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Abstract. Learned image compression (LIC) operates under a rate–
distortion (RD) trade-off, where representation quality is constrained by
the target bitrate. We revisit knowledge distillation in LIC through the
lens of bitrate asymmetry and introduce a self-teacher distillation frame-
work, where a high-rate instance of a codec supervises multiple lower-rate
encoders of identical architecture. Because allocating more bits naturally
leads to richer latent representations, the high-rate model provides infor-
mative supervision across rate levels. Direct latent matching, however,
is problematic under tight rate budgets. We therefore propose variance-
normalized latent distillation (VNLD), a rate-aware alignment strategy
that scales channel-wise supervision by the teacher’s variance, selectively
transferring stable, informative structure while suppressing components
that cannot be reliably reproduced at lower rates. Across different dis-
tillation objectives, networks, and bitrate levels, self-teacher distillation,
particularly with VNLD, improves RD performance and yields consistent
BD-rate gains over RD-only training. Our method remains compatible
with fixed-decoder deployments, such as those targeted by JPEG AI
standards.

Keywords: Learned Image Compression, Knowledge Distillation, La-
tent Representation, JPEG AI

1 Introduction

Learned image compression (LIC) has reshaped image coding by optimizing
neural encoders and decoders under a rate–distortion (RD) objective [3, 4, 28].
Modern architectures incorporating hierarchical hyperpriors [4], autoregressive
models [28], transformers [23, 25], and semantic priors [26] now surpass tradi-
tional codecs such as JPEG [30], JPEG 2000 [34], and even VVC [20].

Despite these architectural advances, training paradigms remain largely un-
changed: each bitrate operating point is optimized independently using the same
RD objective, without exploiting relationships across rate levels. This observa-
tion suggests a potential for knowledge transfer across bitrate levels.
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Knowledge distillation (KD) [16] has been widely explored in recognition
tasks and its application to learned image compression remains limited. In clas-
sical KD [16], teacher superiority typically arises from larger model capacity or
architectural complexity. In contrast, in learned compression, models trained at
higher Lagrangian multipliers λ are stronger simply because they are allowed to
allocate more bits. Their latent representations are therefore richer not because
of additional parameters, but because the rate constraint is relaxed. As a result,
teacher superiority in LIC arises from rate allocation rather than architectural
capacity.

Motivated by this observation, we explore whether a codec can effectively
learn from itself across bitrates. In this work, we introduce a self-teacher dis-
tillation paradigm for learned image compression in which a high-rate model
supervises several student models trained at lower-rate settings, enabling one-to-
many cross-rate supervision. Instead of viewing the teacher as a larger network,
we reinterpret it as a less rate-constrained instance of the same architecture.
This motivates latent-space distillation, since unlike image-domain perceptual
losses that compare reconstructions to the ground truth, the latent representa-
tion contains the rate-constrained compression features where bit allocation is
formed.

To our knowledge, prior work has not systematically studied latent-space
distillation across bitrate operating points in LIC, where teacher superiority is
driven primarily by rate allowance rather than model capacity.

Transferring knowledge across bitrate levels is however not straightforward.
Unlike conventional KD settings, a low-rate student cannot reproduce a dis-
tortion oriented teacher latent representation without violating its RD budget.
Direct feature matching therefore imposes unrealistic constraints on the student
and can lead to unstable optimization. This limitation complicates the applica-
tion of distillation in learned compression, as low-rate students cannot directly
reproduce distortion-oriented teacher representations without violating their rate
budget.

To address this challenge, we propose Variance-Normalized Latent Dis-
tillation (VNLD), a rate-aware latent distillation mechanism designed specif-
ically for learned image compression. VNLD scales channel-wise supervision ac-
cording to the variability of teacher features. Channels with high teacher variance
often correspond to fine residual information. Since such components are diffi-
cult for a lower-rate student to reproduce under a tighter rate constraint, VNLD
attenuates their contribution to the distillation loss. In contrast, stable chan-
nels encoding more global structure receive stronger supervision. This produces
a rate-compatible supervision signal: rather than forcing the student to imitate
the full high-rate teacher representation, VNLD guides it toward the components
that can be more reliably transferred at its target bitrate.

We evaluate the self-teacher distillation framework across multiple distillation
objectives, including standard latent MSE alignment, contrastive representation
distillation (CRD) [36], and the proposed VNLD approach, and across different
compression architectures: HPCM [24], BMS [5] and SegPIC [26]. These experi-
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ments allow us to conclude that the benefits of self-teacher supervision are not
architecture-specific. Across datasets, bitrate levels, and model architectures,
self-teacher distillation consistently improves RD performance compared to RD-
only training. Among the evaluated distillation objectives, VNLD achieves the
most consistent improvements over MSE and CRD, leading to measurable BD-
rate reductions on standard benchmark datasets.

A key advantage is that the proposed method operates at the encoder side,
naturally supporting deployment scenarios in which the decoder and entropy
model remain fixed. Such approach is particularly relevant for emerging com-
pression standards such as JPEG AI [1].

In summary, this work makes the following contributions:
– We introduce a self-teacher latent distillation framework where a high-

rate instance of the same codec supervises multiple lower-rate encoders shar-
ing the same architecture.

– We propose variance-normalized latent distillation (VNLD), a rate-
aware latent alignment strategy that stabilizes cross-rate supervision by
modulating the contribution of each latent channel according to its variance.

– We validate the approach across different architectures, datasets, and train-
ing settings, including deployment scenarios with frozen decoders.

The remainder of this paper is organized as follows. Section 2 reviews back-
ground and related work on distillation in learned image compression. Section 3
introduces the proposed self-teacher framework and the VNLD formulation. Sec-
tions 4 and 5 present experimental results under standard learned compression
training settings. Section 6 evaluates the method under JPEG AI deployment
constraints, and Section 7 concludes the paper.

2 Background and Related Work

Learned image compression models are typically optimized under the classical
rate–distortion (RD) objective

LRD = R+ λD = − log2 pŷ(ŷ) + λ∥x− x̂∥22, (1)

where R denotes the expected bitrate, λ the Lagrangian multiplier, D the recon-
struction distortion, pŷ the entropy model of the quantized latent representation
ŷ, and x and x̂ denote the input and reconstructed images, respectively.

Different operating points are obtained by varying λ following the variational
compression framework of Ballé et al. [3, 4]. Increasing λ relaxes the rate con-
straint and allows the encoder to allocate more bits to the latent space, resulting
in richer latent features at higher bitrates. Although the RD formulation governs
how individual models are optimized, it treats each bitrate operating point inde-
pendently and does not exploit potential relationships between models trained
at different rates.
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Knowledge distillation (KD) provides a general mechanism for transferring
information between models and has been widely used to improve efficiency
and representation learning. Initially introduced to compress large networks into
smaller ones [16], KD has since expanded to feature-based supervision [32], rela-
tional and contrastive representation transfer [36], and self-distillation strategies
where supervision emerges within the same model architecture [37]. These de-
velopments highlight that aligning internal representations can improve learning
beyond simple output imitation.

Recent work has begun exploring KD within learned image compression. For
instance, Chen et al. [10] propose a modular distillation framework that transfers
knowledge from a complex teacher model to a lightweight student in order to
reduce computational complexity while preserving rate–distortion performance .
Similarly, other studies distill feature representations or entropy-related signals
to build smaller and faster codecs [15]. While effective, these approaches largely
follow the classical KD paradigm in which teacher superiority arises from archi-
tectural capacity or model scale.

In practice, learned image compression presents a different regime. Codecs
trained at higher Lagrangian multipliers often perform better simply because
they are allowed to allocate more bits, suggesting that teacher superiority may
stem from rate allowance rather than model capacity. Existing KD ap-
proaches do not explicitly account for this property, nor do they study how
knowledge can be transferred across bitrate levels within the same architecture.

Practical deployment scenarios also impose additional constraints on LIC
systems. Recent standardization efforts, such as JPEG AI [1], aim to define
interoperable neural image coding pipelines. In such frameworks, the decoding
process is typically fixed in order to ensure compatibility across different encoders
and implementations. Consequently, improvements to compression performance
must often be achieved without modifying the decoder or entropy model, moti-
vating approaches that focus on encoder-side optimization [11,33].

3 Method

3.1 Self-Teacher Framework

Building on the RD formulation in Eq. (1), we introduce a self-teacher distillation
framework that exploits bitrate asymmetry across operating points.

Instead of using a larger network as teacher, we employ a higher-rate instance
of the same codec. A single teacher encoder trained at a high rate produces latent
representations yt that supervise multiple lower-rate student encoders producing
ys. The teacher is frozen during student training and distillation is applied to
the pre-quantization latent representations. Fig. 1 illustrates the overall training
framework.

The student (Encoder_s , Decoder_s) is optimized using the RD objective
in Eq. (1) augmented with a latent-space distillation term:

L = R+ λD + βLKD. (2)
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Fig. 1: Self-teacher distillation framework. A high-rate teacher encoder is frozen and
supervises lower-rate students through a latent-space distillation loss.

We first consider standard latent alignment strategies based on MSE and
contrastive representation distillation (CRD).

MSE Latent Alignment. Let yt, ys ∈ RC×H′×W ′
denote teacher and student

pre-quantization latents. A direct alignment baseline is mean-squared error:

LMSE =
1

CH ′W ′ ∥ys − yt∥22. (3)

Contrastive Representation Distillation (CRD). We also consider a contrastive
objective by Tian et al. [36]. Global descriptors are obtained via spatial average
pooling, vt = GAP(yt) and vs = GAP(ys), followed by projection heads. The
student representation is encouraged to remain closer to the teacher than to
negative samples using the InfoNCE loss [29]:

LCRD = − log
exp(vT

s vt/τ)

exp(vT
s vt/τ) +

∑K
k=1 exp(v

T
s v

(k)
t /τ)

. (4)

Here τ denotes a temperature parameter controlling the sharpness of the
similarity distribution, K is the number of negative samples, and v

(k)
t represents

negative teacher descriptors drawn from other samples in the batch.

3.2 Variance-Normalized Latent Distillation (VNLD)

Standard latent alignment implicitly assumes that all teacher channels are equally
transferable. However, in LIC, channel variance is often correlated with bitrate
allocation: high-variance channels typically encode fine residual details [3, 4, 28]
that a lower-rate student cannot reproduce without exceeding its rate budget.
As a result, simple MSE-based alignment may impose unrealistic constraints
on low-rate students, while CRD avoids direct feature matching through rela-
tional supervision. Nevertheless, neither objective explicitly models the fact that
teacher and student operate under different bitrate constraints. Consequently,
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both treat all latent channels equally, regardless of whether they can realistically
be reproduced by the student.

To address these challenges, we introduce Variance-Normalized Latent Dis-
tillation (VNLD), a rate-aware supervision mechanism that modulates channel-
wise alignment according to the variance of teacher representations.

Let yt, ys ∈ RC×H′×W ′
denote teacher and student latents before quantiza-

tion. For each channel c, we compute the teacher standard deviation:

σc
t = Std(yct ), (5)

and stabilize small values with

σ̃c
t = max(σc

t , ϵ).

The VNLD loss is defined as

LV NLD =
1

CH ′W ′

∑
c,i,j

(ycs,ij − yct,ij)
2

(σ̃c
t )

2
. (6)

Dividing the squared residual by the teacher variance corresponds to variance-
weighted residual minimization. Such formulations arise naturally in heteroscedas-
tic regression and uncertainty-aware learning, where observations with larger
variance receive lower confidence weights [22]. VNLD can also be interpreted as
minimizing a Mahalanobis-type distance in latent space, where channel-wise vari-
ance defines a confidence-weighted alignment that adapts supervision strength
across latent dimensions [6, 27].

VNLD therefore implements a variance-weighted alignment, where teacher
variance acts as an inverse-confidence weight. Unlike standard feature normal-
ization, the variance is computed from the high-rate teacher and reflects rate-
dependent channel variability, making the weighting inherently bitrate-aware.

VNLD does not suppress high-variance channels. Instead, it prevents them
from dominating the loss, allowing the student to allocate bits according to its
own rate constraint: channels with large spatial variability, typically associated
with fine residual information at high bitrates, are down-weighted during opti-
mization. Stable structural channels exert stronger supervision.

Fig. 2: Visualization of the highest-variance teacher latent channel on Kodak 01 and
the corresponding student channels obtained with RD-only, MSE, CRD, and VNLD.
The bottom row shows the absolute deviation from the teacher, ∆ = |ys − yt|.
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This behavior is illustrated in Fig. 2, which visualizes the highest-variance
teacher latent channel on Kodak 01 and the corresponding student channels
obtained with RD-only training, MSE distillation, CRD, and VNLD. The VNLD
representation reduces the dominance of unstable high-variance components,
supporting the proposed inverse-variance weighting.

This normalization guides the student toward a rate-compatible approxima-
tion of the teacher representation, effectively projecting teacher features onto a
subspace consistent with the student’s bitrate budget.

VNLD requires one additional frozen-teacher encoder forward pass only dur-
ing training and introduces no learnable parameters or additional inference-time
computation, latency, or decoding complexity.

4 Experiments

We first evaluate the proposed self-teacher distillation framework in a standard
LIC setting where both encoder and decoder are optimized jointly. This setup
allows us to study the general behavior of the method without any deployment
constraints.

4.1 Teacher–Student Construction

For each backbone, we construct a self-teacher distillation setup across multiple
RD operating points. A single high-rate model trained with a large Lagrangian
multiplier (λ = 2) serves as the teacher. The teacher network is trained indepen-
dently and kept frozen while supervising student models trained at lower-rate.

The overall objective follows the classical rate–distortion formulation aug-
mented with a distillation term, as defined in Eq. (2), where λ controls the rate–
distortion trade-off and β balances the contribution of the distillation loss. The
term LKD corresponds to one of three alternatives: latent MSE alignment, con-
trastive representation distillation (CRD), or the proposed variance-normalized
latent distillation (VNLD). Unless otherwise stated, we set β = 10−3, which
yields stable training behavior.

We analyzed the sensitivity to the distillation weight β, which balances the
rate–distortion objective and the distillation term. Very small values (β < 5 ×
10−4) make the distillation signal negligible, resulting in performance close to
RD-only training. Conversely, large values (β > 5× 10−3) over-emphasize latent
alignment and degrade reconstruction quality, as the model sacrifices rate control
to match teacher features. A value of β = 10−3 provides a stable trade-off and
is used in all experiments.

We additionally evaluated alternative cross-rate supervision configurations
using the BMS network [5], introduced in more detail in Sec. 4.2. These include
hierarchical supervision between adjacent rate levels, where each student at λi is
supervised by the next higher-rate model λi+1, and a multi-target variant where
the highest-rate model available in the pretrained operating points supervises all
lower-rate students, i.e., λ6 → [λ1, λ5]. Both strategies produced only marginal
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Fig. 3: β sensitivity on BMS lvl6/Kodak.

improvements and were consistently weaker than our final configuration, where
a single substantially higher-rate teacher (λT = 2) supervises the lower-rate stu-
dents. Table 1 reports this teacher-rate ablation on the lowest-rate BMS student
and shows that nearby-rate teachers provide weaker supervision, while λT = 2
achieves the lowest student RD objective.

Table 1: Teacher-rate ablation on BMS [5] at λS = 0.0018.

λT PSNR ↑ BPP ↓ RD loss ↓

0.0035 26.633 0.1153 0.3692
0.0130 26.641 0.1154 0.3691
0.0483 26.631 0.1154 0.3695

2 26.880 0.1213 0.3613

4.2 Experimental Setup

We evaluate two learned image compression architectures: HPCM [24], a recent
high-capacity codec with hierarchical priors and modern transform networks,
and BMS [5], a classical hyperprior-based baseline. Both architectures follow the
standard neural transform coding pipeline, consisting of an analysis transform,
quantization, entropy coding, and a synthesis transform. All components are
optimized jointly during training.

All models are implemented in PyTorch and optimized using Adam with
β1 = 0.9 and β2 = 0.999. Training uses a batch size of 32 with 24 data-loading
workers. Images are randomly cropped to 256×256 patches and augmented with
random horizontal and vertical flips.

HPCM is trained on the Flickr dataset [31], while BMS is trained on COCO-
Stuff [9]. Models are trained for 50 epochs with an initial learning rate of 10−5,
reduced on plateau (patience 8) down to 10−6. The operating points follow λ ∈
{0.0018, 0.0035, 0.0067, 0.0130, 0.025, 0.0483}.
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5 Results

We evaluate the proposed self-teacher distillation framework in a standard learned
image compression setting where both encoder and decoder are optimized. For
each network (HPCM [24], BMS-factorized codec [5]) we compare three distilla-
tion objectives: standard latent MSE alignment, contrastive representation distil-
lation (CRD), and the proposed variance-normalized latent distillation (VNLD).

Evaluation is performed on three widely used compression benchmarks: Ko-
dak [14], Tecnick [2], and the JPEG AI test set [19]. Performance is measured
using BD-rate [7] with respect to PSNR, MS-SSIM, and LPIPSS [38]. Unless oth-
erwise stated, results are reported relative to the Pretrained (RD-only) baseline
of the same backbone in order to isolate the effect of the distillation objectives.

5.1 Quantitative Results

Table 3 reports BD-rate results for HPCM. Self-teacher distillation consistently
improves RD performance over RD-only training. While both MSE and CRD
provide improvements, VNLD yields the most consistent bitrate reductions across
datasets and metrics.

Table 2: BD-rate reduction (%) compared with the Pretrained (RD-only) HPCM
baseline.

Table 3: BD-rate (%) of self-teacher distillation variants with HPCM, reported relative
to the pretrained RD-only HPCM baseline on Kodak, Tecnick, and JPEG AI. MSE
and CRD denote latent MSE alignment and contrastive representation distillation,
respectively, while VNLD denotes the proposed variance-normalized latent distillation.

Kodak Tecnick JPEG AI
PSNR MS-SSIM LPIPS PSNR MS-SSIM LPIPS PSNR MS-SSIM LPIPS

HPCM (Pre) 0 0 0 0 0 0 0 0 0
+ MSE -1.01 -0.74 -0.82 -0.91 -0.43 -0.57 -1.18 -1.22 -1.02
+ CRD -0.32 -0.89 -1.05 -0.55 -0.71 -0.91 -1.19 -0.87 -1.32
+ VNLD -1.05 -0.94 -1.52 -0.65 -1.44 -1.80 -1.65 -1.24 -1.48

Fig. 4 illustrates the corresponding RD curves on Kodak. Across all operating
points, VNLD consistently shifts the RD curve toward lower bitrates, confirming
that variance-aware supervision provides a more effective transfer signal than
standard latent alignment.

To isolate the contribution of variance normalization, we compare standard
latent MSE alignment with the full VNLD formulation. Table 4 shows that the
proposed VNLD consistently improves BD-rate on average over all evaluation
datasets. This confirms that the gains stem specifically from modulating channel-
wise supervision rather than simply adding an auxiliary distillation term.

To further evaluate the generality of the proposed method beyond HPCM, we
additionally test the self-teacher distillation framework on the BMS-factorized
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Fig. 4: Rate–distortion curves on Kodak for HPCM. Pretrained (RD-only) denotes the
baseline, while MSE, CRD, and VNLD correspond to self-teacher variants.

Table 4: Effect of variance normalization in VNLD. Results are BD-rate (%) relative
to the RD-only HPCM baseline.

HPCM
PSNR MS-SSIM LPIPS

VNLD w/o variance -1.03 -0.79 -0.70
VNLD (proposed) -1.12 -1.20 -1.60

architecture [5], a classical hyperprior-based LIC model. As shown in Table 5,
VNLD also achieves the best BD-rate reduction on BMS. Even for this lower
complexity architecture, self-teacher distillation in particular with VNLD pro-
vides consistent bitrate reductions relative to Pretrained (RD-only) training.

Table 5: BD-rate (%) on the Kodak dataset for BMS relative to the Pretrained (RD-
only) baseline. Negative values indicate bitrate savings.

PSNR MS-SSIM

+ MSE -1.5 0.4
+ CRD -1.6 -0.2
+ VNLD -1.7 -0.5

Although the absolute BD-rate gains (1–2%) are numerically modest, such
improvements are meaningful in competitive compression benchmarks where
progress is typically incremental [17]. These gains are also obtained without
increasing model complexity or modifying the decoder at inference time, as the
teacher is trained only once and reused to supervise lower-rate models.

Across all tested backbones, self-teacher supervision improves RD perfor-
mance relative to Pretrained (RD-only) training. This result confirms that the
proposed distillation strategy is not tied to a particular model design. VNLD
further provides the most consistent gains among the evaluated objectives, high-
lighting the importance of rate-aware variance normalization for cross-rate latent
supervision.
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5.2 Visual Results

Kodak 0.5415/38.25/0.9885/0.2215 0.5411/38.13/0.988/0.2179 0.5365/38.24/0.9890/0.2200

Tecnick 0.1167/29.81/0.9513/0.3694 0.1162/29.65/0.9496/0.3760 0.1191/31.09/0.9648/0.3222

JPEG AI 0.9090/38.01/0.9966/0.1123 0.9080/37.86/0.9965/0.1112 0.8987/38.08/0.9966/0.1106

0.1161/29.89/0.9510/0.3694

0.5410/38.25/0.9885/0.2205

0.9081/38.00/0.9966/0.1097

Ground Truth RD-only MSE CRD VNLD

Kodak (BMS) 0.2561/25.82/0.9291/0.5313 0.2552/25.81/0.9288/0.5317 0.2665/26.42/0.9890/0.52900.2556/25.80/0.9289/0.5310

Fig. 5: Visual comparison of reconstructions. The first rows (1 to 3) correspond to
HPCM, while the last row shows BMS on Kodak. Metrics: bpp / PSNR / MS-SSIM /
LPIPS.

Fig. 5 presents qualitative comparisons between pretrained (RD-only) training,
MSE distillation, CRD, and the proposed VNLD using the HPCM model across
three different datasets. The last row additionally shows results for the BMS
model on the Kodak dataset. For each image, we report bpp / PSNR / MS-
SSIM / LPIPS.

RD-only model tends to produce over-smoothed reconstructions with loss of
fine details. MSE and CRD partially improve structural consistency but remain
limited in preserving high-frequency textures under low bitrate constraints. In
contrast, VNLD yields sharper reconstructions with better texture preservation
and clearer edges, resulting in improved perceptual quality.

6 JPEG AI Deployment Study

The emerging JPEG AI standard [18] aims to support learned image compres-
sion systems under practical deployment constraints, where encoder updates
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may be possible while the decoder remains fixed in deployed devices. Such con-
straints motivate training strategies that improve compression performance with-
out modifying the decoding pipeline.

To evaluate the proposed method under this deployment paradigm, we adopt
SegPIC [26], a recent semantic-aware learned image compression architecture.
SegPIC integrates Region-Adaptive Transform (RAT) and Scale Affine Layers
(SAL) to exploit segmentation priors, together with attention mechanisms and
autoregressive entropy modeling.

We select this model because it represents a recent generation of LIC archi-
tectures and enables us to evaluate the proposed approach across a wider range
of modern compression models rather than limiting the study to earlier designs.

6.1 Deployment Evaluation with Frozen Decoder

To reflect realistic JPEG AI deployment constraints, the decoder and entropy
model are kept fixed, and only the encoder is optimized for both teacher and
student models. Table 6 reports BD-rate results for SegPIC under the frozen-
decoder setup.

Table 6: BD-rate (%) of self-teacher distillation with SegPIC under frozen-decoder
JPEG AI constraints, reported relative to the RD-only SegPIC baseline. The decoder
and entropy model are kept fixed, and only the encoder is optimized.

Kodak CLIC Pro JPEG AI
PSNR MS-SSIM LPIPS PSNR MS-SSIM LPIPS PSNR MS-SSIM LPIPS

SegPIC (RD only) 0 0 0 0 0 0 0 0 0
+ MSE -0.32 -0.58 -0.61 -0.80 -0.30 -0.40 -1.09 -2.82 -3.41
+ CRD +0.41 +0.22 +0.84 +4.90 +3.10 +2.70 -1.86 -2.51 -3.77
+ VNLD -0.47 -2.14 -0.74 -1.60 -1.20 -1.90 -1.14 -2.63 -4.25
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Fig. 6: Rate–distortion curves on Kodak for SegPIC with frozen decoder. RD-only
denotes the baseline, while MSE, CRD, and VNLD correspond to self-teacher variants.
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Fig. 7: Visual comparison of reconstructed images using the SegPIC model. For each
example, methods are ordered from left to right as: Ground Truth, RD-only training,
MSE distillation, CRD, and the proposed VNLD. Metrics are reported as bpp / PSNR
/ MS-SSIM / LPIPS.

Even in this constrained setting, distillation improves compression perfor-
mance, with VNLD consistently achieving the strongest gains. Fig. 6 shows the
corresponding rate–distortion curves on Kodak.

Fig. 7 presents qualitative comparisons between Pretrained (RD-only) train-
ing, MSE distillation, CRD, and the proposed VNLD of SegPIC model. For each
image, we report bpp / PSNR / MS-SSIM / LPIPS. Visually, VNLD tends to
better preserve fine structures and textures while reducing reconstruction arti-
facts compared to the other distillation strategies, which is consistent with the
improvements observed in the quantitative evaluation.

6.2 Smartphone Image Specialization under JPEG AI Constraints

To further evaluate the behavior of rate-aware distillation in realistic deployment
scenarios, we consider domain-specific specialization reflecting common smart-
phone image categories: Selfie [21], Food101 [8], and Landscape [35]. To do that,
we revisit our previous mobile-oriented LIC works [12, 13] by replacing stan-
dard encoder-side RD fine-tuning with the proposed self-distillation setup under
fixed-decoder JPEG AI constraints.

We start from a pretrained SegPIC [26] model (Pre) trained on a large
general-purpose dataset. This model serves as the baseline representing a generic
compression model without domain specialization. For each image category (im-
ages are divided into 80% training, 10% validation, and 10% testing subsets to
ensure consistent evaluation across datasets), we then fine-tune the encoder on
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Table 7: BD-rate (%) of VNLD with SegPIC for in-domain specialization under fixed-
decoder constraints, reported relative to the RD-only fine-tuned SegPIC model and the
pretrained SegPIC baseline. Negative values indicate bitrate savings.

PSNR MS-SSIM
Dataset VNLD/RD-only VNLD/Pre VNLD/RD-only VNLD/Pre

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
Kodak +0.5 +0.71 +0.29 +0.56

the corresponding image set using either (i) the standard rate–distortion objec-
tive (RD-only) or (ii) the proposed VNLD distillation objective, while keeping
the decoder and entropy model frozen to respect JPEG AI deployment con-
straints.

Table 7 reports BD-rate results relative to both the RD-only fine-tuned model
and the pretrained baseline. VNLD consistently improves compression perfor-
mance compared to both models across all categories.

On the Selfie dataset, VNLD achieves a -6.77% BD-rate gain in PSNR and
-7.45% in MS-SSIM compared to the pretrained model, and also improves over
the RD-only fine-tuned model. These results indicate that cross-rate supervision
remains effective even under strong domain specialization.

Original image (Selfie) – Ground truth

Pre-trained
(35.08/0. 335)

Fine-tuned
(35.17/0.330)

Ground truth Ground truth

Pre-trained
(37.69/0. 975)

Fine-tuned
(37.85/0.970)

Original image (Landscape) – Ground truth

Pre-trained
(37.79/0.705)

Pre-trained
(36.12/1.20)

Original image (Food101) – Groud truth Ground truth Ground truthKodim18 (KODAK)

Fine-tuned
(37.82/0.701)

Fine-tuned
(36.10/1.20)

Ours
(38.36/0.969)

Ours
(36.27/0.304)

Ours
(37.91/0.699)

Ours
(36.09/1.19)

Fig. 8: Qualitative comparison of reconstructions on Selfie [21], Food101 [8], Land-
scape [35], and Kodak [14]. The leftmost images correspond to the uncompressed
ground-truth images. Metrics are PSNR↑/bpp↓. VNLD preserves finer structures and
textures compared to standard fine-tuning and the pretrained baseline.
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We present visual comparisons in Figure 8 using SegPIC [26]. The recon-
structed images highlight the differences between three models: (i) the pretrained
SegPIC baseline trained on general data, (ii) the standard RD-only and (iii)
the proposed VNLD model, both fine-tuned models specialized for the category
dataset.

Overall, these results indicate that rate-aware VNLD-based latent distillation
enables effective adaptation to domain-specific image distributions under JPEG
AI deployment constraints. At the same time, the method remains robust across
diverse image statistics, as demonstrated by consistent behavior on standard
benchmark datasets such as Kodak, with only a marginal BD-rate increase,
indicating limited performance degradation.

7 Conclusion

This work reframes knowledge distillation in learned image compression as latent-
space supervision driven by bitrate asymmetry rather than model capacity. By
treating a high-rate instance of a codec as a self-teacher for lower-rate students of
identical architecture, it shows that the key role of supervision is not to increase
capacity, but to shape how a fixed-capacity latent space allocates its limited bits.

Variance-normalized latent distillation (VNLD) operationalizes this idea by
reweighting channel-wise alignment according to the teacher’s latent variance,
suppressing high-variance components that are infeasible at low rates and em-
phasizing stable, transferable structure. Experiments across multiple backbones,
datasets, and distillation objectives demonstrate that this rate-aware supervi-
sion consistently improves RD performance over RD-only training and standard
latent matching, including in encoder-only settings with frozen decoders and
entropy models.

Evaluation results indicate that self-teacher distillation is a robust and gen-
eral paradigm for LIC, complementary to architectural advances and compatible
with deployment constraints such as JPEG AI–style decoding pipelines. More
broadly, the findings suggest that future compression methods should treat dis-
tillation not merely as capacity transfer, but as a principled tool for rate-aware
representation shaping across operating points.
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