-truth representation of the image.
Its role is therefore to act as a supervisory reference in the latent space rather
than as a competitive compressor. Both teacher and student shared the same
architecture and employed a fixed decoder, ensuring full bitstream compatibility
with JPEG AI [23].

It is important to highlight that the teacher operates at a high-rate point
(47.3dB at 2.7bpp on Selfie), producing latents rich in semantic and struc-
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tural information. VNLD aligns the student to these latents while the student is
trained under standard rate—distortion constraints.
We adopt the standard rate loss L;ate and distortion loss Lgistortion, Where

Lrate = - 10g2 p@(g)v ﬁdistortion - ||$ - i‘”%, (7)

with § the quantized latent representation, p; its estimated probability mass
function, x the original image, and & its reconstruction.
The overall training objective is then defined as

L= »Crate +A »C'distortion + B L:distillu (8)

with A € {0.0018, 0.0035,0.0067,0.0130, 0.025,0.0483} controlling the RD trade-
off. After preliminary experiments, we fixed § = 0.001, which provided stable
convergence and consistent improvements.

All models were trained for 150 epochs with batch size 16, 24 workers, and
Adam optimizer (initial learning rate 1 x 10, reduced on plateau with patience
of 8 epochs and minimum learning rate of 1 x 107%). No data augmentation was
applied. To ensure comparability, we repeated this setup for all rate—distortion
trade-offs using A values. The decoder remained frozen in all experiments to
comply with JPEG AI requirements [23], ensuring that only the encoder adapts
while the bitstream remains compatible with a standardized decoder.

Preliminary experiments showed that g > 0.005 destabilized training, while
B < 0.0005 made the distillation term negligible. We therefore fixed 5 = 0.001,
which provided a stable and effective balance with the rate—distortion objective.

6 Results

In this section we compare three different configurations: (i) the pretrained
SegPIC baseline [15], (ii) the standard fine-tuned model optimized with the
R+ AD loss [25,22], and (iii) our proposed variance-normalized latent distilla-
tion (VNLD).

6.1 BD-Rate Results on Category-Specific and Benchmark
Datasetss

Figure 2 presents the PSNR vs. BPP rate—distortion curves for the three models
across smartphone representative categories: selfies, food, and landscapes. The
results confirm that VNLD consistently outperforms standard fine-tuning and
surpasses the pretrained baseline in all three domains.

Tables 1 and 2 report BD-rate [28] results in terms of PSNR and MS-SSIM.
The first table evaluates performance on category-specific images, whereas the

second evaluates performance on the standard benchmark datasets, Kodak and
the JPEG AT test set.
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Fig. 2. Rate-distortion performance (PSNR vs. BPP) across three smartphone pho-
tography categories: Selfie, Food, and Landscape. VNLD consistently outperforms both
the pretrained SegPIC [15] and standard fine-tuning.

Table 1. BD-Rate (%) results for in-domain training (Selfie, Food101, Landscape).
Cross-generalization is reported only for the Selfie-trained model, evaluated on
Flickr30k Selfie. Negative values indicate bitrate savings. (FT: fine tuned using the

RD only loss)

Dataset | PSNR | MS-SSIM

| VNLD/FT [25] VNLD/Pretrained | VNLD/FT [25] VNLD /Pretrained
Selfie -4.21% -6.77% -4.56% -7.45%
Food101 -2.29% -6.16% -3.15% -7.17%
Landscape -2.61% -3.94% -3.24% -4.64%
Flickr30k Selfie -2.71% -6.11% -2.01% -7.09%

Table 2. BD-Rate (%) of VNLD compared to the pretrained SegPIC baseline on gen-
eral benchmark datasets (Kodak and JPEG Al) after specialization on each category.

Training categor; l Kodak ‘ JPEG Al

§ category "pSNR  MS-SSIM | PSNR  MS-SSIM
Selfie +0.71%  +0.56% | +1.21%  +0.81%
Food101 +1.03%  +0.3% | +0.98%  +1.13%
Landscape +0.9% -0.21% +0.83% +1.19%

These results highlight that latent-space distillation consistently outperforms
standard fine-tuning, with a -6.77% BD-rate in terms of PSNR and -7.45% BD-
rate saving in terms of MS-SSIM over the pretrained model on the selfie dataset.
On Kodak and JPEG Al, performance remains comparable, indicating no loss

of generalization.

6.2 Qualitative Results

We present visual comparisons in Figure 3. The reconstructed images highlight
the differences between three models.
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Fig. 3. Qualitative comparison of reconstructions on Selfie, Food101, Landscape, and
Kodak. Metrics are PSNR1/bppl. VNLD preserves finer structures and textures com-
pared to standard fine-tuning and the pretrained baseline. All images are from publicly
available datasets (Selfie [18], Food101 [19], and Kodak [11]).
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Fig. 4. Rate—distortion curves (PSNR vs. BPP) on the Kodak dataset and the JPEG Al
test set. Across both benchmarks, the pretrained baseline [15], standard fine-tuning [22,
25], and our proposed VNLD approach yield nearly identical performance.

Visual inspection confirms the numerical gains: the VNLD model reconstructs
sharp edges and subtle textures more faithfully, especially at lower bitrates. Com-
pared to standard fine-tuning, our loss yields clearer structures with fewer arti-
facts, demonstrating that latent-space alignment with a specialized teacher pro-
vides more robust guidance than optimizing the rate—distortion trade-off alone.

The rate—distortion curves on the Kodak dataset and the JPEG Al test
set (Fig. 4) show that all models achieve nearly identical performance on these
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general benchmarks. On the Kodak dataset, the reconstructed image quality
remains comparable across models, with only a small loss of +0.71% BD-rate
(PSNR) and +0.56% (MS-SSIM), as illustrated in Fig. 3. This indicates that
specialization on a specific category such as selfies does not significantly reduce
reconstruction quality on general benchmark datasets.

7 Conclusion and Future Work

We introduced variance-normalized latent distillation (VNLD), a new loss
function for domain-specific learned image compression, instantiated on three
representative categories of smartphone photography: selfies, food, and land-
scapes. Unlike conventional fine-tuning with the R+ AD loss, our method aligns
a pretrained SegPIC student to a teacher obtained by fine-tuning the best pre-
trained SegPIC on the target dataset with a high distortion weight using VNLD
loss, thereby emphasizing informative channels while keeping the decoder fixed to
comply with JPEG AI standards. Across all three domains, VNLD consistently
outperforms both the pretrained baseline and standard fine-tuning, achieving up
t0 6.77% BD-rate savings in-domain, while preserving performance on general
datasets such as Kodak and the JPEG Al test set and maintaining cross-category
generalization.

Looking ahead, we plan to train VNLD directly on large-scale general datasets
and explore its integration into different LIC architectures. By demonstrating
both domain-specific gains and benchmark-level robustness, we position VNLD
not only as an effective specialization strategy but also as a candidate benchmark
loss for future learned image compression research under JPEG Al
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