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Background

» Super resolution with diffusion needs semantic guidance

DIT4SR




Background

« SR with diffusion

« Add LR as condition

« SD-upsampler with additional
LR channel added directly
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Background

« StableSR
« |JCV 2024
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Background

- DIffBIR
« ECCV 2024
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Background

« SUPIR
« CVPR 2024

The image features a close-up of a white
and gray cat sitting on a wooden

&
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Figure 2. This figure briefly shows the workflow of the proposed SUPIR model.
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« SUPIR
« CVPR 2024

(a) Overall Architecture Design
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* SUPIR
« CVPR 2204

LR result
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* SUPIR
« CVPR 2204
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Background

« CVPR 2204

* SUPIR
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Background
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Background

Zoomed LR

 SeeSR
« CVPR 2024

Classification-style prompt
from LR
‘propwontory’

Classification-style prompt
from HR
‘propronttiory’

Caption-style prompt
from LR
‘a bird flyingover a body
ofi watér’
A

~

Caption-style prompt
from HR
‘a boat (strnthe water
near a small island’

cruise ship} coast, hill, sea,

Tag-style prompt
from LR
‘airplane;boat, island,
wountain, ocgan, rock,
Wwater’ A

(d)

Tag-style prompt
from HR
‘boat, buitding, cliff,

rocky-istand’ e

(h)
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* SeeSR
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« RAGSR
« arXiv 2025

Tag
: Global Caption Regional Caption
clt:':g Fine-tuned
CoaS'IY Qwen2.5 The image depicts a A seagull in flight, wings ...
£l LLMDet -VL serene coastal scene
Y  —— with a bird in flight = A bird soars gracefully ...
gull sea over calm waters, set
shoreline against a backdrop of = | A serene coastal scene ...
sky lush green hills and a
artly cloudy sky. -
water partly y sky A small, dark, irregularly ...

(a) The pipeline of global caption and regional caption extract.
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MMSR

« The Power of Context
« CVPR 2025

Inputs Outputs Reference

/ 'y,

A close-up of a
male with
a dark mane,
light tan face,

and pink tongue

sticking out ...

LR (Zoomed) Caption

Depth Segmentation Edge PASD (Zoomed) SeeSR (Zoomed) MMSR (Zoomed) HR (Zoomed)
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MMSR

« Language models struggle to accurately represent spatial
iInformation

[ "write a caption for ] A photograph of EISHIBE Q SR Diffusion
| thisimage..." EREESE siicing on a sandy > Transformer —»
beach wil a guitar. [KIBISEK vV K e
[ more !nput
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 Problem

« Spatial Ambiguity: Text-based approaches struggle to accurately

represent spatial relationships and details.

 Hallucinations: Generative models can introduce false details that

weren't present in the original image.

 Limited Controllability: Users have minimal control over the super-

resolution process.



* Guidance types
» Text captions: Provide semantic understanding of the image content

« Depth maps: Offer spatial information about object positioning and

scene geometry

« Semantic segmentation: Supply object boundaries and class

information

« Edge maps: Provide structural information about object contours



MMSR

 Framework
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MMSR

* Discrete tokens for encoding each modality rather than

continuous features
e r-"-:".’ o .".‘o . " ), u
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Figure 4. Using discrete multimodal tokens leads to superior recon-
struction of modalities compared to continuous tokens.
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* By scaling the temperature during sampling, achieve

precise control over the super-resolution process

K*
Attention(Q, K, V) = softmax (Q 5 ) V.



MMSR

« Comparison Result

Inputs Outputs

Caption PASD (Zoomed) SeeSR (Zoomed) SUPIR (Zoomed) MMSR (Zoomed)

Depth Edge Patch 2 PASD (Zoomed) SeeSR (Zoomed) SUPIR (Zoome) MMSR (Zoomed) -

The image shows

the words "CIPAL
PARK” prominently
displayed on a metal

structure. Below
the main sign are

several smaller screens
displaying baseball ...
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MMSR

Inputs Outputs Reference

Two skyscrapers
converge towards
the center, creating
a symmetrical
composition.
Perspective is from
ground level ...

Caption

1T

LR (Zoomed) Segmentation

PASD (Zoomed) » SeeSR (Zoomed) MMSR (Zoomed)

A person wearing a
blue hooded jacket
and white pants
carries a white
surfboard down a
grassy hill towards a
dark sandy beach ...

Caption PASD




DIV2K-Val-3k 512 x 512

Methods ~ PSNR SSIM LPIPS | DISTS | NIQE | FID | MUSIQ CLIPIQA

MMSR BSRGAN  21.87 0.5539 04136 02737 47615 6428 59.11 0.5183

R-ESRGAN 21.94 0.5736 0.3868 0.2601 4.9209 5346 58.64 0.5424

LDL 21.52 0.5690 0.3995 0.2688 5.0249 5894 57.90 0.5313
. DASR 21.72 0.5536 04266 02688 4.8596 67.22 54.22  0.5241

° Compa rison Result FeMASR  20.85 0.5163 0.3973 0.2428 4.5726 53.70 58.10  0.5597
LDM 21.26 0.5239 0.4154 02500 6.4667 41.93 56.52  0.5695

StableSR 20.84 0.4887 0.4055 0.2542 4.6551 36.57 6295 0.6486
ResShift 21.75 0.5422 04284 0.2606 6.9731 55.77 5823  0.5948

PASD 20.77 0.4958 0.4410 0.2538 4.8328 40.77 66.85 0.6799
DiffBIR 20.94 0.4938 0.4270 0.2471 47211 4042 65.23 0.6664
SeeSR 21.19 0.5386 0.3843 0.2257 49275 3193 68.33 0.6946

MMSR 21.74 0.5693 0.3707 0.2071 4.2532 29.35 70.06 0.7164

DIV2K-Val-100 1024 x 1024

Methods PSNR SSIM LPIPS | DISTS | NIQE | MANIQA MUSIQ CLIPIQA

R-ESRGAN 21.77 0.5813 0.3624 0.1990 3.6573 04046 47.54 0.5358
StableSR 20.07 0.3947 05097 0.2427 3.6260 04113 6539 0.6938

PASD 21.27 05369 03473 0.1753 3.6321 04708 69.69 0.6914
SUPIR 20.65 05350 0.3849 0.1814 3.6458 04051 65.88 0.5697
SeeSR 21.31 05578 0.3273 0.1620 4.0215 0.5439 69.79 0.6941

MMSR 21.87 05565 0.2810 0.1492 3.4243 04885 7231 0.7294




MMSR RealSR 512 x 512

Methods ~ PSNR SSIM LPIPS | LIQE NIMA MANIQA MUSIQ CLIPIQA

R-ESRGAN 25.69 0.7616 0.2727 3.3574 4.6548 0.5487 60.18  0.4449

: StableSR 2470 0.7085 0.3018 3.6106 4.8150 0.6221 65.78 0.6178
« Comparison Result

PASD 2429 0.6630 0.3435 3.5749 48554 0.6493 68.69 0.6590
SUPIR 22.97 0.6298 0.3750 3.5682 45757 0.5745 6149 0.6434
SeeSR 25.18 0.7216 0.3009 4.1360 4.9193 0.6442 69.77 0.6612

MMSR 24.83 0.7003 0.2952 4.3468 5.1094 0.6578 71.33 0.6717

DrealSR 512 x 512

Methods ~ PSNR SSIM LPIPS | LIQE NIMA MANIQA MUSIQ CLIPIQA

R-ESRGAN 28.64 0.8053 0.2847 29255 4.3258 04907 54.18 0.4422
StableSR 26.71 0.7224 0.3284 3.2425 44861 0.5594 58.51 0.6357

PASD 27.00 0.7084 0.3931 3.5908 4.6618 0.5850 64.81 0.6773
SUPIR 2461 0.6123 04294 34710 43815 0.5381 57.32 0.6758
SeeSR 26.75 0.7405 0.3174 4.1270 4.6942 0.6052  65.09 0.6908

MMSR 27.28 0.7456 0.3249 4.5023 5.0558 0.6301 68.93 0.6999
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MMSR

« Ablation study

MUSIQ NIQE | DISTS | LPIPS | Throughput
w/o. MMLC 69.69 3.4845 0.1781 0.3929 3.48 img/s
w. MMLC 72.31 3.4243 0.1492 0.2810 3.32 img/s
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guidance 2 10 [ guidance 2 10 14

MMSR ofe 03239 04491 0.5064 ofe  3.577 4.6179 5.1886

mg-cfe  0.2815 0.4803 0.5493 mg-cfe  3.6261 5.1081 5.9175
. m-cfe  0.2810 0.3471 0.3772 m-cfe 34679 3.7419 3.9815
 Ablation stud
y (a) LPIPS score (b) NIQE score

vegetation road
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MMSR

« Ablation study

LR Input

w/o. MMLC Result

w. MMLC Result
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MMSR

« Ablation study

All Modal 72.3F
Text+Edg -
Text+Seg 71.81
Text+Dep 72.33

Text -

LR-only 70.29 | N
0.14 0.15 0.16 0.17 0.18 68 69 70 71 72 73

(a) DISTS score (< is better) (b) MUSIQ score(— is better)
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MMSR

(a). Results of PASD (b). Results of MMSR under different modality-specific controls

>
Edge effect ++

w. edge prompt
LR + edge input

~ Segment effect — —

w. flag prompt
e 0 _

LR + segment input

w. bokeh prompt
LR + depth input




A novel diffusion-based framework seamlessly integrates

diverse modalities

» a learnable multimodal token and modality-specific
contribution controls provide fine-grained control over the

SR process



Thanks for your listening!
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