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A SUPPLEMENTARY EXPERIMENTS

A.1 ATTENTION SPECIALIZATION ROUTINE

The attention specialization routine (ASR) is the core of our method. We further compare it with
single-pattern attention baselines (global, intra-frame, and window) on UDM10 (Tao et al.| [2017),
SPMCS (Yi et al) 2019), and Real VSR (Yang et al., 2021)) datasets. All models are trained with
stage 2 only. For ASR, we set p to 0.4. As shown in Tab. [I, ASR consistently achieves the best
results across almost all metrics. On synthetic datasets UDM10 and SPMCS, it surpasses all base-
lines in PSNR, LPIPS (Zhang et al., 2018)), DOVER (Wu et al.|[2023), and E;‘,‘Jm,p (Lai et al.,|2018)),
showing clear advantages in both fidelity and temporal consistency. On the challenging RealVSR
dataset, ASR maintains the best DOVER and E7 ., scores while keeping perceptual quality com-

petitive. Overall, these results highlight that combining global and localized heads through ASR
yields stronger performance than relying on any single attention pattern.

Tyoe UDMI0
P PSNRT LPIPS| DOVER} E*

warpt

Global 25.13  0.2651 0.7845 2.20 2236 0.2790 0.7337 1.34 20.64  0.2014 0.7492 3.39

SPMCS Real VSR
PSNRT LPIPS| DOVERT Ej .. | ‘ PSNRT LPIPS| DOVER?T Ej

Darp arp

Intra-Frame | 2447  0.2840 0.7614 2.80 21.97  0.2825 0.7218 1.70 20.14  0.2309 0.7371 3.76
Window 24.69  0.3008 0.7828 221 22.00  0.2974 0.7280 1.31 20.27  0.2297 0.7460 4.16
ASR (ours) 25.53  0.2513 0.7914 1.82 22,62 0.2727 0.7440 1.08 20.89  0.2045 0.7587 2.66

Table 1: Additional results of attention specialization routine. The best results are colored with red.
All models are trained on the HQ-VSR (Chen et al.| 2025)) dataset.

A.2 GLOBAL-HEAD RATIO

We provide additional results to further examine the performance of OASIS under different global-
head ratios p. As shown in Fig. [I} the curves of PSNR and Ej,,,,, exhibit similar trends across
both the synthetic dataset (e.g., UDM10) and the real-world dataset (e.g., RealVSR). In most of the
settings, the results obtained with ASR surpass those of the baseline that employs global attention
only, indicating clear benefits from introducing localized specialization. Moreover, the consistency
of the trends across datasets demonstrates that the effect of p is stable, and the model retains strong
performance under a wide range of settings. These observations highlight the robustness of our ASR

design and its ability to effectively balance global and localized patterns.
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Figure 1: Additional results on the impact of the global-head ratio p on PSNR and E Global

warp*
Attn refers to the baseline using the global attention only.
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A.3 PROGRESSIVE TRAINING STRATEGY

In this section, we present additional evaluations of our progressive training strategy on three rep-
resentative datasets: UDM10, SPMCS, and RealVSR. We include two standard training settings,
where the model is trained for 30,000 iterations using either only stage 1 degradations (S1) or only
stage 2 degradations (S2). In contrast, our progressive scheme (S14S2) splits the training into two
phases of 15,000 iterations each, beginning with temporally consistent degradations in stage 1 and
then introducing temporally inconsistent degradations in stage 2. This design allows the model to
gradually adapt from easier to more challenging degradations, leading to more effective learning.

As reported in Tab. 2] the progressive strategy consistently surpasses both S1 and S2 across all
datasets and evaluation metrics. In particular, it delivers higher pixel fidelity measured by PSNR,
better perceptual quality reflected in LPIPS and DOVER, and stronger temporal consistency indi-
cated by lower Ey, ... These results confirm that progressive training provides a more balanced and
powerful optimization scheme, yielding clear advantages over standard single-stage training.

— UDMI10 SPMCS Real VSR

M PSNRt LPIPS| DOVERT Ej,.l | PSNRT LPIPS| DOVER} Ej,. | PSNRT LPIPS| DOVERT Ej,.|
S1 24890 02544  0.7736 249 | 2234 02845  0.7279 149 | 2046 02151 07360  3.63
S2 2513 02651  0.7845 220 | 2236 02790  0.7337 134 | 2064 02014  0.7492 3.39
S1+S2 (ours) | 25.49 02485  0.7959 203 | 2252 02726 0.7433 112 | 2089 0.1938  0.7527 3.11

Table 2: Additional results of progressive training. The best results are colored with red. All models
are trained on the HQ-VSR dataset.

B ADDITIONAL METHOD DETAILS

B.1 ATTENTION PATTERN PROPORTIONS UNDER DIFFERENT GLOBAL-HEAD RATIOS

Figure 2| reports the proportions of global,
intra-frame, and window attention patterns
under different target global-head ratios o8
p. As p increases, the fraction of global e "

heads rises accordingly, while both intra-
frame and window heads decrease. When 040 22

p=0.4, the proportions of global and win- 022 02002 M a2t

dow heads become roughly comparable, 22 o2
and this setting corresponds to the model’s Y 20 ™ Py 5o
best performance. Notably, both window Global-Head Ratio (p)

and intra-frame patterns are consistently
present across all settings, showing that
the model maintains diverse localized spe-
cializations. At the same time, window attention is more frequent, with its number being 1.7-3.5x
larger than intra-frame, reflecting a stronger tendency toward spatio-temporal localized patterns.
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Figure 2: Proportions of global, intra-frame, and win-
dow attention under different global-head ratios p.

B.2 ADDITIONAL VISUALIZATIONS OF ATTENTION HEATMAPS

To further illustrate the redundancy of relying solely on global attention in the DiT, we provide
additional visualizations of head attention maps from multiple layers, as shown in Fig.|3] Across
different layers, we observe a clear diversity of specialization patterns: a substantial number of
heads consistently exhibit localized behaviors, either concentrating within intra-frame regions or
focusing on compact spatio-temporal neighborhoods, while other heads retain broad global recep-
tive fields. This mixture of localized and global patterns recurs throughout the network, suggesting
that the attention heads do not all serve the same role but instead divide into complementary func-
tions. Importantly, the coexistence of these distinct behaviors across layers indicates that treating all
heads as global introduces redundancy, since many of them naturally specialize in more constrained
contexts. These visualizations highlight the intrinsic specialization tendencies of DiTs and further
motivate our strategy of explicitly assigning heads to distinct attention patterns.
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(c) Attention heatmap visualizations of Layer 12
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(d) Attention heatmap visualizations of Layer 25

Figure 3: Illustrations of head-level specializations. Each heatmap shows the mean attention map
computed over 50 videos from the training set, revealing global, intra-frame, and window patterns.
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B.3 PSEUDOCODE FOR OASIS TRAINING AND INFERENCE

This section provides the pseudocode for OASIS, covering both training and inference stages, which
are provided in Algorithm[I]and Algorithm 2] respectively.

Algorithm 1 OASIS Progressive Training

1: Input: Training set S, DiT DNy, VAE decoder Dy, iterations {T1,T5}, learning rate 7
2: Output: Finetuned DiT DNy
3: for stage s = 1,2 do

4 for iterationt = 1,...,7T, do

5: Sample HQ video Vi ~ &

6: if s = 1 then

7: Apply temporally consistent degradations to Vg to obtain Vi

8: else

9: Apply temporally inconsistent degradations to V to obtain V|,
10: ZL = UnShufHe(VL); 7z, = WprojiL + bproj
11: zy = UnShuffle(Vu); 2zu = WipjZu + bproj

12: QH =Zy, — UTLDNQ(ZL, TL); VH = Dqg(iH)

13: Compute losses:

14: Liaient = HZH —zy|3: Lo = |V — Vall3 + Lipwes(Vi, Vi)
15: o™i OPi = RAFT(Vy)

16: Lyap = 32, || Warp(Vi, 0) — Vi1 + || Warp(Vi;, O™) — Vit
17: L = Liaent + ﬁper + Awa:pcwarp

18: Update 6 < 0 — nVyL

19: return DN

Algorithm 2 OASIS Inference with Attention Specialization Routing (ASR)

1: Input: LQ video V., DiT DNy, VAE decoder D, assignment map A (head — {global, intra-
frame, window }), timestep 71, window sizes (P;, Py, P,,)

2: Qutput: Reconstructed HQ video Vi

3: Preprocess: z;, < UnShuffle(Vi); 2zp < Wiz + byproj

4: Obtain per-head queries/keys/values (q, k, v) from zp, via linear projections

5: for each attention layer £ in DNy do

6

7

8

for each head h in layer ¢ do
Routing via A(h) for a query at position (¢, h, w):
if A(h) = global then

9: Sp—{{,n,w"): t'e1,T), Ve [l,H,w e[1,W]}

10: if A(h) = intra-frame then

11: Sp < {(t, M, w'): Mel[l,H|,w e [1,W]}

12: else > A(h) = window
13: Sp < {{, W) |t —t|<P/2, W —h|<P,/2, | —w| < P,/2}

14: Gather K;, < {kt’,h’,w/ : (t/, h/, w’) GSh}; V,, « {Vt/,h’,w’ : (t/, h’,w’) GSh}
15: Attend to (Kj,, V},) with query q; p,., to produce head output o™

16: Concatenate {0}, and continue the layer’s feed-forward

17: One-step latent reconstruction: zy < z, — o, DNy(z,T1)
18: Decode to pixel space: Vi < Dy (Zn)
19: return Vy

C ADDITIONAL QUALITY COMPARISONS

C.1 TEMPORAL CONSISTENCY

We provide additional temporal profile visualizations in Fig.[d] Compared with competing methods,
which still exhibit noticeable gaps from the ground truth, our approach achieves smoother frame-to-
frame transitions and better preserves fine details, highlighting its stronger temporal consistency.
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Figure 4: Additional comparisons of temporal consistency (stacking the red line across frames).

C.2 VIDSUAL COMPARISON

We provide visual comparisons on both synthetic and real-world datasets in Figs.[5]and [f] Across
multiple frames, OASIS restores sharper details and more stable structures than competing methods.
Moreover, patch-level results in Figs. |Z| and E] demonstrate its effectiveness across diverse scenes,
where fine textures, subtle edges, and structural details are faithfully recovered.

SeedVR STAR Bicubic GT

SeedVR2

OASIS (ours)

Figure 5: Comparison across multiple frames (UDM10

2017): 003).
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Figure 6: Comparison across multiple frames (MVSR4x (Wang et al., 2023): 065).

D LIMITATIONS AND BROADER IMPACTS

Limitations. Our method primarily reduces redundancy within the diffusion transformer, leading to
notable improvements in both performance and efficiency. However, the VAE decoder remains an
important bottleneck, as its potential redundancy may introduce computational overhead and affect
reconstruction fidelity, particularly for fine temporal and spatial details. Exploring how to further
reduce redundancy in the VAE decoder will be an important direction for future work.

Broader Impacts. Most existing approaches adapt diffusion models to video super-resolution by
incorporating additional modules, which inevitably increase both model complexity and runtime
overhead. In contrast, our work takes a redundancy-reduction perspective, which mitigates redun-
dant computation so that the model not only runs more efficiently but also focuses on learning mean-
ingful information rather than filtering out noise. This provides a novel and promising direction for
adapting diffusion models to VSR, combining efficiency with stronger task-specific performance.
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Figure 7: Additional visual comparisons for x4 VSR. OASIS yields clean and sharp reconstructions
while faithfully preserving contours, edges, and fine-scale surface patterns.
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Figure 8: Additional visual comparisons on synthetic and real-world datasets for x4 VSR. OASIS
yields clean reconstructions while preserving contours and fine-scale surface patterns.
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