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Fig. 1: Qualitative comparison on SAR ISR (x4) results on small objects.
Our ProSR restores a structural integrity of tiny targets (red boxes), whereas existing
diffusion methods suffer from distortion or blurring. (Zoom in for better view.)

Abstract. High-resolution Synthetic Aperture Radar (SAR) imagery
is critical for precision analysis such as automatic target recognition,
yet its acquisition is costly. Although generative image super-resolution
(ISR) models offer a promising alternative, current smooth-approximation-
based diffusion frameworks often struggle to preserve the coherent scat-
tering statistics, causing stochastic structural distortions that are less
consistent with real SAR physics. To address this, we propose Semantic-
Prototype-Guided Super-Resolution (ProSR), reformulating SAR ISR as
a semantically-guided discrete token prediction task within a quantized
latent space. By mapping signal features to discrete scattering primitives,
ProSR preserves the impulsive nature of SAR without over-smoothing.
Furthermore, we integrate a Self-Supervised Learning backbone into
SAR ISR to extract label-free semantic priors, overcoming label scarcity.
Guided by these priors, we introduce Semantic-Aligned Detail Encoding
to decouple high-frequency signals into discrete scattering primitives. In
parallel, the Semantic Prototype Map Generator explicitly constructs
semantic prototype maps, allowing Prototype-Map-Guided Attention
to route the information flows within identical categories and mitigate
inter-class interference. To validate our approach, we present a large-scale
0.25m resolution benchmark from the Umbra Open Dataset. Experimen-
tal results show ProSR achieves superior visual quality while preserving
essential scattering characteristics required for practical SAR applications.

Keywords: High-Resolution SAR Image Super-Resolution - Discrete
Generative Modeling - Self-Supervised Semantic Guidance
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Fig. 2: Smooth-approximation-based vs. semantic-category-based distribu-
tion learning. (a, d) vanilla diffusion models can exhibit stochastic structure distortion
(e.g., intensity merging) by averaging neighboring signals. (b, ¢) ProSR (Ours) preserves
distinct scattering peaks via predicting semantic-category-based representation.

1 Introduction

High-resolution (HR) Synthetic Aperture Radar (SAR) imagery is vital for
high-precision analysis—such as automatic target recognition (ATR) and
infrastructure monitoring —offering rich scattering information derived from
unique interactions between electromagnetic wave and terrain geometry .
However, acquiring such high-fidelity data is costly, due to sensor costs and
orbital constraints. Consequently, image super-resolution (ISR) has emerged as
a powerful framework to bridge the gap between accessible low-resolution (LR)
data and the high-fidelity requirements of practical applications .
Generative models, led by smooth-approximation-based diffusion processes,
have demonstrated exceptional capabilities in synthesizing sharp, high-resolution
natural images [26}50,[53,/541/67./69]. However, when applied to the SAR domain,
these models often struggle to preserve SAR physical integrity, suffering from what
we term ‘stochastic structural distortions’. This degradation can be understood
from mode interpolation —a phenomenon where smooth transitions between
disjoint data modes generate samples entirely outside the true data distribution.
Fig. [2| compares a smooth-approximation-based versus a semantic-category-based
distribution learning and their effects on generated SAR ISR results. The vanilla
diffusion models frequently struggle to separate edges that are very
close together as shown in Fig. (a). The two nearby edges (gray color) are
difficult to be modeled by the vanilla diffusion models that can yield an overlapped
and blurred edge (red color), creating one single fake intensity between the true
scattering peaks after post quantization (green color). This structural degradation
can be related to the learned score function being a smooth approximation of
the data manifold , which often makes it difficult to maintain the sharp
discontinuities essential to SAR physics (Fig. 2H(d)). A detailed analysis of a
toy example regarding unresolved conditional scatterer modes is provided in the
suppl. C to offer intuition for this behavior. To address this problem, we propose
Semantic-Prototype-Guided Super-Resolution (ProSR). ProSR reformulates SAR
ISR as a semantically-guided discrete token prediction task, implemented via
Prototype-Map-Guided Masked Generative Modeling (PMG). By leveraging a
discrete latent space to map features into a finite set of physically valid codebook
entries , PMG treats reconstruction as an iterative selection of categorical
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tokens rather than smooth density approximation. Unlike vanilla diffusion models,
as illustrated in Fig. [2}(a), that tend to average out complex signal distributions,
two nearby distinct edges can be faithfully generated, as shown in Fig. (b),
by quantized representation of our ProSR that enforces a strict reconstruction
of SAR-specific scattering patterns [16]. By doing so, the generation process is
inherently prevented from generating ambiguous and smeared scattering signals,
which is shown in Fig. [2}(e) unlike the result shown in Fig. [2}(d).

Furthermore, while recent trends in SAR ISR [34))61] aim to improve structural
fidelity by incorporating task-oriented objectives (e.g., detection losses), these
approaches are limited by the scarcity of labeled SAR data. To overcome this label
dependency, we introduce a self-supervised representation framework to the SAR
ISR task, leveraging foundational models |5,|44] for label-free semantic guidance.
This approach allows us (i) to establish Semantic-Aligned Detail Encoding
(SADE), which maps discrete codes to specific scattering classes via a semantic-
aligned detail codebook, and (ii) to define a semantic-aware perceptual loss. While
these components provide a robust semantic foundation, they cannot inherently
prevent contextual leakage or semantic drift during the cross-attention process.
To address this, we introduce Semantic Prototype Map Generator (SPMG) and
Prototype-Map-Guided Attention (PMGA). Specifically, within PMG, the SPMG
constructs spatial-semantic maps that guide PMGA to restrict attention flows
to semantically consistent regions. By acting as a spatial-semantic guidance,
PMGA eliminates inter-class signal leakage, ensuring that the reconstruction
is both physically accurate and aligned with the actual structure. Finally, we
provide a 0:25m slant range resolution SAR ISR benchmark from the Umbra
Open Dataset [57] as a public resource to mitigate data scarcity. In summary,
the primary contributions of our work are as follows:

— To the best of our knowledge, ProSR is the first discrete generative framework
tailored for SAR ISR. It utilizes PMG to suppresses stochastic structural
distortions by mapping signal features into a finite set of physically valid
codebook entries, ensuring high-frequency fidelity.

— We establish a label-free semantic guidance strategy by integrating a self-
supervised representation model. This enables SADE, SPMG, and PMGA
to achieve precise structural anchoring and suppress inter-class interference
without requiring scarce manual annotations.

— We establish a large-scale 0:25m resolution SAR ISR benchmark from the
Umbra Open Dataset [57] enabling robust evaluation and future research.

— Our ProSR establishes a new state-of-the-art in SAR ISR, demonstrating
superior visual realism while better preserving the essential scattering char-
acteristics required for practical SAR applications.

2 Related Works

2.1 Single Image Super-Resolution (SISR)

SISR has transitioned from traditional optimization to deep generative models [56].
While early pixel-wise architectures [19,32,38}/71] often produced over-smoothed
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results, GAN-based models|[34, 37,42, 60] signi cantly improved sharpness but
frequently introduced unrealistic hallucinations due to adversarial instability.
Consequently, recent research has shifted toward di usion models [9, 35,39,51,
59,64, 65|, 67, 69] for higher perceptual delity and training stability; however,
these di usion frameworks inherently rely on a smooth approximation of the
data distribution [1,52,55]. This induces mode interpolation [1], where the model
generates samples that smoothly bridge disjoint data modes, resulting in structural
hallucinations. Although such artifacts may appear plausible in natural images,
they degrade the physical integrity required for high-precision SAR image analysis.

2.2 Discrete Latent Representations

Discrete representation learning, popularized by VQ-VAE [58] and VQ-GAN [21],
maps high-dimensional data into a nite set of quantized codebook entries. Unlike
continuous models, these formulations replace latent values with a categorical
selection from a xed vocabulary. By reformulating reconstruction as a discrete
token prediction paradigm [2,6,7,10,47], researchers utilize quantization as a
formative bottleneck. While lossy for natural images, this bottleneck uniquely
favors SAR, precluding blurred intermediate values and forcing the model to select
from distinct entries. This mechanism suppresses the averaging e ects common
in continuous spaces. Leveraging these advantages, we propose ProSR, which
incorporates a scattering primitive guidance within the discrete bottleneck. This
enables our ProSR to achieve realistic reconstruction while preserving physical
scattering distributions, overcoming the blurring artifacts of continuous spaces.

2.3 SAR Image Super-Resolution (SAR ISR)

SAR ISR is uniguely challenging due to the presence of speckle noise and complex
electromagnetic interactions with geometric structures of the ground. Recent
works have moved from mathematical priors [29, 30] to generative paradigms [12,
13,28, 68] to synthesize high-frequency signatures. These realistic reconstructions
improve downstream performance (e.g., ATR), proving that realistic scattering
patterns are vital for operational analysis. To further enhance delity, task-
driven SAR ISR incorporates auxiliary structural priors such as edge maps
or Electro-Optical imagery [66, 73], or downstream losses such as a detection
loss [3, 4, 61]. Despite their success, these methods are heavily bottlenecked
by the scarcity of labeled SAR datasets. This label dependency signi cantly
limits the generalizability and scalability of task-driven models. Unlike these
label-dependent methods, our ProSR overcomes the scarcity of labeled data by
leveraging a self-supervised representation model as a semantic anchor.

2.4 Self-supervised Representation Learning in SAR

To overcome label scarcity, Self-Supervised Learning (SSL) has become a prevail-
ing approach for learning robust representations from unlabeled data [11,23,49].
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Fig. 3: Overall architecture of the proposed ProSR framework.

Although frameworks like MAE [22] and DINO [5] have shown that rich semantic
features can be extracted from vast unlabeled imagery, their application in SAR
has remained largely focused on high-level tasks such as classi cation or semantic
segmentation [36,44]. The potential of SSL-derived semantic priors to serve as
a guidance mechanism for low-level reconstruction remains largely untapped.
Our ProSR bridges this gap by integrating SSL-derived semantic priors into the
reconstruction pipeline. Speci cally, we construct a detail codebook aligned with
the semantic features of LR inputs and employ a semantic prototype map to
guide cross-attention. This enables input-consistent detail recovery while ensuring
physical consistency without the need for manual labels.

3 Methodology

3.1 Overview of ProSR

Fig. 3 illustrates the overall architecture of our ProSR framework, which bridges
continuous semantic priors with discrete high-frequency details using a spatial-
semantic map to address SAR stochastic structural distortions. The framework
consists of three stages: (i) Stage 1 - Semantic-Aligned Detail Encoding (SADE),
(ii) Stage 2 - Semantic Prototype Map Generation (SPMG), and (iii) Stage 3 -
Prototype-Guided Masked Generative Modeling (PMG). It should be noted that
Stage 1 - SADE is rst pretrained with HR SAR ground-truth (GT) images and
their LR versions to learn separated representations of details (high-frequency)
via the VQGAN Encoder (denoted asEy) [21] and the Detail Vector Quantization
module, and structural information (low-frequency) via a self-supervised model
[44](denoted asks) and an Adaptor (denoted asA) [8], where both representations
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are jointly optimized in conjunction with a shared VQGAN Decoder (denoted
as D) [21]. Then, the pretrained E; is incorporated in Stage 2 for training and
inference. In Stage 3, the pretrainedgy, Es and A are used for training while the
pretrained Es, A and D are for inference.

3.2 Stage 1 - Semantic-Aligned Detail Encoding (SADE)

SADE isolates the high-frequency SAR details of HR (GT)lygr 2 R?YW into
codebook representations wheré¢d and W are the height and width for |yr,
respectively, while maintaining strict alignment with LR input 1 g 2 RH=4W=4
which is upscaled to the same size ofyr, as shown in Fig. 3-(a). To isolate
such high-frequency SAR image details, we employ a dual-encoder architecture.
We extract raw semantic features Fl = E(I r) 2 R¥2(H=8W=8)  for | 1. For
this, we used the SSL backbone [44] aks that was pretrained with our SAR
training data. F & is then projected into a lower-dimensional latent space as
Fsem = A(FJI) 2 R32HBW8) i a lightweight adapter A [8]. While Fsem
serves as a compact semantic anchor for detail decomposition,Jg, can be used
as high-capacity keys and values for the cross-attention mechanism in Stage 3.

Simultaneously, By as a detail encoder mapd yr into a latent representation
z = E4(lur) 2 R2HBW=8)  \We de ne the latent detail feature zg4e; as the
residual betweenz and Fgem, Which is denoted aszget = Zz Fsem. This residual
is then quantized into 24¢; Which then becomes a codebook entry. By doing so,
we restrict the codebook to high-frequency details, e ectively decoupling them
from spatial semantic context (low-frequency components).

To ensure the isolation of high-frequency details ol yr , we employ a stochas-
tic training strategy. With a probability of p, I g = D(Fsem) is reconstructed
by compelling the decoderD to distill the semantic structure from F ¢, inde-
pendently. With the remaining 1 p probability, D integrates 24e; With F g, tO
synthesizel yr . The reconstructed outputs for the two branches are obtained as:

(
M= r\LR = D(F sem) with p (1)
MR = D(2get +F sem) With1 p
where p is empirically set to 0.25. This stochastic strategy prevents the detail
codebook from encoding redundant structures, isolating pure details, by forcing
Fsem to maintain a self-su cient structural representation. Consequently, 2get
focuses on semantic-aligned scattering signatures (high-frequency) dfr while
Fsem acts as an independent structural anchor that dictates semantic structures
(low-frequency) of I g, making 24e: inherently predictable from F ¢ in Stage 3.
Gumbel Vector Quantization. We employ Gumbel Vector Quantization
(Gumbel-VQ) [21,27] to map z4e into a discrete codebook entry, ensuring stable
and di erentiable training. To prevent codebook collapﬁs and ensure its ui-

form utilization, we adopt the KL regularization Ly, = E E:l klog( x K) ,
where ¢ = P(q(zqet) = €k) denotes the probability of zq4e; being assigned to the
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k-th entry (codebook assignment)ey via the quantizer ¢( ). This objective maxi-
mizes codebook entropy, forcing tokens to represent a diverse and comprehensive
library of SAR scattering primitives.

Training Objectives. Stage 1 is optimized using a stochastic objective function

that adaptively selects loss terms from the reconstruction branches as:

(

Lrec + peerer with p
I-rec + peerer + adeadv + Kk I-KL with 1 p

L total —

)

where L. and L 5y [21] are anL ;-reconstruction and adversarial losses, respec-
tively. To capture domain-speci ¢ signatures without labeled SAR data, we de ne
the perceptual lossL per asLsare Using pre-trained a SAR SSL modelgs [44],
enabling physically-grounded supervision from unlabeled imagery. This approach
ensures the preservation of essential scattering patterns that pixel-wise losses
often overlook. Restricting L5y and Lk, to the 1 p branch forces the codebook
toward realistic high-frequency signatures, while ke preserves the fundamental
semantic structural layout.

3.3 Stage 2 - Semantic Prototype Map Generation (SPMG)

The SPMG converts continuous semantic features into a discrete spatial-semantic
map (Fig. 3-b), bridging the encoding-generation gap stemming from ignoring
semantic information during cross-attention.

Step 1: Mapping Spatial Features to Semantic Prototype Tokens. We

de ne a set of K = 3 learnable prototype tokens, P = fp 1r;ps;pcg 2 R3C
representing the fundamental scattering primitives in the SAR domain: target
(T), shadow (S), and clutter (C). The choice of a token ensures a corresponding
semantic interpretability by aligning it with a physical scattering primitive.
Empirically, we found that K > 3 often leads to redundant or inactive prototype
tokens, whereasKk = 3 maintains an e ective representation throughout all our
experiments. For the semantic feature F& | we denotef; 2 R¢ as a spatial
feature vector at spatial positioni of FQ1 . For f ;, we compute a sparse similarity

Sem*
assignment S for a prototype token py 2 P using the Sparsemax [43] as:

Si = Sparsemax(kf i p k3) 3)

Step 2: Semantic Map generation via Dynamic Discretization. Instead

of a naive argmax, which often blurs the physical distinction between target and
clutter, we employ dynamic discretization to isolate high-intensity regions as
structural anchors, ensuring a physical reliability (see Suppl. B for sensitivity
analysis). At each spatial positioni and for each clask 2 fT, Sg , we de ne a
binary indicator mask | x 2 f0; 1g as:

lixk =1(Six «and Sk Sim); kim2fT, Sg; m6=k (4)

where = max; (Sjk ) is a relative threshold with j spanning all spatial indices.
We empirically set = 0:7 to prioritize high-con dence scattering centers while
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Itering stochastic artifacts (see Suppl. B for sensitivity analysis). To ensure
semantic exclusivity, clutter regions (C) are de ngd as the regions that do not
belong to target and shadow regions, satisfying kfrsg ik =0.To isolate
stable scattering signatures, we intersect the topc% global Si.c pixels with the
clutter region where c is empirically set to 30. This sparse ltering, prioritizing the
classes with relatively higher similarity scores, yields a non-overlapping Semantic
Prototype Map (Msem) that robustly guides Stage 3 to enable semantic-guided
cross-attention while eliminating boundary ambiguity.

Prototype Optimization Objectives. To anchor the learnable prototype
tokens to physical reality, we reconstruct feature mapF 2 R 192(H=8W=8)  5ing
protofype tokens P. The reconstructed feature at positioni is formulated as
f’\i = lefrscy Sik Pk, whereS; is the sparse similarity score from Eq.(3) and

Pk 2 P is the corresponding learnable prototype token. We optimizef against
despeckled HR features ESP*¢ = Ey(19%°P*%) ysing a feature reconstruction
lossLrec = KFUZPC Pk, where | S5P°° is obtained following [15]. To ensure

%istinctness between target, shadow, and clutter, we use a Repulsion Lodse, =
mb=n % that enforces the orthogonality between prototype token pairs.

The nal objective iS Liotar = Lrec + repLrep, €Nsuring that the learnable tokens
P are both physically representative and semantically discriminative.

3.4 Stage 3 - Prototype-Map-Guided Masked Generative Modeling

Prototype-Map-Guided Masked Generative Modeling (PMG) (Fig. 3-c) synthe-
sizes HR tokens using a ProSR Transformer based on the MaskGIT framework [7].
By reformulating reconstruction as an iterative selection of categorical tokens
rather than smooth density approximation, our ProSR suppresses mode inter-
polation [1] and ensures that generated signals remain within physically valid
scattering primitives. Input embeddings for the ProSR transformers are formed
by concatenating masked detail tokens with Ry, from Stage 1, providing a
strong semantic prior of I g throughout the iterative process.
Prototype-Map-Guided Attention (PMGA). While self-attention captures
long-range spatial dependencies, unconstrained cross-attention between latent
tokens and semantic priors (F4) can lead to contextual leakage due to the
absence of semantic guidance, su ering from semantic drift, where scattering
signatures from disparate terrain types may interfere during the cross-attention
process. To address this, we introduce PMGA as a spatial-semantic guidance.
Using Mg, (de Bed in Sec. 3.3), PMGA restricts cross-attention weights A =
Softmax(QinT: d+ Mii ) such that HR tokens only aggregate information
from semantically consistent regions. HereQ; is the latent query derived from
self-attention at position i, and K; is latent key with F & at position j. The
Semantic Prototype Mask M; is de ned as:

0; if 1 (pos;) =1(pos;)
1; otherwise

Mj = (5)
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wherel (pog) 2 fT, S, Cg denotes a semantic label at position obtained from
Msem. FOr unassigned regions, cross-attention is bypassed to block background
interference. Enforcing intra-class attention suppresses inter-class feature leakage
while reinforcing the distinct signatures of individual scattering centers, preserving
the sharp intensity distributions and speckle statistics inherent to SAR signals.
Training Objectives. PMG is optimized by minimizing the cross-entropy (CE)
loss between predicted and HR (GT) tokens, conditioned on the visible context
and semantic guides:

hx i

LSt8993 =E 2get ;M Lce 2Sét P (2g)R J 2!;/('31; Fggm; Fsem; Msem) (6)

i2M
where 24e; = fzgét g, is the collection of HR tokens,zé')et denotes the token at
index i, and p is the likelihood predicted by PMG Transformer . The indices
are partitioned into a masked setM and a visible setM , where 2}, serves as the
context for predicting the masked tokens. By minimizing Lgiages in the discrete
latent space, PMG learns to predict high-frequency scattering primitives strictly
aligned by the spatial-semantic guidance mapM ser,. This formulation e ectively
circumvents the mode interpolation problem, helping the reconstructed intensities
remain within the support of physically plausible SAR characteristics.
Inference: Iterative Sampling with PMGA. At inference, our ProSR syn-
thesizes the HR detail tokens via an iterative decoding process following the
MaskGIT framework [7]. Starting from a fully masked grid, the number of tokens
to be unmasked at each step is determined by a decreasing masking schedule
(t) [7]. At each iteration, the highest-con dence tokens are xed while the
remainder are re-masked for the next step. Throughout this process, PMGA
remains active to ensure that the ProSR Transformer only attends to semantically
consistent regions in i . This iterative re nement, guided by Mgem, produces

sem-

high- delity SAR image details aligned with the physical scattering layout.

4 Experimental Results

4.1 Dataset Construction

To evaluate our ProSR under realistic conditions, we curated a high- delity SAR
dataset from the Umbra Open Dataset [57]. We utilized X-band Single Look
Complex (SLC) data to serve as the source for HR reference imagery.

HR-LR Pairs. The source SLC data possesses a high-precision native reso-
lution ( 0:25m azimuth, 0:25m range). To establish a uniform benchmark,
we standardized these to @5m for SAR HR references and 0m for SAR LR
counterparts. Following the sub-aperture decomposition methodology [44], the
SAR LR references were achieved via spectral domain cropping (sub-sampling
the Doppler and range spectra) rather than naive image-space interpolation. This
ensures physically grounded resolution degradation while preserving authentic
speckle statistics and phase integrity in slant-range geometry. Subsequently, the
SAR LR images were oversampled by zero-padding GT spectra in the frequency
domain prior to the inverse transform.
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Amplitude Extraction and Normalization. Following [17], we adopted a
normalization strategy optimized for generative SAR tasks. To manage the high
dynamic range, we scaled the amplitude A) using the scene-level mean () and
standard deviation ( ): Aporm = A=( +3 ). The normalized values were clipped
to [0; 1] to preserve predominant scattering while mitigating extreme outliers,
then quantized into 8-bit integers for storage.

Data Filtering and Diversity. Physical consistency is paramount for model
convergence. Since over 97% of our Umbra samples [57] are in VV polarization,
we constructed a VV SAR dataset to prevent training biases from heterogeneous
scattering signatures. We further restricted incidence angles from 10to 50 ,
excluding extreme angles due to signi cant physical divergence and data scarcity.
Preprocessing and Statistics. The SAR images were tiled into non-overlapping
1024 1024 patches. To ensure a balanced representation of terrestrial features,
we applied a selective quality control Iter that prioritized patches with signi cant
scattering structures while retaining a controlled portion of low-signal regions.
The curated dataset comprises 132452 VV-polarized patches from 502 unique
SAR images, with heights and widths ranging from approximately 4:5K to 66K
and 1K to 94K pixels, respectively. These images span a diverse global geographic
distribution (See Fig. 6 in Suppl. A) to ensure broad environmental representation,
with their detailed statistics summarized in Table 6 of Suppl. A. More details for
the characteristics of SAR images are described in Suppl. A.

Data Availability. Our curated dataset is available at  https://github.com/
KAIST-VICLab/ProSR.

4.2 Implementation Details

ProSR was implemented in PyTorch [46] and trained on dual NVIDIA A6000
GPUs using 256 256 random crops. Data augmentation included horizontal ips
and random rotations (90 , 180, 270 ). For a fair comparison, all baseline SR
networks (Table 1) were trained from scratch on our data without metric-speci c
early stopping, following their o cial implementations with SAR-adapted inputs.
For AE-based baselines, pretrained AEs remained frozen while only the di usion
ISR networks were trained from scratch. For full-image evaluation, all methods
use 256 256 sliding-window inference (stride 128) and weighted averaging.
Stage 1 - SADE. Stage 1 follows the ResShift [67] architecture (f = 8) with
the encoder E)'s nal projection modied to 32 dimensions. We employed
Gumbel-VQ [21,27] with 1,024 codebook entries and 32 embedding dimensions,
stabilized by k. =10° . SADE was trained for 500K iterations using Adamw
(batch size 12 on a single GPU, learning rate 1 10* ) [41] with a composite loss:
Liotar = Lrec + sare Lsare + advladv, Where sare is setto 0.5 and, aqy is
adaptively balanced [21]. Simultaneously, semantic features were extracted via a
SAFE ViT-tiny model E; [44], pre-trained on our SAR dataset, and projected to
32 embedding dimensions via a lightweight adapter [8].

Stage 2 - SPMG. The embedding space of P was aligned with the ViT-Tiny
feature space [20]. The SPMG was trained for 15k iterations (Adamw, LR
1 10* , batch size 64, ¢, = 2), with other hyperparameters following Sec. 3.3.
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Stage 3 - PMG. PMG Transformer [20] comprises 20 layers with 8 attention
heads and a 512-dimensional hidden space. We utilized a Positional Encoding
Generator [14], facilitating stable sliding-window inference. Training was con-
ducted for 600K iterations using AdamwW (LR 1  10* , weight decay Q045,

1 =0:9; , =0:96) with a total batch size 32. After a 10K-iteration linear
warm-up, the learning rate was governed by a Cosine Annealing schedule [40],
decaying from 1 10% to1 107 . Additionally, a label smoothing factor of 0:1
was applied to the CE loss to ensure robust token synthesis.

Inference and Sampling. For token synthesis, we followed the MaskGIT [7]
sampling process, employing a cosine schedulét) over 8 steps with a temperature
of 4:5 for logit sampling.

4.3 Performance Comparison

Evaluation Metrics. To comprehensively evaluate our ProSR with other meth-
ods, we used three categories of metrics calculated in the SAR amplitude domain:

Standard Fidelity: Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index Measure(SSIM) [62] evaluate pixel-level delity and local
structural agreement, respectively. However, these metrics can favor spatially
conservative or over-smoothed reconstructions and therefore do not fully
characterize SAR-speci ¢ scattering delity. Furthermore, SSIM depends
strongly on the local covariance ( xy ) between spatially aligned structures;
small scatterer displacements, or merging can reduce this covariance and
lower SSIM, in some cases even below that of oversampled LR images. We
therefore interpret PSNR and SSIM jointly with complementary SAR-oriented
structural, perceptual, and distributional metrics.
Target and Structural Integrity: To evaluate physical and semantic
consistency, we prioritize metrics focusing on ne-grained structural delity
and scattering-sensitive signal integrity. This includes Information-content
Weighted SSIM (IW-SSIM) [63] to assess delity in target-dense areas and
Haar Perceptual Similarity Index (HaarPSI) [48] for local structural coher-
ence and edge integrity. Additionally, we employ Target-to-Clutter Ratio
(TCR) calculated using prototype-derived target masks to verify the ra-
diometric delity. Rather than simply seeking higher TCR, we evaluate the
absolute deviation from the GT (j TCR] ) to ensure the reconstructed scat-
tering intensity remains physically consistent with the original observation.
Statistical and Perceptual Realism: Fréchet Inception Distance (FID)
[25], Density (Dens), and Coverage (Cov) [45] are used to evaluate statistical
distributions, quantifying the alignment and overlap between the synthesized
and GT data manifolds. Perceptual Realism is measured via Learned Percep-
tual Image Patch Similarity (LPIPS) [70], and Deep Image Structure and
Texture Similarity (DISTS) [18] to evaluate structural and textural similarity.
Overall Quantitative Comparison. Table 1 compares ProSR with SOTA
methods. Although the evaluated di usion baselines (UPSR [69], LDM [50],
and ResShift [67]) obtain higher pixel-aligned PSNR/SSIM, these gains do not
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Fig. 4: Qualitative comparison of SAR ISR ( 4) results (Zoom in for better view)
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