
Bicubic IRN [55]4× HCFlow [36]4× Ours Ours-full
4× & JPEG q=96 & JPEG q=90 4× 4×

bpp↓ /PSNR↑ 0.510 / 26.67 0.468 / 17.47 0.430 / 27.99 0.446 / 27.90

Figure 4. Downscaled LR thumbnails by different methods on
Set14 image comic. With a similar target bpp, our model intro-
duces least artifacts in the thumbnail in comparison to baselines.

HR images. Besides, we retrain INN baselines [36, 55] and
encoder-decoder baselines [26] with a differentiable JPEG
module [46]. To compare our RD performance against
baselines, we constrain their bpp on Kodak dataset to be
around 0.3 by adjusting the quality factor of JPEG com-
pression in all baselines. In our supplement, we provide
an additional comparison with image compression (e.g., the
original JPEG) and rescaling baselines using their original
transmission format (e.g., lossless PNG), where our advan-
tage is even larger.
Upscaling efficiency and HR fidelity Table 2 presents the
upscaling efficiency of all methods and reconstruction fi-
delity at around 0.3 bpp. We measure the running time and
GMacs of upscaling a 960 × 540 resolution LR image to a
3840 × 2160 HR image on an Nvidia RTX 3090 GPU. We
use PyTorch implementation with 16 bits floating-point pre-
cision for a fair comparison. As shown in Table 2, “Ours”
model only costs 3.1% of the GMacs and 3.7% of upscal-
ing time compared to HCFlow [36]. We still improve the
reconstructed RGB PSNR by 0.61 dB on BSD100 test set
with a significantly lower computation.

In addition, we train the “Ours-full” model with a larger
decoder. “Ours-full” model achieves higher PSNR that out-
performs HCFlow [36] and IRN [55] for more than 1.16 dB
on Urban100 test set with only 24.2% of upscaling time.
Fig. 3 provides the visual comparison of restored images.
From left to right, we show perceptual differences from
ground truth, 4× rescaling results of the baselines [36, 55]
with JPEG, and our framework. For the first row, our mod-
els restore more textures of the glass and the pot lid. Simi-
larly, among all reconstructions in the second row, only our
model can recover the details on hair and earmuffs. Besides,
the JPEG compression breaks the invertibility of the INN-
based rescaling methods [36,55], they failed to restore sharp
and accurate high-frequency textures in the HR images.
LR qualitative evaluation The visual quality of the LR
thumbnails is also important because users preview them

Method LR thumbnail PSNR↑
Down & Degradation Kodak Set5 Set14 BSD100 Urb100 DIV2K FiveK-6k

Bicubic & JPEG 37.72 34.41 35.79 37.43 36.64 37.14 35.14
IRN [55] & JPEG 30.95 30.00 27.23 26.91 25.72 29.54 31.25
ComCNN & RecCNN [26] 28.00 26.76 26.47 27.47 25.57 28.15 28.99
HCFlow [36] & JPEG 19.88 20.08 19.42 19.65 18.96 20.52 20.31

Ours-full 33.21 31.86 31.76 32.44 31.01 33.32 33.99
Ours 33.55 31.96 31.93 32.90 31.16 33.62 34.24

Table 3. Quantitative evaluation of the 4� downsampled LR
thumbnails by different methods. The target bitrate is around 0.3
bpp on Kodak [1] for all methods, and we take Bicubic LR as the
ground truth. Our thumbnail preserves visual contents better.
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Figure 5. Model runtime. We profile the 4� encoder and decoder
at different target resolution in half-precision mode. Especially,
we convert our decoder from PyTorch to TensorRT for further in-
ference time reduction.

directly. Table 3 presents the average LR PSNR of cor-
responding models, we have the best LR PSNR against
INN-based methods. In Fig. 4, we qualitatively compare
the visual quality of the thumbnails encoded by rescaling
methods. Our method generates LR thumbnails with sig-
nificantly fewer artifacts without compromising much HR
reconstruction quality, please see more analysis in Sec. 5.

4.3. Real-time Inference on 6K Images

Fig. 5 shows our evaluation of the downscaling and
upscaling runtime of our framework at multiple resolu-
tions. Noted that we conduct the profiling in half-precision
(FP16) mode. Besides, we also converted the trained de-
coder model from PyTorch to FP16 TensorRT model with
torch2trt [2] API to further reduce the upscaling time with-
out performance drop in HR reconstruction. As shown in
Fig. 5(b), our efficient decoder can upscale an LR thumb-
nail by 4× in real time at 4K (3840 × 2160) 70.8 FPS,
5K (5120× 2880) 38.8 FPS, or 6K (5760× 3240) 31.2 FPS
on an RTX 3090 GPU.

4.4. Extension for Optimization-based Rescaling

Since the ground truth HR images are available for
downscaling during the test stage, we may further optimize
our encoder E, QPM, and Entropy model, while fixing the
pretrained decoder D and feature extractor f on the user’s
device. As shown in the Table 4, optimization-based rescal-
ing improves the restoration PSNR 0.22dB with a lower bi-
trate on Set14 dataset.



kodim04 / kodim09 (a) Ours with Fixed JPEG tables, q=85 (b) Ours with Optimized tables (c) Ours with QPM kodim04 (d) Ours with QPM kodim09

bpp↓ / LR↑ / HR↑: kodim09 0.263 / 26.91 / 30.54 0.289 / 29.10 / 30.93 - 0.246 / 31.03 / 34.34

bpp↓ / LR↑ / HR↑: kodim04 0.251 / 26.96 / 31.35 0.276 / 29.17 / 31.71 0.240 / 34.38 / 32.03 -
Figure 6. Quantization tables on Kodak [1] images. We visualize the quantization table QL (the green table) and QC (the orange table)
for kodim04 and kodim09 of different quantization approaches. The model trained with QPM achieves the best RD performance from every
aspect. For more analysis, please refer to Sec. 5 in our paper.

Method Optimization bpp↓ / HR PSNR↑
Architecture iteration Kodak Set5 Set14

Ours 0 0.301 / 29.42 0.379 / 30.23 0.359 / 27.74
100 0.307 / 29.55 0.377 / 30.36 0.347 / 27.96

Table 4. Quantitative evaluation for optimization-based rescaling.

5. Ablation Study

In this section, we study the effectiveness of our pro-
posed Quantization Prediction Module, designed training
loss and architectures on “Ours” model.

Quantization prediction module To examine the effec-
tiveness of our QPM, in Fig. 7, we quantitatively evalu-
ate the RD performance on both the restored HR and the
LR JPEG thumbnails of different quantization approaches.
For “fixed tables” and “optimized tables”, we initialize the
quantization tables following the default JPEG. Particularly,
for “optimized tables,” we also optimize the quantization ta-
bles at the training stage. We illustrate the curve for each
model by adjusting the global quality factor q on the quan-
tization tables Q following JPEG as Q′ = Q × q. The
target bitrate goes lower when q increases. In Fig. 6, we
also visualize the quantization tables of different settings.
We notice that compared to the corresponding value in the
fixed or optimized table, the high-frequency quantization
steps in the QPM predicted tables are much smaller and
are image-specific, which may introduce less compression
on the embedding pattern that is important for HR recon-
struction. Consequently, compared to settings with image-
invariant quantization, “Ours” model achieves the best qual-
ity on the reconstructed x̂ and introduces significantly fewer
artifacts on the LR thumbnail ŷ, which also lowers the file-
size of the thumbnails. To further investigate the effective-
ness of QPM, we also leverage QPM to improve the RD per-
formance of standard JPEG (without the downscaling and
upscaling). Please refer to our supplement for more details.

Guidance loss In Fig. 7, we also present the RD curve of
the “Ours w/o guidance loss” model trained with λ1 = 0.
At around 0.4 bpp, removing guidance loss raises the HR

(a) RD curve of restored HR image (b) RD curve of LR thumbnail

27.4

27.8

28.2

28.6

29.0

29.4

29.8

30.2

30.6

31.0

0.2 0.3 0.4 0.5 0.6
H

R
 P

SN
R

 (R
G

B
)

bpp

Ours w/o guidance loss
Ours
Optimized table
Fixed table

13

15

17

19
21

23

25

27
29

31

33

35

0.2 0.3 0.4 0.5 0.6

LR
 P

SN
R

 (R
G

B
)

bpp

Ours
Optimized table
Fixed table
Ours w/o guidance loss

Figure 7. QPM versus image-invariant quantization. We first
train our models with QPM, with a fixed JPEG table or with an op-
timized table, respectively. Then, we evaluate the at different tar-
get bitrate on Kodak [1] dataset. (a) the RD curve on reconstructed
HR image x̂ and input x; (b) the RD curve on LR thumbnail ŷ and
the Bicubic downsampled LR yref .

PSNR by 0.09dB. However, the PSNR of LR thumbnail
drops significantly from 34.1 dB to 13.06 dB. It is unac-
ceptable for user-viewable thumbnails.

Encoder decoder architecture As we study some variants
of “Ours” model, we find that f improves the quality of both
encoded LR thumbnail (0.29 dB) and restored HR image
(0.10 dB). Also, adopting f is more effective than simply
increasing the decoder capacity. Moreover, our study of the
encoder capacity reveals that our framework does benefit
from a larger encoder. More details are in our supplement.

6. Conclusion

In this paper, we propose a new HyperThumbnail frame-
work that can perform real-time 6K image reconstruction
from an LR JPEG thumbnail. We utilize an asymmet-
ric encoder-decoder architecture where the encoder takes
most of the computation while the decoder is relatively
lightweight for real-time performance. A new quantization
prediction module is proposed to optimize the RD perfor-
mance for image rescaling, which is not studied in prior
work. Our framework benefits image sharing and transfer
in real-world latency-sensitive applications, such as cloud
photo storage and retrieval.



References
[1] Kodak lossless true color image suite. http://r0k.us/

graphics/kodak/. Accessed: 2022-03-01. 6, 7, 8
[2] torch2trt. https://github.com/NVIDIA-AI-IOT/

torch2trt. Accessed: 2022-09-19. 7
[3] Usage statistics of JPEG for websites. https :

//w3techs.com/technologies/details/im-
jpeg. Accessed: 2022-03-01. 2, 3

[4] Eirikur Agustsson and Radu Timofte. NTIRE 2017 chal-
lenge on single image super-resolution: Dataset and study.
In Proceedings of CVPR Workshops, 2017. 6

[5] Eirikur Agustsson, Michael Tschannen, Fabian Mentzer,
Radu Timofte, and Luc Van Gool. Generative adversarial
networks for extreme learned image compression. In Pro-
ceedings of ICCV, 2019. 3
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