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Abstract

Image compression has evolved from human-centric perceptual coding toward support
for diverse machine vision applications, requiring modern codecs to serve both human
viewing and downstream tasks in closed-set settings (where target tasks are incorporated
during training) and open-set settings (where previously unseen tasks arise at test time).
While recent learned compression methods jointly optimize perceptual quality and closed-
set task performance, they often fail to generalize to unseen open-set tasks due to fixed
training assumptions and objectives. Our prior work, LoRA-comp (Low-Rank Adaptation
Compression), effectively addresses open-set challenges via instance-specific test-time
fine-tuning (TTFT) without requiring task-specific pre-training. Nevertheless, its fixed
LoRA architecture, which assigns a uniform rank across all layers, often leads to suboptimal
instance-level performance. Moreover, allocating the same number of training epochs to ev-
ery instance introduces unnecessary encoding-time overhead. To address these challenges,
we propose Instance-Specific Early Stopping with Dynamic Rank Adaptation (ISER), which
extends LoRA-comp. Building upon the LoRA-comp-based instance-specific adaptation
framework, ISER introduces (i) instance-specific early stopping (ISES) combined with a
multi-scale training strategy (MSTS) to reduce TTFT overhead and (ii) instance-specific
dynamic rank adaptation (ISRA) to tailor the LoRA architecture per instance. Experiments
demonstrate that ISER consistently outperforms competing methods. Compared to LoRA-
comp, ISER achieves up to a 7% BD-Rate improvement and up to a 44% reduction in
encoding time. Moreover, ISER achieves up to a 98% relative improvement in BD-Rate gain
and up to a 19.2% reduction in decoding time over TransTIC.

Keywords: learned image compression; test-time fine-tuning; instance-specific optimization;
low-rank adaptation; SVD-LoRA; multi-task adaptability

Electronics 2026, 15, 3807

https://doi.org/10.3390/ electronics15173807


https://crossmark.crossref.org/dialog?doi=10.3390/electronics15173807&domain=pdf&date_stamp=2026-08-25
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0009-0004-0520-3234
https://orcid.org/0009-0002-4859-5093
https://doi.org/10.3390/electronics15173807

Electronics 2026, 15, 3807

2 0of 33

1. Introduction

Image compression has played a crucial role in building visual systems by reducing
storage requirements and transmission bandwidth. In recent years, advances in deep
learning have driven a paradigm shift toward learning-based image compression, which is
now widely regarded as a promising and effective approach [1,2]. While learned image
compression (LIC) is widely recognized for outperforming traditional rule-based meth-
ods in compression efficiency, its more fundamental contribution lies in the flexibility to
redefine optimization objectives beyond compression efficiency alone. Conventional image
compression techniques have primarily focused on optimizing human perceptual quality.
In contrast, LIC enables direct optimization not only for human perception but also for
downstream objectives of visual systems. This paradigm shift is explicitly reflected in recent
learning-based compression standards, such as JPEG Al [3] and Video Coding for Machines
(VCM) [4,5]. However, models trained under the independent and identically distributed
(IID) assumption suffer from inherent generalization limitations, making it difficult to
accommodate previously unseen open-set tasks at inference time. Even representative LIC
models such as TIC [6] and Cheng2020 [7], while achieving high perceptual image quality,
exhibit limited generalization performance on downstream tasks including object detection
and instance segmentation [8-11]. Therefore, as a core component of visual system design,
LIC must effectively address this limitation to ensure practical applicability. In response
to the misalignment between perceptual optimization and downstream task performance,
a growing body of work has reformulated image compression as a task-oriented problem,
commonly referred to as Coding for Machines (CfM) [12-14] or Image Coding for Machines
and Humans (ICMH) [10,15].

At a higher level, the limitations of LIC can be viewed as manifestations of the broader
OOD (out-of-distribution) problem in data-driven neural networks. Because these models
are trained under the IID assumption, they frequently struggle when confronted with
unseen tasks. To alleviate this issue, many prior studies have adopted general-purpose
OOD robustness techniques [8-11,13,15-17]. Broadly, these approaches can be catego-
rized into two paradigms: generalization and adaptation. In the context of LIC, these
paradigms align with multi-task bitstream methods [8,9,16,18-21] and single-task bitstream
methods [10,11,17,22-24], respectively.

The multi-task bitstream approach aims to support multiple downstream vision tasks
within a unified bitstream, emphasizing generalization through general-purpose design.
This method offers flexibility in responding to a range of machine vision tasks, but it
introduces challenges. For example, scalable coding [8,16,18,19] increases the processing
complexity and bitstream overhead for individual downstream tasks, and unified image
coding [9,20,21] struggles with optimization of each subtask individually.

In contrast, the single-task bitstream approach avoids the limitations of multi-task
methods by focusing on dynamically generating bitstreams tailored to a specific down-
stream task, thereby enabling task-optimized compression and performance. Representa-
tive methods are TransTIC, Adapt-ICMH and LoRA-Comp (Low-Rank Adaptation Com-
pression). TransTIC [17] utilizes prompt tuning for adaptation of the human-target back-
bone codec to generate bitstreams optimized for the other tasks specified by the prompt.
While this technique enables switching of pre-defined (closed-set) tasks without modifying
the backbone codec, it requires task-specific pre-training of the prompt generator. Therefore,
it leads to increased training demands as the number of tasks grows and faces challenges
in handling new, untrained (open-set) tasks. Adapt-ICMH [10] is another task-specific
framework that inserts a Spatial-Frequency Modulation Adapter (SFMA) between layers of
a human-centric backbone codec, as illustrated in Figure 1a. This design suppresses spatial
redundancies and enhances task-relevant frequency components for subtask-wise compres-
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sion optimization. However, this approach also requires task-specific pre-training of the
SFMA whenever the target subtask changes. Furthermore, SFMA tends to overfit strongly
to individual subtasks, leading to substantial performance degradation under open-set con-
ditions. In contrast, LoRA-comp [11] (our previous work) applies instance-specific LoRA
fine-tuning to a human-centric backbone codec, as illustrated in Figure 1c. This approach
effectively addresses open-set challenges without requiring task-specific pre-training. This
enables the model to adapt to unseen tasks during test time. Nevertheless, its fixed LoRA
architecture assigns a uniform rank across all layers. Since different instances may require
fine-grained adaptation at different feature scales to improve target-task performance, this
fixed design often leads to suboptimal instance-level results. In addition, its fixed epoch
scheduling allocates the same number of training epochs to every instance. This can incur
unnecessary encoding-time overhead, as early-converging instances still consume the full
training budget despite requiring fewer optimization steps.

CKA value
& =0.294
(a) Task-specific framework (b) Adapt-ICMH: representation shift
(e.g., Adapt-ICMH) (closed-set < open-set)
,338TT RIS | | |
LRI INS 1 CKA value
Dudpacledbed DI A
(c) Instance-specific TTFT framework (d) LoRA-comp: representation shift
(Uniform LoRA architecture, LoORA-comp) (closed-set <> open-set)
% Frozen
44 To be tuned )
T ttee
Dacpochud D ptpma | | CKA value
Instance-Specific, Importance-Aware LoRA Rank Allocation =0.440
(e) Fully instance-specific TTFT framework (f) Ours(ISER): representation shift
(Instance-specific flexible LoRA architecture, Ours) (closed-set <> open-set)

Figure 1. Comparison of LIC adaptation frameworks and their ability to handle open-set tasks.
From top to bottom, the figure shows Adapt-ICMH [10], LoRA-comp [11], and the proposed method
(ISER). The left panels show how each method adapts a frozen backbone, highlighting differences
in parameter update scope and rank allocation. The right panels visualize closed-set-open-set
representation shifts via CKA, computed at the final layer of the Faster R-CNN backbone over the
COCO-2017 validation set, where a higher value indicates closer similarity to the closed-set condition,
which serves as a reference for the best achievable adaptation given its task-specific pre-training.
Compared to Adapt-ICMH and LoRA-comp, ISER exhibits more compact and stable shifts, indicating
stronger open-set adaptability.

To address these limitations, we propose the Instance-Specific Early Stopping with
Dynamic Rank Adaptation (ISER) framework, as illustrated in Figure 1le. Building upon the
instance-specific adaptation framework of LoORA-comp, which is effective under open-set
conditions, ISER introduces two key mechanisms. First, to improve instance-level opti-
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mality, we propose instance-specific dynamic rank adaptation (ISRA), which dynamically
designs the LoRA architecture for each instance during fine-tuning. Second, to reduce the
computational burden of test-time fine-tuning (TTFT), we combine a multi-scale training
strategy (MSTS) with an instance-aware epoch-scheduling mechanism, termed instance-
specific early stopping (ISES). These mechanisms are jointly applied within a single TTFT
process. Specifically, in each instance-specific TTFT process, the relative importance of
individual LoRA layers is quantified by monitoring the temporal variation of their gradient
magnitudes during adaptation. Based on the resulting layer-wise importance scores, we
determine both the instance-specific LoRA architecture and the number of training epochs
allocated to adaptation. In addition, we employ multi-resolution inputs across different
TTFT phases to promote rapid convergence and stable optimization while improving
performance by enhancing global contextual modeling.

Figure 1b,d,f compares open-set adaptation capability among single-task bitstream
methods. For each input image, we generate reconstructions using codecs trained under
closed-set and open-set conditions and analyze the resulting representation shifts through
layer-wise activations of downstream task models, quantified using Centered Kernel
Alignment (CKA) [25]. Because the closed-set condition is pre-trained on the target task
itself, it serves as a reference for the best achievable adaptation. A high CKA similarity to
this reference indicates that open-set adaptation approaches the task-informed optimum
without task-specific pre-training, whereas a low similarity implies convergence to a
degraded representation. The line segments depict these closed-set-open-set representation
shifts, extracted from the final layer of the Faster R-CNN [26] backbone, immediately
preceding the FPN and detection-specific heads, and visualized in a 2D principal component
analysis (PCA) space [27]. This comparison shows that instance-specific adaptation (LoRA-
comp and ISER) yields stronger open-set adaptability than the task-specific Adapt-ICMH.

For performance evaluation, we adopt two complementary settings. First, we com-
pare directly with LoRA-comp under its original experimental conditions, where ISER
achieves up to a 7% improvement in BD-Rate and up to a 44% reduction in average per-
instance encoding time. Second, we evaluate against competing methods under open-set
scenarios, quantifying representational distances among tasks using CKA and additionally
including depth estimation, which exhibits a large representational gap from the basis
task (image classification). Here, ISER consistently outperforms competing approaches
across individual open-set tasks, with a particularly large gain of 98% over TransTIC on
depth estimation.

This paper extends our prior work, LoRA-comp (CVPR 2025) [11], and makes the
following contributions:

e  Fully instance-specific TTFT: This work extends LoRA-comp with an instance-specific
LoRA architecture design and adaptive early stopping to mitigate instance-level subop-
timality and reduce TTFT overhead. The resulting framework preserves LoRA-comp’s
strong multi-task adaptability while enabling more efficient instance-wise adaptation.

*  Quantification of representational distances among open-set tasks: By quantifying rep-
resentational distances using CKA, we can systematically analyze open-set conditions.
This analysis provides useful insights for th design of open-set task configurations
that more accurately reflect the generalization challenges encountered in real-world
multi-task vision systems.

¢  Hardware-efficient and plug-and-play design: With negligible computational/memory
overhead and plug-and-play compatibility with both CNN- and Transformer-based ar-
chitectures, our method provides scalable gains in multi-task adaptability as backbone
LIC models evolve.
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2. Related Work

LIC for Human Perception and Machine Vision Tasks. LIC has been extensively
studied as an end-to-end neural alternative to conventional image codecs [1,2,6,7,28-31].
Ballé et al. [1] proposed one of the first CNN-based end-to-end LIC frameworks, demon-
strating clear gains over traditional codecs such as JPEG [32] and JPEG 2000 [33]. Building
upon this line of work, Cheng2020 [7] incorporates attention modules into a CNN-based ar-
chitecture, achieving notable improvements over earlier CNN-based models. More recently,
TIC [6] adopted a Transformer-based autoencoder architecture, further improving compres-
sion efficiency while maintaining high perceptual quality and serving as a representative
Transformer-based LIC approach.

With the rise of deep learning, LIC models have evolved to support multiple targets,
including human perception and diverse machine vision tasks. Aligned with this direction,
recent compression standards, including VCM [4,5] and JPEG-AI [3], explicitly target both
human perceptual quality and machine vision utility. Concurrently, a growing body of
research has investigated unified compression frameworks capable of accommodating
multiple downstream tasks, which can be broadly classified into multi-task bitstream and
single-task bitstream approaches.

Compression Standards for Human and Multiple Machine Vision. The MPEG and
JPEG standardization groups are also actively focusing on establishing compression stan-
dards that enable a single model to simultaneously support a diverse range of vision tasks.
VCM [4,5] focuses on a compression paradigm that explicitly prioritizes support for diverse
downstream machine vision tasks over strict preservation of human perceptual quality.
The standard is currently under active exploration, with formal standardization targeted for
July 2026. JPEG-AI [3] aims to provide a compact, single-stream compressed-domain repre-
sentation that simultaneously supports both human visualization and machine-oriented
tasks. The standardization effort is being conducted in two distinct versions. Version 1,
which standardizes the core neural network-based encoder and decoder architecture, was
published in March 2025. The flexible extension toward a broader range of image pro-
cessing and vision tasks is addressed in Version 2, with standardization targeted for 2027.
However, the JPEG-AI framework under consideration requires task-specific decoders to
support diverse downstream tasks, which introduces a limitation in terms of scalability
and deployment efficiency.

Generalization-Oriented Approaches: Multi-task Bitstream LIC for Multiple
Targets. One line of research in multi-target LIC adopts a generalization-oriented
approach [8,9,16,18-21]. It aims to enhance the generalization capability of a single shared
LIC model so that multiple tasks can be supported through a unified bitstream. However,
this approach increases the complexity of both the encoder and decoder [8,9]. It also leads
to significant bitstream overhead from the perspective of individual downstream tasks [8].
Additionally, it faces the challenge of Pareto optimality, which makes it difficult to optimize
each subtask individually [9].

Adaptation-Oriented Approaches: Single-task Bitstream LIC for Multiple Targets.
Another line of research in multi-target learned image compression follows an adaptation-
oriented approach [10,11,17,22-24]. This paradigm generates a task-specific bitstream for
one target task at a time by explicitly adapting the compression model to the given task.
By tailoring the compression process to each well-defined subtask, such approaches enable
optimal performance under task-specific operating conditions.

Representative studies in this field involve applying task-adaptive importance modu-
lation or fine-tuning techniques to the backbone LIC. Song et al. [24] proposed a spatially
adaptive image compression method using Spatial Feature Transform (SFT) guided by
a real-valued quality map that enables pixel-wise optimization for machine vision tasks.
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Liu et al. [23] introduced a task-adaptive image compression method that uses a gating mod-
ule to selectively activate channel-wise latents from a pre-trained codec. J.P. Klopp et al. [34]
introduced a learned pre-filter that suppresses task-irrelevant data prior to compression by
distinguishing between important and unimportant information. TransTIC [17] employs Vi-
sual Prompt Tuning (VPT) [35,36] to adapt the large-scale pretrained model TIC, originally
trained for human perception, to suit various target tasks. This approach has demonstrated
adaptability to various machine vision tasks, such as object detection, instance segmen-
tation, and classification. However, VPT itself faces limitations such as non-monotonic
performance changes depending on the size of the applied prompt, as well as increased
computational cost due to the additional prompts during the inference stage [37]. More
importantly, TransTIC adjusts the prompt to guide the output of a static pretrained model,
but the generator responsible for creating this prompt also needs to be pretrained. Also, it
requires prompts equivalent to one-fourth of the input feature size of each layer to perform
task switching. Therefore, for application of fine-tuning to individual test samples at the
decoder stage, these prompts must be incorporated into the bitstream, making TransTIC un-
suitable for instance-specific decoder fine-tuning. Consequently, pre-training is essential to
adapt to new tasks, and it is difficult to adapt to untrained open-set tasks. Adapt-ICMH [10]
introduces the first frequency-domain adaptation approach in the LIC field, demonstrating
that frequency-domain adaptation can achieve strong task-specific optimization for indi-
vidual target tasks. However, this method requires task-specific pre-training of the SFMA
for each target, which substantially limits its applicability in open-set scenarios. Moreover,
such frequency-domain adaptation tends to induce pronounced task specialization, leading
to significant performance degradation when evaluated on unseen tasks. LoORA-Comp [11],
on the other hand, addresses open-set scenarios by leveraging TTFT to adapt a backbone
LIC model to diverse tasks without task-specific pre-training. However, its reliance on a
fixed LoRA configuration with uniform rank allocation across layers limits instance-specific
adaptability. Moreover, using a fixed number of fine-tuning epochs for all instances leads
to avoidable encoding-time overhead. To address the limitations of LoORA-comp, we pro-
pose the ISER framework, which extends LoRA-comp by more explicitly incorporating
instance-specific characteristics. Unlike LoORA-comp, ISER does not employ a fixed LoRA
architecture across all instances. Instead, during the TTFT process, it applies dynamic rank
allocation by assigning higher ranks to layers with greater temporal variation of importance
scores. This strategy enables performance optimization tailored to each individual instance.
In addition, to reduce encoding-time overhead, we dynamically allocate the number of
training epochs for each instance based on an assessment of training stability.

3. LoRA-Comp: Instance-Specific TTFT
3.1. Framework Overview of LoRA-Comp

LoRA-comp aims to adapt the given backbone codec to various downstream tasks, in-
cluding open-set tasks that are unseen during training. To achieve this, LoORA-comp adapts
the backbone LIC to target downstream tasks by applying TTFT [38,39] to both the encoder
and decoder. Specifically, LORA-comp uses LoRA [40], a widely used approach in test-time
scenarios. By tuning the LoRA weights to be optimized for each target task and image
instance, the backbone LIC can be adapted to better suit the target task. However, transmit-
ting LoRA weights to the decoder for fully instance-specific tuning incurs a non-negligible
bit-rate overhead. To minimize the bit-rate issue, LORA-comp employs a reformulated ver-
sion of LoRA, referred to as SVD-LoRA, which enables effective fine-tuning of only a small
portion of the decoder at test time. While prior works utilized SVD-LoRA for language
task-specific adaptation [41,42], LoRA-comp focuses on test-time decoder fine-tuning for
a fully instance-specific optimized compression model. Consequently, LoORA-comp can
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flexibly handle diverse, arbitrary target tasks and is compatible with various backbone LIC
architectures, including both CNN and Transformer-based models.

Figure 2 illustrates the LoRA-comp framework utilizing SVD-LoRA, which consists of
two stages. In the first stage, task-specific tuning is performed to initialize the SVD-LoRA
parameters. Under the closed-set setting, LoORA-comp uses the target downstream task
for this initialization. For the open-set setting, LoORA-comp leverages a ResNet-50 model
pre-trained on the ImageNet dataset, which provides strong generalization across a wide
range of machine vision applications. The next stage involves performing TTFT to optimize
each test sample according to the target downstream task. The precise specification of
the loss network used during this stage, under both closed-set and open-set settings, is
detailed in Section 5.1. During this process, all of the SVD-LoRA weights in the encoder
and only the SVs in the decoder are fine-tuned. While full fine-tuning of the encoder
does not increase bit-rate overhead or decoding latency, it requires the updating of a
large number of parameters for each TTFT instance, thereby necessitating more training
epochs and resulting in increased TTFT time overhead. Therefore, LoORA-comp applies
SVD-LoRA to the encoder instead of performing full fine-tuning. As a result, this approach
significantly reduces training costs and enables rapid adaptation to new downstream
tasks. Additionally, fine-tuning only the SVs on the decoder side further reduces bitstream
overhead compared to full LoRA fine-tuning. While increasing the number of epochs
during TTFT improves performance, it also increases the encoding time. This issue can
be addressed by adjusting the number of epochs according to the compression scenario,
thereby balancing performance improvement with encoding time.

D : Frozen : Task-specific : Instance-specific —p : LoRA

parameters fine tuning parameters fine tuning parameters reparameterization

Target Task
Ve (Closed-set)
B
Predefined Task

(Open-set)

Human
Perception

Object

Detection

Semantic
Segmentation

L B d Instance
q Segmentation

OO DN

(b) Step 2. Instance-specific tuning for task transfer

Figure 2. Overview of the LoORA-comp framework. LoRA-comp adapts a frozen backbone codec to
diverse downstream tasks via instance-specific TTFT. The TTFT procedure has two stages: (a) ini-
tialization of SVD-LoRA parameters and (b) per-instance test-time optimization that fine-tunes each
input to the target task. Reprinted with permission from Ref. [11]. 2025, IEEE.

The loss function of SVD-LoRA during TTFT is defined by Equation (1):
L= —logp(2) —logp(y | 2) +Ad(x, %), ©)
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where x, y, and z represent the input image, encoded latent feature, and hyperprior,
respectively. Additionally, £, 7, and 2 represent their reconstruction. The p(2) and p(7 | 2)
terms represent the probabilities of the compressed latent variables, which correspond
to the bit rate used for compression of the input (x). d(x,£) represents the distortion
between the original and the reconstructed images. Mean squared error (MSE) is used
as the distortion metric when targeting human perception, as it measures the pixel-wise
difference between the original and reconstructed images. For machine vision tasks such
as image classification, perceptual loss is used as the distortion metric by comparing
intermediate features extracted from the original and reconstructed images via the target
network [17]. The A hyperparameter adjusts the balance between rate and distortion. This
loss function allows for optimization that balances data compression and reconstruction
while tailoring to the objective of each task. All experiments conducted in this work
are formulated as rate-distortion optimization, with different values of A and distortion
functions designed according to the characteristics of each downstream task.

3.2. SVD-Based LoRA
SVD-LoRA is represented by Equation (2):

W=W,+AW=W,+U-X VT, )

where U € R¥*", ¥ € R,V € RF*" and r <« min(d, k). Here, U and V learn the intrinsic
ranks for columns and rows, respectively, while X is a diagonal matrix that learns the SVs.

Although the structure includes additional SVs compared to conventional LoRA,
the increase in the number of parameters is negligible due to the typically small rank used.
Figure 3 illustrates the process of reconstructing W (adapted weights) through the repa-
rameterization of LoRA and SVD-LoRA. By learning additional SVs, SVD-LoRA facilitates
the learning of more complex intrinsic dimensions of adaptation weights compared to
the original LoRA. In cases where both LoRA and SVD-LoRA have the same small rank,
experimental results indicate that SVD-LoRA better captures the intrinsic dimensions of
the adaptation weights [11].

Decomposed AW in original LoORA approach

\
A B \
R}
S—
% A Reparam-
"~ Pre- ,,' eterization
trained
V&f:i“g]ﬁts N (a) Adapted weights by original LoORA
(Wo) e ————
]
e
A Reparam- ﬂ
U X VI [ eterization
’

(b) Adapted weights by SVD-LoRA

Decomposed AW in SVD-LoRA approach * Frozen
To be tuned
Figure 3. Comparison between original LoRA and SVD-LoRA. Original LoRA represents the adap-
tation as a low-rank update (AW = B - A), which is merged into the frozen pre-trained weights
(Wp). In contrast, SVD-LoRA decomposes AW into U - X - vT, enabling more effective capture of the
intrinsic adaptation subspace, particularly under small-rank constraints. Reprinted with permission
from Ref. [11]. 2025, IEEE.
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Figure 4 illustrates the process of embedding the decoder-side SVD-LoRA weights
into the compressed bitstream for instance-specific fine-tuning at the decoder stage. While
the bitstream size increases due to the additional SV component, the overhead is negligi-
ble. Specifically, under the LoRA-comp experimental setting with rank 4, the additional
overhead accounts for less than 1% of the compressed image bitstream size, on average,
ranging from 0.29% to 2.05% depending on the target task and quality level.

C] : Frozen parameters

{ ‘ : Fine tuning parameters
Image SN R R (R
bitstream | |
Encoded B : :
bitstream v ? VT VT
A\
IR <@ @ ‘e~ ®
4 gl E 4 4 7
F 23| & Pnd
mo & g P
Decoder-side | < & | |

singular value weights
(<1% x image bitstream size)

Figure 4. Bitstream generation process. To enable instance-specific decoder tuning with minimal
bitstream overhead, only the decoder-side singular values are encoded and appended to the image
bitstream. This additional signaling introduces an average bit-rate overhead of less than 1% relative
to the original image bitstream size. Reprinted with permission from Ref. [11]. 2025, IEEE.

4. ISER: Fully Instance-Specific TTFT
4.1. Framework Overview

ISER retains the LoRA-comp framework, which performs instance-level optimization
following task-specific fine-tuning. However, as illustrated in Figure 5, ISER introduces
a modified instance-specific fine-tuning framework designed to overcome the limitations
of LoRA-comp.

Although LoRA-comp demonstrates strong adaptability to open-set tasks relative to
task-specific approaches, its TTFT process remains instance-agnostic, applying a uniform
LoRA architecture, fixed training epochs, and a single image resolution to all instances.
A fixed LoRA architecture hinders effective optimization for individual instances, while
allocating an identical number of training epochs introduces unnecessary encoding-time
overhead from an instance-specific perspective. Moreover, the use of a fixed image resolu-
tion may induce training inefficiency by limiting scale-aware optimization. To address these
limitations, we incorporate three complementary components. First, we introduce ISRA,
which improves instance-level optimality by dynamically tailoring the LoRA architecture
for each input. Second, we adopt ISES to reduce the computational burden of TTFT through
instance-aware epoch scheduling. Third, we employ an MSTS, which leverages multi-
resolution inputs to promote rapid convergence and stable optimization while improving
performance by capturing global contextual information. These components are jointly
applied within a single instance-specific TTFT process.
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Instance-specific fine tuning
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(MSTS) time overhead

Figure 5. Conceptual comparison of instance-specific fine-tuning in LoRA-comp and ISER. LoRA-
comp adopts fixed LoRA architectures, a fixed image resolution, and fixed training epochs, which may
limit instance-level optimality and increase test-time overhead. In contrast, ISER enables instance-
adaptive LoRA rank allocation, multi-scale training, and instance-specific early stopping, improving
multi-task adaptability while reducing per-instance tuning cost.

While Figure 5 outlines the conceptual differences between LoRA-comp and ISER,
Table 1 further summarizes these distinctions across six design axes. Although ISER
introduces ISRA, ISES, and MSTS to enhance instance-level adaptability, it preserves the
transmitted information and inference-time computational complexity of LoRA-comp,
ensuring that these gains incur no additional deployment cost.

Table 1. Comparison between LoRA-comp and ISER across key design axes. While ISER builds
upon the instance-specific TTFT framework of LoRA-comp, it introduces instance-adaptive rank
allocation, early stopping, and multi-scale training without increasing transmitted information or
inference-time complexity.

Axis

LoRA-Comp ISER (Ours)

Optimization variables

Encoder: full SVD-LoRA (U, %, V);

Decoder: SVs (%) only Same as LoRA-comp

Rank-allocation strategy

Adaptive rank allocation by ISRA

Fixed, uniform rank for all layers/instances (r(o) = 8 > Fiarget = 4)

Stopping criterion

Fixed epoch budget Adaptive early stopping by ISES

Training scale

Single, fixed full resolution Multi-scale resolution training by MSTS

Transmitted information

Decoder-side SVs (<1% bitstream overhead

Same as LoRA-comp
on average)

Computational complexity
(inference)

3.72M/3.94M params; 142.31/142.53

KMACs/pixel Same as LoRA-comp

https://doi.org/10.3390/ electronics15173807


https://doi.org/10.3390/electronics15173807

Electronics 2026, 15, 3807

11 of 33

4.2. Dynamic Instance-Specific LoORA Architecture Design and Early Stopping

Determining an appropriate LoRA rank has long been recognized as a challenge in
the LoRA research literature. To address this issue, AdaLoRA [42] dynamically adjusts the
rank of each LoRA layer during fine-tuning by estimating layer-wise importance scores and
allocating ranks accordingly. However, AdaLoRA designs the LoRA architecture in a task-
specific manner under the assumption of a fixed backbone model and a predefined target
task. As a result, it is not well suited for instance-specific LoRA architecture design, and its
training cost increases substantially under target-task shifts, which limits its applicability to
open-set scenarios. Beyond AdaLoRA, more recent dynamic-rank LoRA approaches have
also been proposed, including gradient-driven rank adjustment [43] and variance-optimal
initialization with adaptive rank allocation [44]. However, like AdaLoRA, these approaches
determine rank allocation once, prior to or at the start of fine-tuning, based on statistics
aggregated over a training dataset for a fixed task. They therefore remain task-level- and
pre-training-dependent and do not address instance-specific adaptation at test time without
task-specific pre-training.

To overcome these limitations, we introduce ISRA, which constructs an instance-
specialized LoRA architecture by jointly reflecting both target-task characteristics and
instance-specific properties during the adaptation process, without requiring task-specific
pre-training. Furthermore, we integrate ISES into ISRA to adaptively allocate the training
budget per instance, thereby reducing the overall ISRA time overhead. While the preceding
discussion motivates ISRA in contrast to AdaLoRA, we further clarify the specific technical
distinctions between ISRA and AdaLoRA, a representative dynamic-rank LoRA approach.
First, AdaLoRA determines rank importance under a fixed target task, so its importance
scores and pruning schedule are tied to that task. When the task changes, this process
must be repeated from scratch. In contrast, ISRA requires no task-specific pre-training.
The same procedure is applied directly at test time to each new instance and task, regardless
of whether the task was seen during training. Second, AdaLoRA allocates ranks per
task, implicitly assuming that all instances belonging to a task share a similar optimal
architecture, whereas ISRA allocates ranks per instance, allowing different images of the
same task to converge to different layer-wise rank configurations depending on their
individual gradient dynamics. Third, ISRA deliberately restricts rank adaptation to the
decoder SVs rather than applying it across the full network, as in AdaLoRA. This design
choice not only stabilizes optimization under the short TTFT horizon but also ensures that
rank adaptation neither affects the encoder nor introduces additional bitstream overhead.
Together, these distinctions allow ISRA to achieve instance-level architectural adaptivity
within a single test-time optimization pass, a capability that AdaLoRA’s task-level, pre-
training-dependent design cannot support.

ISRA initializes the LORA modules with a higher rank and progressively reduces the
rank during TTFT by suppressing less important components, thereby converging to a
target rank. However, applying this procedure across all layers would require frequent rank
reconfiguration across all LoORA modules, which can compromise optimization stability.
Therefore, we restrict ISRA to the decoder SVs. Focusing adaptation on the decoder rather
than the encoder is advantageous because the decoder directly determines the reconstructed
output that is provided to downstream tasks. Moreover, the stability of decoder-side LoRA
parameters serves as a reliable indicator of TTFT optimization stability, as confirmed by our
experimental analysis. Finally, SVs that collapse to zero can be pruned at decoding time,
increasing the effective decoder rank without introducing additional bit-rate overhead.

Algorithm 1 provides an overview of the proposed dynamic instance-specific LoRA
design process, which integrates ISRA and ISES. Given a set of layers (K) and their low-rank
singular value components (¢ ), ISRA iteratively evaluates the importance of low-rank
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components and removes less important ones to meet a target rank budget (K - rtarget). ISES
regulates the convergence speed toward target ranks on a per-instance basis.

Algorithm 1 Dynamic instance-specific LoORA design

Require: Input instance x; codec model D(x; w,, wy, Wy, Wy); learning rate J; epoch budget

T; initial ranks {rl(co) tkeic; decoder SV layer set K; importance function s(-) in (3);
threshold 7; reduction ratio p; per-layer target rank rtarget

Ensure: Updated LoRA weights (w;,, w/,, w,) and instance-optimized ranks {7 }rex

1: fort =1to T do

{Model update (Lines 2-5)}

%,7,2 < D(x;w,, wy, We, Wy)

<+ L(x,%,9,2)in (1)

g« v(wu,wmwv)e

(wy, We, Wy) — (Wy, W, W) —8G

{Instance-specific LORA design (Lines 6-20)}

6:  extract {wyx fkex and {Vu,, fkek
7. foreachk € K do
8
9

Compute importance scores in (3): S,(fl) — S(O’IE;)), Vie{l,...,r}
. end for
10: ift > 3 then
11: foreach k € K do

12: Compute second-order differences in (4): AZS](;), Vie{l,...,r}

13: end for

14: Compute convergence indicator in (5): C(*)

15 i CO < tand Tl ™ > K - Frarget then

16: Compute global rank budget in (6): m

17: Sort all candidates (k, i) by ascendmg AZS (¢ )

18: Prune the globally smallest ) ;i rk b m( ) components and update ranks
{T;(f) Yrek

19: end if

20:  end if

{Early stopping (Line 21)}

21:  early stop if Y pexc 7’1(:) <K+ Ttarget
22: end for
23: Set (w), wl, wl) < (wy, Wy, wy)

At each training epoch (t), the algorithm first updates the model parameters following
the same procedure as in LoORA-comp. It then performs instance-specific LoRA design using
the updated parameters and the corresponding gradients obtained during the update step.
During this instance-specific design process, the algorithm computes importance scores for
each low-rank component in every adapted layer. Specifically, for the i-th rank component

in layer k, an importance score (S]Eti)) is defined as the contribution of the corresponding
singul 1 1)y, i
gular values (‘Tk,i ), i.e.,

sy} =s(a)), 3)

where s(-) denotes the predefined importance functions used in AdaLoRA. Specifically, s(-)
measures sensitivity based on the gradients of the weights.

From the third epoch onward, the algorithm evaluates the convergence stability of
low-rank components by computing the second-order temporal difference of importance

scores [45], i.e.,
A2 = |8} — 25V 4 7). 4)
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The overall convergence indicator (C*)) is then obtained by summing the second-order
differences across all layers and active rank components, i.e.,

(t-1)
) e 2e®
c =733y A ®)
kek i=1

If the convergence indicator (C(!)) falls below a predefined threshold (1), the algorithm
interprets this as an indication of a stable training state and activates rank reduction with a
reduction ratio of p. Otherwise, no rank pruning is performed, and the current ranks are
preserved. When rank reduction is activated, a new rank budget is defined as

mt) = max( {P' Z rlgtl)J K Tiarget) ©)
ke

where p € (0,1), r,((t_l) denotes the rank allocated to layer k at epoch t — 1, and 7target

represents the predefined per-layer target rank.

Finally, for each layer (k), low-rank components are pruned according to the newly
defined rank budget (m(t)) and the second-order temporal difference (AZS,EZ.)). Specifically,
only m(t) low-rank components are retained, while components with small A2 S,(CZ.) values
are removed. This instance-specific LORA design process is repeated at each training
epoch until the rank budget (m(t)) reaches the target rank (K - 7target). It is worth noting
that the rank range (from the initial rank (r) to the target rank (7target)) is shared across
all instances as a global configuration. The instance-specificity of ISRA therefore lies in
which layers undergo rank reduction (layer selection) and when the reduction is triggered
(pruning timing), both of which are determined adaptively based on the importance scores
and convergence indicator of each individual instance.

An example of the dynamic instance-specific LORA design procedure is illustrated in
Figure 6. To ensure stable optimization, we incorporate both a warm-up training phase
to prevent premature rank reduction and a post-training phase to further stabilize the
adapted model.

Initial rank

[
50
]
=
'Q ~~
-3
[=R\a
EE
S 7 0 .
2 epochs satisfying (C® < 1) Early stop K - Ttarget
o O
Convergence
Warm-up Rank adaptation epoch  pogy
training  « phase « training s
. H . |
0 Training epochs T

Figure 6. An example of the proposed dynamic instance-specific LoRA design procedure. To ensure
stable optimization, we incorporate a warm-up phase to prevent premature rank reduction and a
post-training phase to further stabilize the adapted model.
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4.3. Multi-Scale Training Strategy

Image resolution directly influences the balance between global context modeling and
optimization stability during TTFT [46,47]. While full-resolution training maintains global
spatial coherence, it is prone to unstable and slow optimization due to single-instance
gradients. Patch-based training mitigates these issues through mini-batch optimization
and implicit spatial augmentation, at the expense of reduced global contextual awareness.
Therefore, to reduce training time while improving performance, we adopt an MSTS that
leverages these complementary properties. Specifically, during the early training phase
prior to convergence, we employ lower-resolution inputs with batch-based optimization
to promote stability and rapid convergence. In the subsequent post-training phase, we
switch to the original image resolution to enhance the model’s capacity to capture global
contextual information. Concretely, during the warm-up and rank-adaptation phases, each
input image is divided into non-overlapping 256 x 256 patches, and mini-batches of patches
are used for optimization, where the batch size is set according to the input resolution
of each dataset. Upon entering of the post-training phase (i.e., once early stopping is
triggered), training switches to the original full-resolution image with a batch size of 1 for
the remaining 10 post-training epochs. Dataset-specific configurations are available in our
public repository.

5. Experimental Results
5.1. Experimental Settings

Our approach is architecture-agnostic and can be applied to various LIC backbones.
To validate its effectiveness, we adopt two representative models, the Transformer-based
LIC [6] and the CNN-based LIC [7]. Pretrained weights provided by the CompressAl
library [48] are used as base models, referred to as TIC and Cheng2020.

Figure 7 illustrates the application of our approach to the TIC (a) and Cheng2020
(b) models. Both models adopt an autoencoder architecture consisting of a main en-
coder—decoder pair and a hyper encoder-decoder pair, designed to optimize the trade-off
between distortion and bit rate for human perceptual quality. In our work, to maximize
task-switching efficiency while minimizing the number of tunable parameters, we apply
SVD-LoRA exclusively to the main encoder and decoder, as these components have the
most significant impact on task adaptation [17]. For the TIC model, SVD-LoRA is applied
exclusively to the Swin Transformer Blocks (STBs). In contrast, for the Cheng2020 model,
SVD-LoRA is applied only to the CNN layers.

Target Tasks. While both closed-set and open-set scenarios are considered in our
evaluation, we focus primarily on the open-set setting, which better captures the practical
challenges of supporting multiple and diverse vision tasks in real-world deployments.
Specifically, we conduct performance comparisons under the same experimental settings
as those used in prior LoRA-comp studies in order to maintain continuity with its reported
contributions. Accordingly, when comparing against LoRA-comp, we evaluate object
detection [26], instance segmentation [49], and image classification [50] under the closed-
set setting, while open-set evaluations are performed for object detection and instance
segmentation tasks. Furthermore, in the ISER study, we additionally consider depth
estimation [51] as an open-set task in order to evaluate conditions that are more distant in
characteristics from the basis task (i.e., image classification in our work).
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Figure 7. An example of the application of SVD-LoRA to the TIC (a) and Cheng2020 (b) codecs.
While SVD-LoRA can be applied to both CNN and STB layers, we restrict fine-tuning to the STB
layers in the main encoder/decoder of TIC and to the CNN layers in the main encoder/decoder of
Cheng?2020. This design improves task-switching efficiency while keeping the number of tunable
parameters minimal. Reprinted with permission from Ref. [11]. 2025, IEEE.

Vision Models, Datasets, and Evaluation Metrics. To evaluate performance across
diverse downstream tasks, we employ pre-trained vision models [26,49-51] as task-
specific evaluators. Specifically, ResNet50 [50] is used for image classification, Faster
R-CNN [26] for object detection, Mask R-CNN [49] for instance segmentation, and Depth
Anything [51] for depth estimation. For evaluation, we use the entire COCO-2017 val-
idation set (5000 images) [52] for object detection and instance segmentation, the entire
ImageNet-1K validation set (50,000 images) [53] for image classification, and the full KITTI
Eigen test split (697 images) [54] for depth estimation, rather than sampled subsets. All
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compared methods are evaluated on identical image sets to ensure fair comparison. Perfor-
mance is reported using mean average precision (mAP) for detection and segmentation,
top-1 accuracy for classification, and the absolute relative error metric for depth estima-
tion. In addition, numerical comparisons are conducted using the Bjentegaard Delta (BD)
metric [55].

We clarify the information used during TTFT under the open-set condition. Stage 1
(task-specific fine-tuning) always uses the task-agnostic ImageNet-pretrained ResNet50,
irrespective of the eventual task. During Stage 2 (instance-specific TTFT), the loss in
Equation (1) is computed via feature-level MSE against the target task’s frozen evaluator
network, without accessing ground-truth labels or task outputs. Critically, no task-specific
parameters are pretrained or stored offline, and each instance’s LoRA weights are initialized
from this task-agnostic basis and further optimized per instance at test time, then discarded
after encoding. We use “open-set” to denote the absence of stored, dataset-level task-specific
adaptation, not the absence of task identity at test time.

Configuration Settings. We evaluate each method at four quality levels to illustrate its
rate-distortion behavior. The quality levels are determined by the rate-distortion parameter
(A) of the base models. Following prior work, A is set to {2,1,0.5,0.2} for both TIC and
Cheng2020. While the training epoch budget (T) is adjustable, we fix it at 40 to match the
experimental setting used in LoRA-comp. Within the ISER framework, however, the effec-
tive number of training epochs is automatically adapted according to the characteristics
of each individual instance. The learning rate (J) is set to 5 x 1073, consistent with the
configuration used in LoRA-comp. For dynamic rank adaptation, we initialize the decoder
rank to 7(0) = 8 and set the per-layer target rank to Ttarget = 4 while fixing the encoder
rank at 4. The target rank (rtarget = 4) is adopted from LoRA-comp, where rank 4 was
identified as the optimal configuration for the compression scenarios considered in this
work (LIC models, datasets, and target tasks), providing the best balance between task
performance and TTFT overhead. The initial rank of #(?) = 8 follows the empirical guide-
line of AdaLoRA, which recommends an initial-to-target ratio of 1.5x-2x for stable rank
pruning. Our 2x choice is further validated by the ablation study in Section 5.4. The rank
reduction ratio (p) is set to 0.8, and the threshold (7) is defined according to the quality level
as4 x1077,2x1077,9 x 1078,3 x 108, which are empirically determined in our experi-
ments (see the hyperparameter sensitivity analysis in Section 5.4). In addition, the warm-up
and post-training phases are set to 5 and 10 epochs, respectively, as determined empirically
through preliminary experiments.

Hardware Configuration. Experiments were performed on a machine with four
NVIDIA RTX 4090 GPUs (24 GB each), an AMD EPYC 7313 16-Core CPU, and 256 GB RAM.
Both encoding and decoding were performed on a single GPU. The reported encoding
time includes image patching, full-resolution post training, instance-specific fine-tuning
(including dynamic rank pruning via ISRA and early stopping via ISES), auxiliary bit-
stream generation (including singular-value quantization), and downstream task inference.
The reported decoding time includes backbone codec inference and downstream task in-
ference. Under the TIC backbone, the peak memory configuration occurs for the instance
segmentation task, where the peak GPU memory usage is 17.79 GB during encoding and
5.94 GB during decoding.

Compared Methods. The following methods are compared in our work:

e (1 TIC [6]: TIC is a Transformer-based LIC model that is pre-trained with a focus
on human perceptual quality. We use the publicly available weights trained on the
Flickr2W dataset [56].
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*  (2) Cheng2020 [7]: Cheng2020 is a CNN-based LIC model that is also pre-trained with
a focus on human perceptual quality. We use the publicly available weights trained
on the ImageNet dataset [53].

*  (3) TransTIC [17]: TransTIC applies VPT to adapt a backbone TIC model originally
optimized for human perceptual quality to downstream machine vision tasks.

* (4 Adapt-ICMH [10]: Adapt-ICMH employs an adapter-based fine-tuning framework
that jointly considers spatial and frequency domains to adapt the compression model
to a target machine vision task.

¢ (5) LoRA-comp [11]: LoRA-comp adopts an instance-specific TTFT strategy based on
SVD-LoRA to adapt a backbone compression codec to diverse machine vision tasks.

5.2. Instance-Specific Architectural Design: ISER vs. LORA-Comp

LoRA-comp has already demonstrated superior performance over prior methods
in both closed-set and open-set scenarios through its instance-specific adaptation strat-
egy. Accordingly, we conduct performance comparisons under the same experimental
settings as those used in prior LoORA-comp studies in order to maintain continuity with its
reported contributions.

Figures 8 and 9 compare the performance of ISER and LoRA-comp. Figure 8 re-
ports results using the TIC backbone, while Figure 9 presents results using the Cheng2020
backbone. Across all experimental settings considered in LoRA-comp, ISER consistently
reduces encoding time while simultaneously improving performance relative to LoRA-
comp. In particular, ISER achieves up to a 7% improvement in BD-Rate and up to a 44%
reduction in average per-instance encoding time (in seconds). These results indicate that
ISER effectively addresses open-set scenarios through fully instance-specific adaptation
while substantially mitigating time overhead, making it well suited for practical compres-
sion applications that require both adaptability and efficiency. Table 2 summarizes the
corresponding numerical results.

Table 2. Numerical results corresponding to Figure 8. Performance comparison between ISER and
LoRA-comp using the TIC backbone. Bold indicates the best result.

Closed-Set Open-Set
Method Object Detection Instance Seg. Image Classification Object Detection Instance Seg.
BD-Rate| BD-mAP{1 BD-Ratel BD-mAP1 BD-Rate| BD-Acc.? BD-Rate] BD-mAP{ BD-Rate] BD-mAP1
LoRA-comp —54.96 —56.49 2.68 —70.04 0.14 —48.94 2.69 —49.51 243
ISER (ours) —57.86 —58.39 2.77 —70.85 0.14 —50.49 2.93 —52.86 2.67

5.3. Analysis Under Open-Set Condition

LIC is a core component of modern vision systems. As vision applications continue
to expand, LIC must increasingly address the challenge of supporting multiple open-set
machine vision tasks. While maintaining strong performance on closed-set tasks remains
essential, robust generalization to open-set tasks has become a critical requirement for
practical deployment. To quantitatively characterize the properties of open-set tasks, we
employ the CKA metric. This allows us to analyze performance variations as a function of
the representational distance from the basis task.

https://doi.org/10.3390/ electronics15173807


https://doi.org/10.3390/electronics15173807

Electronics 2026, 15, 3807

18 of 33

—o— TIC LoRA-comp @ ISER
39
% 37
X
@
235
£
5 §
X ) Q 16.97
33 {\verage Encoding i
Time per Instance (s) 4% |
9.40
31
0.09 0.19 0.29
Bitrate [bit/pixel]
(a) Object Detection (closed-set)
COCO-2017 / Faster R-CNN
—eo— TIC LoRA-comp = —#— [SER
39
%37
g
x
=3
m
235
=
S §
2 Q 16.85
33 Average Encoding )
Time per Instance (s) 37% |
10.68
31
0.09 0.19 0.29

Bitrate [bit/pixel]

(d) Object Detection (open-set)
COCO-2017 / Faster R-CNN

—eo— TIC LoRA-comp ——#— ISER
36
& 34 -
g 3
g3 =
2 o
& &
3 , Q 16.12
30 Average Encoding )
Time per Instance (s) 43% |
Q v
28
0.09 0.19 0.29 0.39
Bitrate [bit/pixel]
(b) Instance Segmentation (closed-set)
COCO-2017 / Mask R-CNN
—eo— TIC LoRA-comp = —#— [SER
36
&34
£
=
2
)
o
=
3
& 15.93
30 Average Encoding Jrm
Time per Instance (s) 36% |
0 10.27
28
0.09 0.19 0.29

Bitrate [bit/pixel]

(e) Instance Segmentation (open-set)
COCO-2017 / Mask R-CNN

75%

55%

50%
0.09

BD-Rate |

70%

65%

=N
S
=S

—e— TIC

0.19

LoRA-comp =@ ISER

16.78
/41% |
9.87

verage Encoding
ime per Instance (s)

0.29
Bitrate [bit/pixel]

0.39 0.49

(c) Image Classification (closed-set)
ImageNet-1K / ResNet50

-80%

5% |

—60%

-40%

-20%

0%

Object
Det.

LoRA-comp m ISER
1% |
3% |

35y T

Instance Image Object Instance
Seg.  Cla. | Det.  Seg.
(closed-set) (open-set)

(f) BD-Rate comparison

Figure 8. Performance comparison between ISER and LoRA-comp using the TIC backbone. Following
the experimental settings of LoRA-comp, panels (a—c) present results under the closed-set condition,
whereas panels (d,e) report results under the open-set condition. Panel (f) summarizes the BD-Rate
of both methods across all five settings. Across all settings, ISER consistently reduces encoding time
while simultaneously improving performance compared to LoRA-comp.
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Figure 9. Performance comparison between ISER and LoRA-comp using the Cheng2020 backbone.
ISER can be efficiently integrated into CNN-based LIC backbones and consistently reduces encoding
time while simultaneously improving performance compared to LoRA-comp.
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Representation Similarity Analysis for Open-Set Tasks. To quantify the represen-
tational distance among open-set tasks, we employ linear CKA, a widely adopted metric
for analysis of similarities between representations learned by different neural network
architectures [25]. For representation similarity analysis, we use ResNet50 as the reference
model and measure its representational similarity with Depth Anything, Faster R-CNN,
and Mask R-CNN. To ensure a consistent comparison, we focus on layers responsible
for hierarchical multi-scale feature representations across all models. Specifically, we use
layers 1—4 of ResNet50, layers 14 of the backbone networks in Faster R-CNN and Mask
R-CNN, and the reassembly layers (1_rn—4_rn) of Depth Anything. All representation
similarity analyses are conducted using the CIFAR-10 dataset [57].

We adopt CIFAR-10 as a common probing dataset for two reasons. First, Korn-
blith et al. [25] established CIFAR-10 as a standard benchmark for CKA-based analysis.
They further showed that CKA reliably identifies layer correspondences not only within
a single architecture but also across entirely different architectures, which supports the
cross-architecture layer alignment described above. Second, Cui et al. [58] showed that
CKA is confounded by the population structure of the input data used to compute it.
In our setting, ResNet50, Faster R-CNN, Mask R-CNN, and Depth Anything are trained on
different datasets that vary substantially in resolution, domain, and class distribution. Com-
puting CKA separately on each model’s native dataset would therefore conflate genuine
task-specific representational differences with differences arising purely from the input
distributions. Using a single, fixed probing dataset across all models removes this confound
and isolates representational differences that stem from the task itself.

Figure 10 visualizes representation similarity using linear CKA, where each axis index
denotes an individual sub-block within layers 1-4 of the compared models. To quanti-
tatively summarize the visualized results, we compute the mean CKA value across all
compared layers, denoted as mCKA. Furthermore, we report a relative metric, r_mCKA,
which normalizes mCKA with respect to a reference comparison. Faster R-CNN and Mask
R-CNN, which share an identical ResNet50 backbone, achieve a high representational
similarity of about 86%. By contrast, Depth Anything exhibits markedly lower similarity,
with r_mCKA = 53.5%.

Quantitative Results. Figure 11 presents a comparative evaluation of open-set task
performance and computational efficiency against competing methods. As shown in
Figure 11a—c, ISER consistently outperforms the competing approaches across individual
open-set tasks. In terms of latency, ISER achieves up to a 19.2% reduction in decoding time
relative to TransTIC, since the reparameterization property of LoRA leaves the decoding
path unaffected by instance-specific adaptation. This decoding-side efficiency comes at the
cost of encoding time. Whereas TransTIC and Adapt-ICMH require no per-instance test-
time optimization and thus incur negligible encoding overhead beyond a single forward
pass, ISER’s instance-specific TTFT introduces additional encoding-time cost as a trade-off
for its adaptability gains. This trade-off is favorable in the common deployment pattern
where an image is compressed once but decoded repeatedly, such as archival storage,
medical imaging, or streaming to multiple downstream task consumers, where the one-
time encoding investment is amortized over many latency-critical decoding operations.

Figure 11d compares the BD-Rate performance across individual open-set tasks. All
methods achieve performance improvements over the human-perceptual-quality-oriented
TIC backbone. However, the competing methods exhibit limited gains on tasks that are
more distant from the basis task, such as depth estimation, whereas ISER achieves a
substantially larger improvement, reaching a 98% larger BD-Rate gain than TransTIC on
the depth estimation task. Table 3 summarizes the corresponding numerical results.
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Figure 10. Representation similarity analysis for open-set tasks. We employ linear CKA to analyze
representational similarities across different open-set tasks. To quantitatively summarize the results,
we report a relative metric, r_mCKA. Faster R-CNN and Mask R-CNN, which share the same ResNet-
50 backbone, exhibit high representational similarity (=86%). In contrast, Depth Anything shows
substantially lower similarity (53.5%).
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Figure 11. Performance comparison against competing methods on open-set tasks using the TIC
backbone. ISER consistently outperforms competing approaches across individual open-set tasks
while also providing faster decoding. In particular, ISER achieves a substantially larger gain in depth
estimation, delivering an additional 98% performance improvement over TransTIC.
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Table 3. Numerical results corresponding to Figure 11. Performance comparison against competing
methods on open-set tasks using the TIC backbone. Bold indicates the best result, and underline
indicates the second-best result.

hod Object Detection Instance Seg. Depth Estimation
Metho

BD-Rate | BD-mAP 1 BD-Rate | BD-mAP 1 BD-Rate | BD-Error |
ISER (ours) —50.49 2.93 —52.86 2.67 —66.87 —0.02
TransTIC —39.60 2.23 —43.55 2.28 —33.81 —0.011
Adapt-ICMH 2.58 —43.35 2.35 —45.73 —0.012

While Table 3 reports task-level metrics such as BD-mAP, these metrics alone do not
verify whether the underlying feature representations are genuinely improved rather than
reflecting effects specific to the downstream task head. To assess this directly, we quantify
the representation shift between closed-set and open-set adaptation at the feature level.
For each input image, we obtain reconstructions from codecs adapted under closed-set
and open-set conditions, extract activations from the final layer of the Faster R-CNN
backbone, and compute linear CKA between the two. This layer is the last module of the
ResNet-50 bottom-up pathway, immediately preceding the FPN and detection-specific
heads, and therefore reflects the quality of the backbone representation itself rather than
task-head behavior. Because the closed-set condition is pre-trained on the target task, it
serves as a reference for the best achievable adaptation, and a higher CKA indicates that
open-set adaptation recovers a representation closer to this reference without task-specific
pre-training. CKA is computed per image by treating spatial positions within the feature
map as samples, which yields one similarity value per image and allows the distribution
across images to be characterized. Table 4 reports these statistics over the COCO-2017
validation set. The two instance-specific methods attain the highest similarity, with ISER
at 0.4400 and LoRA-comp at 0.4230, followed by the task-specific TransTIC at 0.3717 and
Adapt-ICMH at 0.2940. This ordering matches the task-level results in Table 3, indicating
that the reported improvements are reflected in the underlying feature representation and
not only in the final task output.

Table 4. Feature-level representation shift between closed-set and open-set adaptation. Per-image
linear CKA computed on the final backbone layer of Faster R-CNN between reconstructions obtained
under closed-set and open-set conditions, evaluated on the COCO-2017 validation set (object detec-
tion, quality level 1). Since the closed-set condition is pre-trained on the target task, higher similarity
indicates that open-set adaptation recovers a representation closer to the task-informed optimum.
Bold indicates the best result, and underline indicates the second-best result.

Method Mean Std. Dew. Median Min Max

ISER (ours) 0.4400 0.3395 0.3293 0.0172 0.9446
LoRA-comp 0.4230 0.3574 0.2796 0.0089 0.9583
TransTIC 0.3717 0.3132 0.2697 0.0053 0.9412
Adapt-ICMH 0.2940 0.3078 0.1306 0.0116 0.9040

To assess the reliability of the reported efficiency metrics, we analyze both the instance-
to-instance and run-to-run variation of the stopping epoch and encoding time under the
open-set object detection setting (TIC backbone, quality level 1). Table 5 reports the results
over the full COCO-2017 validation set (n = 5000). Within a single run, the stopping epoch
varies substantially across instances (mean of 25.70 + 6.35 and range of [14,40]), and the
encoding time varies accordingly (mean of 9.92 & 2.29 s and range of [6.61,16.00] s), confirm-
ing that ISES adapts the training budget on a per-instance basis rather than converging to a
fixed epoch. To determine whether this variation reflects genuine instance-specific behavior
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or optimization stochasticity, we repeat the same experiment over five independent runs
and compute the run-to-run standard deviation of the per-run average. The run-to-run
standard deviation is an order of magnitude smaller than the instance-to-instance standard
deviation for both metrics (0.66 vs. 6.35 epochs and 0.15s vs. 2.29s). This indicates that
the observed variation is predominantly driven by instance-specific characteristics rather
than by randomness in the TTFT optimization procedure, supporting the reliability of the
average efficiency metrics reported throughout this paper.

Qualitative Results. Figure 12 presents qualitative visualizations of the results for
open-set tasks. While the visual quality of the reconstructed outputs does not directly indi-
cate machine vision task performance, the results reveal that all evaluated methods exhibit
common qualitative characteristics across tasks throughout the experiments. Relative to
the TIC backbone, TransTIC yields blurrier reconstructions, whereas Adapt-ICMH exhibits
structured noise artifacts. By contrast, ISER produces reconstructions with enhanced sharp-
ness and contrast. As shown in Figure 12a,b, the corresponding bit allocation maps reveal
that ISER distributes bits more selectively toward task-relevant image regions.

Table 5. Distributional statistics of stopping epoch and encoding time under the open-set object
detection setting (TIC backbone, quality level 1, and #n = 5000 instances). Instance-to-instance varia-
tion substantially exceeds run-to-run variation, indicating that the observed spread predominantly
reflects instance-specific characteristics rather than optimization stochasticity.

Statistic Stopping Epoch Enc. Time (s)
Instance-to-instance distribution (single run, n = 5000)

Mean 25.70 9.92

Std. Dev. 6.35 2.29
Min 14 6.61
Max 40 16.00
Run-to-run distribution (mean over n = 5000 instances, 5 independent runs)
Mean across runs 24.78 9.66

Std. Dev. across runs 0.66 0.15

5.4. Ablation Studies

We perform an ablation study to quantify the contribution of each component within
the ISER framework and to evaluate the validity of the overall design. All ablation experi-
ments are conducted using the TIC-based ISER framework.

Ablation on ISER components. We conduct an ablation study to evaluate the con-
tribution of each component of the proposed ISER framework. Table 6 summarizes the
ablation results. When only ISRA is applied, rank adaptation is performed throughout the
entire predefined training epoch budget (T), which leads to relatively larger performance
gains but incurs higher encoding-time overhead. In contrast, incorporating ISES and MSTS
slightly reduces the magnitude of performance improvement while providing substantially
greater benefits in terms of encoding-time reduction.

Table 6. Summary of the ablation study on ISER components. ISRA provides stronger performance
gains at the cost of increased encoding time. Adding ISES and MSTS trades a small portion of
performance for a substantial reduction in encoding time.

Avg. Enc. Time OD (Open) IS (Open) Depth (Open)
ISER Components
(s/Instance) BD-Rate | BD-mAP 1 BD-Rate | BD-mAP 1 BD-Rate | BD-Error |
ISRA only 12.6 —52.46 3.09 —54.66 2.87 —70.25 —0.022
ISRA + ISES 11.5 —51.33 3.02 —53.49 2.73 —67.62 —0.021
ISRA + ISES + MSTS 8.16 —50.49 2.93 —52.86 2.67 —66.87 —0.020
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Ground Truth Base codec (TIC) TransTIC Adapt-ICMH

0.183 bpp / 70 mAP 0.182 bpp / 85 mAP 0.199 bpp / 60 mAP 0.101 bpp / 95 mAP
(a) Object Detection (open-set) COCO-2017 / Faster R-CNN

Ground Truth Base codec (TIC) TransTIC Adapt-ICMH

0.227 bpp / 25 mAP 0.219 bpp / 70 mAP 0.240 bpp / 60 mAP 0.149 bpp / 80 mAP
(b) Instance Segmentation (open-set) COCO-2017 / Mask R-CNN

Input Image Base codec (TIC) TransTIC Adapt-ICMH

Ground Truth 0.267 bpp / 0.056 error 0.194 bpp / 0.052 error 0.147 bpp / 0.051 error 0.135 bpp / 0.044 error
(c) Depth estimation (open-set) KITTI / Depth Anything

Figure 12. Qualitative visualizations of open-set task results. Compared to the TIC backbone,
TransTIC produces blurrier reconstructions, whereas Adapt-ICMH introduces structured noise
artifacts. In contrast, ISER yields reconstructions with improved sharpness and contrast. The cor-
responding bit-allocation maps further indicate that ISER allocates bits more effectively to task-
relevant regions.

We clarify why the ablation in Table 6 adopts an additive rather than a full factorial
structure. The additive structure directly reflects the architectural dependency among the
three components. ISRA, ISES, and MSTS are not independent modules but are designed
to build on one another within a single test-time fine-tuning process. ISES monitors the
convergence of the ISRA optimization loop on a per-instance basis and determines when
training stops. It therefore operates on signals produced internally by ISRA and cannot be
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evaluated in isolation from it. MSTS uses this ISES stopping point to schedule the transition
from low-resolution to full-resolution training. Evaluating MSTS without ISES would
require its replacement with an arbitrary fixed epoch, which would not reflect ISER’s actual
design. It would instead evaluate an unrelated, non-instance-specific baseline rather than
isolate the contribution of the MSTS. For this reason, we adopt the additive configuration
(ISRA only — ISRA + ISES — ISRA + ISES + MSTS) as the most faithful decomposition of
each component’s contribution under ISER’s intended design.

Ablation on flexible architectural design. To validate the effectiveness of instance-
specific flexible architectures, we compare ISRA against fixed LoRA architectures. In the
fixed-architecture setting, a predefined subset of layers is assigned a fixed rank that remains
constant across all training epochs. Using the TIC-based ISER framework, in which SVD-
LoRA is applied to 28 layers, we consider three fixed configurations: Fixed-Front, which
assigns ranks to layers 0-13; Fixed-Mid, which assigns ranks to layers 7-20; and Fixed-
Back, which assigns ranks to layers 14-27. The ablation results are summarized in Table 7,
with qualitative comparisons shown in Figure 13. While Fixed-Back generally yields
stronger performance due to its proximity to the final reconstruction, Figure 13 reveals that
no single fixed configuration is optimal across all input images. By contrast, ISRA adapts
its architecture based on instance-specific image characteristics, resulting in consistently
superior performance.

Table 7. Summary of the ablation study on flexible architectural design. This ablation study demon-
strates that the proposed instance-specific flexible architecture design consistently outperforms any
fixed-rank architecture. Bold indicates the best result, and underline indicates the second-best result.

OD (Open) IS (Open) Depth (Open)

Architecture Type
BD-Rate | BD-mAP 1 BD-Rate | BD-mAP 1 BD-Rate | BD-Error |

ISRA (ours) —52.46 3.09 —54.66 2.87 —70.25 —0.0221
Fixed-Front —49.64 2.81 —46.72 2.49 —66.57 —0.019
Fixed-Mid —50.71 3.00 —50.07 2.79 —68.95 —0.020
Fixed-Back —51.82 3.05 —54.50 2.84 —70.15 —0.0220

Ground Truth ISER

P

LoRA rank

-—

lay_g,i' index

0.283 bpp / 76 mAP
Early stop: 22 epochs

0.277 bpp / 71 mAP

0.240 bpp / 46 mAP 0.241bpp /38 mAP  0.245bpp/46 mAP  0.249 bpp /41 mAP
Early stop: 17 epochs
Fixed training strategy: 40 epochs

Figure 13. Visualization of the ablation study on flexible architectural design. This study shows
that no single fixed-rank configuration is optimal across all input images. Therefore, the proposed
instance-specific approach provides a more effective and robust adaptation strategy.
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Ablation on warm-up and post training. As illustrated in Figure 6, warm-up and post-
training phases are incorporated to ensure stable ISRA optimization. Table 8 summarizes
the performance under different warm-up and post-training configurations. Extending
the warm-up phase delays early stopping, leading to increased encoding time, whereas
shortening the post-training phase limits achievable performance gains. Based on these
observations, we adopt a 5-epoch warm-up and a 10-epoch post-training phase.

Table 8. Summary of the ablation study on warm-up and post training. Extending the warm-up phase
delays early stopping, resulting in increased encoding time, whereas shortening the post-training
phase limits the achievable performance gains. Enc. time refers specifically to the open-set OD task
and is therefore not directly comparable to the task-averaged value in Table 6. Bold indicates the best
result, and underline indicates the second-best result.

S . OD (Open)
cenario

BD-Rate | BD-mAP 1 Enc. Time (s)
Warm-up: 5 epochs B
Post training: 10 epochs (ours) 20.49 293 10.68
Warm-up: 10 epochs
Post training: 10 epochs 5117 2.94 13.52
Warm-up: 10 epochs —46.25 2.72 13.09

Post training: 5 epochs

Ablation on TTFT iteration budget. LoORA-comp and ISER share the same underlying
TTFT optimization loop, allowing the number of TTFT epochs to be adjusted to match
the latency requirements of the target application. Table 9 reports this trade-off under
the open-set object detection setting. Reducing the TTFT budget consistently lowers the
encoding time at the cost of task performance. This trade-off is more favorable for ISER
than for LoRA-comp. At 40 epochs, ISER requires only 9.92 s, a 30% reduction relative to
LoRA-comp’s 14.13 s, while achieving a higher mAP (36.343 vs. 36.245). In the extreme
case of zero TTFT epochs (w/o TTFT), both frameworks reduce to their task-specific
initialization stage, requiring only a single backbone inference pass with no per-instance
optimization. Even in this setting, ISER attains an mAP of 34.021, which already exceeds
the raw, unadapted TIC backbone (mAP 31.603, Table 9) without any instance-specific
adaptation. This indicates that a real-time-capable configuration of ISER—one that entirely
forgoes per-instance TTFT—still provides a meaningful performance improvement over the
unadapted backbone. It offers a practical operating point for latency-critical applications
such as real-time optical imaging or edge deployment, where per-instance fine-tuning
is infeasible.

Ablation on convergence indicator. We assess whether C(!), computed only from
decoder-side importance scores ((3)—(5)), still reflects the stability of the full TTFT process,
which also involves encoder-side updates. ISRA restricts rank adaptation to the decoder,
since it directly determines the reconstructed output for downstream tasks. This raises
a concern that a decoder-only signal might miss instability arising from encoder-side
optimization, which is jointly captured in the total loss (¢) in (1). To address this concern, we
compute the per-instance Pearson correlation between C () and ¢ across all test instances in
the open-set object detection setting. The correlation averages 0.71 + 0.09 (mean + standard
deviation), confirming that C(*) serves as a consistent proxy for training stability. Figure 14
illustrates two representative instances. These results indicate that focusing rank adaptation
on the decoder does not compromise the stability of the overall optimization process.
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Table 9. Ablation on the number of TTFT iterations for LoORA-comp and ISER under the open-set
object detection setting (TIC backbone, quality level 1). Both frameworks allow the TTFT budget to
be adjusted according to the target application, trading a modest amount of task performance for a
substantial reduction in encoding time. The unadapted TIC backbone is included as a reference point
for both frameworks.

LoRA-Comp ISER (Ours)
TTFT Epochs Bitrate MAP Enc. Bitrate MAP Enc.
(Bit/px) Time (s)  (Bit/px) Time (s)
TIC (unadapted) 0.1000 31.603 — 0.1000 31.603 —
w/o TTFT 0.0959 34.021 — 0.0960 34.021 —
5 0.1063 35.278 1.18 0.1050 35.083 1.47
10 0.1059 35.838 4.28 0.1050 35.613 2.93
15 0.1066 35.883 5.86 0.1050 36.013 4.40
40 0.1058 36.245 14.13 0.1050 36.343 9.92
 —e—C(t) —o—Loss Pearson correlation: 0.72 —e—C(t) —0— Loss Pearson correlation: 0.68

10.0 0.4

7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37
Training epochs

Figure 14. Visualization of the ablation study on the convergence indicator for two representative
instances. The proposed convergence indicator (C(*)) closely tracks the training loss (¢). Across the
full test set, the per-instance Pearson correlation is 0.71 + 0.09, indicating that C (®) reliably reflects
training stability (source images: COCO-2017 dataset [52]).

Ablation on initial rank ratio. To validate the selection of () = 8, we evaluate three
initial-to-target rank ratios following the empirical guideline of AdaLoRA: 70 = 6 (1.5x),
0 =8 (2x, ours), and r(¥) = 12 (3x). As shown in Table 10, the 1.5x ratio yields slightly
degraded performance due to insufficient parameter exploration during early adaptation,
while the 3 ratio increases encoding-time overhead without a commensurate performance
gain. The 2 ratio achieves the best trade-off, confirming the suitability of #(?) = 8.

Table 10. Ablation on initial rank ratio. The 2x initial-to-target rank ratio (,,(0) = 8) achieves the
best balance between task performance and encoding efficiency. Enc. time refers specifically to the
open-set OD task and is therefore not directly comparable to the task-averaged value in Table 6. Bold
indicates the best result, and underline indicates the second-best result.

OD (Open)
r(®) (Ratio) -
BD-Rate | BD-mAP 1 Enc. Time (s)
6 (1.5x) —49.03 2.67 8.31
8 (2, ours) —50.49 2.93 10.68
12 (3x) —50.37 2.90 13.65

Ablation on hyperparameter sensitivity. We evaluate sensitivity to the rank-reduction
ratio (p) and the convergence threshold (7). Table 11 reports OD (open) performance under
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different p and T configurations. A smaller p (0.6) aggressively reduces the rank budget,
causing premature pruning and slight performance degradation. A larger p (0.9) retains
more ranks per step, increasing encoding time without significant performance gain. Our
choice of p = 0.8 provides the best trade-off. For 7, a single global threshold fails to account
for the differing magnitudes of importance scores across quality levels. A loose threshold
terminates convergence prematurely and degrades compression performance, while a
tight threshold prolongs encoding without proportional gain. Our quality-level-adaptive T
avoids this sensitivity and achieves the best balance across all metrics.

Table 11. Ablation on rank-reduction ratio (o) and convergence threshold (7). Both p = 0.8 and
quality-level-adaptive T achieve the best balance between performance and encoding efficiency. Bold
indicates the best result, and underline indicates the second-best result.

OD (Open)

Configuration -

BD-Rate | BD-mAP 1t Enc. Time (s)
Rank-reduction ratio (p)
0 =06 —48.79 2.60 9.24
o = 0.8 (ours) —50.49 2.93 10.68
=09 —50.25 2.88 12.12
Conwvergence threshold (T)
T =2 x 1077 (single global) —48.23 2.67 9.45
T =9 x 108 (single global) —50.42 2.90 12.71
Quality-level-adaptive (ours) —50.49 2.93 10.68

Ablation on input degradation robustness. Since ISER derives its adaptation signal
from gradients computed on each test input, we evaluate how its effectiveness changes
when the input image itself is degraded. We apply Gaussian blur and additive Gaussian
noise to the input prior to compression and evaluate on 100 randomly sampled images
from the COCO-2017 validation set under the open-set object detection setting. Table 12
reports the results. ISER maintains a consistent mAP improvement over the TIC backbone
across all degradation conditions, and no abrupt collapse in adaptation performance is
observed. Under blur, the improvement is preserved and, in fact, widens with severity.
Under the stronger blur setting, the backbone drops from 39.93 to 30.06 mAP, whereas ISER
drops only from 44.58 to 38.31, increasing the gain from 4.65 to 8.25 mAP. This suggests that
instance-specific adaptation compensates for the loss of high-frequency content that the
backbone alone cannot recover. Under additive noise, the gain narrows progressively with
noise strength, from 4.65 under the clean setting to 3.15 and 1.46 under the two noise levels,
indicating that the per-instance gradient signal becomes less discriminative as the input
becomes noisier. ISER nonetheless retains a positive gain under every evaluated condition.

Table 12. Ablation on input degradation robustness. Performance under Gaussian blur and additive
Gaussian noise applied to the input image prior to compression, evaluated on 100 randomly sampled
images from the COCO-2017 validation set under the open-set object detection setting (TIC backbone,
quality level 1). The uncompressed column reports mAP on the degraded image without compression,
serving as an upper bound for each condition.

Uncomp. TIC (Backbone) ISER (Ours)
Condition AmAP
mAP bpp mAP bpp mAP
None 48.83 0.0924 39.93 0.119 44.58 +4.65
Blurl(k=50=1) 46.94 0.0740 40.50 0.108 4517 +4.67
Blur2 (k=9,0 =25) 42.04 0.0552 30.06 0.077 38.31 +8.25
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Table 12. Cont.
Uncomp. TIC (Backbone) ISER (Ours)
Condition AmAP
mAP bpp mAP bpp mAP
Noise 1 (c = 0.02) 45.96 0.0931 41.58 0.114 4473 +3.15
Noise 2 (c = 0.05) 42.74 0.0946 39.58 0.100 41.04 +1.46

5.5. Computational Complexity

Table 13 highlights the cost efficiency of ISER in terms of both computation and mem-
ory. Despite employing LoRA-based adaptation, ISER and LoRA-comp introduce negligible
overhead due to their low-rank configurations (rank 4 or 8), with no noticeable increase in
computational complexity relative to the backbone and only modest parameter growth (2%
and 3% increases for the encoder and decoder, respectively). Moreover, although ISER tem-
porarily adopts a higher initial rank (8) during ISRA, hard pruning is applied at inference
time so that the final decoder operates at the target rank (4), thereby preserving inference-
time efficiency and model compactness. In contrast, TransTIC incurs substantially higher
complexity, increasing computational cost by 133% in the encoder and 42% in the decoder
relative to the backbone, along with a 44% increase in encoder parameters. Adapt-ICMH
introduces moderate overhead, increasing computational complexity by 10% for both the
encoder and decoder and increasing parameters by 5% for both components.

Table 13. Summary of the computational complexity comparison. This result highlights the cost
efficiency of ISER in terms of both computational overhead and parameter size. Bold indicates the
best result, and underline indicates the second-best result.

kMACs/Pixel Params (M)
Method
Encoder Decoder Encoder Decoder

TIC (backbone) 142.31 142.53 3.64 3.86
TransTIC 332.03 202.60 5.24 3.89
Adapt-ICMH 157.16 157.38 3.84 4.06
LoRA-comp 142.31 142.53 3.72 3.94
ISER (Enc-side TTFT) 142.31 142.53 3.72 3.99
ISER (Dec-side inference) - 142.53 - 3.94

Beyond computational and memory overhead, we further verify the bitstream over-
head introduced by ISER’s decoder-side rank adaptation. Although ISRA prunes ranks
along an instance-specific path during TTFT, all decoder SV layers converge to the same
target rank (rtarget = 4), regardless of the instance, which is fixed as part of the model
configuration shared by both the encoder and decoder. Consequently, the decoder does not
require any additional layer-wise rank configuration, pruning mask, or index information
to reconstruct the transmitted SVs. Only the resulting rank-4 SVs, structurally identical to
those of LoORA-comp, are encoded into the bitstream. Table 14 reports the measured SV
overhead ratio across all open-set tasks and quality levels. The overhead ratio ranges from
0.29% to 2.05%, with an average of 0.98% across all tasks and quality levels, confirming
that the additional signaling required by ISER remains below 1% of the total bitstream, on
average, and does not introduce meaningful overhead beyond LoRA-comp.
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Table 14. Auxiliary bitstream overhead introduced by the decoder-side SVs across open-set tasks and
quality levels. Since all decoder SV layers converge to the same target rank (rtarget = 4), regardless
of the instance-specific pruning path taken by ISRA, no additional layer-wise rank configuration,
pruning mask, or index information needs to be transmitted. Only the resulting rank-4 SVs are
encoded into the bitstream, identical in structure to LoORA-comp.

Task Quality Level Total Bitrate Image Bitrate Decoder SV Bitrate SV Overhead
(Bit/Pixel) (Bit/Pixel) (Bit/Pixel) Ratio (%)
1 0.105 0.103 0.0021 2.05
OD (open) 2 0.145 0.143 0.0021 1.46
3 0.208 0.205 0.0021 1.04
4 0.312 0.310 0.0021 0.67
1 0.121 0.119 0.0021 1.73
IS (open) 2 0.165 0.163 0.0020 1.24
3 0.237 0.235 0.0020 0.86
4 0.353 0.351 0.0020 0.58
1 0.170 0.169 0.0014 0.80
Depth (open) 2 0.222 0.220 0.0014 0.62
PHoP 3 0.318 0.317 0.0014 0.43
4 0.469 0.468 0.0014 0.29

6. Conclusions

This paper presented Instance-Specific Early Stopping with Dynamic Rank Adaptation
(ISER), an instance-specific TTFT framework that extends LoRA-comp by reducing TTFT
overhead and enabling the design of an instance-adaptive LoRA architecture. ISER con-
sistently outperforms competing approaches under both closed-set and open-set settings,
achieving up to a 7% BD-Rate improvement and up to a 44% reduction in encoding time
over LoRA-comp, as well as up to a 98% relative improvement in BD-Rate gain and up
to a 19.2% reduction in decoding time over TransTIC. The proposed framework incurs
negligible additional computational complexity relative to the backbone, with only modest
parameter growth (2% and 3% for the encoder and decoder, respectively). In addition, ISER
supports plug-and-play integration across CNN- and Transformer-based backbones, allow-
ing for scalable performance gains as backbone architectures advance. Finally, we provide
systematic insights into open-set task-oriented compression by quantifying representa-
tional distances using Centered Kernel Alignment (CKA), both to characterize the distances
among open-set tasks and to verify at the feature level that the reported improvements
reflect genuine gains in representation quality.

The encoding-time cost of ISER is incurred once per image, and the framework is
designed for deployment patterns in which encoding is performed offline or as a backend
process. Representative settings include archival storage, medical imaging repositories,
and airborne or satellite imaging pipelines, where acquired data is typically re-encoded
at a ground station or backend facility and subsequently analyzed many times over its
lifetime. In these settings, it is the decoding side that operates under latency constraints,
and ISER is favorable in this respect, since the reparameterization property of LoRA leaves
the decoding path unaffected by instance-specific adaptation. Deployments that instead
require encoding on embedded hardware under a real-time constraint fall outside this
design target and would use the reduced TTFT budget analyzed in Table 9, where encoding
reduces to a single forward pass while still outperforming the unadapted backbone.

Despite these contributions, the current framework has room for improvement.
As shown in Table 12, ISER retains a positive gain over the backbone under blurred
and noisy inputs, but this gain narrows progressively as noise strength increases. This

https://doi.org/10.3390/ electronics15173807


https://doi.org/10.3390/electronics15173807

Electronics 2026, 15, 3807

30 of 33

References

reflects a structural property of the method. Because ISER derives its adaptation signal
from gradients computed on each individual test input, its effectiveness depends on that
signal remaining informative, and it therefore becomes less effective as the input itself
degrades. Architecture-level approaches that embed structural compensation directly into
the network offer a complementary direction. For example, a self-compensating graph
convolutional network has been proposed for skeleton-based action recognition under
data constraints [59]. This approach does not depend on an instance-specific optimization
signal at test time and may therefore provide robustness precisely in the regimes where
ISER’s gradient-based signal becomes less discriminative. Exploring how such structural
compensation mechanisms could be incorporated into the TTFT framework to improve
robustness under more severe data constraints is a promising direction for future work.
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