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Abstract

In recent years, neural image compression methods have
achieved impressive performance in image compression tasks,
most of which are based on variational auto-encoder with
hyper-prior and autoregressive Gaussian entropy model. We
first demonstrate that the way these end-to-end approaches
handle quantization during training leads to a mismatch be-
tween the gradients direction of entropy model parameters (i.e.,
mean and standard deviation) and the direction they should
be optimized towards during inference, making neural net-
work difficult to learn accurate estimates of entropy model
parameters. To address this issue, we then propose a two-step
improvement: in the first step, use straight-through estimator
to align the forward propagation during training with inference,
thereby correcting the gradients of standard deviation parame-
ters; in the second step, utilize gradients transfer that we pro-
pose and MSE-guided gradients to manually compensate for
the gradients of mean parameters lost due to straight-through
estimator. Finally, we also propose to freeze the auto-encoder
and hyper auto-encoder in pre-trained models provided by
existing works, and fine-tune only the modules that predict
the entropy model parameters, enabling efficient validation
of proposed improvements. Experimental results show that
our improvements bring appreciable performance gains to
state-of-the-art neural image compression models in recent
years. Meanwhile, our improvements require no modification
to the structure of pre-trained models and only lightweight
fine-tuning, which shows strong plug-and-play capability and
practical utility.

Introduction
As a primary medium for human information acquisition, dig-
ital images have experienced explosive growth in the modern
era. The widespread adoption of high-resolution images in
mission-critical domains such as medical diagnostics (Sar-
vazyan 1998; Doi 2006), satellite remote sensing (Holmgren
and Thuresson 1998; Lu et al. 2021a; Zeng, Guo, and Li
2022), and autonomous driving (Fujiyoshi, Hirakawa, and
Yamashita 2019; Cui et al. 2021; Kaymak and Uçar 2019)
poses severe challenges to storage and transmission infras-
tructures. Conventional codecs (e.g., JPEG (Wallace 1991),
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VVC (Bross et al. 2021)) employ handcrafted discrete co-
sine transforms (DCT) (Strang 1999) and entropy coding to
achieve compression ratios (CR) of 10 to 20. However, these
manually designed feature extractors face critical limitations:
severe high-frequency detail loss and inadequate adaptation
to semantic feature representations. Neural image compres-
sion frameworks address these challenges through end-to-end
nonlinear transformation learning, while multi-scale neural
architectures preserve more than 95% of perceptually salient
features, establishing a new paradigm for bandwidth-efficient
visual data delivery (Ballé et al. 2018).

Recent advancements in neural image compression (He
et al. 2022; Liu, Sun, and Katto 2023; He et al. 2021; Jiang
et al. 2023; Gao 2025), predominantly built upon variational
auto-encoder (VAE) (Kingma, Welling et al. 2013) frame-
works with hyper-prior and autoregressive entropy models
proposed by Ballé et al (Ballé et al. 2018), have achieved re-
markable rate-distortion performance. However, a critical yet
overlooked challenge lies in the gradient mismatch induced
by quantization during end-to-end training. Specifically, the
gradients of entropy model parameters (e.g., meanµ and stan-
dard deviation σ) are misaligned with their optimal update
directions during inference, hindering accurate parameter es-
timation. This discrepancy arises because non-differentiable
quantizations are approximated by adding uniform random
noise to calculate likelihoods and utilizing straight-through
estimators (STE) (Liu et al. 2022) to calculate reconstructed
latents during training, which does not align the forward
propagation of latent representations with inference. Conse-
quently, µ is driven toward perturbed values (y + ϵ) rather
than the original latent y, while σ optimizes toward a sub-
optimal likelihood objective. Such mismatches degrade both
compression efficiency and reconstruction fidelity.

To address this, we propose a two-step correction frame-
work. First, we enforce consistency between training and
inference by replacing noisy likelihood calculations with
STE-quantized latents, rectifying the gradients of σ. Second,
we introduce gradient transfer and MSE-guided gradients
to manually compensate for the lost gradients of µ when
|y − µ| < 1

2
, ensuring ŷ aligns precisely with y. Crucially,

our method operates as a plug-and-play enhancement as it
does not need to modify the model architecture: by freezing
auto-encoders and hyper-auto-encoders of pre-trained mod-
els provided by current state-of-the-art works, we efficiently
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fine-tune only the entropy parameter modules, minimizing
computational overhead.

Therefore, our contributions can be summarized as fol-
lows:

• Uncovering gradient mismatch in quantization approx-
imation: We identify and formalize a critical flaw in exist-
ing end-to-end neural image compression frameworks:
the use of uniform noise and straight-through estima-
tors during training introduces a misalignment between
gradient updates for entropy model parameters and their
optimal inference-time directions, which could degrade
rate-distortion performance.

• Two-phase correction framework: To resolve this mis-
match, we propose a two-phase correction framework.
Firstly, align forward propagation during training with in-
ference by replacing noisy likelihood approximations with
STE-quantized latents, rectifying gradient directions of
σ. Secondly, introduce gradient transfer and MSE-guided
gradient compensation to manually restore lost gradients
for µ when |y − µ| < 1

2
, ensuring precise alignment

between µ and y for optimal reconstruction.
• Plug-and-play capability via partial fine-tuning: We

demonstrate that freezing pre-trained auto-encoders and
hyper-auto-encoders while fine-tuning only entropy pa-
rameter modules enables rapid validation of our improve-
ments, which shows strong plug-and-play capability as
our improvements require no modification to the struc-
ture of pre-trained models. Experimental results show that
with minimal fine-tuning, our approach achieves notable
rate-distortion performance improvements over the cur-
rent state-of-the-art neural image compression models.

Related Work
As recent advances (Minnen and Singh 2020; Minnen, Ballé,
and Toderici 2018; He et al. 2021, 2022; Jiang et al. 2023;
Liu, Sun, and Katto 2023; Han et al. 2024; Xie, Cheng, and
Chen 2021; Yang et al. 2021; Lin et al. 2025; Wang et al.
2025) in neural image compression have predominantly cen-
tered on VAE-based frameworks with hyper-prior and entropy
models, these models achieve compression by learning latent
representations through an auto-encoder and optimizing rate-
distortion trade-offs via entropy-constrained training. There-
fore, current improvements largely focus on two directions:
enhancing auto-encoder architectures and refining entropy
model estimation. Below, we synthesize recent progress in
these areas.

Improving Auto-Encoder Architectures
In neural image compression, auto-encoders serve to reduce
the dimensionality of images and learn compact latent repre-
sentations, which typically comprise two components: one
alters spatial dimensions (i.e., downsampling and upsam-
pling), and another transforms features for more efficient
representation while maintaining dimensions. Convolutions
and transposed convolutions are commonly employed for spa-
tial dimension changes, while existing works mainly focus
on various nonlinear transforms for effective latent represen-
tation.

Pioneering work by Ballé et al. (Ballé et al. 2018) intro-
duces the use of generalized divisive normalization (GDN)
(Ballé, Laparra, and Simoncelli 2015) to capture effective
latent representations, which has been subsequently replaced
or augmented by convolution neural networks (CNN) (Le-
Cun et al. 1989) and more complex nonlinear transforms in
follow-up studies (Chen et al. 2021; Ma et al. 2020; Gao
et al. 2021; Xie, Gao, and Zheng 2022). Recently, vision
transformer (Dosovitskiy et al. 2020) has achieved promising
results in numerous visual tasks, leading to the incorporation
of vision transformer and its variants into auto-encoder to ob-
tain better latent representations of images (Lu et al. 2021b;
Zhu, Yang, and Cohen 2022). However, this also increases
the time required for encoding/decoding and the difficulty of
training. Liu et al. (Liu, Sun, and Katto 2023) propose extract-
ing local features using CNNs and global features using Swin
Transformers (Liu et al. 2021), leveraging the strengths of
both CNNs and Swin Transformers to improve rate-distortion
performance.

Improving Entropy Model Estimation
Neural image compression models typically use arithmetic
coding (Witten, Neal, and Cleary 1987) to convert latents
into binary bitstreams. The parameters required for the prob-
ability entropy model in arithmetic coding are estimated by
neural networks. In the work of Ballé et al. (Ballé et al. 2018),
only hyper-prior is used as side information to predict the
entropy model parameters. While this approach enables fast
encoding and decoding, it limits rate-distortion performance.
Minnen et al. (Minnen, Ballé, and Toderici 2018) propose
using masked convolution in an autoregressive manner to
estimate entropy model parameters. Although this method ex-
ploits partial contextual information, it significantly reduces
the speed of encoding and decoding. He et al. (He et al. 2021)
propose a checkerboard model to evenly divide the latents
into two parts, using the anchor part as contextual information
to predict the entropy model parameters of the non-anchor
part, thereby efficiently utilizing already decoded information.
He et al. (He et al. 2022) propose an uneven channel-wise
partitioning strategy, conducting multi-step encoding and
decoding across channels. Subsequent studies have largely
adopted multi-step channel-wise decoding combined with
two-step intra-channel decoding using the checkerboard pat-
tern. The main improvements (Kong, Sun, and Xue 2024;
Guo et al. 2022; Zhang et al. 2025) in these works involve
employing more efficient modules (e.g., RWKV (Peng et al.
2023), Mamba (Gu and Dao 2023)) for entropy parameter
estimation.

Preliminary: Variational Compression Model
with Hyper-Prior

In variational compression model with hyper-prior, image x
is firstly encoded by auto-encoder ga to get the latent repre-
sentation y, and further processed by hyper auto-encoder ha
to extract the hyper latent z:

y = ga(x), z = ha(y). (1)
By estimating the probability models of y and z, we can
encode y and z into binary strings using arithmetic cod-
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ing. Previous works predominantly utilize Gaussian entropy
models (or mixture Gaussian entropy models) to perform
probability estimation for y and z:

pẑ|ψ(ẑ|ψ) =
∏
i

[
pzi|ψi

(ψi) ∗ U
(
−1

2
,
1

2

)]
(ẑi),

pŷ|ẑ(ŷ|ẑ) =
∏
i

[
N (µi, σ

2
i ) ∗ U

(
−1

2
,
1

2

)]
(ŷi),

(2)

where ψ is a non-parametric fully factorized density model
(Ballé et al. 2018), entropy model parameters µ and σ are
estimated based on quantized and decoded ŷ and ẑ. Finally,
ŷ is decoded to obtain the reconstructed image:

x̂ = gs(ŷ). (3)

During end-to-end training, the quantization operation is
non-differentiable. Previous works (He et al. 2021; Minnen,
Ballé, and Toderici 2018; He et al. 2022; Lu et al. 2025; Li
et al. 2025; Han et al. 2024) address this by adding uniform
noise ϵ ∼ U(− 1

2 ,
1
2 ) when computing the likelihood during

training:

pŷ|ẑ(ŷ|ẑ) =
∏
i

[
N (µi, σ

2
i ) ∗ U

(
−1

2
,
1

2

)]
(yi+ ϵi), (4)

and utilizing straight-through estimator to compute the de-
coded ŷ:

ŷ = ste(y − µ) + µ
= round(y − µ) + (y − µ)− (y − µ).detach() + µ
= round(y − µ) + y − (y − µ).detach().

(5)

Compared to hyper latent z, latent y constitutes the majority
of the bitstream (usually more than 95%). Hence, our focus
is on the impact of quantization operations on y.

Inappropriate Gradient
Previous works typically use rate-distortion cost (Berger
2003) as the loss function for end-to-end training:

L =R+ λ ·D
=Ex∼px

[
− log2 pŷ|ẑ(ŷ|ẑ)− log2 pẑ(ẑ)

]
+ λ · Ex∼px [d(x, x̂)].

(6)

Note that round(y − µ) and (y − µ).detach() are non-
differentiable in Equation 5, we have:

∇µŷ = 0. (7)

Thus, the gradient of the distortion term in the loss function
with respect to µ is:

∇µEx∼px [d(x, x̂)] = ∇µEx∼px [d(x, gs(ŷ))]
= ∇ŷEx∼px [d(x, gs(ŷ))] · ∇µŷ
= 0,

(8)

which implies that the distortion term in the loss function is in-
capable of optimizing the parameter estimation of the entropy

model (since ŷ is independent of σ, ∇σEx∼px [d(x, x̂)] = 0
also holds true). Therefore, the gradient of the loss function
with respect to µ depends on the rate term:

∇µL = ∇µEx∼px
[
− log2 pŷ|ẑ(ŷ|ẑ)− log2 pẑ(ẑ)

]
= ∇µEx∼px

[
− log2 pŷ|ẑ(ŷ|ẑ)

]
= −

∑
i

∇µi
log2

[
N (µi, σ

2
i ) ∗ U

(
− 1

2 ,
1
2

)]
(yi + εi)

= −
∑
i

∇µif(µi, yi + εi, σi).

(9)
where

f(µ, k, σ) = − log2

[∫ 1
2

− 1
2

exp

(
− (k + t− µ)2

2σ2

)
dt

]
.

(10)
To further investigate the gradient direction of µ, we compute
the partial derivative of Equation 9 with respect to µ:

∂f

∂µ
=

−1

σ2 ln(2)
∫ 1

2

− 1
2

exp
(
− (k+t−µ)2

2σ2

)
dt

·
∫ 1

2

− 1
2

(k + t− µ) exp

(
− (k + t− µ)2

2σ2

)
dt.

(11)

When µ = y + ϵ, we have:

∂f

∂µ
=

−1/ ln(2)

σ2
∫ 1

2

− 1
2

exp
(
− t2

2σ2

)
dt

∫ 1
2

− 1
2

t exp

(
− t2

2σ2

)
dt

= 0.
(12)

Since f is a convex function with respect to µ (Roberts and
Varberg 1974), it takes the minimum value when µ = y +
ϵ. Therefore, the gradient of the loss function with respect
to µ drives µ towards y + ϵ. However, in encoding and
decoding processes, it is preferable for µ to be closer to y.
Consequently, when the relative magnitudes of y and y + ϵ
with respect to µ differ (for example, y < µ < y+ϵ), µ will
be updated in an incorrect direction, which means that the
gradient of the loss function with respect toµ is inappropriate
under such circumstances.

An Intuitive Correction
In Section , we demonstrated that the introduction of uniform
random noise during training will affect the accuracy of the
gradient of µ. An intuitive correction is to eliminate uniform
random noise when calculating the likelihood:

pŷ|ẑ(ŷ|ẑ) =
∏
i

[
N (µi, σ

2
i ) ∗ U

(
−1

2
,
1

2

)]
(yi). (13)

In this way, the gradient of the loss function with respect to µ
consistently points towards y. However, we will subsequently
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illustrate that this correction introduces a new problem: it
leads to inaccurate estimation of σ.

Similar to Equation 9, the gradient of the loss function
with respect to σ can be expressed as:

∇σL = ∇σ
∑
i

log2

√
2πσ2

i − log2 f(µi, yi, σi). (14)

Thus, σ moves towards the optimal σopt_train during train-
ing:

σopt_train = argmin
σ

∑
i

log2

√
2πσ2

i − log2 f(µi, yi, σi).

(15)

However, during encoding and decoding processes, it is
round(y − µ) that participates in the likelihood calculation,
not y − µ. Therefore, the optimal σopt is actually:

σopt =argmin
σ

∑
i

log2

√
2πσ2

i

−
∑
i

log2 f(0, round(yi − µi), σi).
(16)

Figure 1 illustrates the differences between σopt and
σopt_train as y − µ varies. It can be observed that removing
the uniform random noise when calculating the likelihood
during training leads to the optimization of σ in an incorrect
direction.

Therefore, we believe that to fully address the aforemen-
tioned issue of inappropriate gradient during training, it is
necessary to ensure consistency between the reconstruction
of the latent y and the calculation of likelihood pŷ|ẑ(ŷ|ẑ)
during both training and encoding/decoding processes. Con-
sequently, we propose a two-step improvement method: First,
it is necessary to ensure consistency between computations in
forward propagation during training and inference. Then, for
the gradients lost due to quantization, we need to manually
set them.

Keep Training and Inference Consistent
There are two points where quantization of latent y is in-
volved during inference: the reconstruction of y and the
calculation of its likelihood. Equation 5 ensures that the re-
construction of y during inference and training is consistent,
so we only need to modify the likelihood calculation during
training:

pŷ|ẑ(ŷ|ẑ) =
[
N (µ,σ2) ∗ U

(
−1

2
,
1

2

)]
(ste(y−µ)+µ).

(17)
Equation 17 utilizes reconstructed ŷ = ste(y − µ) + µ
to calculate the likelihood, thereby maintaining consistency
between training and inference. However, this approach gives
rise to a new issue: when |y − µ| < 1

2 , we have:

∂pŷ|ẑ(ŷ|ẑ)
∂µ

=
∂
∫ 1

2

− 1
2

1√
2πσ2

exp
(
− t2

2σ2

)
dt

∂µ
= 0, (18)

and in conjunction with Equation 7, it can be observed that
when |y − µ| < 1

2 , the gradient of the loss function with
respect to µ is:

∇µL = 0. (19)
Therefore, the network will no longer optimize the estimation
of µ if |y − µ| < 1

2 during training. However, while µ can
ensure the optimal likelihood in this case, it cannot guarantee
the optimal reconstructed latent:

ŷ = round(y − µ) + µ = µ. (20)
The discrepancy between the reconstructed ŷ = µ and y
cannot be further optimized at this time, and we propose to
manually set the gradients to address this issue.

Manually Set Gradients When |y − µ| < 1
2

Our core idea is to manually set the gradients with respect
to µ when |y − µ| < 1

2 , so that µ continues to approach y,
leading to more accurate reconstructed ŷ. To facilitate opti-
mization, it is preferable to keep y fixed during this process.
Therefore, we propose to freeze the auto-encoder (ga, gs)
and hyper auto-encoder (ha, hs) in the pre-trained model
provided by previous work, and fine-tune only the remaining
components. This approach not only keeps y fixed for stable
optimization but also accelerates training.

Upon experimentation, we have found that the gradient for
µ can be set in the following two ways when |y − µ| < 1

2 .

MSE-Guided Gradients
A straightforward idea is: since we want µ to continue ap-
proaching y when |y − µ| < 1

2 , we can directly add MSE
loss between y and µ to the loss function:

L =Ex∼px
[
− log2 pŷ|ẑ(ŷ|ẑ)− log2 pẑ(ẑ)

]
+ λ1 · Ex∼px [d(x, x̂)] + λ2 · MSE(y,µ).

(21)

To avoid affecting the gradients when |y − µ| ≥ 1
2 , we set:

µi =

{
µ if round(y − µ) = 0

y if round(y − µ) ̸= 0
. (22)

Thus, additional gradients will only be generated when |y −
µ| < 1

2 , thereby causing µ to move towards y.

Gradients Transfer
It can be seen that ŷ = µ when |y−µ| < 1

2 from Equation 20.
At this point, the gradient of the loss function with respect
to ŷ can be regarded as the direction in which µ should
move. However, as indicated by Equation 5, ŷ has gradients
only with respect to y (∂ŷ∂y = 1), but not with respect to µ.
Therefore, we can transfer the gradient of the loss function
with respect to y to µ:

∂L
∂µ|y−µ|< 1

2

:= k · ∂L
∂ŷ|y−µ|< 1

2

·
∂ŷ|y−µ|< 1

2

∂y

= k · ∂L
∂ŷ|y−µ|< 1

2

,

(23)

where k is a hyperparameter used to ensure the stability of
training. Algorithm 1 presents the Python implementation
for gradients transfer we propose, which can be implemented
within 20 lines of Python code.
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Figure 1: The difference between the optimal σopt_train during training and the optimal σopt during inference when y− µ varies.
The arrows with corresponding colors represent the gradient directions during the training/inference of (y − µ, σ). σ will be
optimized in the wrong direction when (y − µ, σ) is within the gray area of the graph while y − µ will always be optimized
towards 0 during training.

Experimental Results
Fine-Tuning on Pre-Trained Models
On the one hand, current mainstream deep image compres-
sion models handle quantization during training as described
in Chapter , on the other hand, our proposed method does not
alter the model structure. Therefore, to validate the effective-
ness of proposed method in a simple and efficient manner,
we argue that fine-tuning the pre-trained models provided by
recent state-of-the-art works (He et al. 2021, 2022; Liu, Sun,
and Katto 2023; Jiang et al. 2025; Li et al. 2023; Han et al.
2024; Lu et al. 2025) is a viable approach.

As described in Chapter , we manually set gradients to
keep µ moving closer to y when |y − µ| < 1

2 , with y ideally
fixed to allow the network to better optimize the estimation of
µ. Therefore, we freeze the auto-encoder (ga, gs) and hyper
auto-encoder (ha, hs) in the pre-trained models during fine-
tuning and train the remaining part that predicts parameters
of entropy model, which not only makes it easier to train but
also accelerates training.

Implementation Details
We fine-tune the pre-trained models with our improvement
using the dataset proposed by MLIC++ (Jiang et al. 2025),
which contains 105 images. Images are randomly cropped
to a size of 256×256 and the batch size is set as 16 during
training. We simply set λ2 = 1 in Equation 21. The training
is performed on Intel Core i9-10900K CPU @ 3.60GHz
and NVIDIA GeForce RTX 3090 GPU for 50 epochs, with
learning rates of 10−5 for the first 40 epochs and 10−6 for
last 10 epochs. To eliminate irrelevant factors, we also train
the pre-trained models without our improvement on the same

dataset under identical settings and compared these results
with those obtained from the improved models.

Rate-Distortion Performance

Figure 2 presents the rate-distortion curves demonstrating
the performance of different methods, where Peak Signal-to-
Noise Ratio (PSNR) represents the distortion level of decoded
images, and the bitrate is represented by bits per pixel (bpp).
It can be seen from the figure that our improvements bring
notable performance gains to all base models.

Table 1 illustrates the effects of our improvements on
state-of-the-art neural image compression models from recent
years, where BD-BR (Bitrate-Distortion Benefit Ratio) is cal-
culated with VVC (VTM-12.1 Intra) (Bross et al. 2021) as the
anchor. We exclude the influence of irrelevant factors such as
data and training settings through the results of "Fine-Tune"
column in Table 1. The results presented in Table 1 indicate
that both MSE-guided gradients and gradients transfer can
enhance base models’ encoding performance to a certain ex-
tent, while combining MSE-guided gradients and gradients
transfer further improves performance. Meanwhile, for base
models with better performance, such as DCAE (Lu et al.
2025), the performance gain brought by our improvements
is relatively small. We believe this is because the powerful
auto-encoder and entropy model of these models mitigate
the impact of quantization-induced gradient mismatch during
training.

Since our method only improves the training of base mod-
els without altering their architecture, the encoding and de-
coding time during inference will remain unchanged.

8335



Figure 2: (Left) Rate-distortion curves of recent state-of-the-art models with and without our improvement on Kodak dataset.
(Right) Ablation study for MSE-Grad (MSE-guided gradients) and GT (gradients transfer) based on Checkerboard, MLIC++ and
DCAE.

Model Improvement
None Fine-Tuning MSE-Grad GT MSE-Grad+GT

Checkerboard (CVPR’21) (He et al. 2021) 3.29 3.29 1.79 2.32 1.20
ELIC (CVPR’22) (He et al. 2022) -8.00 -7.99 -9.14 -8.70 -9.55
TCM (CVPR’23) (Liu, Sun, and Katto 2023) -12.03 -12.03 -12.97 -12.59 -13.31
MLIC++ (NCW ICML’23) (Jiang et al. 2025) -15.26 -15.26 -16.22 -15.86 -16.56
FTIC (ICLR’24) (Li et al. 2023) -14.95 -14.93 -15.79 -15.42 -16.02
CCA(NeurIPS’24) (Han et al. 2024) -13.77 -13.76 -14.57 -14.26 -14.86
DCAE (CVPR’25) (Lu et al. 2025) -17.36 -17.34 -17.98 -17.73 -18.16

Table 1: BD-BR↓ (%) of recent state-of-the-art models. "Fine-Tuning" denotes training under the same settings on the training
dataset without applying any proposed improvement to the models.
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Listing 1: Gradients transfer.
1 # Input: y (latent); mu (expected value

of entropy model)
2 # Output: y_hat (reconstructed latent)
3
4 import torch
5
6 class MyQuantizer(torch.autograd.

Function):
7 @staticmethod
8 def forward(ctx, y, mu):
9 ctx.save_for_backward(y, mu)

10 return torch.round(y - mu) + mu
11
12 @staticmethod
13 def backward(ctx, grad_output):
14 k = 1e-2 #Set hyperparameter k

to ensure the stability of
training.

15 y, mu = ctx.saved_tensors
16 mask = (torch.round(y - mu) ==

0) #Gradients transfer is
performed

17 grad_mu = torch.where(mask, k *
grad_output, 0.) #Transfer
the gradients with respect to
y to mu.

18 grad_y = grad_output
19 return grad_y, grad_mu
20
21 def my_quantizer(y, mu):
22 return MyQuantizer.apply(y, mu)
23
24 y_hat = my_quantizer(y, mu)

Ablation Study
By aligning the corresponding bitrate points in Figure 2,
it can be observed that the gain of MSE-guided gradients
is primarily due to lower bpp, while the gain of gradients
transfer is mainly attributed to lower PSNR, which means
less distortion of the reconstructed images.

On the one hand, MSE-guided gradients enables the µ to
continue approaching the y even when |y−µ| < 1

2
. Further-

more, since the computation processes for forward propaga-
tion and inference are aligned, σ is simultaneously optimized
toward the optimal σopt during inference as µ moves closer
to y. Consequently, the improved entropy model parameters
reduce the bitstream. Additionally, because a more accurate
µ yields a more precise reconstructed ŷ, MSE-guided gradi-
ents can also improve PSNR to some extent. We calculate the
MSE between the entropy model parameters of ELIC before
and after optimization utilizing MSE-guided gradients and
the optimal entropy model parameters. The results are shown
in Figure 3, which intuitively demonstrates that MSE-guided
gradients allow the model to estimate the entropy model
parameters more accurately. Results about MSE-guided gra-
dients in Table 2 demonstrate that the original model yields
correct gradients for µ when round(y − µ) ̸= 0, and intro-
ducing additional manually-set gradients under this condition
degrades model performance.

Figure 3: MSE between the optimal entropy parameters dur-
ing inference and those predicted by ELIC with and without
MSE-guided gradients. To highlight the differences, we test
ELIC at its four highest bitrate points, with bitrates increasing
sequentially from Bitrate 1 to Bitrate 4.

Improvement Setting Resultcondition k

None / / 3.29
Fine-Tuning / / 3.29
MSE-Grad w/o / 1.84
MSE-Grad w/ / 1.79
GT / 0.1 NA
GT / 0.01 2.32
GT / 0.001 2.85

Table 2: BD-BR↓ (%) of Checkerboard under dif-
ferent improvement configurations. "Condition" denotes
whether MSE-guided gradients is applied exclusively when
round(y − µ) = 0.

On the other hand, gradients transfer leverages the property
where ŷ = ste(y − µ) + µ = µ when |y − µ| < 1

2
,

transferring the gradients of ŷ with respect to y to µ. Since
ŷ is subsequently used for decoding, this approach enables
µ to move towards lower distortion when |y − µ| < 1

2
.

Therefore, gradients transfer can improve PSNR, but it does
not significantly reduce bpp. As shown in Table 2,we discover
that that k > 0.01 may cause training instability(NaN), while
smaller k degrades performance.

Conclusion
We first point out that current end-to-end neural image com-
pression methods handle quantization inappropriately during
training, making it difficult to learn accurate entropy parame-
ters. This deficiency arises from the discrepancy between the
differentiable proxy and actual discrete quantization. Subse-
quently, we attempt to remove random uniform noise from
training, but find that this also leads to gradient directions
misaligned with those required for optimal inference. To ad-
dress this issue, we propose aligning the forward propagation
during training with inference, and then manually specifying
the gradients with respect to the entropy parameters during
backpropagation. Our approach yields appreciable improve-
ments in compression performance without modifying the
model architecture or increasing inference time, and requires
only minimal fine-tuning of a pre-trained model, highlighting
its plug-and-play capability.
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