


Fig. 4. Examples of reconstructed images with different quantization control methods. (a) Original image, (b) Non-adaptive quantization which uniformly
scales the step size across all latents, and (c) Adaptive quantization step size control by the proposed method.

where r(ncl)n and r(nca)‘x denote the minimum and maximum!"owevef’ in our.proposed method, the qL_Jantizatio.n st.ep size
scale values for each channel, ands a small constant. IS adaptively varied. To correctly re ect this operation in the
This linear mapping assigns smaller quantization steps REPPability formulation, we modify the Gaussian model as
regions with higher scale values and larger steps to those witfPressed in the following equation:
lower scale, enabling spatially adaptive quantization. Mapping Zy: =2
functions other than linear are evaluated in the ablation study. Pejz (Bj2; i) = N (tj i; 2dt (14)
W i =2

Note that this modi cation is only applied during the in-

During compression, the main encoder extracts the latdatence. The entropy model itself and its parameters remain
featurey from an input image, which is then quantized. Thenchanged.
guantization is usually performed by the following equation:

= round + 9
y AR ®) A. Experimental Settings
where is the predicted mean parameter. In our proposed
method, each latent slice is quantized using the adaptive
tensor determined by the quantization controller:

E. Adaptive Quantization in the Compression Process

IV. EXPERIMENT

We evaluate our proposed method on multiple machine vi-
sion tasks using SA-ICM as a base model, though the proposed
guantization control scheme can be applied to other ICM
frameworks with Ch-ARM structure. SA-ICM is pre-trained
on 118,287 images from the COCO-train datas&d,[with
The quantized feature is then compressed using an entr&b ed con dgnce threshold = 0:78 N =5 .Iatent_ slices,

= 0:05in the loss function represented i8)( This base

model, which predicts the mean and scale parameters of del achi 0.227 Ib 5 i th )
encoding distribution. In standard LIC models which assunjg0de! achieves u. [bpp] on average. yvar_ylngt o quant-
fion step size with parametgrwe achieve variable bitrates.

a Gaussian distribution and a unit quantization step size, lé% luation | ; d on 5.000 i ; he COCO-Val
entropy model is formulated as follows: valuation is performed on 5,000 images from the -va

dataset. We compare our method against 1) Fixed-rate SA-

P = round(yi) + (10)

Pojz (9i2) = v Poiz (Ri2); (11) ICM trained separately with = f0:02;0:03;0:04; 0:05g, 2)
i Non-Adaptive Quantization, which utilizes a single quantiza-
) ) 11 tion step size globally without adaptive control, 3) Progressive
Ppjz(Bj2) = N(i; i) U 25 () (12)  decoding introduced by D. Minneet al. [15], where only the
Z 1= rst n slices are transmitted, and the rest are substituted with
= N (tj i; i2)dt: (13) hyperprior-predicted mean values to achieve discrete bitrate

Wo1=2 control by varyingn, and 4) Fixed-rate LIC-TCM, a codec for



By assigning larger quantization steps to later channels a6l D. He, Z. Yang, W. Peng, R. Ma, H. Qin and Y. Wang, “ELIC: Ef cient

redundant regions according to the scale parameter predicted

by the hyperprior network, our method effectively reduces
bitrate without training. Additionally, the bitrate can be continkL7]
uously controlled by a single parameter. Experimental results

demonstrate that our proposed method outperforms a variafatg

rate baseline with non-adaptive quantization. Future work will

further extend this framework to scalable image coding 612

humans and machines.
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