AlignVAR: Towards Globally Consistent Visual Autoregression for Image
Super-Resolution

Supplementary Material

This supplementary material provides additional analyses
and results that extend the findings in the main paper.
To clarify the procedural details of our method, §Sec. |
presents the complete training and inference pipelines of
AlignVAR. To assess computational efficiency, §Sec. 2 pro-
vides both theoretical and empirical complexity analyses.
To further verify perceptual quality, §Sec. 3 reports the re-
sults of a user study comparing AlignVAR with several
state-of-the-art baselines. To evaluate real-world robust-
ness, §Sec. 4 includes additional experiments on the chal-
lenging RealLR200 dataset. To better understand the be-
havior of our model, §Sec. 5 visualizes multi-scale attention
maps produced by AlignVAR. To examine the contribution
of each proposed component, §Sec. 6 conducts an ablation
analysis of SCA and HCC using the Edge IoU metric. To
investigate how SCA affects the receptive range, §Sec. 7
compares attention maps with and without SCA. To ana-
lyze the influence of the hyperparameter A, §Sec. 8 stud-
ies its effect on loss convergence and prediction accuracy
across scales. To further showcase visual improvements,
§Sec. 9 presents extended qualitative comparisons. Finally,
§Sec. 10 discusses the limitations of AlignVAR and outlines
possible directions for future work.

1. Training and Inference Procedures

This section provides the procedural details of AlignVAR
during both training and inference. All notations follow
those introduced in the main paper. The overall training
pipeline is summarized in Algorithm 1, and the autoregres-
sive reconstruction process is presented in Algorithm 2.

Training procedure. During training, AlignVAR follows
a scale-wise teacher-forcing strategy, as outlined in Algo-
rithm 1. Given an HR-LR pair, the frozen VAE encoder
[9] extracts the full-resolution latent z € RE*HrxWk
where C' denotes the channel dimension and (H g, W) is
the resolution of the last scale. For each scale k, the corre-
sponding ground-truth latent u§' € {1,...,|V|}x*Wk js
obtained via spatial downsampling and quantization, where
(Hy, W},) denote the height and width of scale &, and |V|
denotes the size of the codebook. The residual token is de-
fined as rét = u’gt — gt_ !, The autoregressive predictor
pp receives the reweighted context 7 ~1 k=1 where the mod-
ulation mask my € RVHexXWe jg produced by the mask
generator My using the structural guidance extracted from
the LR input. The model predicts the categorical distribu-

Algorithm 1 AlignVAR Training

Inputs: HR-LR image pair (Iyg, ILr)
Hyperparams: steps K, resolutions {(Hj, W) }H< |
z=E(Igr); ¢ = Econ(ILr); s = |Laplacian(I1r)|;
ugt = 0’ ugred = 0;
for k: =1,...,K do

uf, = Quant(Down(z Hy, Wy));

k k k-1,

Tap = Ugp — Ugp
end for
fork=1,...,Kdo
Sk —norm(Downk( ));
e = o (Mg ([ g, Sk]));

(T4 mp) ©rs
Predict pg(7 | 7"1 F=1 o)
k k—1

upred = upred + /rpred’

: end for

: Compute Lcg and Lycc;

: Update (6, ¢);

: return trained model parameters;
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tion over the |V'| codebook entries for ry, and the param-
eters of pg and My are jointly optimized using the multi-
scale cross-entropy loss Lcg and the hierarchical consis-
tency loss Lycc applied to the cumulative predictions.

Inference procedure. During inference, the model per-
forms fully autoregressive multi-scale prediction, as de-
tailed in Algorithm 2. The LR input is first encoded into the
conditional latent ¢ € R¢* & xWk and the structural guid-
ance map is computed in the same way as during training.
Starting from ugred = 0, the model sequentially predicts
the residual tokens 7, € {1,..., |V|}HXWk generates the
mask my, computes the reweighted token map 7, and up-
dates the cumulative latent state upred After all scales are
completed, the final latent is mapped through the shared VQ
codebook and decoded by the VAE decoder to produce the
super-resolved output.

2. Complexity Analysis

Theoretical complexity. We analyze the computational
cost of AlignVAR by examining its multi-scale autore-
gressive generation process. Let the latent resolution
sequence be {(h1,w1), (he,ws),...,(hk,wk)}, where
(hk,wy) denotes the height and width of the VQ code map



Algorithm 2 AlignVAR Inference

: Inputs: LR image It r
: Hyperparams: steps K, resolutions {(Hj, W) }H< |
: ¢ =&on(ILr); s = |Laplacian(I1r)
ud 4 =0;
pred ’
fork=1,...,Kdo
5 = norm(Downg(s));
’I:k, = arg maxpg(fk | 7‘~1:k_1, C);
my = o (Mg ([P, 5k])):
Tr = (14+my) O 7r;
ugred = ug;(xli + TAk;
: end for
: fx = lookup(V, ufS, 4);
: Isg = D(fk);
: return reconstructed SR image Isy;

)
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at the k-th autoregressive step, and the final resolution sat-
isfies hxy = h, wg = w. For simplicity, we assume
ng = hy = wy for all scales. Following the progressive-

resolution design [8], we set n; = a®~1 with a constant

a > 1, chosen such that a®—1 = n.

At scale k, the model attends to all accumulated token
maps (r1,72,...,7k), and the total number of tokens is

a 2 a 2(i—1 a?t —1
Yome=Yatn =T (1)
i=1 i=1

Thus, the computational cost of the k-th autoregressive step

is )
a? —1
(=) - @
a® —1
Summing over all steps yields the total generation com-
plexity:

1og,§)+1 (agk B 1)2

= a? —1
_ (a* —1)logn + (az';n4 —2a%n% —2a*(n? — 1) + 24° — 1) loga
- (a? —1)3(a?2 +1)loga

~ O(n%).

3)
Since the final resolution satisfies a®~! = n, the to-

tal complexity is dominated by the last autoregressive step,
yielding an overall complexity of O(n?).

Next, we consider the additional components introduced
by AlignVAR, including the structural-guidance mask gen-
erator M and the residual modulation operation. The mask
map at scale k is denoted by m; € RI*"xX" Comput-
ing my, requires a single forward pass over the feature map,
followed by element-wise modulation, both of which scale
linearly with n7. Since this is asymptotically smaller than

i

2
the autoregressive cost (Zle n2> , the additional mod-
ules do not influence the overall complexity.
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Figure 1. Computational comparison among diffusion-based SR
methods (DiffBIR [4], LDM [7], PASD [17], UPSR [20]), the
VAR-based baseline (VARSR [6]), and our AlignVAR. AlignVAR
achieves high performance with substantially lower complexity
than other models.

In summary, the theoretical generation complexity of
AlignVAR remains O(n*), showing that the proposed
consistency-enhancing modules maintain the same asymp-
totic computational cost.

Empirical comparison. To further evaluate the practi-
cal complexity, we compare AlignVAR with representa-
tive diffusion-based SR methods and the VAR-based base-
line VARSR. We measure inference time, FLOPs, and per-
ceptual quality (CLIP-IQA [10]) under the same hardware
and input configuration. As shown in Fig. 1, AlignVAR
achieves the best accuracy—efficiency balance: it delivers
significantly higher CLIP-IQA than diffusion models while
maintaining much lower FLOPs and substantially faster in-
ference. Compared with VARSR, AlignVAR attains a large
perceptual gain while introducing negligible computational
overhead, consistent with our theoretical analysis. These re-
sults demonstrate that AlignVAR retains the computational
advantages of VAR while notably enhancing global consis-
tency and reconstruction quality.

3. User Study

To evaluate the perceptual quality of the super-resolution
results generated by AlignVAR compared to other meth-
ods, we conducted a user study. We randomly selected
50 images from three different datasets: RealSR [12],
DRealSR [14], and DIV2K-val [1]. These images were then
presented to 20 participants, who were asked to compare
the super-resolution results produced by AlignVAR against
those from several competing models. The models evalu-
ated in the study included VARSR [6], PASD [17], Diff-
BIR [4], UPSR [20], StableSR [11], and LDM [7]. Par-
ticipants were asked to choose which model’s output they
preferred for each image. The results of the user study
are shown in Fig. 2, which highlight the superiority of



Table 1. Comparison with state-of-the-art methods on RealLR200. The best and second-best results are highlighted in bold red and

underline blue, respectively.

Datasets ‘ Metrics ‘ GAN-based . Diffusion-based VAR-based
BSRGAN  Real-ESR  SwinlR | LDM  StableSR  DiffBIR. PASD  UPSR | VARSR AlignVAR
NIQE} 43817 42048 42157 | 42533 42516 4.1715 49330 47606 | 4.4579 4.0617
RealLR200 | MANIQAT 0.5462 0.5582 0.3741 0.3049 0.5841 0.6066  0.5902  0.4206 0.4536 0.6237
CLIPIQAT 0.5679 0.5389 0.5596 | 0.5253 0.6068 0.6797 0.6509  0.6397 0.6144 0.6734
MUSIQ?T 64.87 62.94 63.55 55.19 63.30 68.20 62.06 66.46 62.12 69.36
LDM StableSR DiffBIR VARSR [6], AlignVAR obtains substantial improvements
PSAD UPSR VARSR ours across all metrics, highlighting the effectiveness of the pro-
posed consistency-enhancing mechanisms.
Qualitative results on RealLR200 are presented in Fig. 7.
42.87% GAN-based models introduce unnatural textures or halluci-
nated structures, while diffusion-based methods may pro-
duce inconsistent details under strong degradations. In con-
trast, AlignVAR reconstructs coherent edges, stable tex-
16.34% tures, and visually pleasing details. The improvements are
7.85% evident in object boundaries and repeated patterns, where
spatial and hierarchical consistency play a crucial role.
6.33%

8.03% 10.26%
8.32%

Figure 2. User study results comparing the super-resolution out-
puts of different models.

AlignVAR in producing high-quality reconstructed images
as judged by human evaluators, further validating the effec-
tiveness of the proposed method.

4. Evaluation on the RealLR200 Dataset

To further assess the robustness and real-world applicabil-
ity of AlignVAR, we conduct additional experiments on
the RealLR200 [15] dataset, a challenging collection of
real-world low-resolution images with diverse and complex
degradations. We compare AlignVAR against representa-
tive GAN-based methods (BSRGAN [19], Real-ESR [13],
SwinIR [3]), diffusion-based approaches (LDM [7], Sta-
bleSR [11], DiffBIR [4], PASD [17], UPSR [20]), and the
VAR-based baseline VARSR [6]. Both quantitative and
qualitative comparisons are performed.

Table | summarizes the no-reference quality evaluation
across four widely used perceptual metrics: NIQE [5],
MANIQA [16], CLIP-IQA [10], and MUSIQ [2]. Align-
VAR consistently achieves the best or second-best perfor-
mance among all competing methods. Notably, AlignVAR
surpasses the diffusion-based models, which typically excel
in perceptual realism, demonstrating a superior balance be-
tween fidelity, sharpness, and naturalness. Compared with

5. Attention Map Visualization

To further demonstrate the effectiveness of our method in
expanding the attention range and enhancing the reweight-
ing process, we visualize the attention maps at various
scales. Specifically, we display the attention maps for all
scales except for the first one, as shown in Fig. 3. From
the visualizations, it is evident that our approach does not
limit the attention to the diagonal elements but instead ex-
tends the attention across the entire spatial domain at all
scales. This highlights the ability of our model to effectively
reweight and capture dependencies over larger regions as
the resolution increases. The expansive attention observed
at higher scales is a clear indication that the reweighting
mechanism in AlignVAR facilitates a more global under-
standing of the image structure.

6. Ablation Study on SCA and HCC

We perform an ablation study to assess the individual and
combined impact of SCA and HCC on the performance of
AlignVAR. Specifically, we evaluate the Edge Intersection
over Union (Edge IoU) [18] across different scales, com-
puted between the predicted edge map and the ground-truth
edge map. The edge maps are extracted using the Canny
edge detector, and the IoU is then calculated on the result-
ing binary edge masks to quantify the accuracy of struc-
tural recovery. Fig. 4 presents the results of the ablation
study. The full AlignVAR model, which incorporates both
SCA and HCC, consistently achieves the highest Edge IoU.
As the scale increases, the benefit becomes more apparent,
demonstrating the importance of enforcing multi-scale con-
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Figure 3. Attention maps at different scales. AlignVAR expands
the attention range, capturing dependencies over large areas.

sistency in high-resolution reconstruction. When compar-
ing the variants, removing SCA leads to the most signifi-
cant performance drop. This indicates that SCA plays a pri-
mary role in expanding the spatial attention range and main-
taining spatial consistency, which is essential for recover-
ing fine-grained and structurally aligned edges. Removing
HCC also results in a decline in Edge IoU, though the degra-
dation is less severe. This suggests that HCC mainly con-
tributes to stabilizing cross-scale dependencies, but its in-
fluence on edge localization is comparatively weaker than
that of SCA.

7. Impact of SCA on Attention Range

To assess the influence of the SCA on the attention range,
we conduct an ablation study by comparing the attention
maps with and without the inclusion of SCA. The results
are presented in Fig. 5. Without SCA, the attention maps
at different scales demonstrate a more localized focus, with
attention primarily concentrated along the diagonal. This
suggests that, in the absence of SCA, the model tends to
focus on nearby regions, limiting its ability to capture long-
range dependencies across the spatial domain. In contrast,
when SCA is incorporated, the attention maps exhibit a no-
ticeable expansion. The model begins to attend to a much
broader area beyond the diagonal, with significant atten-
tion given to regions that are further apart. This compari-
son demonstrates that SCA significantly increases the atten-
tion range, allowing the model to better capture both local
and global dependencies, which contributes to the improved
performance of AlignVAR.
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Figure 4. Ablation results of SCA and HCC evaluated using Edge
IoU [18] across different scales. The full AlignVAR achieves
the highest edge alignment quality at all scales. Removing SCA
results in the largest degradation, demonstrating its key role in
maintaining spatial consistency and recovering fine-grained edges.
HCC provides complementary improvements by enhancing hierar-
chical consistency, but its influence is comparatively weaker.
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Figure 5. Impact of Spatial Consistency Autoregression (SCA) on
attention maps. The attention range is significantly broader when
SCA is applied.

8. Effect of Hyperparameter

We investigate the effect of the hyperparameter A on the
model’s performance. Specifically, we analyze the impact
of four different values of \: 0.5, 1.0, 1.5, and 2.0, on the
loss and accuracy across different scales. The results are
shown in Fig. 6. As observed, when A is small (e.g., 0.5),
the model converges faster, but the token prediction accu-
racy is lower, particularly for the middle scales such as 6 x 6
and 9 x 9. In contrast, when X is set to 1.0, the model
achieves the highest accuracy, with a more fast convergence.
As X increases further (1.5 and 2.0), the loss converges more
slowly, and the accuracy starts to decrease, suggesting that
higher values of A may hinder the model’s ability to reach
optimal performance for these scales. In summary, the value
of )\ plays a crucial role in balancing convergence speed and
accuracy. A A value of 1.0 provides the best trade-off be-
tween fast convergence and high accuracy.
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Figure 6. Effect of the hyperparameter A on training dynamics. We compare four values of A (0.5, 1.0, 1.5, 2.0) in terms of loss and
token prediction accuracy across different scales. A smaller A leads to faster convergence but lower accuracy, particularly at the middle
scales (e.g., 6 X 6 and 9 x 9), while A = 1.0 achieves the best overall accuracy with stable convergence. Larger \ values slow down loss
convergence and degrade accuracy, indicating that excessively large consistency constraints hinder optimal learning.

9. Additional Visual Results

In this section, we present additional visual results to
demonstrate the effectiveness of AlignVAR across various
images. The results in Fig. 8 and Fig. 9 highlight the
recovery of fine details in different scenes, with compar-
isons between AlignVAR and other state-of-the-art mod-

els, including GAN-based models (Real-ESRGAN [13],
BSRGAN [19]) and diffusion-based models (PASD [17],
UPSR [20]).

In Fig. 8, AlignVAR performs notably better in recover-
ing intricate details such as the beak of the penguin, archi-
tectural structures. GAN-based models like BSRGAN, in
contrast, tend to generate overly smooth results, losing fine
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Figure 7. Comparison with state-of-the-art methods on the RealLR200 dataset. The large image on the left is the output of AlignVAR,
while the small patches on the right show enlarged crops from the LR input and competing models.



Real-ESRGAN BSRGAN

DIV2K-0801

Real-ESRGAN

DIV2K-0836 UPSR VARSR AlignVAR

Figure 8. Additional qualitative comparisons. The large image on the left shows the output of AlignVAR, while the small patches on the
right present enlarged crops from the LR input and competing methods.
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Figure 9. Additional qualitative comparisons. The large image on the left shows the output of AlignVAR, while the small patches on the
right present enlarged crops from the LR input and competing methods.



details, especially in intricate structures like the penguin’s
beak or the architectural details. Diffusion models such as
PASD also struggle with fine texture recovery, often result-
ing in overly blurred outputs, especially in high-frequency
areas. However, compared to the HR image, some gaps
remain, especially in areas with complex texture. This is
likely due to the difficulty in recovering fine details, such
as small textures in challenging low-resolution inputs. In
Fig. 9, AlignVAR excels in recovering sketch-like images
and animal details, such as the eye and fur texture of the
animal. The eyes are restored with sharpness, natural shine,
and detailed textures that are closer to the ground truth com-
pared to other methods. GAN models like BSRGAN tend
to oversmooth such textures, leading to unnatural results,
while diffusion models again introduce unnecessary blur-
ring, especially in small, detailed areas like the eyes or fur.

10. Limitation

While AlignVAR achieves strong performance across a
wide range of benchmarks, several limitations remain. First,
the recovery of middle scales proves to be particularly chal-
lenging, as shown in our hyperparameter analysis 8. These
intermediate resolutions more sensitive to hyperparameter
choices such as A. In future work, we plan to explore dy-
namically adjustable consistency constraints that adapt to
the difficulty of each scale. Second, although AlignVAR
improves the spatial and hierarchical consistency of autore-
gressive prediction, its computation is still dominated by
the final high-resolution scale, inheriting the O(n?) com-
plexity of VAR-based models. This may limit scalability
to extremely high-resolution image generation. Finally, our
method relies on the quality of VQ tokenization. When the
codebook fails to accurately represent rare textures or sub-
tle structures, even consistent autoregression cannot fully
recover the missing details. Incorporating stronger gener-
ative priors or adaptive codebook refinement may further
enhance robustness to challenging degradations.
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