Differentiable JPEG: The Devil is in the Details
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import torch
from torch import Tensor
from diff_jpeg import diff_jpeg_coding # Import our diff. JPEG approach

Can we make JPEG encoding-decoding differentiable?

¢ Standard JPEG coding [1] is non-differentiable

7 Non-diff. inhabits the use of JPEG in gradient-based learning systems

%’ We analyze issues with current differentiable JPEG approaches

%’ We present a novel differentiable JPEG approach
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image: Tensor =
jpeg_quality: Tensor =
# Perform differentiable JPEG coding
image_coded: Tensor =

# Init random image and JPEG quality
torch.randint(low=0, high=256, size=(4, 3, 1904, 1964))
torch.tensor([2.6, 99.0, 1.6, 11.0])

diff_jpeg_coding(image, jpeg_quality)

Check out our open source PyTorch
implementation!

Differentiable JPEG Coding

Non-differentiability of JPEG
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 Rounding (quantization) and clipping function used in standard JPEG
7 Gradient of rounding func. is zero a.e. or undefined
7 Gradient of clipping func. is zero for clipped values

Our differentiable JPEG models all crucial
discretizations & bounds

DCT feature quantization
Quantization table scale flooring
Quantization table flooring
Quantization table clipping
Output image clipping
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» Differentiable flooring

- Differentiable clipping

7 Existing work only considers DCT feat. quantization it
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- Differentiable rounding [2]
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Differentiable surrogate functions of
discretizations & bounds

if v € [bmina bmax]

Differentiable JPEG coding with
Straight-Through Estimation

- STE [3] assumes a constant grad.
* Our STE uses the grad. of the surrogate

v € (0,1].

fw. pass

Forward Function Results
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Fig. 1 Qualitative results of our diff. JPEG approach v.s. Shin et al. [2] in approximating standard JPEG.

7 Existing approaches fail to approximate standard JPEG over the full JPEG quality range
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Fig. 2 Forward function results.
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Fig. 3 Forward function results for strong compression.

%’ Our diff. JPEG approach approximates standard (non-diff.) JPEG well over the full JPEG quality range

Backward Function Results

Use adversarial attacks through diff. JPEG to show backward performance

%’ Our differentiable JPEG leads to better ad-

fulness” of the obtained gradients for

Top-Tacc | Top-5acc |
Approach grange— 199 110 1199 199 110 1199 versarial samples
Xing et al. [4] A3.44 2442 4582 7252 4555 75.90 . : o
Xie et al. [5] 25.30 1472 26.63 46.55 31.47 48.43 Strong adversarial results show the “use
Shin et al. [2] 1511 898 1588 27.21 19.99 28.11
our diff. JPEG 1439 7.97 1519 2579 17.53 26.83 RN
Our diff. STE JPEG 15.00 835 1583 2707 1873 28.12 grad.-based optimization

Tab. 1 Backward function results (IFGSM [6] w/ € = 3).
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Our diff. JPEG - Our diff. STE JPEG

Ablations

SSIM 1 PSNR 1
- , ! ™48 ] Configuration grange— 199 110 11-99 199 110 1199
2 'M - ,,..". E - .d".‘ . y
= (0.99 | 44 | A Shin et al. [2] 0.969 0.888 0.979 38.71 31.07 39.66 « |ntroduced arts
2 7 gg | B + diff. QT clipping 0.978 0.966 0979 39.16 3510 39.67 consistently Im-
S R B nn36._ = C + diff. QT floor 0.983 0.971 00985 41.03 3595 41.66
0'981 20 40 60 80 99 1 20 40 60 80 99 D + diff. QT scale floor 0.984 0.971 0.986 41.08 3596 41.72 prove performance
. - SlPECeEn | '(Eou’; o o clipping 0.091 0.987 0.992 42.60 38.28 43.14
Fig. 4 Forward function results for strong compression. '
Fl + STE (our diff. STE JPEG) 0.993 0.993 0.992 43.49 41.14 43.78
Top-1acc | Top-5 acc | Tab. 3 Forward function summary & ablation.
Backw. approach ¢ range — 1-99 1-10  11-99 1-99 1-10 11-99 Top-1 acc | Top-5 acc | : R;)Uﬂri/f::OOrl; ap_
Constant grad. (stand. STE) 2530 21.62 2576 4538 41.37 45.88 Function grange — 199 110 1199 199 110 11-99 P OX! atio IS
Surrogate (ours) 714 414 751 1311 8.89 13.64 crucial for a good
Fourier 39.53 20.16 4195 68.98 40.81 72.50
Tab. 2 Backward STE ablation (IFGSM [6] w/ ¢ = 3). Linear 25.60 2241 2610 46.52 42.84 46.98 backward  perfor-
Polynomial 1439 797 15.19 25.79 17.53 26.83 mance
+ Using STE leads to a better forward performance Sigmold e o33 2ol S0l A e

» Our STE approach outperforms stand. STE (bw. perf.)

Tab. 4 Backward rounding ablation (IFGSM w/ ¢ = 3).

Paper. https://arxiv.org/abs/2309.06978

Project Page: https://christophreich1996.github.io/differentiable_jpeg/
Code: https://github.com/necla-ml/Diff-JPEG
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