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Abstract

Prevailing quantization techniques in Learned Image Com-
pression (LIC) typically employ a static, uniform bit-width
across all layers, failing to adapt to the highly diverse data
distributions and sensitivity characteristics inherent in LIC
models. This leads to a suboptimal trade-off between perfor-
mance and efficiency. In this paper, we introduce DynaQuant,
a novel framework for dynamic mixed-precision quantiza-
tion that operates on two complementary levels. First, we
propose content-aware quantization, where learnable scal-
ing and offset parameters dynamically adapt to the statisti-
cal variations of latent features. This fine-grained adaptation
is trained end-to-end using a novel Distance-aware Gradi-
ent Modulator (DGM), which provides a more informative
learning signal than the standard Straight-Through Estima-
tor. Second, we introduce a data-driven, dynamic bit-width
selector that learns to assign an optimal bit precision to each
layer, dynamically reconfiguring the network’s precision pro-
file based on the input data. Our fully dynamic approach of-
fers substantial flexibility in balancing rate-distortion (R-D)
performance and computational cost. Experiments demon-
strate that DynaQuant achieves rd performance comparable
to full-precision models while significantly reducing compu-
tational and storage requirements, thereby enabling the prac-
tical deployment of advanced LIC on diverse hardware plat-
forms.

Code — https://github.com/baoyu2020/DynaQuant

Introduction
Learned Image Compression (LIC) has emerged as a new
paradigm in image coding, achieving remarkable success
in recent years. By replacing traditional hand-crafted mod-
ules—such as transforms, quantization, and entropy cod-
ing—with end-to-end optimized deep neural networks, LIC
models (Ballé et al. 2018; He et al. 2022; Bao et al. 2023;
Jiang et al. 2023b; Zeng et al. 2025) have consistently sur-
passed the R-D performance of state-of-the-art conventional
codecs like BPG (Sullivan et al. 2012) and VVC (Bross et al.
2021). This data-driven methodology offers unprecedented
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Figure 1: Visual and quantitative comparison of the Dy-
naQuant method on the kodim04, using Cheng2020 (Cheng
et al. 2020) as the baseline. Our proposed two quantization
strategies—fixed bit-width quantization (Q-Cheng) and dy-
namic bit-width quantization (DQ-Cheng)—achieve compa-
rable performance to the full-precision method while deliv-
ering approximately 5 × speedup.

flexibility and performance, marking a significant milestone
in image coding.

Despite their impressive R-D performance, the practi-
cal deployment of these advanced LIC models is severely
hampered by their substantial computational complexity
and large memory footprint. The deep, complex architec-
tures, while powerful, are computationally intensive, render-
ing them ill-suited for real-time applications on resource-
constrained hardware such as smartphones, drones, and
other edge devices.

To bridge this gap, model quantization has become a stan-
dard technique for compressing and accelerating neural net-
works. However, most existing quantization methods, often
developed for robust high-level vision tasks like image clas-
sification, are suboptimal for the high-fidelity demands of
image compression. These methods typically apply a static,
uniform bit-width across all network layers. This “one-size-
fits-all” approach fundamentally ignores two critical prop-
erties of LIC models: (1) Content-dependent dynamics: The
statistical distributions of latent representations in LIC mod-
els are highly non-stationary and vary significantly with the
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content of each input image. A fixed set of quantization pa-
rameters cannot adapt to these dynamic distributions, lead-
ing to significant information loss. (2) Layer-wise sensitiv-
ity: Different layers within an LIC model exhibit vastly dif-
ferent sensitivities to quantization noise. Forcing a uniform
precision profile is inefficient, as it may under-quantize ro-
bust layers while over-quantizing sensitive ones, resulting in
a poor trade-off between accuracy and complexity.

To address these limitations, we propose DynaQuant, a
framework for dynamic mixed-precision quantization tai-
lored specifically for LIC. Our key insight is that an op-
timal quantization strategy must be dynamic at two com-
plementary levels: the parameter level and the architectural
level. First, to handle content-dependent data distributions,
inspired by the soft to hard method (Agustsson et al. 2017),
we introduce content-aware quantization, where the quan-
tization parameters are learned and dynamically adjusted
for each input. This process is guided by a novel distance-
aware gradient modulator, which provides a more meaning-
ful learning signal for the non-differentiable rounding oper-
ation than the conventional STE. Second, to address vary-
ing layer sensitivities, we design a lightweight, data-driven
dynamic bit-width selector. This module learns to assign
an optimal bit-width to each layer on-the-fly, creating an
input-specific precision profile for the network architecture.
This dual-level dynamic adaptation allows for an unprece-
dentedly fine-grained balance between rate-distortion per-
formance and computational efficiency. Our main contribu-
tions can be summarized as follows:

• A novel dynamic mixed-precision quantization frame-
work, DynaQuant, for LIC that adapts both quantization
parameters and layer-wise bit-widths in a content-aware
manner.

• A differentiable dynamic bit-width selector that learns
to allocate optimal precision to each network layer by
jointly optimizing the R-D loss of LIC with differentiable
mixed-precision allocation.

• An extensive experiment demonstrating that DynaQuant
achieves R-D performance on par with full-precision
models while significantly reducing computational com-
plexity and model size, thereby enabling practical de-
ployment of LIC on diverse hardware platforms.

Related Work
Learned Image Compression
LIC has surpassed traditional codecs like JPEG (Wallace
1991), JPEG2000 (Skodras, Christopoulos, and Ebrahimi
2002) and VVC (Bross et al. 2021) in rate-distortion per-
formance. This was pioneered by end-to-end trained autoen-
coder architectures (Ballé et al. 2018). Subsequent works
have improved these architectural designs by introducing ad-
vanced network structures and attention mechanisms to en-
hance representation learning and model long-range depen-
dencies (Tan et al. 2025; Bai et al. 2021; Zheng and Gao
2024). Recent methods leverage multi-modality networks
with semantic priors (Jiang et al. 2023b) or replace CNNs
with Transformer (Lu et al. 2021; Liu, Sun, and Katto 2023;

Li et al. 2023) and Mamba (Qin et al. 2024; Wu et al. 2025)
for improved global modeling while preserving local de-
tail (Liu, Sun, and Katto 2023; Zeng et al. 2025). In parallel,
advances in entropy and context modeling have improved
LIC performance, such as multi-reference entropy models
for more accurate probability estimation (Jiang et al. 2023a;
Bao et al. 2025). However, these collective advances in net-
work architecture and entropy modeling substantially in-
crease computational complexity, limiting practical deploy-
ment on resource-constrained devices.

To reduce the high computational cost of LIC, various
model compression techniques have been explored. Pruning
methods reduce model parameters via regularization-based
sparsification (Chen and Yang 2023) or structured removal
of network components (Kim et al. 2020; Luo et al. 2022).
An alternative paradigm fits lightweight models to individ-
ual images, thereby simplifying the entropy model and fea-
ture extractors (Kim et al. 2024; Ballé et al. 2025; Zhang,
Chen, and Liu 2025).

Parameter quantization is also widely used, employing
strategies like layer-wise or low-bit quantization to reduce
model size and accelerate inference (Hong et al. 2020; Jeon,
Yu, and Lee 2023). Among these techniques, quantization is
particularly suitable for practical deployment due to its im-
plementation simplicity and hardware support.

However, existing quantization methods in LIC are typ-
ically static. They often apply uniform bit-widths and treat
model components in isolation, an approach that lacks joint
dynamic optimization. Consequently, these methods yield
suboptimal R-D trade-offs and fail to fully exploit the po-
tential of quantization.

Model Quantization

Model quantization is typically divided into two categories:
Post-Training Quantization (PTQ) and Quantization-Aware
Training (QAT).

PTQ quantizes models post-training without retraining
but often suffers severe performance degradation at ultra-
low bit-widths. Various methods have been proposed to mit-
igate this issue: data-adaptive rounding via quadratic op-
timization and continuous relaxation (Nagel et al. 2020),
random dropping of quantization during inference to main-
tain accuracy (Wei et al. 2022), weight quantization guided
by second-order information (Frantar, Singh, and Alistarh
2023), and direct optimization of the rate-distortion loss for
task-oriented image compression (Shi, Lu, and Ma 2023).

QAT integrates quantization into the training loop, learn-
ing parameters via backpropagation to mitigate accuracy
loss. Its development centers on two core challenges: de-
vising adaptive quantization strategies and ensuring training
stability. Static parameters struggle with data and layer di-
versity, while quantization’s discrete nature destabilizes gra-
dients. Solutions include learnable step sizes for data adap-
tation (Esser et al. 2019), quantization interval learning for
stability (Jung et al. 2018), and content-adaptive methods
that dynamically adjust parameters to each input (Liu et al.
2022).
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Mixed Precision Quantization
Mixed-precision quantization assigns different bit-widths to
different layers, mitigating the performance loss of uniform-
precision methods. This allocation can be modeled as a
search problem, solved using reinforcement learning (Wang
et al. 2019) or search-based methods at kernel-level granu-
larity (Lou et al. 2019). Alternatively, bit-widths can be de-
termined based on layer sensitivity, with some methods esti-
mating this sensitivity through second-order Hessian infor-
mation (Dong et al. 2019a,b). Other works (Liu, Simonyan,
and Yang 2018) formulate bit-width allocation as a differ-
entiable optimization problem, enabling layer precisions to
be learned directly via gradient descent. In LIC, some ap-
proaches guide bit-width allocation by analyzing feature en-
tropy (Sun et al. 2022). Others (Hossain, Duan, and Zhu
2024) have proposed flexible mixed-precision frameworks
that provide customizable solutions for LIC models.

To address the limitation of employing a static, uniform
bit-width across all layers, we propose a bit-selector with
key advantages: (1) minimal computational overhead; (2)
direct rate-distortion optimization. To our knowledge, this
is the first end-to-end image compression method that com-
bines trainable quantization parameters with differentiable
mixed-precision allocation.

Proposed Method
Preliminaries: Quantization-Aware Training
QAT simulates the effects of quantization during training, al-
lowing the model to adapt to precision loss. For a given full-
precision input x, a b-bit asymmetric quantizer first maps it
to an integer xq using a scale factor s and a zero-point z:

xq = round
(

clip
(x
s
+ z, nmin, nmax

))
, (1)

where [nmin, nmax] defines the quantization range (e.g.,
[0, 2b− 1] for unsigned b-bit integers). The scale s and zero-
point z are typically pre-computed from the activation statis-
tics. The de-quantized value x̃, which approximates the orig-
inal input x, is recovered as:

x̃ = s · (xq − z). (2)

In conventional QAT, the scale s and zero-point z are stati-
cally computed from aggregated activation statistics and re-
main fixed during the inference stage.

To enable gradient-based optimization, the non-
differentiable round function is commonly handled by
the STE, which approximates its gradient as an identity
function:

∂L
∂x

≈ ∂L
∂x̃

if x ∈ [s(nmin − z), s(nmax − z)]. (3)

However, these two cornerstones of standard QAT—static
parameters and a coarse, uniform gradient—are fundamen-
tally ill-suited for the high-fidelity demands of LIC. Static
parameters can not adapt to content-dependent variations in
latent distributions, while the STE’s uniform gradient sig-
nal fails to provide meaningful feedback for optimizing the
quantization process itself.
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Figure 2: Gradient proxy function (top) and its deriva-
tive (bottom). The derivative exhibits periodic oscillations,
reaching minima at x=0 and x=1 with peaks at x=0.5. All
values remain strictly positive, and the amplitude is modu-
lated by β, ensuring adaptive gradient scaling.

Dynamic Parameter Adaptation (DPA)
To overcome the rigidity of static quantization, we introduce
a mechanism that dynamically adapts quantization param-
eters to the specific characteristics of each input, combin-
ing content-aware parameter learning with a more principled
gradient approximation.

Content-Aware Quantization Mapping The latent rep-
resentations in LIC models exhibit highly dynamic and
non-uniform distributions that depend on image content. To
adapt to these distributions, we eschew fixed quantization
parameters. Instead, we define the scale factor s and zero-
point z as learnable, per-channel parameters. This allows
the network to learn an optimal quantization mapping for
each feature map, minimizing rate-distortion loss. The for-
ward pass follows the standard asymmetric quantization-
dequantization process:

x̃ = s ·
(

round
(

clip
(x
s
+ z, nmin, nmax

))
− z

)
, (4)

where the clipping range [nmin, nmax] is set to [0, 2b−1] for
a b-bit quantizer. The main challenge, however, lies in opti-
mizing s and z effectively, which requires a valid gradient
through the non-differentiable rounding function.

Distance-Aware Gradient Modulation (DGM) The
Straight-Through Estimator, which approximates the round-
ing gradient as a constant 1, is the de facto standard. How-
ever, it implicitly assumes that quantization error is uni-
formly sensitive to changes in the input, an assumption that
does not hold. The error is most sensitive near the quantiza-
tion decision boundaries (i.e., half-integer values like 0.5).

To provide a more informative learning signal, we intro-
duce a Distance-Aware Gradient Modulation (DGM) mech-
anism. The core principle of DGM is to make the magni-
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Figure 3: (a) DynaQuant Framework Overview. DQ-Block is the dynamic quantization block, and Bit-Width Selector is the bit-
width selector that dynamically allocates quantization precision for each layer. (b) Bit-Width Selector and DQ-Block Structure.
The bit-width selector processes input activation A through adaptive pooling, MLP, and Gumbel Softmax to output bit-width
selection probability distribution p1, p2, . . . , pn. DQ-Block quantizes the input {X} and learnable parameters {W} within the
module according to the corresponding bit-widths based on the probability distribution, and finally generates the output through
probability-weighted fusion.

tude of the backpropagated gradient a function of the input’s
proximity to the nearest decision boundary. Inspired by the
work (Qin et al. 2023) on model parameter quantization, we
define a new gradient proxy g′(x) to implement DGM:

∂round(x)
∂x

≜ g′(x) = f(dist(x, boundary)). (5)

Specifically, we formulate g(x) as:

g(x) =
1

2
· tanh(β(x− ⌊x⌋)− 0.5)

tanh(0.5)
+ 0.5 (6)

where x is the value before rounding and β is a shape factor.
As illustrated in Fig. 2, this function yields a gradient that
gradually decays as the input moves from decision bound-
aries toward quantization centers. Consequently, parameters
associated with uncertain, boundary-adjacent values receive
larger updates, while those associated with stable values re-
ceive smaller updates. This targeted gradient modulation en-
courages the model to learn better quantization parameters,
enabling content-adaptive quantization and improving over-
all quantization performance.

Dynamic Bit-Width Selector (DBWS)
Beyond adapting parameters, we introduce a method for
layer-wise adaptive bit allocation. Instead of relying on
costly search algorithms, we design a lightweight, data-
driven module that learns to assign an optimal bit-width to
each layer in an end-to-end fashion.

Content-Aware Bit-Width Selector We propose a differ-
entiable bit-width selector, a small network module that pre-

dicts the optimal bit-width for a given layer based on its ac-
tivation statistics. The selector takes the input activation ten-
sor A ∈ RC×H×W and performs the following three steps:

1. Global Feature Extraction: An adaptive pooling layer
(e.g., AdaptivePool) first condenses the spatial dimen-
sions of the activation tensor into a fixed-size feature vec-
tor hpool = AdaptivePool(A). This vector captures the
global statistical properties of the activations while re-
maining agnostic to the input tensor’s dimensions.

2. Bit-Width Prediction: The feature vector is then pro-
cessed by a two-layer MLP to predict a probability
distribution over a set of candidate bit-widths B =
{b1, b2, . . . , bM}.

p = Softmax(MLP(hpool)) (7)

where p = {p1, p2, . . . , pN}. N is the total number of
quantizable blocks, for each quantizable block l. pl ∈
RM is the probability vector, with (pl)k representing the
probability of selecting bit-width bk.

3. Stochastic Selection for Training: To make the discrete
selection process differentiable, we employ the Gumbel-
Softmax reparameterization trick during training. This
allows us to sample a one-hot vector pl from the cate-
gorical distribution defined by p while allowing gradi-
ents to flow back to the selector’s parameters. The ef-
fective bit-width for the layer is then calculated as bl =∑M

k=1(pl)k · bk.

During inference, we deterministically select the bit-
width with the highest probability to ensure stable and ef-
ficient execution: b∗l = bk where k = argmax(pl). This
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Figure 4: R-D Performance.(a) Kodak; (b) JPEG-AI; (c) CLIC. Quantization schemes: [FP32] for original 32-bit float, [INT8]
for uniform 8-bit quantization, and [INTX.YY] for our mixed-precision quantization where X.YY indicates the average bit-
width (e.g., 6.81-bit for DQ-ELIC, 6.20-bit for DQ-Cheng). “Q-ELIC” refers to applying DPA to each layer of ELIC, while
“DQ-ELIC” denotes the application of a DBWS to each layer of ELIC. Best viewed in color.

mechanism allows each layer to dynamically choose its pre-
cision.

Joint Optimization Framework
Our framework is trained end-to-end by minimizing a com-
posite loss function that jointly optimizes for rate-distortion
performance and model complexity. The overall learning ob-
jective L is defined as:

L = R+ λD + γLbits, (8)
where R is the estimated bitrate of the quantized latent rep-
resentation, derived from the entropy model. D measures the
distortion between the original image and the reconstructed
image (e.g., using MSE or MS-SSIM); Lbits is a complexity
regularization term, and λ is a hyperparameter that balances
the two objectives. The hyperparameter γ is a hyperparame-
ter that balances the R-D performance and bit-width.

The core of our adaptive training is the complexity regu-
larization term, Lbits, which guides the bit-width selector. To
encourage the network to favor lower-precision configura-
tions, we define this term as the expected average bit-width
across all L dynamically quantized layers:

Lbits =
1

L

L∑
l=1

Epl
[b] =

1

L

L∑
l=1

M∑
k=1

(pl)k · bk, (9)

where (pl)k is the probability of selecting the k-th candi-
date bit-width bk ∈ B for layer l. This loss term creates a
direct optimization pressure on the bit-width selection pol-
icy, rewarding it for reducing the average bit-width. By ad-
justing γ, we can effectively navigate the trade-off between
model performance and its computational/storage footprint,
producing models that are optimized for various efficiency
constraints.

Experiments
Experimental Setup
Datasets and Evaluation Metrics We evaluate our
method on three datasets: Kodak (Franzen 1999), JPEG-
AI (JPEG Committee 2020) and the CLIC (Toderici et al.

2020). Image quality is assessed using PSNR, while com-
pression efficiency is measured in bits per pixel (bpp). BD-
Rate loss is reported to quantify the average BPP difference
for the same quality.

Baseline LIC Model and Comparison Methods We
adopt the Cheng2020(Cheng et al. 2020), Ballé (Ballé
et al. 2018), and ELIC (He et al. 2022) architectures as
our baseline full-precision (FP32) LIC models, recognized
for their robust performance. As well as several quanti-
zation methods: 8-bit Fixed Precision Quantization (FPQ),
FMPQ (Faisal Hossain, Duan, and Zhu 2024), RAQ (Hong
et al. 2020), and RDO-PTQ (Shi, Lu, and Ma 2023). Imple-
mentation details are provided in the Appendix.

Main Results
Rate-Distortion Performance Fig. 4 shows R-D curves
across datasets and LIC models, where our proposed two
quantization strategies closely match full-precision base-
lines with minimal degradation over 0.1–1.0 bpp. Table 1
reports fixed-bit-width quantization achieving near-optimal
BD-Rate losses (Q-Cheng: 1.60%, Q-Ballé: 5.01%) com-
pared to FMPQ benchmarks (1.30%, 7.50%). Dynamic bit-
width quantization improves speedup (4.61×, 5.17×, 4.55×
across models, surpassing 4×) with slightly higher BD-Rate
loss. These results confirm that DynaQuant’s content-aware
quantization and dynamic bit-width optimization enable ef-
ficient LIC deployment on resource-constrained devices.

Ablation Studies
General Ablation Table 2 summarizes our ablation study.
First, our DPA method outperforms 8-bit PAMS quantiza-
tion, achieving a bpp of 0.83 (0.827–0.828), the highest
PSNR (36.649), and the lowest R-D loss (1.56), confirming
the effectiveness of fixed-bit-width quantization. Second, in-
tegrating our dynamic bit-width method (DQ) with DPA re-
duces the average bitwidth from 8 to 6.42 while maintaining
a competitive PSNR (36.636) and R-D loss (1.57), under-
scoring the efficiency of dynamic optimization. Third, the
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Model Method Kodak JPEG-AI CLIC Average

BD-Rate Speedup BD-Rate Speedup BD-Rate Speedup Bitwidth BD-Rate Speedup Model Size

ELIC
Full precision 0.00 1.00× 0.00 1.00× 0.00 1.00× 32.00 0.00 1.00× 137.11 MB
Q-ELIC 5.97 4.00× 6.24 4.00× 2.55 4.00× 8.00 4.92 4.00× 34.28 MB
DQ-ELIC 7.62 4.70× 7.53 4.56× 4.01 4.56× 6.95 6.39 4.61× 29.78 MB

Cheng

Full precision 0.00 1.00× 0.00 1.00× 0.00 1.00× 32.00 0.00 1.00× 45.08 MB
8-bit FPQ 2.05 *3.98× – – 3.54 *3.98× 8.00 2.80 *3.98× *11.31 MB
FMPQ 0.89 4.00× – – 1.70 4.00× – 1.30 4.00× *11.27 MB
RAQ 27.84 – – – – – – 27.84 – –
RDO-PTQ 4.88 4.00× – – – – 8.00 4.88 4.00× *11.27 MB
Q-Cheng 1.02 4.00× 1.18 4.00× 2.61 4.00× 8.00 1.60 4.00× 11.27 MB
DQ-Cheng 7.15 5.16× 16.52 5.17× 12.87 5.18× 6.19 12.18 5.17× 8.72 MB

Ballé

Full precision 0.00 1.00× 0.00 1.00× 0.00 1.00× 32.00 0.00 1.00× 19.37 MB
8-bit FPQ 7.44 *3.97× – – 8.95 *3.97× 8.00 8.20 *3.97× *4.88 MB
FMPQ 6.48 *3.98× – – 8.95 *3.98× – 7.50 *3.98× *4.87 MB
Q-Ballé 5.85 4.00× 2.59 4.00× 6.60 4.00× 8.00 5.01 4.00× 4.84 MB
DQ-Ballé 7.63 4.55× 4.84 4.54× 8.06 4.57× 7.03 6.84 4.55× 4.26 MB

Table 1: BD-Rate loss (%) and computational speed up (×) relative to baseline 32-bit full precision models on three standard
datasets: Kodak, JPEG-AI, and CLIC. “Q-ELIC” refers to applying Dynamic Parameter Adaptation (DPA) to each layer of
ELIC, while “DQ-ELIC” denotes the application of a Dynamic Bit-Width Selector (DBWS) to each layer of ELIC. A dash“–”
denotes unreported results; the asterisk “*” indicates our calculated results.

Method Bitwidth bpp PSNR R-D loss

Vanilla 32 0.831 36.91 1.52

Fixed Bit-width Methods

+PAMS 8 0.83 36.185 1.64
+DPA[INT8] (Ours) 8 0.828 36.649 1.56
+DPA[INT6] (Ours) 6 0.827 35.664 1.74

Dynamic bit-width Methods

+PAMS-DQ 6.85 0.892 30.262 4.28
+DPA-DQ (Ours) 6.42 0.838 36.636 1.57
+DPA-DQ (Ours)* 6.02 0.882 36.231 1.68

Table 2: General ablation study of our two quantization
strategies: DPA (fixed bit-width, INT8/INT6) and DPA-
DQ (dynamic bit-width quantization, DBWS), compared to
Vanilla and PAMS quantization.

combination of DPA and DQ demonstrates a synergistic ef-
fect, outperforming the sum of individual contributions (i.e.,
DPA-DQ exceeds PAMS-DQ and DPA with INT6), with an
optimized bitwidth of 6.02, a PSNR of 36.231, and an R-D
loss of 1.68. This suggests that the integrated approach en-
hances performance beyond additive gains, validating each
component and the impact of their combined use.

Ablation of Dynamic Parameter Adaptation Table 3
shows that removing any DPA component degrades per-
formance (e.g., excluding s reduces PSNR from 36.649
to 36.185 and increases R-D loss from 1.56 to 1.65).
These results highlight the importance of each compo-
nent—learnable s, z, and g(x)—in improving quantization

s z g(x) Bitwidth bpp PSNR R-D Loss

✓ ✓ ✓ 8 0.828 36.649 1.56
× ✓ ✓ 8 0.83 36.185 1.65
✓ × ✓ 8 0.824 36.323 1.58
✓ ✓ × 8 0.842 36.288 1.63

Table 3: Ablation study of our proposed fixed bit-width
quantization strategy, DPA.

Bitwidth Choice Avg Bitwidth bpp PSNR R-D Loss

{4,6,8} 5.47 0.866 36.432 1.64
{6,8,10} 6.42 0.838 36.636 1.57

Table 4: Ablation study of our proposed dynamic bit-
width quantization strategy (DBWS) with different bitwidth
choices.

accuracy and preserving compression quality.

Ablation of Dynamic Bit-Width Selector Table 4 shows
that the DBWS remains effective across different bit-width
sets. The {6, 8, 10} set offers a better trade-off between ef-
ficiency and fidelity, while {4, 6, 8} achieves lower average
bit-width at the cost of reduced PSNR.

Qualitative Results
Visualization Results Fig. 5 demonstrates that our pro-
posed quantization strategies (e.g., Q-Cheng and DQ-
Cheng) achieve significant speedups of 4.00× and 4.98×
respectively, despite slight bpp increases, while maintain-
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Ground Truth FP32
0.3236bpp | 39.03dB

Speedup: 1.00×

Q-Cheng
0.3481bpp | 38.92dB

Speedup: 4.00×

DQ-Cheng
0.3573bpp | 38.92dB

Speedup: 4.98×

Figure 5: Qualitative comparison on a Kodak image (e.g., “kodim23”) using the base model Cheng2020. (a) Full-size images
(first row). (b) Zoomed-in regions highlighting texture/edge details (second row). Methods: From left to right—Ground Truth,
32-bit full-precision, Application of our Dynamic Parameter Adaptation (Q-Cheng), and application of a Dynamic Bit-Width
Selector (DQ-Cheng). Metrics include bpp, PSNR, and speedup. Best viewed digitally and zoomed in.

ing near 39 dB visual quality comparable to the 32-bit full-
precision baseline.

Bit-width Selection Results Fig. 6 showcases dynamic
bit-width allocation across images and layers. For example,
Kodim14 with more detailed texture assigns a 10-bit width to
its gs-1 layer, exceeding the 8-bit allocation in other images.
Edge layers (e.g., ga-0, ga-6, gs-1) exhibit higher precision
than intermediate layers, indicating bottleneck layers require
increased bit-width. These findings confirm that our method
adapts precision to data complexity and network structure.

Conclusion

In this work, we presented DynaQuant, a dynamic mixed-
precision quantization framework for LIC that jointly adapts
quantization parameters and layer-wise bit-widths in a
content-aware manner. By employing a distance-aware gra-
dient modulator to train learnable quantization parameters,
the method provides more informative gradients and mit-
igates performance degradation. A differentiable dynamic
bit-width selector further learns to allocate optimal pre-
cision to each network layer by jointly optimizing the
rate–distortion loss with a differentiable mixed-precision al-
location cost. Extensive experiments show that DynaQuant
achieves R–D performance close to that of full-precision
models while significantly reducing computational com-
plexity and model size, yielding speedups of up to 5.17×.

Although a performance trade-off remains at maximum
acceleration, future work may refine this balance by in-
corporating hardware-specific latency models into the op-
timization objective. A further promising direction is to
evaluate DynaQuant on real hardware platforms in a soft-
ware–hardware co-design setting, enabling system-level ac-
celeration and validating its practical efficiency.
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Figure 6: Learned bit-width allocation across network lay-
ers based on Cheng2020. Left: Kodim14/15/16 test images
(top to bottom). Right: Optimized bit-widths automatically
assigned to each layer, where the horizontal axis denotes the
layer index and the vertical axis indicates the bit width.
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