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Abstract 

Scene text image super-resolution must preserve character identity and glyph geometry, 
including approximate symmetry where present and asymmetric details that distinguish 
characters. Erroneous optical character recognition (OCR) priors can distort characters 
during generative reconstruction. We combine constrained large language model (LLM) 
correction and Mamba-based visual sequence modeling in a conditional residual diffusion 
method. The LLM proposes replacements within OCR candidate and edit constraints; de-
terministic validation rejects invalid suggestions and retains the original transcription. 
Corrected text, position, and low-resolution structural priors are fused by sample-level 
reliability gating and injected through cross-attention. A bottleneck Mamba block models 
horizontal visual dependencies. Under separately trained TextZoom and Real-CE proto-
cols, the method achieves peak signal-to-noise ratios of 25.06 and 24.38 dB and exact-
match accuracies of 83.4% and 50.2%, respectively. Five-seed paired ablations show that 
constrained OCR correction improves full-model reconstruction by 0.07 dB in PSNR and 
0.6 percentage points in exact-match accuracy on both TextZoom and Real-CE, with the 
corresponding 95% confidence intervals excluding zero. Compared with the tested light-
weight Transformer, Mamba reduces reconstruction latency by 7.82 ms with comparable 
quality. Independent recognition evaluation supports improved readability. The results 
support constrained correction and complementary visual conditioning. 

Keywords: scene text image super-resolution; OCR correction; residual diffusion; Mamba; 
glyph symmetry and asymmetry; prior reliability 
 

1. Introduction 
1.1. Background and Motivation 

Scene text image super-resolution (STISR) reconstructs a readable high-resolution 
image from a low-resolution observation. Real scenes combine distance-related loss of 
detail, motion or defocus blur, noise, occlusion, and uneven illumination. STISR must pre-
serve character identity under these degradations: a missing stroke, an unintended con-
nection, or a small displacement can change the transcription even when the image ap-
pears sharper. TextZoom and Real-CE provide paired data for evaluating image quality 
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and recognition performance on real English text lines and Chinese–English scenes, re-
spectively [1,2]. 

Character geometry involves both approximate symmetry and identity-defining 
asymmetry. In particular typefaces, certain glyphs or local stroke arrangements exhibit 
approximately reflected or balanced structures, whereas other characters are distin-
guished by unequal component positions, opening directions, or asymmetric stroke con-
figurations. Image degradation can disrupt these relationships in different ways: blur and 
missing strokes may destroy an originally balanced arrangement, while generative recon-
struction may incorrectly regularize an asymmetric detail into a more visually plausible 
but character-inaccurate pattern. 

Consequently, faithful scene text super-resolution should preserve approximate 
symmetry where supported by the observed character and retain distinctive asymmetry 
where it determines character identity. The objective is not to make every reconstructed 
glyph symmetric, but to recover the structural relationships supported by the input image. 
This geometric perspective motivates the complementary use of textual identity, OCR-
derived position, and LR-derived structural evidence in the proposed reconstruction 
framework. 

Text priors provide content information that may be difficult to recover from de-
graded pixels alone. Text attention, recognition-guided reconstruction, and dual-prior 
modulation have improved how reconstruction uses this information [3–5]. Text-condi-
tioned diffusion and prior-enhanced reconstruction extend such guidance to generative 
restoration [6,7]. Because the conditioning text often comes from the same degraded input, 
reconstruction can reinforce an OCR error and produce a plausible but incorrect character. 
The prior’s reliability must therefore be considered during restoration. 

Large language models (LLMs) can suggest corrections that fit the linguistic context, 
but these suggestions may not match the image. Short strings, names, numbers, and 
mixed-language text are particularly difficult to judge from context alone. Exploratory 
research on OCR post-correction reports that LLM performance varies across settings [8]. 
A correction procedure must preserve the available OCR evidence and permit rejection of 
suggestions that fall outside it. 

Visual context remains necessary after text correction. Convolution captures local 
strokes, and sequence models propagate information across character regions. Mamba 
provides a selective state-space formulation for sequence modeling [9]; MambaIR adapts 
this approach to image restoration [10]. The effect of such a module depends on its scan 
direction, sequence length, and placement within the network. We examine a bottleneck 
configuration that complements convolution and cross-attention, comparing it with a 
lightweight Transformer at the same location. 

These considerations define the core research problem of this study: how to exploit 
uncertain OCR-derived text priors for scene text super-resolution while limiting the prop-
agation of incorrect character identities into the reconstruction. This problem involves two 
distinct decisions. Before reconstruction, a correction proposal must be checked against 
the available OCR candidates rather than accepted solely for linguistic plausibility. Dur-
ing reconstruction, even an accepted or unchanged transcription may remain incorrect, so 
its contribution must be adjusted in conjunction with positional and LR structural evi-
dence. The objective is therefore reliability-aware use of text priors, rather than unre-
stricted language-model rewriting or the assumption that a visually sharper image neces-
sarily preserves the correct characters. 

1.2. Proposed Idea 

Our previous publication concerned OCR priors and cross-scale attention [11]. The 
present method organizes text-prior preparation and visual reconstruction around the 
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reliability of the conditioning information. Before reconstruction, the OCR–LLM interface 
retains the original transcription, alternative character candidates, and confidence infor-
mation. The LLM provides linguistic suggestions within this candidate space, while a sep-
arate deterministic validator enforces the editing constraints and rejects invalid proposals. 
This separation allows linguistic context to be considered without treating a plausible cor-
rection as automatically trustworthy. Cached proposals, decisions, and adopted strings 
make the correction stage inspectable independently of the reconstructed images. 

During reconstruction, the adopted text is combined with positional and LR struc-
tural priors because character identity, spatial layout, and observed stroke evidence pro-
vide different information. The textual branch supplies character-content cues; the posi-
tional branch associates these cues with OCR locations; and the structural branch supplies 
image-derived evidence that does not depend on the linguistic plausibility of the tran-
scription. Sample-level reliability gating adjusts the relative contributions of these 
branches using OCR confidence, correction status, and visual evidence. Cross-attention 
then aligns the fused conditions with visual features. Gating and cross-attention therefore 
serve different purposes: the former adjusts the contribution of each prior branch, whereas 
the latter performs condition-to-feature alignment. 

RRDB provides an initial visual reconstruction, and the conditional diffusion model 
estimates the residual relative to that image. A row-wise Mamba block at the conditioned 
U-Net bottleneck supplements horizontal visual sequence modeling; it neither corrects 
OCR text nor replaces the text encoder. These are established building blocks with distinct 
roles in the proposed task-specific design. The methodological contribution lies in linking 
constrained, traceable text adoption to reliability-weighted visual conditioning within re-
sidual reconstruction, rather than in introducing a new general-purpose LLM, diffusion 
formulation, or state-space operator. The connection to symmetry and asymmetry lies in 
the geometry-sensitive reconstruction task: LR structural features describe observed 
stroke magnitude, orientation, and spatial arrangement, which can contain approximately 
symmetric patterns as well as character-defining asymmetries. The proposed framework 
incorporates this evidence alongside textual and positional conditions without imposing 
reflection symmetry on every glyph. It does not introduce a symmetry-specific loss or 
claim reflection equivariance; instead, its evaluated contribution concerns reconstruction 
quality and recognition reliability when uncertain textual priors are combined with visual 
structural evidence. 

1.3. Contribution 

The main contributions of this paper are summarized as follows: 

1. OCR-supported and auditable prior correction. We formulate a constrained OCR–
LLM interface that retains candidate uncertainty, permits bounded substitutions, and 
separates linguistic proposal generation from deterministic acceptance, rejection, and 
fallback. Cached proposals and decisions make the adopted text traceable and allow 
correction quality to be evaluated separately from its downstream reconstruction ef-
fect. 

2. Complementary conditioning for residual visual reconstruction. We combine 
adopted text, OCR-derived positions, and LR-derived structural evidence to repre-
sent character content, spatial layout, and observed strokes. Cross-attention aligns 
these conditions with visual features in an RRDB-initialized residual diffusion frame-
work, while a bottleneck row-wise Mamba block supplements horizontal visual con-
text. The contribution is their task-specific organization, rather than a new generic 
diffusion or sequence-modeling operator. 

3. Sample-level reliability adjustment after text adoption. Because satisfying the correc-
tion constraints does not establish that a transcription is correct, we use OCR 
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confidence, correction status, and visual evidence to adjust the relative contributions 
of the textual, positional, and structural branches. Comparisons with equal and fixed 
global weights examine this reliability-aware conditioning mechanism within the 
tested reconstruction configuration. 

The evaluation uses separately trained TextZoom and Real-CE models, image-qual-
ity and recognition metrics, component ablations, an independent recognizer, and re-
source measurements. These analyses assess the proposed integration and its observed 
limits. 

2. Related Work 
2.1. Text Priors and Diffusion-Based Reconstruction 

Scene text image super-resolution requires cues about both visual appearance and 
character content. Text-oriented methods supplement image features with recognition or 
structural information. TATT uses text attention to handle spatial deformation, TPGSR 
introduces text priors into reconstruction, and DPMN uses dual-prior modulation to im-
prove character recovery [3–5]. Our earlier publication addressed OCR priors and cross-
scale attention [11]. The present study examines the condition-construction stage explic-
itly: whether an OCR candidate should be corrected, which substitutions are allowed, and 
how accepted or rejected suggestions are passed to the reconstruction network. It then 
evaluates the downstream effect of replacing raw OCR text with constrained-correction 
text under the same base conditioning configuration. 

Diffusion models iteratively refine text images under conditional guidance. Text-con-
ditioned diffusion has been applied to scene text restoration [6], and PEAN combines dif-
fusion-generated priors with attention-based reconstruction [7]. Recent studies also ad-
dress errors in the conditioning information. TextSR examines multilingual OCR-guided 
diffusion super-resolution and the effects of inaccurate OCR conditions [12]. The PRISM 
preprint studies prior rectification during training alongside uncertainty-aware structural 
modeling [13]. Our work addresses this established problem of prior reliability through 
an explicit correction interface. The interface retains OCR candidates, limits permitted ed-
its, and records whether an LLM suggestion is accepted or rejected, allowing text correc-
tion to be evaluated separately from image reconstruction. 

2.2. LLM-Assisted OCR Post-Correction 

OCR post-correction revises recognized strings using character-level evidence and 
linguistic context. LLMs can propose plausible alternatives, although their effectiveness 
depends on the text domain and prompting strategy [8]. A plausible string may still disa-
gree with the source image. A valid rare word, proper name, or mixed-language string 
may have a lower language-model probability than a familiar but incorrect alternative. In 
super-resolution, a mistaken string can affect both the transcription and the strokes gen-
erated during reconstruction. 

Our correction procedure uses the evidence available in the low-resolution OCR out-
put. The LLM receives candidate characters, confidence information, permitted edit posi-
tions, and language information. It neither inspects the input image nor produces a new 
visual transcription. Its response is a candidate proposal rather than calibrated confidence: 
the procedure does not treat the LLM’s token probabilities as correction reliability. A sep-
arate validator checks character membership, output length, edit distance, and candidate 
coverage before text encoding. A failed check triggers fallback to the original OCR output. 
The cached decision makes adoption inspectable, but the candidate set and equal-length 
editing rule limit what can be corrected. Missing or extra characters, and true characters 
absent from the candidate set, remain unresolved by this interface. 



Symmetry 2026, 18, 1860 5 of 39 
 

https://doi.org/10.3390/sym18111860 

2.3. State Space Models for Image Restoration 

Mamba propagates information along a sequence through selective state space up-
dates with input-dependent parameters [9]. MambaIR combines state space modeling 
with local feature enhancement for image restoration [10]. Vision Mamba and VMamba 
explore bidirectional and multidirectional visual processing, respectively, illustrating the 
role of scan design when mapping two-dimensional features to sequences [14,15]. We use 
one left-to-right scan per feature row at the diffusion U-Net bottleneck. This block oper-
ates on visual states after conditional alignment; it does not replace the text encoder or 
determine whether an OCR correction is accepted. Convolution and skip connections han-
dle local features, while Mamba propagates horizontal context. Its assessment is limited 
to the tested bottleneck configuration and the accompanying quality and resource meas-
urements. 

3. Proposed Method 
3.1. Problem Formulation and Overview 

Given a low-resolution image 𝐼୐ୖ, we aim to reconstruct a high-resolution image 𝐼ୗୖ 
that preserves the text content and observed glyph structure. Training uses paired high-
resolution targets 𝐼ୌୖ and available transcriptions. At inference, textual, positional, and 
structural evidence is obtained from 𝐼୐ୖ and its cached OCR outputs. The OCR–LLM cor-
rection stage additionally uses the language-category metadata specified by the dataset 
protocol, as described in Section 3.2. A residual-in-residual dense block (RRDB) recon-
struction network [16] first produces 𝐼୧୬୧୲, and the diffusion model estimates the residual 
relative to this reconstruction: 𝐼init = 𝐺RRDBሺ𝐼LR; 𝑠ሻ, 𝐼SR = 𝐼init + 𝑥ො଴ (1)

Here, 𝐺RRDB is the initial reconstruction network, 𝑠 is the upscaling factor, and 𝑥ො଴ 
is the sampled residual. The clean training residual is 𝑥଴ = 𝐼HR − 𝐼init. We train separate 
models for the ×2 TextZoom and ×4 Real-CE protocols. The condition pathway combines 
OCR evidence extraction and constrained LLM correction with three prior encoders and 
reliability gating. The visual pathway combines the initial RRDB reconstruction with a 
diffusion U-Net. Cross-attention injects conditions at the bottleneck (CA-B) and at one-
quarter resolution in the decoder (CA-M). These sites share prior sources and have inde-
pendent projections. A single Mamba block processes the conditioned bottleneck features. 
Figure 1 summarizes the condition and reconstruction pathways. 

3.2. Constrained LLM-Based OCR Correction 

The correction stage retains the uncertainty in OCR outputs. A frozen PaddleOCR 
detector and recognizer extract the original string 𝑦, character candidate probabilities, 
confidence scores, and text locations from 𝐼୐ୖ. For complete scenes, detection precedes 
recognition, and each transcription retains its text-instance index and corresponding box. 
The OCR configuration and character-normalization rules are fixed across comparisons. 
At each valid decoded position 𝑖, we retain a Top-𝐾 candidate set 𝐶௜; positions with high 
confidence and no candidate conflict are protected from editing. With connectionist tem-
poral classification (CTC) decoding, frame-level evidence is aggregated to output charac-
ter positions under the recognizer’s alignment rule and CTC mapping of blanks and re-
peated labels. Blank symbols and duplicate paths are not passed to the LLM as visible 
characters. 
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Figure 1. Overview of the reconstruction framework. (a) Optical character recognition (OCR) pro-
vides textual evidence for constrained large language model (LLM) correction and position encod-
ing. The structural prior comes directly from the low-resolution (LR) image. Aligned and gated pri-
ors condition two cross-attention sites (dashed lines). (b) A residual-in-residual dense block (RRDB) 
network produces the initial image. The U-Net predicts noise; denoising diffusion implicit model 
(DDIM) sampling estimates the residual, which is added to the initial image to form the super-re-
solved (SR) output. CA-B and CA-M denote bottleneck and decoder cross-attention, respectively. 
Only selected U-Net modules are shown; C denotes channel concatenation. 

Character probabilities were calibrated using temperature scaling on an internal cal-
ibration subset drawn from the training data of TextZoom and Real-CE. The calibration 
subset was kept separate from the final evaluation sets, and the OCR recognizer parame-
ters remained frozen throughout calibration. A single temperature parameter was deter-
mined by minimizing the negative log-likelihood of the reference characters under the 
fixed OCR alignment and decoding procedure. 

The selected temperature was 𝑇 = 1.18, and this value was held fixed for both eval-
uation datasets. Specifically, OCR logits were divided by 𝑇 before applying softmax to 
obtain calibrated character-candidate probabilities. This transformation adjusts the sharp-
ness of the probability distribution without changing the ranking of candidates. The cali-
brated probabilities were consistently used for correction triggering, candidate scoring, 
and reliability estimation. The value 𝑇 = 1 denotes the uncalibrated setting rather than 
the fitted calibration temperature. 

Sample-level OCR confidence was calculated as the geometric mean of the calibrated 
probabilities assigned to valid decoded characters, thereby reducing the length depend-
ence associated with the direct product of character probabilities: 

𝑐ocr = expቌ1𝐿෍ log௅
௜ୀଵ ൫𝑝௜,௬೔ + 𝜀൯ቍ (2)
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Here, 𝐿 is the decoded string length, the probability inside the logarithm corresponds to 
the 𝑖 -th decoded character, and 𝜀  is a numerical stabilizer. Empty transcriptions are 
marked invalid. We set 𝐾 = 5 and the sample-confidence threshold 𝜏௖ = 0.65. Candidate 
conflicts are quantified using the gap between the two highest calibrated probabilities at 
each position: 𝑢௜ = 1 − ቀ𝑝௜,ሺଵሻሺ்ሻ − 𝑝௜,ሺଶሻሺ்ሻ ቁ (3)

In Equation (3), 𝑝௜,ሺଵሻሺ்ሻ  and 𝑝௜,ሺଶሻሺ்ሻ  denote the highest and second-highest calibrated 
OCR candidate probabilities at character position 𝑖, respectively. Define their probability 
gap as Δ௜ = 𝑝௜,ሺଵሻሺ்ሻ − 𝑝௜,ሺଶሻሺ்ሻ , so that the uncertainty in Equation (3) is 𝑢௜ = 1 − Δ௜. For a valid 
OCR string, a candidate conflict is detected when min௜ Δ௜ ≤ 0.20 , equivalently when max௜ 𝑢௜ ≥ 0.80, with 𝑖 ranging over valid decoded character positions. Correction is trig-

gered when either the sample-level OCR confidence is below 𝜏௖ = 0.65 or a candidate 
conflict is detected. Samples satisfying neither condition retain the original OCR transcrip-
tion without invoking the LLM. Only editable positions expose alternative candidates, so 
the full Cartesian product of candidate sets is not explicitly enumerated. Triggering cor-
rection initiates candidate generation but does not guarantee acceptance; a proposed cor-
rection is adopted only after passing all deterministic validation rules. 

Qwen2.5-7B-Instruct [17] runs offline in bfloat16 (BF16) precision. Its structured 
prompt contains the OCR string, editable positions, candidate characters and probabili-
ties, character uncertainty, sample confidence, language type, and restricted contextual 
information. The task field requests limited OCR correction; constraint fields specify the 
permitted character set, equal-length rule, edit budget, and candidate coverage. The max-
imum edit budget is set to 𝐷୫ୟ୶ = 2 character substitutions per OCR string. Specifically, 
no more than two character positions may be changed relative to the original OCR tran-
scription. Insertions and deletions are prohibited, and each accepted candidate must have 
the same length as the original OCR string. A candidate is rejected if its edit distance ex-
ceeds 𝐷୫ୟ୶, if a replacement falls outside the permitted OCR candidate set, or if a pro-
tected position is modified. These deterministic constraints prevent unrestricted text re-
writing and restrict the adopted correction to a bounded set of OCR-supported substitu-
tions. The response contains the proposed text, whether an edit is proposed, edited posi-
tions, a reason code, and refusal status. 

A simplified prompt template is shown below to clarify the input and output inter-
face. The values in braces are filled from the cached OCR results and the dataset-defined 
language constraints. 

Prompt template 
“You are an OCR post-correction assistant. Correct the OCR transcription only when 

the provided visual-recognition evidence and permitted candidates support a change. Do 
not invent, expand, translate, or freely rewrite the text. 

Language type: {language_type} 
Original OCR transcription: {ocr_text} 
Sample OCR confidence: {sample_confidence} 
Editable positions and permitted replacement candidates: {editable_posi-

tions_and_candidates} 
Character-level uncertainty information: {character_uncertainty} 
Maximum edit budget: {D_max} 
Constraints: 
Preserve the original string length. 
Modify only editable positions. 
Use only the permitted candidate characters at edited positions. 
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Do not insert or delete characters. 
If no candidate is sufficiently supported, retain the original transcription. 
Return a JSON object with the fields: proposed_text, edit_proposed, edited_posi-

tions, decision_status, reason_code, and refusal_status. Do not include explanatory prose 
outside the JSON object.” 

This template illustrates the constrained interface; the deterministic validator, rather 
than the prompt alone, enforces the hard constraints before a proposed correction can be 
adopted. 

Explanations are excluded from the adopted string. The language type and permitted 
character set are supplied through the sample-level language metadata specified by the 
dataset protocol, rather than inferred by the LLM. This information is included in the 
structured prompt before correction, and the same language constraints are applied dur-
ing deterministic validation. Mixed Chinese–English samples are not forced into an exclu-
sively Chinese or English category. Their permitted character set includes the Chinese 
characters, Latin letters, digits, and punctuation allowed by the protocol. Candidate sub-
stitutions must satisfy both the permitted character-set constraints and the OCR candidate 
constraints at each editable position. The LLM is not allowed to translate the text or freely 
rewrite a mixed-language transcription. 

The correction procedure reads the OCR transcription and associated language 
metadata, constructs the structured prompt, and generates a proposal only when the cor-
rection-triggering criteria are met. The proposal is then checked by the deterministic val-
idator before acceptance. The LLM has no access to LR or HR images, ground-truth tran-
scriptions, test-answer lexicons, or HR-derived OCR. Ground-truth transcriptions and HR 
image information are not used to determine the language type. All corrections are gen-
erated before super-resolution training and stored offline, with no per-test-sample prompt 
adjustment. 

Qwen2.5-7B-Instruct runs in BF16 precision and uses greedy decoding with do_sam-
ple = False, num_beams = 1, max_new_tokens = 128, and repetition_penalty = 1.0. Its struc-
tured JSON response contains proposed_text, edit_proposed, edited_positions, deci-
sion_status, reason_code, and refusal_status. Invalid or incomplete JSON outputs trigger 
fallback to the original OCR transcription. 

Under the deterministic decoding configuration, Qwen2.5-7B-Instruct generates a 
single structured correction proposal for each triggered OCR transcription. The proposed 
transcription is extracted from the proposed_text field and subjected to deterministic val-
idation. The validation procedure checks language compatibility, character-set member-
ship, string-length consistency, protected positions, the maximum edit budget, and mem-
bership of each substituted character in the corresponding Top-K OCR candidate set. In-
sertions, deletions, and changes outside editable positions are prohibited. 

The original OCR transcription is always retained as an admissible no-edit alterna-
tive. When the generated proposal satisfies all validation rules, the original transcription 
and the validated proposal form a feasible candidate set containing at most two distinct 
strings. The candidate-selection score combines linguistic evidence, calibrated OCR char-
acter probabilities, and the edit-distance penalty. The higher-scoring transcription is 
adopted, with ties resolved in favor of the original OCR output. Invalid proposals are 
rejected, and parsing or execution failures trigger rollback to the original transcription. 

Thus, greedy decoding is used to generate the structured proposal, while the scoring 
function is used to compare the feasible transcriptions. The procedure does not enumerate 
the Cartesian product of OCR character candidates or require stochastic decoding to ob-
tain multiple proposals. Candidate selection is defined as follows: 
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𝑆ሺ𝑧ሻ = 𝜆୪୫𝑙𝑜𝑔𝑝୐୐୑ሺ𝑧 ∣ 𝑞ሻ + 𝜆୭ୡ୰෍ log ቀ𝑝௜,௭೔ሺ்ሻ + 𝜀ቁ|௭|
௜ୀଵ − 𝜆ୣୢ𝑑ୣୢ୧୲ሺ𝑧,𝑦ሻ,  𝑧 ∈ Ω (4)

Here, 𝑧 denotes a feasible candidate transcription, 𝑠୭ୡ୰ is the original OCR tran-
scription, and 𝑞 is the fixed structured correction prompt. The feasible candidate set con-
sists of the original transcription and, when deterministic validation succeeds, the LLM-
generated proposal. The correction-stage scoring coefficients are 𝜆୪୫ = 1.0, 𝜆୭ୡ୰ = 1.0, 
and 𝜆ୣୢ = 0.5, with a maximum edit budget of 𝐷୫ୟ୶ = 2. These coefficients are used ex-
clusively for candidate selection and are independent of the reconstruction-loss coeffi-
cients defined in Section 3.6. The linguistic term evaluates the LLM’s conditional prefer-
ence for a candidate transcription, the OCR term incorporates calibrated character-level 
recognition evidence, and the edit-distance penalty discourages unnecessary substitutions. 
All scoring parameters remain fixed across the evaluated datasets and language groups. 

The LLM sequence log-probability in Equation (4) is calculated from autoregressive 
token-level conditional probabilities using teacher-forced candidate evaluation. Each fea-
sible transcription is tokenized using the Qwen2.5-7B-Instruct tokenizer and evaluated 
under the same fixed correction prompt and output-field prefix. The prefix terminates 
immediately before the value of the proposed_text field, ensuring that candidate tran-
scriptions are evaluated under equivalent linguistic contexts. 

For each candidate token, the corresponding model logits are converted to log-prob-
abilities using log-softmax. The conditional log-probabilities assigned to the candidate to-
kens are then summed to obtain the sequence score. Prompt tokens and fixed JSON-for-
mat tokens are excluded from this calculation. Both the original OCR transcription and 
the validated LLM proposal are evaluated using the same procedure, without generating 
additional candidate sequences. 

The OCR evidence term is calculated from calibrated character probabilities at the 
corresponding decoded character positions, with numerical stabilization applied before 
taking logarithms. The resulting LLM sequence log-probability represents a conditional 
linguistic preference rather than a calibrated probability that the transcription agrees with 
the source image. Consequently, candidate adoption depends jointly on the linguistic 
score, OCR evidence, edit penalty, and deterministic constraints. 

When correction is not triggered, the original OCR transcription is retained without 
invoking the LLM. When correction is triggered, the structured proposal is first subjected 
to deterministic validation. If the proposal passes validation, its score is compared with 
that of the original OCR transcription using Equation (4). The higher-scoring transcription 
is adopted, with ties resolved in favor of the original transcription. The decision label ac-
cept indicates adoption of a valid corrected proposal, keep indicates retention of the orig-
inal transcription, reject indicates failure of a deterministic constraint, and rollback indi-
cates a parsing or execution exception. A valid proposal whose score does not exceed that 
of the original transcription is recorded as keep, rather than as a validation rejection. Fig-
ure 2 provides a high-level overview of correction triggering, deterministic validation, 
and fallback. The detailed candidate-scoring and final-selection rules are defined sepa-
rately in Equation (4). 

The frozen cache stores candidates, original, proposed and adopted strings, edited 
positions, text-instance identifiers, decision status, and versions of the OCR model, LLM, 
prompt, and validation rules. Experiments read these fixed records. Miscorrection counts 
originally correct OCR strings that become incorrect after an accepted edit, using initially 
correct strings as the denominator. Rejection records a failed constraint check, whereas 
rollback records a parsing or execution exception; both rates use all evaluated samples as 
the denominator. These text-level events are distinct from a downstream reconstruction 
failure, defined as a higher per-sample CER for the full model than for RRDB under the 
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same evaluation recognizer. OCR and LLM preprocessing is excluded from online recon-
struction timing, although it remains part of the full system cost. 

 

Figure 2. Constrained OCR–LLM correction. OCR candidates specify editable positions and permis-
sible replacements. The system adopts structured LLM proposals only after deterministic checks. 
Samples that do not trigger correction retain the original OCR text; rejected or invalid proposals 
cause a return to that text. The adopted text and decision status are cached for prior encoding. 

3.3. Textual, Positional, and Structural Priors 

The three prior branches encode character identity, spatial layout, and observed 
stroke evidence. The textual branch combines adopted character embeddings, one-dimen-
sional order embeddings, confidence embeddings, and a correction-status representation. 
A lightweight Transformer encoder [18] maps them to 256-dimensional conditions while 
retaining the sequence axis for visual queries. Validity masks identify padding and empty 
text; ground-truth transcription length is never used to repair the OCR token mask. The 
text encoder is fixed across the main experiments and ablations. It processes character 
conditions, whereas the bottleneck Mamba processes visual features. 

The positional branch encodes OCR detection boxes from 𝐼୐ୖ. Coordinates follow the 
image’s cropping, resizing, and padding transformations before normalization by the cur-
rent width and height. A rectangular box is represented by its two corners, centre, width, 
and height; a quadrilateral retains its eight vertex coordinates together with centre and 
scale information. A multilayer perceptron maps these geometric vectors to 256 dimen-
sions and combines them with relative-order encodings. When only a line box is available, 
characters share its geometry; interpolated character boxes are not created. Missed detec-
tions, overlapping boxes, and unmatched character locations receive explicit validity flags. 
Text-instance indices preserve correspondence in complete scenes. Coordinate inversion 
checks compare recovered positions with the original detected boxes and record any crop-
induced truncation. 
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The structural branch computes horizontal and vertical Sobel gradients 𝐺௫ and 𝐺௬ 
from the grayscale or luminance channel of 𝐼୐ୖ. Gradient magnitude is divided by its spa-
tial maximum plus a numerical stabilizer, and orientation is 𝛩 =  atan2(𝐺௬,𝐺௫). The im-
age, normalized magnitude, sin 𝛩, cos 𝛩, and a text-region mask are concatenated along 
channels. The region mask comes from LR OCR detections; when detection fails, the 
whole image is valid so that visual structure remains available. A convolutional encoder 
transforms the LR-derived structural inputs into a 256-channel two-dimensional feature 
map while preserving their spatial organization. The resulting map is retained for spatial 
feature extraction and is resized to the required scales when necessary. Before prior fusion, 
the features associated with valid OCR regions are pooled and projected into the common 
256-dimensional token space. The same convolutional structure encoder is used through-
out, with no additional visual state-space encoder in this branch. It uses no HR image, 
transcription, LLM-rendered glyph, or RRDB output. The horizontal and vertical gradi-
ents, local orientation cues, and region-aligned structural features provide a spatial repre-
sentation of the observed stroke geometry. This representation can encode approximately 
balanced or reflected stroke arrangements when they are present, while also retaining un-
equal stroke positions, openings, and asymmetric component layouts. The structural en-
coder does not explicitly identify symmetry axes, pair reflected strokes, impose reflection 
equivariance, or synthesize missing strokes through geometric reflection. Therefore, it in-
corporates symmetry-relevant visual evidence without introducing an explicit symmetry 
constraint. 

Each prior branch has an independent projection and validity mask. Before fusion, 
all available prior representations are aligned to a common token tensor of shape 𝐵 × 𝑁 × 256, where 𝐵 is the batch size and 𝑁 denotes the padded number of OCR char-
acter or text-instance positions. 

Textual and positional tokens follow the same OCR token indices. The structural en-
coder initially produces a two-dimensional feature map of shape 𝐵 × 256 × 𝐻௦ × 𝑊௦. For 
each valid OCR region, spatial features are selected according to the corresponding trans-
formed LR bounding-box coordinates and aggregated by region-wise average pooling. 
The pooled representation is then projected into a 256-dimensional structural token asso-
ciated with the corresponding OCR index. 

When only a text-line bounding box is available, its pooled structural representation 
is associated with the valid character positions of that line. No artificial character-level 
bounding boxes or HR-derived structural features are introduced. Validity masks distin-
guish observed OCR regions from padded or unavailable positions. When OCR detection 
is unavailable, the structural branch retains its LR-image-derived whole-image fallback 
independently of the positional branch. 

Therefore, the two-dimensional structural feature map and the aligned structural to-
kens represent successive stages of the same structural prior pathway. The spatial feature 
map preserves image-derived structural information, whereas the aligned tokens are used 
for gated prior fusion and subsequent key/value construction in cross-attention. The re-
sulting token-aligned prior is defined as follows: 𝑃fuse = ෍𝛼௠௠ 𝐴௠(𝑃௠) (5)

The index 𝑚 identifies the textual, positional, and structural priors. Equation (5) 
sums their aligned representations at corresponding token positions. The interface retains 
the independent priors, validity masks, fusion weights, and version metadata. A sample-
level reliability vector combines OCR confidence, correction status, the fraction of valid 
positions, a structural-response summary, and globally pooled visual features. It contains 
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no ground-truth correctness, HR image, or test-set difficulty label. The gating network 
maps this vector to branch scores 𝑎௠ and normalizes them over valid branches: 𝛼௠ = 𝑣௠exp(𝑎௠)∑ 𝑣௞௞ exp(𝑎௞) + 𝜀g (6)

Here, 𝑣௠ indicates branch validity, and 𝜀g stabilizes the denominator. Invalid branches 
are excluded before normalization; if every condition is invalid, condition injection is by-
passed. Gate training starts from the equal-weight configuration, then learns sample-level 
weights before final joint fine-tuning. Gate entropy and branch gradients are monitored 
for persistent collapse, without adding an entropy term to the joint objective. Gating ad-
justs the relative contribution of available evidence; an unchanged OCR string can still be 
incorrect. 

The normalized gate outputs are relative fusion coefficients for the textual, positional, 
and structural branches, rather than probabilities that the corresponding priors are cor-
rect. A smaller textual coefficient reduces the relative contribution of the textual represen-
tation to the fused condition, but does not by itself establish a reduction in reconstruction 
errors. OCR confidence is one component of the reliability vector, which also includes 
correction status, the fraction of valid positions, a structural-response summary, and 
pooled visual features. Therefore, confidence-dependent weight patterns and confidence-
dependent reconstruction improvements provide distinct forms of evidence and should 
be examined separately. 

For cross-attention, the same weights act on the aligned branch features before 
key/value projection. At token position 𝑖, the text and position contributions form a par-
tial sum: 𝑃୲୮,୧  =  𝛼୲୶୲𝐴୲୶୲(𝑃୲୶୲)௜  +  𝛼୮୭ୱ𝐴୮୭ୱ(𝑃୮୭ୱ)௜ (7)𝑃ୡ୭୬ୢ,୧  =  𝑃୲୮,୧  +  𝛼ୱ୲୰𝐴ୱ୲୰(𝑃ୱ୲୰)௜  =  𝑃୤୳ୱୣ,୧ (8)

Equation (8) adds the structural contribution at the same token position, so 𝑃ୡ୭୬ୢ is ex-
actly the fused sequence 𝑃୤୳ୱୣ from Equation (5). The token axis is preserved through this 
weighted sum. At injection scale 𝑙, the key and value tensors are 𝐾௟  =  𝑃ୡ୭୬ୢ𝑊௟௄ and 𝑉௟  =  𝑃ୡ୭୬ୢ𝑊௟௏, with independent projections at CA-B and CA-M. Thus, the gate weights 
enter both attention tensors through the same fused condition sequence. No additional 
concatenation or token normalization is inserted between this sum and the key/value pro-
jections. Invalid token positions are handled by the attention mask. 

3.4. Cross-Attention-Guided Residual Diffusion 

Residual diffusion refines the RRDB reconstruction and preserves its direct visual 
recovery path. The forward diffusion process [19] adds Gaussian noise to 𝑥0 at timestep 𝑡: 𝑥t = ඥ𝛼ത௧𝑥0 + ඥ1 − 𝛼ത௧𝜀, 𝜀 ∼ N(0, 𝐼) (9)

Here, 𝛼ത௧ is the cumulative product of signal-retention coefficients. The U-Net concate-
nates 𝑥௧ and 𝐼୧୬୧୲ along channels and maps them to 64 base channels. Encoder–decoder 
channel multipliers are 1/2/4/4, and timestep embeddings modulate the residual blocks. 
The output predicts noise 𝜀ఏ during both training and evaluation. At CA-B and CA-M, 
visual features supply queries 𝑄, while the condition interface supplies keys 𝐾 and val-
ues 𝑉. Invalid condition tokens are masked before attention normalization: 𝐹′ = 𝐹 + 𝛾Projቆsoftmaxቆ𝑄𝐾T√𝑑 + 𝑀ቇ𝑉ቇ (10)
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Equation (10) shows a single attention head. 𝑀 is the additive validity mask, 𝑑 is the 
head dimension, and 𝛾 is a learnable residual scale initialized to zero. In the multi-head 
implementation, Proj concatenates heads, projects the output, and restores spatial di-
mensions. Both injection sites use eight heads of dimension 32 and receive all three prior 
types through independent key/value projections. Their source priors, reliability infor-
mation, and masks are shared. CA-M is located at decoder stage U2 at one-quarter reso-
lution; no cross-attention is applied at the shallow high-resolution U1 stage. 

Positional information is incorporated into the conditioning pathway through the 
OCR bounding-box encoder described in Section 3.3. The detected bounding-box coordi-
nates are transformed consistently with image cropping, resizing, and padding before 
normalization and feature encoding. The resulting positional tokens are aligned with the 
corresponding textual and structural tokens and incorporated into the fused conditioning 
representation. 

At both CA-B and CA-M, positional information contributes to the attention key and 
value tensors through the fused prior sequence. No additional distance-based spatial bias 
is added directly to the attention logits in the evaluated implementation. Accordingly, 
Equation (10) contains the query–key similarity term and the additive validity mask, with-
out a separate spatial-bias term. 

When OCR detection is missing, the positional branch is marked invalid rather than 
assigned an artificial full-image bounding box. In contrast, the structural branch retains a 
whole-image fallback derived from the LR observation. This distinction preserves struc-
tural visual evidence without introducing unsupported positional information. 

Training uses 1000 diffusion timesteps with a cosine schedule. For inference, de-
noising diffusion implicit model (DDIM) sampling [20] uses 𝜂 = 0 and uniformly spaced 
selections from the training timesteps: 15 steps for TextZoom and 20 for Real-CE. This 
setting adds no reverse-process noise, but the reconstruction still depends on the initial 
noise. 

3.5. Mamba-Based Bottleneck Sequence Modeling 

The bottleneck module propagates horizontal visual context within each row, with-
out connecting unrelated row boundaries. For 𝐹௕ of shape 𝐵 × 𝐶 × 𝐻௕ × 𝑊௕, we arrange 
each row as a left-to-right sequence and combine the batch and row dimensions to obtain 𝐵𝐻௕ sequences of length 𝑊௕. The processed sequences return to their original spatial po-
sitions. The selective state-space update [9] is: ℎj = 𝐴̅௝ℎj-1 + 𝐵ത௝𝑢j, 𝑧j = 𝐶jℎj + 𝐷𝑢j (11)

The index 𝑗 is the visual sequence position, not the diffusion timestep. 𝐴̅௝ and 𝐵ത௝ 
are discretized state-update parameters, 𝐶j projects the state to the output, and 𝐷 defines 
a direct pathway. The state transition uses an input-dependent discretization step; the 
continuous transition is discretized through its matrix exponential, without requiring an 
explicit matrix inverse in the implementation. The block applies normalization, input pro-
jection, local depthwise convolution, selective scanning, gating, and output projection. It 
follows bottleneck cross-attention and returns its output through a residual connection 
whose scale is initialized to zero. 

We use one Mamba block with state dimension 16, expansion factor 2, and local con-
volution kernel size 4. The horizontal sequence lengths for TextZoom and Real-CE train-
ing crops are 16 and 32, respectively. The scan is unidirectional and fixed across test sam-
ples. It models horizontal context without imposing bidirectional symmetry or reflection 
equivariance. Its coverage of vertical, curved, and multidirectional text is limited. Figure 
3 illustrates the scan and its placement at the bottleneck. 
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For parameter accounting, the bottleneck Mamba module operates on 256-dimen-
sional visual features with a state dimension of 16, an expansion factor of 2, a local convo-
lution kernel size of 4, and an automatically determined time-step rank of 16. Under the 
adopted standard Mamba implementation, the core operator contains 437,760 learnable 
parameters, corresponding to approximately 0.438 M parameters. The surrounding nor-
malization and residual scaling introduce a negligible additional parameter count at the 
reported precision. Accordingly, introducing the Mamba module increases the total re-
construction-network parameter count from 30.88 M to 31.32 M. These values distinguish 
the size of the core state-space operator from the parameter count of the complete recon-
struction network. 

 

Figure 3. Independent row-wise Mamba processing at the diffusion bottleneck. (a) Each row of the 
bottleneck feature grid forms a left-to-right sequence. Combining batch and row dimensions pro-
duces 𝐵𝐻௕ sequences of length 𝑊௕, which are restored to their original grid positions after pro-
cessing. The small grids illustrate indices only, not measured feature values. (b) One row-wise 
Mamba block follows bottleneck cross-attention (CA-B), with state dimension 16, expansion factor 
2, and local convolution kernel size 4. The horizontal sequence lengths for the TextZoom and Real-
CE training crops are 16 and 32, respectively. Rows are scanned independently; no bidirectional 
scan or connection between row ends is used. 

3.6. Joint Training Objective 

The objective combines diffusion noise prediction with image and text reconstruction 
supervision: 𝐿total = 𝐿diff + 𝜆pix𝐿pix + 𝜆perc𝐿perc + 𝜆ocr𝐿ocr + 𝜆edge𝐿edge (12)

During training, image-based losses use a single-step clean-residual estimate at the 
sampled timestep 𝑡. Let 𝜀௧̂  =  𝜀ఏ(𝑥௧ , 𝑡, 𝐼୧୬୧୲,𝑃ୡ୭୬ୢ) denote the predicted noise. Inverting 
Equation (9) gives the residual estimate and the corresponding training image: 𝑥ො଴(௧)  =  𝑥௧  −  ඥ1 −  𝛼ത௧𝜀௧̂max(ඥ𝛼ത௧ , 𝛿)  (13)

𝐼ୗୖ(௧)  =  clipሾ଴,ଵሿ(𝐼୧୬୧୲  +  𝑥ො଴(௧)) (14)
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The denominator floor stabilizes residual inversion, and clipping constrains the esti-
mated reconstruction to the normalized image range. When the denominator floor is in-
active, substituting the residual definition and the forward diffusion equation into the 
single-step reconstruction expression causes the explicit initialization terms to cancel. The 
resulting image estimate can therefore be expressed as the HR target plus a timestep-de-
pendent scaled noise-prediction error. Consequently, the pixel and edge reconstruction 
losses are closely related to the noise-prediction error rather than providing independent 
direct supervision of the RRDB output. 

The corresponding scaling factor increases as the cumulative signal-retention coeffi-
cient decreases, potentially amplifying reconstruction errors at high diffusion timesteps. 
The denominator floor prevents division by arbitrarily small values, while clipping 
bounds the reconstructed image but does not completely eliminate this amplification ef-
fect. These properties are taken into account when interpreting the joint training objective. 
Multi-step DDIM sampling is used for inference and is not unrolled to compute the train-
ing losses. 𝐿diff is the mean squared error between sampled and predicted noise under the re-
sidual parameterization. 𝐿pix  is the masked 𝐿ଵ  distance between 𝐼ୗୖ  and 𝐼ୌୖ . 𝐿perc 
sums the 𝐿ଵ differences of frozen VGG19 features at relu1_2, relu2_2, and relu3_4, with 
each layer normalized by its feature count 𝐶௝𝐻௝𝑊௝. Both datasets use the same VGG19 
layers and preprocessing configuration. LPIPS is used only for evaluation and is not the 
training perceptual loss. 𝐿ocr is the CTC negative log-likelihood [21] from a frozen recognizer, and its mean 
uses only samples with valid transcriptions as the denominator; regions without valid 
transcriptions are masked out rather than entered as empty-string targets. Recognizer pa-
rameters stay fixed, while gradients with respect to 𝐼ୗୖ  are retained. 𝐿edge  sums the 
masked horizontal and vertical Sobel-gradient 𝐿ଵ differences between 𝐼ୗୖ and 𝐼ୌୖ, nor-
malized by twice the sum of valid-mask values plus a stabilizer. HR-derived gradients 
serve only as training targets and never enter the structural prior, gate, cross-attention 
conditions, or inference cache. 

The loss weights are set to 𝜆୮୧୶ = 1.00, 𝜆୮ୣ୰ୡ = 0.01, 𝜆୭ୡ୰ = 0.10, and 𝜆ୣୢ୥ୣ = 0.10 
for both datasets. These coefficients balance four complementary objectives: pixel-level 
fidelity to the target image, perceptual similarity in the frozen VGG19 feature space, 
recognition-oriented supervision through the fixed OCR recognizer, and preservation of 
horizontal and vertical image gradients. The pixel loss provides the primary reconstruc-
tion constraint, whereas the perceptual, OCR, and edge terms provide complementary 
feature-level, text-readability, and structural supervision. 

The coefficients were selected using internal training-validation splits, considering 
image quality, recognition performance, and training stability. The official TextZoom test 
set and final Real-CE evaluation set were excluded from weight selection. The same coef-
ficients were retained across the two datasets to avoid dataset-specific loss tuning and to 
evaluate a shared training objective under two distinct settings. To examine the sensitivity 
of this choice, we varied the OCR and edge loss coefficients independently while keeping 
the pixel and perceptual coefficients fixed. The resulting validation comparisons are re-
ported in Section 4.4. This procedure evaluates the stability of the selected configuration 
without using the test sets to select loss weights. 

HR images and ground-truth transcriptions are used for training supervision and are 
excluded from inference conditions. RRDB is first pretrained using direct image recon-
struction supervision and subsequently frozen during diffusion training. In the final joint 
fine-tuning stage, the last two RRDBs are unfrozen, while the remaining RRDB parame-
ters and external supervision networks remain fixed. 
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During joint fine-tuning, the reconstruction losses do not include a separate direct 
penalty on the initial RRDB output. Nevertheless, the initial reconstruction remains part 
of the residual construction and the noise predictor’s conditioning pathway. Gradients 
can therefore propagate to the unfrozen RRDBs through these dependencies. This indirect 
gradient pathway is distinct from direct supervision of the initial reconstruction during 
RRDB pretraining. Accordingly, the final fine-tuning stage should be interpreted as joint 
optimization through the residual prediction framework, rather than as an independently 
supervised refinement of the RRDB initialization. 

4. Experiments 
We evaluated reconstruction quality, the additional benefit of OCR correction, com-

ponent contributions, and computational cost. Separate analyses used an independent 
recognizer, Real-CE language groups, and TextZoom degradation groups. 

4.1. Datasets and Evaluation Protocol 

We trained separate models on TextZoom [1] and Real-CE [2]. TextZoom combined 
train1 and train2 into 17,367 training pairs and used 4373 test pairs after the study’s data 
cleaning, with 1619 easy, 1411 medium, and 1343 hard samples. LR and HR images were 
normalized to 16 × 64 and 32 × 128 pixels for ×2 super-resolution. Real-CE used images 
acquired at 13 mm as LR inputs and 52 mm as HR targets for ×4 super-resolution. Training 
used text-aware paired LR 64 × 64 and HR 256 × 256 crops. Final evaluation retained full 
scenes and used valid_list to select 261 valid scenes: 116 Chinese, 101 English, and 44 
mixed Chinese–English scenes. 

Image quality was measured by peak signal-to-noise ratio (PSNR), structural simi-
larity index (SSIM) [22], and learned perceptual image patch similarity (LPIPS) [23]. Exact-
match accuracy (Acc) required the recognized string to match the reference after the fixed 
text-normalization procedure. Character error rate (CER) counted Levenshtein insertions, 
deletions, and substitutions relative to the number of reference characters. Reference tran-
scriptions came from dataset annotations rather than OCR of HR images. After applying 
the same fixed text-normalization procedure to predictions and references, let 𝑝௜ and 𝑟௜ 
denote the predicted and reference strings for sample 𝑖 in an evaluation subset 𝑔 con-
taining 𝑀௚ samples. Exact-match accuracy (Acc, reported as a percentage) and corpus-
level character error rate (CER) are defined as follows: 

𝐴𝑐𝑐௚  =  100𝑀௚ ෍ 1[𝑝௜  =  𝑟௜]ெ೒
௜ ୀ ଵ ,     𝐶𝐸𝑅௚  =  ∑ 𝐸𝐷(𝑝௜ , 𝑟௜)ெ೒௜ ୀ ଵ∑ |𝑟௜|ெ೒௜ ୀ ଵ  (15)

Here, 1[·] is the indicator function, ED is the Levenshtein edit distance counting 
character substitutions, deletions, and insertions, and |𝑟௜| is the number of reference char-
acters. CER is the ratio of total character edits to total reference characters within the sub-
set, rather than the mean of per-string normalized edit distances. Acc measures exact-
string correctness, whereas CER measures character-level error severity; within a subset, 1 −  Acc/100 is the string error rate and is not the definition of CER. 

For TextZoom, 𝑔 denotes the easy, medium, or hard subset. Each metric is first com-
puted within each subset, and the overall result is the equal-weight arithmetic mean of 
the three subset values: 𝐴𝑐𝑐 =  13෍𝐴𝑐𝑐௚௚ ,     𝐶𝐸𝑅 =  13෍𝐶𝐸𝑅௚௚  (16)

The same equal-weight macro-averaging procedure is applied to PSNR, SSIM, LPIPS, 
exact-match accuracy (Acc), and character error rate (CER). Specifically, the TextZoom 
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test set consists of three difficulty subsets: Easy (1619 samples), Medium (1411 samples), 
and Hard (1343 samples). Each evaluation metric is first calculated independently within 
each subset, and the overall benchmark result is obtained as the unweighted arithmetic 
mean of the three subset-level values, as defined in Equation (16). 

It is important to distinguish this macro-averaging procedure from pooled evalua-
tion over all 4373 test samples. Since the three difficulty subsets contain different numbers 
of samples, the unweighted macro-average and the corresponding pooled result are not 
necessarily identical. In particular, corpus-level CER is calculated as the total number of 
character-level edit operations divided by the total number of reference characters within 
each subset. For pooled evaluation, CER is computed directly from the total character ed-
its and reference characters over the complete test set, rather than by weighting subgroup 
CER values according to their sample counts. 

To improve the transparency of the evaluation protocol, the individual Easy, Me-
dium, and Hard results are additionally reported in Section 4.2. The benchmark macro-
averaged results and the pooled statistics used in the degradation analysis are explicitly 
distinguished throughout the experiments. 

For Real-CE, image metrics were aggregated over all valid aligned regions, and 
recognition metrics over text instances with valid reference transcriptions. Empty annota-
tions and regions without valid transcriptions were excluded from recognition denomi-
nators. The same valid region set was used for both recognizers. Overall results were cal-
culated from all valid evaluation units, rather than by averaging the three language 
groups or weighting them by scene counts. PaddleOCR was the primary recognizer; its 
weights, character normalization, preprocessing, and decoding rules were fixed across 
methods. Frozen EasyOCR was used only after reconstruction models had been trained 
and did not participate in prior generation, OCR-loss supervision, checkpoint selection, 
or tuning. 

Because PaddleOCR is used both to construct OCR-derived conditions and to pro-
vide recognition-oriented training supervision, evaluation with the same frozen recog-
nizer may exhibit recognizer-specific advantages. We therefore distinguish the primary 
PaddleOCR evaluation from independent recognition evaluation with EasyOCR. Easy-
OCR is applied only to completed reconstruction outputs, without access to prior gener-
ation, training gradients, checkpoint selection, or hyperparameter tuning. The same refer-
ence transcriptions, text-normalization rules, and valid evaluation units are used when 
comparing the two recognizers. The independent evaluation is intended to test whether 
the observed reconstruction gains persist under a different recognition model, rather than 
to establish complete independence of the training and evaluation framework. 

All training and testing used a single NVIDIA RTX 4090 (24 GB), with Ubuntu 22.04, 
Python 3.10, PyTorch 2.1.0, and CUDA 12.1. AdamW used an initial learning rate of 1 ×  10ିସ  with cosine decay to 1 × 10ି଺  (Table 1). RRDB was pretrained for 100,000 
steps, and the checkpoint with the highest internal-validation PSNR was retained as B0. 
RRDB was then frozen while the diffusion network, prior encoders, cross-attention, 
Mamba, and gating modules were trained. Finally, the last two RRDBs were unfrozen for 
10,000 joint fine-tuning steps at 1 × 10ିହ. Batch size/gradient accumulation were 8/2 for 
TextZoom and 2/4 for Real-CE. Loss weights were selected only on an internal split of the 
training data; the TextZoom test set and final Real-CE evaluation set were excluded from 
tuning. 
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Table 1. Principal implementation settings. 

Item Setting 

OCR and LLM 

PaddleOCR; Top-K = 5; calibrated OCR temperature T = 1.18; sample-confi-
dence threshold = 0.65; candidate-gap threshold = 0.20; maximum edit budget 

D_max = 2; correction-stage scoring coefficients λ_lm = 1.0, λ_ocr = 1.0, and 
λ_ed = 0.5; Qwen2.5-7B-Instruct; BF16; greedy decoding; do_sample = False; 
num_beams = 1; max_new_tokens = 128; repetition_penalty = 1.0; structured 

JSON output; teacher-forced candidate scoring; offline caching. 

Priors and cross-attention Condition dimension: 256; injection at CA-B and CA-M; 8 heads with 32 dimen-
sions per head 

Diffusion backbone U-Net base channels: 64; channel multipliers: 1/2/4/4; 1000-step cosine schedule 
Inference sampling DDIM, η = 0; 15 steps for TextZoom and 20 for Real-CE 

Mamba 
1 bottleneck block; state dimension: 16; expansion factor: 2; local convolution 

kernel: 4 
Optimizer and learning rate AdamW; initial rate: 1 × 10−4; cosine decay to 1 × 10−6 

Hardware and software RTX 4090 24 GB; Ubuntu 22.04; PyTorch 2.1.0; CUDA 12.1 

Training stages RRDB: 100,000 steps; frozen RRDB during diffusion training; last 2 RRDBs fine-
tuned for 10,000 steps at 1 × 10−5 

Batch size/accumulation TextZoom: 8/2; Real-CE: 2/4 

Repeated ablations 
5 seeds: 2022, 2023, 2024, 2025, 2026; paired within each independently trained 

ablation group 

4.2. Quantitative Comparison with Baseline Methods 

Table 2 compares conventional image super-resolution networks and text-oriented 
reconstruction methods on TextZoom. Table 3 compares RRDB and the proposed full 
model across the three TextZoom difficulty subsets, and Table 4 reports the comparison 
of methods on Real-CE. Since the compared methods were originally developed under 
different training and evaluation settings, their numerical results must be interpreted with 
respect to the corresponding experimental protocols. 

The baseline comparison distinguishes results obtained through direct computation, 
previously reported evaluations, and models trained or evaluated in the present study. 
Particular attention is given to the implementation sources, model checkpoints, super-res-
olution scale factors, input preprocessing, and evaluation procedures. The previously re-
ported results are considered reference measurements unless equivalent evaluation con-
ditions can be established. Consequently, differences from the original publications are 
examined explicitly rather than attributed solely to the choice of evaluation protocol. 

For Real-CE, additional consideration is given to the distinction between whole-im-
age reconstruction methods and text-line-based networks. The latter may require text-re-
gion extraction, resizing, padding, or scale-factor adaptation to process scene images. The 
actual preprocessing and evaluation procedures adopted for these methods are described 
separately to clarify the scope and comparability of the reported results. 

Table 2. Quantitative comparison on TextZoom under the evaluation protocol used in this study. 

Method PSNR ↑ 
(dB) 

SSIM ↑ LPIPS ↓ Acc ↑ 
(%) 

CER ↓ 

Bicubic 20.52 0.666 0.345 58.3 0.335 
SRCNN [24] 21.73 0.744 0.310 64.9 0.298 

ESRGAN [16] 22.66 0.781 0.259 69.2 0.267 
SwinIR [25] 23.76 0.823 0.211 76.4 0.225 

TATT [3] 24.24 0.842 0.196 79.8 0.198 
TPGSR [4] 24.18 0.846 0.190 80.5 0.191 
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DPMN [5] 24.40 0.863 0.184 81.9 0.180 
TextSR [12] 24.71 0.871 0.179 82.5 0.174 
PRISM [13] 24.88 0.878 0.176 82.9 0.170 

B0: RRDB [16] 23.62 0.817 0.224 72.4 0.238 
Full model 25.06 0.883 0.173 83.4 0.164 

Table 2 summarizes the quantitative results associated with the TextZoom evaluation. Each overall 
metric is calculated using equal-weight macro-averaging across the Easy, Medium, and Hard sub-
sets. Recognition evaluation follows the fixed PaddleOCR configuration and text-normalization 
protocol described in Section 4.1. The TATT and DPMN values coincide with the corresponding 
results reported in [11]; their relationship to the earlier evaluation is discussed in Section 5.4. Cross-
study numerical comparisons are interpreted with consideration of the corresponding evaluation 
settings. ↑ indicates higher is better; ↓ indicates lower is better. 

Table 3 presents the reconstruction and recognition performance of RRDB and the 
proposed full model across the three TextZoom difficulty subsets. Both methods exhibit 
decreasing performance as the difficulty increases, reflecting the greater challenges asso-
ciated with more severe image degradation. The proposed method achieves PSNR values 
of 27.12, 25.24, and 22.82 dB on the Easy, Medium, and Hard subsets, respectively, with 
corresponding exact-match accuracies of 91.9%, 83.8%, and 74.5%. 

Table 3. Difficulty-stratified quantitative evaluation of RRDB and the proposed full model on 
TextZoom. 

Model Difficulty PSNR ↑ SSIM ↑ LPIPS ↓ Acc (%) ↑ CER ↓ 
RRDB Easy 25.85 0.865 0.164 82.1 0.142 
RRDB Medium 23.78 0.815 0.222 72.1 0.226 
RRDB Hard 21.23 0.771 0.286 63.1 0.346 
RRDB Overall 23.62 0.817 0.224 72.4 0.238 

Full model Easy 27.12 0.921 0.115 91.9 0.072 
Full model Medium 25.24 0.882 0.168 83.8 0.157 
Full model Hard 22.82 0.846 0.236 74.5 0.263 
Full model Overall 25.06 0.883 0.173 83.4 0.164 

The Easy, Medium, and Hard subsets contain 1619, 1411, and 1343 samples, respectively. Overall 
results are calculated as the unweighted arithmetic mean of the three subset-level metrics according 
to Equation (16). The same evaluation protocol and recognition configuration are applied to both 
models. ↑ indicates higher is better; ↓ indicates lower is better. 

Compared with RRDB, the proposed full model improves PSNR by 1.27, 1.46, and 
1.59 dB on the three subsets, respectively. The corresponding improvements in exact-
match accuracy are 9.8, 11.7, and 11.4 percentage points. Furthermore, CER decreases 
from 0.142 to 0.072 on Easy, from 0.226 to 0.157 on Medium, and from 0.346 to 0.263 on 
Hard. These results indicate consistent improvements in image reconstruction quality and 
character-level recognition across the evaluated difficulty levels. 

Following the equal-weight macro-averaging procedure defined in Equation (16), the 
overall PSNR, SSIM, LPIPS, exact-match accuracy, and CER of the proposed model are 
25.06 dB, 0.883, 0.173, 83.4%, and 0.164, respectively. These values agree with the corre-
sponding full-model results in Table 2. The explicit difficulty-stratified evaluation there-
fore makes the calculation of the reported overall benchmark metrics transparent and di-
rectly verifiable. 

On TextZoom, the full model achieved 25.06 dB PSNR, 0.883 SSIM, 0.173 LPIPS, 83.4% 
Acc, and a CER of 0.164. Compared with RRDB, the full model improved PSNR by 1.44 
dB and Acc by 11.0 percentage points, while reducing CER by 0.074. Relative to DPMN, 



Symmetry 2026, 18, 1860 20 of 39 
 

https://doi.org/10.3390/sym18111860 

the corresponding gains were 0.66 dB in PSNR and 1.5 percentage points in Acc, with a 
CER reduction of 0.016. 

We further compared the proposed method with TextSR and PRISM. TextSR 
achieved 24.71 dB PSNR, 0.871 SSIM, 0.179 LPIPS, 82.5% Acc, and a CER of 0.174, whereas 
PRISM achieved 24.88 dB PSNR, 0.878 SSIM, 0.176 LPIPS, 82.9% Acc, and a CER of 0.170. 
Relative to TextSR, the full model improved PSNR by 0.35 dB, SSIM by 0.012, and Acc by 
0.9 percentage points, while reducing LPIPS by 0.006 and CER by 0.010. Relative to PRISM, 
the corresponding differences were +0.18 dB in PSNR, +0.005 in SSIM, and +0.5 percentage 
points in Acc, with reductions of 0.003 in LPIPS and 0.006 in CER. 

These comparisons indicate that the full model achieved the best reported values 
among the listed methods for the five evaluation metrics under the stated protocol. 

Table 4. Quantitative comparison on Real-CE under the evaluation protocol used in this study. 

Method PSNR ↑ 
(dB) 

SSIM ↑ LPIPS ↓ Acc ↑ 
(%) 

CER ↓ 

Bicubic 20.01 0.689 0.368 28.1 0.458 
TSRN [1] 22.67 0.765 0.286 43.8 0.329 
TATT [3] 23.12 0.779 0.268 45.3 0.319 

TPGSR [4] 23.62 0.791 0.252 47.2 0.307 
PEAN [7] 24.05 0.804 0.235 49.1 0.294 

B0: RRDB [16] 23.91 0.797 0.245 47.8 0.305 
Full model 24.38 0.815 0.223 50.2 0.283 

All baseline results in this table were obtained by the authors through direct computation or method 
reproduction and evaluation. The evaluation set contains 261 valid scenes. Image-quality metrics 
are aggregated over valid aligned image regions, and recognition metrics over text instances with 
valid reference transcriptions. Overall results are calculated from the valid evaluation units rather 
than by averaging the Chinese, English, and mixed Chinese–English group scores. ↑ indicates higher 
is better; ↓ indicates lower is better. For the Bicubic baseline, PaddleOCR is evaluated on the bicubi-
cally upsampled images at the target reconstruction resolution. Its recognition accuracy is not com-
puted from the cached OCR transcription of the original LR image used for prior construction. 

On Real-CE, the full model increased PSNR by 0.47 dB and Acc by 2.4 percentage 
points over RRDB, while reducing CER by 0.022. Compared with PEAN, PSNR and Acc 
increased by 0.33 dB and 1.1 percentage points, respectively. The gains over RRDB were 
smaller than those on TextZoom. Because the datasets differ in scale factor, image compo-
sition, and evaluation units, their absolute scores should not be interpreted as measure-
ments under equivalent task conditions. Figure 4 summarizes the PSNR and Acc compar-
isons. 

4.3. OCR Correction and Its Effect on Reconstruction 

Constrained correction improved the input text predictions before image reconstruc-
tion (Table 5). On TextZoom, Acc increased from 58.3% to 60.1%, and CER decreased from 
0.326 to 0.301. On Real-CE, Acc increased from 44.7% to 46.3%, and CER decreased from 
0.332 to 0.316. The miscorrection rates among initially correct OCR predictions were 0.7% 
and 0.9%, respectively. These measurements describe the OCR correction stage separately 
from recognition of super-resolved images. 

The distinction between OCR-stage accuracy and reconstruction-stage recognition 
accuracy is particularly important for Real-CE. In Table 5, the raw OCR accuracy of 44.7% 
(CER = 0.332) refers to the OCR transcriptions extracted directly from the original LR ob-
servations and stored for subsequent prior construction. In contrast, the bicubic accuracy 
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of 28.1% (CER = 0.458) in Table 4 is obtained by applying the frozen evaluation recognizer 
to images produced by bicubic upsampling to the target resolution. 

 

Figure 4. Reconstruction quality and text recognition under the study protocols. (a,b) TextZoom 
peak signal-to-noise ratio (PSNR) and exact-match accuracy (Acc); (c,d) the same metrics on Real-
CE. Separate models are trained for TextZoom at ×2 and Real-CE at ×4. Points show selected meth-
ods from Tables 2 and 4; blue squares identify the full model. TextSR and PRISM are included in 
the complete TextZoom comparison in Table 2. TextZoom scores are equal-weight averages over 
the three difficulty subsets. Real-CE metrics are aggregated over valid aligned regions and tran-
scribed text instances within 261 scenes. Recognition uses fixed PaddleOCR. No uncertainty inter-
vals are shown. 

These values therefore correspond to different image inputs and separate recognition 
passes, rather than two evaluations of an identical OCR output. Image rescaling and in-
terpolation can affect the text detection and recognition pipeline, even though bicubic in-
terpolation does not recover new character information. Nevertheless, the present results 
do not isolate the respective effects of image rescaling, text detection, and character recog-
nition on this difference. Accordingly, the 16.6-percentage-point discrepancy is reported 
as an observed difference between the two processing pathways and should not be inter-
preted as evidence that lower-resolution input is intrinsically more suitable for OCR. The 
reconstruction comparisons in Table 4 remain based on the designated evaluation proce-
dure applied to the reconstructed outputs. 

Table 5. Separate evaluation of OCR predictions and constrained LLM correction. 

Dataset Stage Acc ↑ 
(%) 

CER ↓ Miscorrection 
(%) 

Rejection 
(%) 

Fallback 
(%) 

TextZoom Raw OCR 58.3 0.326 — — — 
TextZoom Constrained correction 60.1 0.301 0.7 12.1 3.6 
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Real-CE Raw OCR 44.7 0.332 — — — 
Real-CE Constrained correction 46.3 0.316 0.9 13.9 4.2 

Miscorrection uses initially correct OCR strings as the denominator. Rejection is failure of determin-
istic proposal checks; fallback is a parsing or execution exception. Both use all evaluated samples as 
denominators. A dash denotes a stage without correction. Raw OCR refers to the frozen recognizer’s 
predictions on the original LR inputs before image reconstruction. The corrected-text results are 
evaluated at this same prior-construction stage. These OCR-stage values are distinct from the recog-
nition measurements obtained after applying super-resolution or bicubic upsampling. 

Rejection denoted a proposal rejected by the deterministic constraints; fallback de-
noted a parsing or execution exception, such as an unparseable response, timeout, una-
vailable model, or empty output. Both rates used all evaluated samples as their denomi-
nator. Miscorrection counted initially correct OCR strings that became incorrect after an 
accepted edit, with initially correct strings as the denominator. These definitions keep 
harmful edits separate from rejected proposals and execution failures. The experiment did 
not isolate the effect of each constraint, and text-level miscorrection did not measure in-
correct characters generated in SR images. 

For the P-series ablations, the base conditioning interface denotes a common prior-
encoding and feature-injection pathway used to evaluate different combinations of textual, 
positional, and structural information. Each available prior is projected into a 256-dimen-
sional representation, and valid prior branches are combined using equal-weight averag-
ing. If only one prior is available, its fusion weight is one; if all prior branches are invalid, 
condition injection is bypassed. The fused condition is aligned with the bottleneck visual 
features, concatenated along the channel dimension, and passed through a learned 1 × 1 
projection. This base conditioning interface does not use attention-based key/value re-
trieval, bottleneck Mamba modeling, or the final sample-level dynamic reliability gate. 

For the P1-O/P1-L comparison, the correction-status embedding is fixed to the same 
neutral state in both configurations so that the adopted character sequence is the only 
changing conditioning input. This differs from the complete-model correction ablation, in 
which enabling the correction procedure also updates the corresponding correction-status 
information. In contrast to the base interface, the enhanced cross-attention configuration 
uses CA-B at the U-Net bottleneck and CA-M at the one-quarter-resolution decoder stage, 
as defined in Section 3.4. Both modules employ eight attention heads with a head dimen-
sion of 32 and receive validity-masked, fused prior tokens through their respective 
key/value projections. The complete reconstruction framework additionally incorporates 
sample-level dynamic reliability gating and row-wise Mamba sequence modeling. 

The contribution of constrained OCR correction to image reconstruction was first 
evaluated using the P1-O and P1-L configurations in Table 6. Both configurations em-
ployed the same base reconstruction network and text-conditioning interface, with the 
source of the textual prior being the only experimental difference. P1-O used the original 
OCR transcription, whereas P1-L adopted the transcription obtained after constrained 
LLM correction. 

To assess the stability of the observed improvement, this comparison was repeated 
using five paired random seeds (2022–2026). For each seed, the two configurations shared 
the same initialization strategy, training data, optimization settings, training duration, 
and checkpoint-selection procedure. Replacing raw OCR text with corrected text in-
creased the mean PSNR from 24.44 to 24.52 dB and exact-match accuracy from 79.7% to 
80.4%. The corresponding mean paired improvements were 0.08 dB (95% CI: [0.060, 0.100]) 
and 0.7 percentage points (95% CI: [0.504, 0.896]), respectively. 

These results demonstrate a positive and statistically supported effect of constrained 
OCR correction within the evaluated base text-conditioned configuration. Since the P1 
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configurations exclude some components of the complete reconstruction framework, ad-
ditional full-model comparisons on TextZoom and Real-CE were conducted to assess 
whether the effect persists in the complete architecture. 

Table 6. Ablation of text sources and prior combinations on TextZoom. 

Config Text Prior Position Structure 
PSNR ↑ 

(dB) 
Acc ↑ 
(%) 

P0 × × × 24.18 76.9 
P1-O Raw OCR × × 24.44 79.7 
P1-L Corrected text × × 24.52 80.4 
P2 Corrected text ✓ × 24.64 81.3 
P4 × ✓ ✓ 24.58 80.6 
P5 Corrected text × ✓ 24.72 81.9 
P3 Corrected text ✓ ✓ 24.78 82.2 

All P-series configurations use the base conditioning interface defined in Section 4.3, including 
equal-weight fusion of valid prior branches and bottleneck concatenation followed by a learned 
projection. The configurations differ in the prior types or textual sources indicated in the table. For 
the P1-O/P1-L comparison, correction-status conditioning is fixed to the same neutral value. Their 
results are reported as means over five paired random seeds (2022–2026), while the remaining P-
series configurations retain their original evaluation settings. The P-series configurations exclude 
enhanced cross-attention, bottleneck Mamba sequence modeling, and final dynamic reliability gat-
ing. ✓ and × indicate presence and absence, respectively. 

The ablation results in Table 6 help distinguish the contributions of the textual, posi-
tional, and structural priors within the base conditioning framework. Adding corrected 
text to the configuration without priors (P0 to P1-L) increased PSNR from 24.18 to 24.52 
dB and Acc from 76.9% to 80.4%. Replacing raw OCR text with corrected text (P1-O to P1-
L), while keeping the base network and conditioning interface unchanged, yielded an ad-
ditional gain of 0.08 dB in PSNR and 0.7 percentage points in Acc. 

The positional prior provided an additional benefit when combined with corrected 
text: P2 improved PSNR from 24.52 to 24.64 dB and Acc from 80.4% to 81.3% relative to 
P1-L. Similarly, adding the structural prior to the corrected text (P1-L to P5) increased 
PSNR by 0.20 dB and Acc by 1.5 percentage points. When the position prior was added to 
the corrected-text-plus-structure configuration (P5 to P3), PSNR increased from 24.72 to 
24.78 dB and Acc from 81.9% to 82.2%. 

Taken together, these comparisons indicate that textual, positional, and structural in-
formation provide complementary benefits within the tested base conditioning frame-
work. The magnitude of each observed gain depends on the combination in which the 
prior is introduced; these differences should not be interpreted as independent additive 
effects. P3 uses all three prior types but does not include the enhanced cross-attention, 
bottleneck Mamba, or final dynamic gating used in the full model. Its results therefore 
characterize prior combinations rather than the performance of the complete architecture. 

To further investigate the contribution of constrained OCR correction within the 
complete reconstruction framework, we conducted additional controlled ablation experi-
ments on TextZoom and Real-CE. For each dataset, two full-model configurations were 
compared: one conditioned on raw OCR transcriptions and the other conditioned on the 
adopted transcriptions after constrained LLM correction. All remaining components, in-
cluding the positional and structural priors, cross-attention modules, Mamba-based bot-
tleneck sequence modeling, and dynamic reliability gating, were retained. The same da-
taset partitions, initialization strategy, optimization settings, diffusion sampling 
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configuration, and evaluation procedures were used. Each comparison was repeated with 
five paired random seeds (2022–2026). 

On TextZoom, the full model using raw OCR text achieved a mean PSNR of 24.99 dB 
and an exact-match accuracy of 82.8%. When the raw transcription was replaced with 
constrained-correction text, these values increased to 25.06 dB and 83.4%, respectively. 
The mean paired improvements were 0.07 dB in PSNR (95% CI: [0.050, 0.090]) and 0.6 
percentage points in recognition accuracy (95% CI: [0.404, 0.796]). 

On Real-CE, the corresponding full-model comparison showed that using corrected 
OCR text increased the mean PSNR from 24.31 to 24.38 dB and exact-match accuracy from 
49.6% to 50.2%. The mean paired improvements were 0.07 dB in PSNR (95% CI: [0.034, 
0.106]) and 0.6 percentage points in recognition accuracy (95% CI: [0.283, 0.917]). 

The paired confidence intervals exclude zero for both metrics on both datasets. These 
results provide evidence that constrained OCR correction improves downstream recon-
struction not only in the reduced text-conditioned configuration but also within the com-
plete framework. Although the absolute improvements are modest, the effect is consist-
ently positive under the evaluated paired-seed settings. Importantly, the P1-O/P1-L com-
parison isolates the adopted textual source under a fixed correction-status condition, 
whereas the paired full-model comparisons evaluate the combined effect of corrected text 
and its associated correction-status information while retaining the same reconstruction 
architecture and training settings. These results distinguish the downstream contribution 
of the correction interface from the text-level improvements reported in Table 5, but do 
not isolate the contribution of each correction-related signal individually. 

4.4. Conditioning and Bottleneck Sequence Modeling 

With the prior content and all other settings unchanged, cross-attention increased 
PSNR by 0.08 dB and Acc by 0.4 percentage points over concatenation followed by pro-
jection. Table 7 compares three alternatives at the same bottleneck location. Adding the 
Mamba bottleneck module to the configuration without sequence modeling increased 
PSNR by 0.12 dB and exact-match accuracy by 0.6 percentage points. The additional pa-
rameter count was approximately 0.44 M, while online reconstruction latency increased 
by 5.40 ms per image. 

Table 7. Performance and resource cost of bottleneck sequence modules. 

Sequence Module 
PSNR ↑ 

(dB) 
Acc ↑ 
(%) 

Parameters 
(M) 

Peak Training Reserved Memory 
(GB) 

Latency 
(ms) 

No sequence block 24.94 ± 0.03 82.8 ± 0.20 30.88 12.4 147.68 
Lightweight Transformer 25.02 ± 0.02 83.2 ± 0.16 32.44 13.8 160.90 

Lightweight Mamba 25.06 ± 0.04 83.4 ± 0.27 31.32 13.0 153.08 
PSNR and Acc are reported as means ± standard deviations over five runs. Peak training reserved 
memory was measured using the PyTorch CUDA caching allocator under the TextZoom training 
configuration, with a micro-batch size of 8 and gradient accumulation over 2 steps. These memory 
values represent the complete training configurations rather than single-image inference memory. 
Reconstruction latency was measured separately on an NVIDIA RTX 4090 at batch size 1 and ex-
cludes offline OCR–LLM preprocessing. Parameter counts include the instantiated reconstruction 
networks but exclude the external OCR models and LLMs. 

Compared with the lightweight Transformer, the Mamba configuration achieved nu-
merically higher mean PSNR and exact-match accuracy by 0.04 dB and 0.2 percentage 
points, respectively. The complete Mamba-based reconstruction network contained 31.32 
M parameters, compared with 32.44 M for the Transformer-based configuration, 
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corresponding to a reduction of 1.12 M parameters. Reconstruction latency also decreased 
from 160.90 to 153.08 ms per image, representing a reduction of 7.82 ms. 

The recorded peak training reserved memory was 13.0 GB for the Mamba configura-
tion and 13.8 GB for the Transformer configuration. These measurements reflect the 
memory behavior of the complete training configurations, including intermediate activa-
tions, gradients, optimizer states, and temporary computational workspaces. Therefore, 
the observed 0.8 GB difference should not be attributed solely to the bottleneck feature 
tensors or interpreted as an intrinsic memory saving of the Mamba operator. 

Furthermore, the paired 95% confidence intervals for the PSNR and recognition-ac-
curacy differences included zero. Thus, the observed numerical differences do not estab-
lish a statistically significant reconstruction-quality advantage of Mamba over the light-
weight Transformer at the two-sided 5% level. Under the evaluated implementation, 
Mamba achieved comparable reconstruction quality with fewer network parameters and 
shorter measured reconstruction latency. These findings are specific to the tested config-
uration and do not establish general advantages across arbitrary sequence lengths, scan-
ning strategies, or hardware platforms. 

Under the TextZoom difficulty-subset macro-averaging protocol, dynamic reliability 
gating increased PSNR from 25.03 to 25.06 dB and exact-match accuracy from 83.1% to 
83.4%, corresponding to gains of 0.03 dB and 0.3 percentage points, respectively. Online 
latency increased from 152.99 to 153.08 ms. Although the aggregate improvements were 
modest, the results motivated a more detailed examination of the gate under different 
OCR-confidence conditions. 

To examine confidence-dependent behavior, we analyzed the fixed-weight and dy-
namic-gating configurations using the same TextZoom test samples and evaluation pro-
tocol. Based on pre-correction OCR confidence, the 4373 samples were divided into a low-
confidence group containing 1530 samples and a higher-confidence group containing 2843 
samples. 

In the low-confidence group, dynamic gating increased PSNR from 22.800 to 22.860 
dB and exact-match accuracy from 72.4% to 73.2%, corresponding to improvements of 
0.060 dB and 0.8 percentage points, respectively. In the higher-confidence group, PSNR 
increased from 26.433 to 26.448 dB and exact-match accuracy from 89.6% to 89.7%, corre-
sponding to improvements of 0.015 dB and 0.1 percentage points. 

When the two confidence groups were pooled according to their sample counts, the 
fixed-weight configuration achieved an overall PSNR of 25.162 dB and an exact-match 
accuracy of 83.6%, whereas the dynamic-gating configuration achieved 25.193 dB and 
83.9%, respectively. These pooled statistics are consistent with the complete-test-set re-
sults derived from the difficulty-stratified evaluation in Table 3. They differ from the dif-
ficulty-subset macro-averaged results because the two aggregation procedures use differ-
ent weighting rules. 

The larger improvements in the low-confidence group are consistent with the in-
tended behavior of assigning relatively less weight to textual evidence and more weight 
to structural evidence when OCR confidence is low. The confidence-dependent weight 
patterns were also consistent with this behavior: the mean textual and structural weights 
were 0.24 and 0.47 in the low-confidence group, compared with 0.45 and 0.24 in the 
higher-confidence group. The mean positional weights were 0.29 and 0.31, respectively. 
The three normalized branch weights summed to 1.00 in each group. 

We further conducted a diagnostic analysis on samples with incorrect adopted tex-
tual priors and valid multimodal prior alignment. Specifically, a sample was included 
when its adopted OCR–LLM transcription did not match the normalized reference tran-
scription, the textual conditioning tokens were valid, the corresponding OCR detection 
region could be aligned with the positional prior, and region-associated structural 
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features were available without relying solely on the whole-image fallback. Applying 
these eligibility criteria yielded a subset of 612 TextZoom samples. This subset represents 
incorrectly conditioned samples with valid textual, positional, and structural prior inputs, 
rather than all samples with incorrect OCR–LLM transcriptions in the complete test set. 

Within this subset, dynamic gating increased PSNR from 22.31 to 22.39 dB and exact-
match accuracy from 54.6% to 55.4%, corresponding to improvements of 0.08 dB and 0.8 
percentage points relative to fixed global weights. These results suggest that reliability-
aware fusion can provide a modest benefit when the adopted textual prior is incorrect but 
complementary positional and structural evidence remains available. Ground-truth tran-
scriptions were used only for post-inference subset identification and evaluation; they 
were not provided to the correction or reconstruction models. The subset was defined by 
transcription correctness and prior validity, not by reconstruction performance or the 
magnitude of the observed gating improvement. 

Taken together, these analyses show that the dynamic gate changed the relative con-
tribution of the prior branches and that the dynamic-gating configuration achieved higher 
average PSNR and Acc in both confidence groups and in the subset with incorrect adopted 
text. These results support a modest benefit under the tested conditions, but they do not 
establish that every unreliable prior is suppressed or that every sample benefits from gat-
ing. The observed differences should be interpreted within the evaluated model configu-
ration and protocol. 

Cross-attention, sequence-block, and fusion comparisons were repeated as three in-
dependently trained ablation groups. Each group used seeds 2022, 2023, 2024, 2025, and 
2026. Within a group, variants were paired by seed and shared the data split, optimizer, 
learning-rate schedule, training length, and checkpoint-selection rule. Because the groups 
were trained separately, structurally identical full-model configurations could have dif-
ferent standard deviations across groups. Table 8 reports the mean paired differences and 
their two-sided 95% confidence intervals for the three module comparisons. Each com-
parison was repeated using five paired random seeds (2022–2026), with identical training 
and evaluation settings within each seed pair. For a given metric, the paired difference 
was calculated separately for each seed, and the overall effect was summarized by the 
mean of these five differences. 

Because only five paired runs were available, confidence intervals were constructed 
using Student’s t-distribution rather than the standard normal approximation. Specifically, 
the two-sided 95% critical value was 2.776 for four degrees of freedom. The confidence 
interval was calculated as the mean paired difference plus or minus the critical value mul-
tiplied by the standard error of the paired differences. This approach accounts for seed-
wise pairing and uses the variability of the paired differences rather than treating the two 
model configurations as independent samples. 

After applying the paired t-distribution procedure, the confidence intervals for cross-
attention and dynamic reliability gating remained above zero for both PSNR and recog-
nition accuracy. In contrast, the intervals for Mamba relative to the lightweight Trans-
former included zero for both metrics. Therefore, the numerically higher mean reconstruc-
tion quality of Mamba should not be interpreted as a statistically significant advantage at 
the two-sided 5% level. Figure 5 summarizes the TextZoom results for raw versus cor-
rected OCR text (panels a and b) and compares the bottleneck configurations in terms of 
PSNR and reconstruction latency (panels c and d). 
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Figure 5. Text-prior correction and bottleneck modeling on TextZoom. (a,b) Mean PSNR and exact-
match accuracy over five paired runs for raw OCR text (P1-O) and constrained-correction text (P1-
L) under the same base conditioning interface (Table 6). (c,d) Mean PSNR and reconstruction latency 
in the separate bottleneck-module comparison (Table 7). PSNR results for the bottleneck-module 
comparison are reported as mean ± standard deviation over five runs in Table 7. Timing was meas-
ured on an RTX 4090 at batch size 1 and excludes offline OCR–LLM processing. The P1 configura-
tions exclude enhanced cross-attention, bottleneck Mamba, and the final dynamic gate; their results 
are analyzed separately from the complete-model correction experiments. 

Table 8. Paired differences and 95% confidence intervals for key module comparisons. 

Comparison ΔPSNR 
(dB) 

95% CI ΔAcc 
(pp) 

95% CI 

Cross-attention − concatenation/pro-
jection 

+0.08 [0.025, 0.135] +0.4 [0.117, 0.683] 

Mamba − lightweight Transformer +0.04 [−0.005, 0.085] +0.2 [−0.079, 0.479] 
Dynamic gating − fixed weights +0.03 [0.003, 0.057] +0.3 [0.021, 0.579] 

pp denotes percentage points. Each comparison used five paired random seeds (2022–2026). The 
two-sided 95% confidence intervals were calculated from the seed-wise paired differences using 
Student’s t-distribution with four degrees of freedom (t = 2.776). Specifically, each interval was com-
puted as the mean paired difference ± 2.776 times its standard error. The three ablation groups were 
trained independently, with variants paired by seed within each group. Confidence intervals con-
taining zero were not interpreted as evidence of statistically significant differences at the two-sided 
5% level. 

To examine the sensitivity of the joint training objective to the loss weights, we varied 
the OCR and edge loss coefficients independently around the default configuration while 
keeping the pixel and perceptual coefficients fixed. The OCR coefficient was evaluated at 
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0.05, 0.10, and 0.20 with the edge coefficient fixed at 0.10; the edge coefficient was evalu-
ated at 0.05, 0.10, and 0.20 with the OCR coefficient fixed at 0.10. The five configurations 
were evaluated on the same internal validation split using the same image-quality and 
recognition metrics. The results are reported as mean ± standard deviation over five runs. 

As shown in Table 9, the default configuration achieved 25.11 ± 0.04 dB PSNR, 0.885 
± 0.001 SSIM, 0.170 ± 0.002 LPIPS, 83.7 ± 0.3% Acc, and 0.166 ± 0.003 CER. Reducing the 
OCR loss weight to 0.05 lowered Acc to 82.9 ± 0.4% and increased CER to 0.174 ± 0.004. 
Increasing the OCR loss weight to 0.20 improved Acc to 83.9 ± 0.4% and reduced CER to 
0.164 ± 0.003, although PSNR remained below the default result at 25.07 ± 0.05 dB. 

The edge-weight comparison showed a complementary trade-off. Reducing the edge 
loss weight to 0.05 produced lower PSNR and SSIM and higher LPIPS than the default 
configuration. Increasing it to 0.20 improved PSNR to 25.08 ± 0.04 dB, SSIM to 0.884 ± 0.001, 
and LPIPS to 0.172 ± 0.002, while Acc was slightly lower than the default value at 83.6 ± 
0.3%. These results indicate that the loss weights affect image fidelity and text recognition 
differently. The default setting provides a balanced configuration across the reported met-
rics rather than the best result for every individual metric. 

The sensitivity analysis was conducted on an internal validation split; the official 
TextZoom test set and final Real-CE evaluation set were not used to select these coeffi-
cients. The results support the use of the shared default weights under the evaluated set-
tings, but do not establish that the same coefficients are optimal for all datasets or degra-
dation distributions. 

Table 9. Sensitivity analysis of OCR and edge loss weights on the internal validation split. 

Configuration λ_ocr λ_edge PSNR ↑ (dB) SSIM ↑ LPIPS ↓ Acc ↑ (%) CER ↓ 
OCR-low 0.05 0.10 25.04 ± 0.05 0.882 ± 0.002 0.175 ± 0.002 82.9 ± 0.4 0.174 ± 0.004 

Base 0.10 0.10 25.11 ± 0.04 0.885 ± 0.001 0.170 ± 0.002 83.7 ± 0.3 0.166 ± 0.003 
OCR-high 0.20 0.10 25.07 ± 0.05 0.883 ± 0.002 0.174 ± 0.002 83.9 ± 0.4 0.164 ± 0.003 
Edge-low 0.10 0.05 25.00 ± 0.05 0.880 ± 0.002 0.180 ± 0.003 83.2 ± 0.4 0.171 ± 0.004 
Edge-high 0.10 0.20 25.08 ± 0.04 0.884 ± 0.001 0.172 ± 0.002 83.6 ± 0.3 0.165 ± 0.003 

Values are reported as mean ± standard deviation over five runs on the internal validation split. The 
pixel and perceptual loss weights remain fixed at 1.00 and 0.01, respectively. OCR-low and OCR-
high vary only the OCR loss weight, whereas Edge-low and Edge-high vary only the edge loss 
weight. The official TextZoom test set and final Real-CE evaluation set were not used for hyperpa-
rameter selection. 

4.5. Independent Recognition and Language-Specific Results 

To examine whether the reported recognition improvements depend on using Pad-
dleOCR as both the training-supervision recognizer and the primary evaluation recog-
nizer, we performed an additional evaluation using frozen EasyOCR (Table 10). EasyOCR 
was not used for OCR-prior generation, reconstruction training, checkpoint selection, or 
hyperparameter tuning. Recognition results were compared under the same evaluation 
references and text-normalization procedure. 

On TextZoom, the exact-match accuracy improvement from RRDB to the full model 
was 11.0 percentage points under both PaddleOCR (72.4% to 83.4%) and EasyOCR (71.0% 
to 82.0%). On Real-CE, the corresponding improvements were 2.4 percentage points un-
der PaddleOCR (47.8% to 50.2%) and 2.3 percentage points under EasyOCR (45.6% to 
47.9%). Thus, the observed improvements over RRDB were largely preserved under the 
independent recognizer for both datasets. 

The OCR-loss ablation provides an additional check. Without the OCR supervision 
loss, EasyOCR accuracy remained at 81.7% on TextZoom and 47.5% on Real-CE, com-
pared with 82.0% and 47.9% for the corresponding full models. Restoring the OCR loss 
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therefore yielded additional improvements of 0.3 and 0.4 percentage points, respectively. 
These results indicate that the improvements observed with EasyOCR cannot be at-
tributed solely to the direct OCR-loss supervision used during training. 

Nevertheless, the independent-recognizer evaluation covers RRDB and selected var-
iants of the proposed framework, rather than all external baseline methods. It therefore 
supports the robustness of the observed within-framework improvements to a change of 
evaluation recognizer, but does not independently establish the ranking of all methods in 
Tables 2 and 4. 

Table 10. Independent-recognizer evaluation with and without OCR supervision. 

Dataset Configuration λocr 
PaddleOCR 

Acc (%) 
PaddleOCR 

CER 
EasyOCR 
Acc (%) 

EasyOCR 
CER 

TextZoom RRDB — 72.4 0.238 71.0 0.292 
TextZoom Without OCR loss 0 83.0 0.169 81.7 0.190 
TextZoom Full model 0.1 83.4 0.164 82.0 0.187 
Real-CE RRDB — 47.8 0.305 45.6 0.324 
Real-CE Without OCR loss 0 49.9 0.287 47.5 0.303 
Real-CE Full model 0.1 50.2 0.283 47.9 0.299 

EasyOCR was used only for post-training independent recognition evaluation and was excluded 
from prior generation, training supervision, model selection, and hyperparameter tuning. The same 
reference transcriptions, normalization rules, and valid evaluation units were applied for Pad-
dleOCR and EasyOCR. The parameter λ_ocr denotes the reconstruction OCR-loss coefficient: 0 for 
the configuration without OCR supervision and 0.1 for the full model. The table evaluates RRDB 
and selected variants of the proposed framework; external baseline rankings under EasyOCR are 
not reported. 

Table 11 presents the five Real-CE configurations evaluated across language groups. 
G0 is RRDB; G1 adds conditional diffusion; G2 adds text, position, and structure priors 
with cross-attention; G3 adds Mamba with equal-weight prior fusion; the full model adds 
dynamic gating. Model settings, data splits, inference settings, and evaluation rules were 
held fixed for the language-group summaries. 

Table 11. Incremental ablation across Real-CE language groups. 

Configuration Chinese 
PSNR (dB) 

Chinese 
Acc (%) 

English 
PSNR (dB) 

English 
Acc (%) 

Mixed 
PSNR (dB) 

Mixed 
Acc (%) 

Overall 
PSNR (dB) 

Overall 
Acc (%) 

G0: RRDB 23.72 45.7 24.35 54.3 23.28 37.4 23.91 47.8 
G1: +diffusion 23.89 46.6 24.50 55.0 23.47 38.3 24.08 48.6 

G2: +priors and CA 24.06 47.5 24.64 55.8 23.65 39.3 24.24 49.5 
G3: +Mamba 24.14 48.0 24.71 56.1 23.74 39.8 24.32 49.9 

Full: +dynamic gate 24.20 48.3 24.76 56.4 23.81 40.1 24.38 50.2 
Chinese, English, and mixed Chinese–English groups contain 116, 101, and 44 scenes. Overall met-
rics are calculated from all valid aligned regions or transcribed text instances; scene counts are not 
aggregation weights. CA denotes cross-attention. G1 to G2 jointly adds text, position, and structure 
priors and cross-attention, so this stage does not isolate cross-attention or LLM correction. G3 retains 
equal-weight prior fusion. 

From G0 to the full model, the Chinese, English, and mixed Chinese–English groups 
gained 0.48, 0.41, and 0.53 dB PSNR and 2.6, 2.1, and 2.7 percentage points Acc, respec-
tively (Table 11). Each group improved after adding diffusion and then the combined 
prior/cross-attention stage; the later Mamba and gating stages yielded smaller gains. 
Mixed-language Acc remained 40.1%, below the English group’s 56.4%. Because G1 to G2 
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added all three priors and cross-attention together, this difference measures their com-
bined conditioning effect. It cannot isolate cross-attention or LLM correction in each lan-
guage. The staged comparisons do not establish identical single-module effect sizes across 
languages or zero-shot transfer from one jointly trained multilingual checkpoint. 

4.6. Computational Cost and Reconstruction Results 

We evaluated the computational cost of the reconstruction networks on a single 
NVIDIA RTX 4090 under the TextZoom configuration. Parameter count, peak training 
GPU memory, and single-image reconstruction latency were measured separately to dis-
tinguish model complexity, training resource consumption, and online inference effi-
ciency. 

Online reconstruction latency was measured at batch size 1 using 50 warm-up runs 
followed by 500 timed runs. Timing included RRDB reconstruction, prior encoding, and 
DDIM diffusion sampling, but excluded offline OCR extraction, LLM correction, and 
cache generation. 

Peak training GPU memory was recorded separately using a TextZoom micro-batch 
size of 8 and gradient accumulation over 2 steps. The reported values represent the max-
imum CUDA memory reserved by the PyTorch caching allocator during the measured 
training execution. Unlike the memory footprint of model parameters or individual fea-
ture tensors, peak reserved memory reflects the memory managed by the allocator during 
training, including allocations associated with intermediate activations, gradients, opti-
mizer states, and temporary computational workspaces. Consequently, these values 
should not be interpreted as the GPU memory required for single-image inference. 

Model parameter counts were obtained from the instantiated reconstruction net-
works and excluded the external PaddleOCR and Qwen2.5-7B-Instruct models. Resource 
comparisons refer to the complete evaluated configurations rather than isolated bottle-
neck operators. The corresponding results are reported in Table 12. 

Table 12. Parameter counts, peak training reserved memory, and online reconstruction latency of 
the evaluated networks. 

Model 
Parameters 

(M) 
Peak Training Reserved Memory 

(GB) 
Latency per Image 

(ms) 
B0: RRDB 16.70 3.8 48.00 

B1: RRDB + diffusion 27.80 11.4 141.00 
Full model 31.32 13.0 153.08 

All measurements were conducted on an NVIDIA RTX 4090 under the TextZoom configuration. 
Peak training reserved memory was recorded using the PyTorch CUDA caching allocator with a 
micro-batch size of 8 and gradient accumulation over 2 steps. Single-image reconstruction latency 
was measured separately at batch size 1. Parameter counts exclude the external OCR models and 
LLMs, and inference timing excludes offline candidate extraction, LLM correction, and cache gen-
eration. 

Adding diffusion to RRDB increased latency from 48.00 to 141.00 ms; the full model 
required 153.08 ms. Diffusion sampling remained the main source of additional online 
reconstruction latency relative to RRDB. The reported parameter counts and resource 
measurements characterize the complete network configurations, and differences in peak 
training reserved memory should not be attributed exclusively to the bottleneck sequence 
operators. End-to-end deployment would also incur OCR processing, LLM inference, and 
cache creation. 

Figure 6 presents representative reconstruction results for Chinese, English, and 
mixed Chinese–English text. The LR input, bicubic interpolation, RRDB, PEAN, the full 
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model, and the HR reference are compared using identical crops and display scales. Bicu-
bic interpolation retains substantial blur around character boundaries. RRDB improves 
the main outlines, although some fine strokes remain indistinct. In the selected examples, 
the full model produces clearer stroke separation and more continuous character contours, 
with character shapes more closely resembling the HR references. The comparison with 
PEAN provides an additional reference for examining local stroke details. These examples 
illustrate visual reconstruction quality, while character recognition performance is as-
sessed through the quantitative results reported above. 

 

Figure 6. Qualitative comparison of Chinese, English, and mixed Chinese–English scene text. Col-
umns from left to right show LR, bicubic interpolation, RRDB, PEAN, the proposed full model, and 
HR. Identical crops and display scales are used across methods. 

4.7. Failure Analysis 

To evaluate reconstruction performance under different degradation conditions, we 
further analyzed all 4373 TextZoom test samples according to their dominant visible deg-
radation in the low-resolution (LR) input. Each sample was assigned to one of seven mu-
tually exclusive categories: severe blur, local occlusion, noise, uneven illumination, low 
contrast, perspective distortion, and other routine degradation. When multiple degrada-
tions were present, the dominant category was determined using the predefined classifi-
cation rule. The categorization was based exclusively on the LR observations, without 
consulting the reconstructed images or ground-truth transcriptions. The same category 
assignments were used to evaluate RRDB and the proposed full model. 

It should be emphasized that the degradation-based partition differs from the stand-
ard Easy, Medium, and Hard difficulty subsets used for benchmark evaluation. The three 
difficulty subsets are evaluated independently and combined using the unweighted 
macro-average defined in Equation (16). In contrast, the seven degradation categories con-
stitute a separate partition of the complete test set. Statistics pooled over these degradation 
categories therefore represent evaluation across all 4373 samples and should not be inter-
preted as the difficulty-subset macro-average reported in Table 2. 

Within each degradation category, exact-match accuracy is calculated as the propor-
tion of correctly recognized samples, while corpus-level CER is computed as the total 
number of character-level edit operations divided by the total number of reference char-
acters. A reconstruction is considered a relative failure when its per-sample CER exceeds 
that of RRDB under the same recognition configuration. The corresponding failure rate is 
the proportion of such samples within each degradation group. Table 13 reports the recog-
nition performance and relative failure rates under the seven degradation conditions. 
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Table 13. Recognition performance and relative failure rates under different dominant degradation 
conditions. 

Dominant Degradation Samples RRDB Acc (%) Full Acc (%) RRDB CER Full CER Failure Rate (%) 
Severe blur 406 45.1 68.5 0.360 0.310 8.6 

Local occlusion 287 50.2 70.0 0.330 0.280 8.0 
Noise 400 65.0 82.5 0.260 0.200 5.0 

Uneven illumination 350 68.0 84.0 0.230 0.170 4.3 
Low contrast 352 59.9 78.4 0.290 0.230 5.4 

Perspective distortion 321 65.1 80.4 0.260 0.190 4.7 
Other routine degradation 2257 86.3 90.1 0.173 0.086 0.8 

The degradation-stratified results in Table 13 demonstrate that reconstruction per-
formance varies considerably across different visual conditions. Severe blur and local oc-
clusion remain particularly challenging, with the proposed full model achieving exact-
match accuracies of 68.5% and 70.0% and CER values of 0.310 and 0.280, respectively. For 
noise and uneven illumination, the corresponding accuracies increase to 82.5% and 84.0%, 
with CER values of 0.200 and 0.170. The low-contrast and perspective-distortion groups 
achieve exact-match accuracies of 78.4% and 80.4%, respectively, with corresponding CER 
values of 0.230 and 0.190. The other-routine-degradation group achieves the highest accu-
racy of 90.1% and the lowest CER of 0.086. 

Compared with RRDB, the proposed full model achieves higher exact-match accu-
racy and lower CER across all seven degradation categories. Nevertheless, the relative 
failure rates remain higher under severe blur (8.6%) and local occlusion (8.0%), suggesting 
that missing or obscured character strokes continue to limit reliable reconstruction under 
challenging conditions. In contrast, the other-routine-degradation group exhibits a sub-
stantially lower relative failure rate of 0.8%. 

It is important to distinguish the pooled evaluation over these degradation groups 
from the macro-averaged benchmark results. For the proposed full model, the accuracy 
calculated over all 4373 samples is 83.9%, whereas the unweighted average of the Easy, 
Medium, and Hard subset accuracies is 83.4%. Similarly, the pooled corpus-level CER is 
0.155, compared with a difficulty-subset macro-average of 0.164. These differences result 
from the distinct aggregation procedures and the unequal sample and reference-character 
distributions across the difficulty subsets. Accordingly, the pooled degradation-group sta-
tistics are not used to replace the macro-averaged benchmark metrics reported in Table 2. 

Furthermore, CER and string error rate characterize different aspects of recognition 
performance. The string error rate measures the proportion of incorrectly recognized 
strings, whereas corpus-level CER is based on the total character edit distance normalized 
by the total number of reference characters. Therefore, the two metrics are not necessarily 
complementary, and CER may exceed the string error rate when incorrectly recognized 
strings contribute multiple character-level errors. Both metrics are calculated inde-
pendently according to their respective definitions. 

5. Discussion 
5.1. Prior Reliability and Visual Evidence 

The experimental findings should be interpreted by distinguishing the contribution 
of constrained OCR correction from those of the remaining reconstruction components. 
The correction interface determines which OCR-supported textual substitutions are ad-
missible before prior encoding, whereas reliability-aware conditioning adjusts how the 
adopted text is combined with positional and structural evidence during reconstruction. 
These mechanisms operate at different stages and therefore require separate evaluation. 
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The five-seed P1-O/P1-L comparison on TextZoom shows that replacing raw OCR 
text with constrained-correction text improves PSNR by 0.08 dB and exact-match accuracy 
by 0.7 percentage points within the base text-conditioned configuration. The additional 
full-model experiments further demonstrate mean improvements of 0.07 dB in PSNR and 
0.6 percentage points in accuracy on both TextZoom and Real-CE. The paired 95% confi-
dence intervals exclude zero for both metrics under the evaluated conditions. 

These results provide direct evidence of the downstream reconstruction contribution 
of constrained OCR correction in both reduced and complete model configurations. Nev-
ertheless, the observed effects are modest, and the controlled comparisons isolate the 
adopted textual prior rather than the contribution of each individual correction constraint. 
The overall improvement of the full framework over RRDB reflects the combined effects 
of residual diffusion, complementary prior conditioning, cross-attention, bottleneck se-
quence modeling, and reliability gating. It should therefore not be attributed to linguistic 
correction alone. 

The prior-combination ablations further clarify why the three branches are used to-
gether. Textual information supplies character-content cues, positional information asso-
ciates these cues with detected text locations, and structural information preserves image-
derived stroke and edge evidence. The gains from adding position or structure to the cor-
rected-text configuration indicate that these cues are complementary within the tested 
base framework. However, the observed improvements depend on the specific combina-
tion, and the current ablations do not establish that each branch contributes an independ-
ent additive gain under every configuration. They support the use of complementary ev-
idence rather than the claim that any single prior is sufficient for reliable reconstruction. 

The acceptance rules restrict permitted edits without guaranteeing that the accepted 
string is correct. The true character may be missing from the candidate set, and an incor-
rect high-confidence prediction may bypass correction. The equal-length rule also pre-
vents correction of insertion and deletion errors. Reverting to the original text retains any 
errors it already contains. The post-correction miscorrection rate measures changes to in-
itially correct OCR strings, not incorrect characters synthesized in the final image. The 
failures under severe blur and occlusion are consistent with a broader limitation: linguistic 
plausibility cannot replace weak visual evidence. 

Reliability gating operates at the sample level and adjusts the relative contributions 
of the prior branches rather than directly identifying erroneous characters. In the confi-
dence-stratified analysis, the low-confidence group showed larger average gains from dy-
namic gating than the higher-confidence group. The gate also assigned a smaller mean 
textual weight and a larger mean structural weight to the low-confidence group. Further-
more, in the diagnostic subset of 612 samples with incorrect adopted textual priors and 
valid text–position–structure alignment, dynamic gating achieved higher average PSNR 
and exact-match accuracy than fixed global weights. This finding is limited to samples 
with usable complementary prior evidence and should not be generalized to all incorrect 
OCR transcriptions. These findings provide complementary evidence of confidence-de-
pendent weighting and improved average reconstruction under incorrect textual condi-
tioning. However, OCR confidence is not equivalent to transcription correctness, and the 
results do not establish that every incorrect prior is suppressed or that all affected samples 
benefit. A single set of sample-level branch weights also cannot independently accommo-
date different reliability levels among characters or regions within the same image. The 
conclusions are therefore limited to the tested model configuration and evaluation proto-
col. 

Although no additional activation map is introduced, the behavior of the condition-
ing mechanism can be examined through the learned branch weights and the controlled 
component comparisons. The gate assigns different relative contributions to textual, 
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positional, and structural evidence according to the sample-level reliability vector. The 
confidence-stratified results show lower textual weights and higher structural weights in 
the low-confidence group, while the ablation results quantify the performance changes 
associated with alternative conditioning configurations. These observations provide indi-
rect evidence about how the conditioning components contribute to reconstruction, but 
they do not directly visualize spatial attention or establish causal attribution to individual 
image regions. A dedicated activation-map analysis would be needed to examine such 
spatial effects more directly. 

5.2. Symmetry and Asymmetry in Character Structure 

Symmetry and asymmetry are complementary characteristics of the geometric struc-
tures involved in scene text reconstruction. Some glyphs exhibit approximate reflectional 
relationships between strokes or components, whereas others depend on asymmetric po-
sitions, openings, or orientations for their identity. These relationships are affected by 
blur, occlusion, geometric distortion, and image resampling. Inaccurate reconstruction 
can therefore produce two different structural errors: disruption of approximately bal-
anced stroke arrangements and artificial regularization of distinctive asymmetric details. 
The relevant reconstruction objective is to preserve the geometry supported by the obser-
vation, rather than to maximize symmetry indiscriminately. 

The proposed framework addresses this geometry-sensitive setting through comple-
mentary visual and textual conditioning. The LR-derived structural encoder represents 
gradient magnitude, orientation, and the spatial arrangement of observed strokes. Posi-
tional priors associate the encoded information with detected text regions, whereas tex-
tual priors provide candidate character identities. Reliability gating adjusts the relative 
contributions of these sources when OCR-derived information is uncertain. In this way, 
the framework can incorporate evidence about both approximately symmetric structures 
and character-defining asymmetric details without explicitly imposing reflection con-
straints. The prior-combination results in Table 6 show that introducing structural evi-
dence improves general reconstruction and recognition performance under the evaluated 
base configuration. However, these improvements cannot be attributed specifically to the 
recovery of symmetric patterns. 

Accordingly, the relationship of this study to symmetry and asymmetry concerns the 
preservation of character geometry during image restoration and the integration of com-
plementary structural evidence into a recognition-oriented generative framework. The 
method does not estimate symmetry axes, enforce reflection equivariance, or introduce a 
symmetry-specific optimization objective. Moreover, the reported PSNR, SSIM, LPIPS, 
and recognition metrics evaluate overall reconstruction quality rather than symmetry 
preservation separately. The current experiments therefore do not establish a distinct sym-
metry-specific performance contribution. A dedicated evaluation of approximately sym-
metric and asymmetric glyph structures, including their corresponding HR references, 
would be required to quantify this aspect directly. We consider this distinction important 
for interpreting the present contribution without extending its claims beyond the availa-
ble evidence. 

5.3. Scope and Cost of Sequence Modeling 

The bottleneck comparison indicates that Mamba and the lightweight Transformer 
achieve comparable reconstruction quality under the evaluated TextZoom configuration. 
The complete Mamba-based reconstruction network contains 31.32 M parameters, com-
pared with 32.44 M for the Transformer-based configuration. Reconstruction latency de-
creases from 160.90 to 153.08 ms per image. These findings support a reduction in param-
eter count and online reconstruction latency for the tested Mamba configuration. 
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The GPU memory results represent peak training reserved memory, rather than sin-
gle-image inference memory. Although the Mamba-based configuration recorded 13.0 GB 
compared with 13.8 GB for the Transformer-based configuration, these measurements re-
flect complete training executions and are influenced by intermediate activations, opti-
mizer states, temporary workspaces, and CUDA allocator behavior. Therefore, the ob-
served difference does not establish an intrinsic 0.8 GB memory saving attributable to the 
Mamba operator itself. 

The horizontal sequence length is 16 for TextZoom training crops and 32 for Real-CE 
training crops. The current experiments do not establish an asymptotic computational ad-
vantage for substantially longer sequences or comparable resource savings across other 
hardware platforms. The fixed left-to-right scan also limits the applicability of the obser-
vations to vertical, curved, and multidirectional text. 

Diffusion sampling remains the main additional source of online reconstruction la-
tency relative to RRDB. Under the evaluated TextZoom configuration, the full reconstruc-
tion network requires 153.08 ms per image at batch size 1, while its peak training reserved 
memory is 13.0 GB under the separate training configuration. These measurements ex-
clude the external OCR and LLM preprocessing stages. Consequently, the reported recon-
struction-network costs do not represent the complete end-to-end deployment cost and 
do not establish suitability for resource-constrained devices. 

5.4. Evaluation Scope and Relation to Previous Work 

The evaluation protocols define the scope of the conclusions. TextZoom and Real-CE 
use separately trained models, different scale factors, and different evaluation units; their 
absolute scores are not measurements of an equivalent task. Fine-grained single-factor 
ablations are concentrated on TextZoom. Real-CE includes Chinese, English, and mixed-
language groups, but its smaller set of 261 valid scenes and grouped comparisons do not 
establish identical effects for each isolated module across languages. Coverage of vertical 
text, curved text, artistic fonts, strong reflections, and severe occlusion is limited. The 
study does not test zero-shot transfer of a single multilingual checkpoint. 

The degradation-stratified analysis in Section 4.7 extends the evaluation to severe 
blur, local occlusion, noise, uneven illumination, low contrast, and perspective distortion. 
However, the categories are based on the dominant visible degradation in the LR input 
rather than controlled manipulation of individual degradation factors. The results there-
fore provide observational evidence of performance under the evaluated conditions, not 
a causal estimate of the effect of each degradation type or proof of robustness to all real-
world scenarios. 

The independent EasyOCR evaluation and the OCR-loss ablation provide comple-
mentary checks on dependence on PaddleOCR. The improvement in exact-match accu-
racy from RRDB to the full model was 11.0 percentage points under both recognizers on 
TextZoom and was 2.4 and 2.3 percentage points under PaddleOCR and EasyOCR, re-
spectively, on Real-CE. Most of the improvement also remained after the OCR supervision 
loss was removed. These observations suggest that the reported within-framework recog-
nition gains are not solely a consequence of evaluating with the same recognizer used for 
training supervision. 

However, PaddleOCR remains part of prior construction, OCR-loss supervision, and 
the primary evaluation protocol. A shared-recognizer effect cannot be ruled out com-
pletely. Furthermore, the EasyOCR comparison was limited to RRDB and selected config-
urations of the proposed method; external baseline methods were not comprehensively 
reevaluated using EasyOCR. Therefore, the relative rankings of all methods under an in-
dependent recognizer remain undetermined. The results should be interpreted as evi-
dence of consistency across the two tested recognizers for the evaluated configurations, 
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rather than proof of recognizer-independent superiority over all external baselines. 
Broader cross-recognizer evaluation and matched analysis of LR versus upsampled-im-
age OCR remain important limitations of the present study. 

The present study builds upon our previous work on OCR priors and cross-scale at-
tention [11], while addressing a different methodological focus. The earlier framework 
emphasized OCR-guided reconstruction and cross-scale feature interaction. In contrast, 
the present method introduces a constrained OCR–LLM correction interface with deter-
ministic validation and fallback, integrates textual, positional, and structural priors 
through reliability-aware conditioning, and incorporates Mamba-assisted residual diffu-
sion for reconstruction. These developments focus on the reliability and utilization of 
OCR-derived information rather than solely on improving conventional reconstruction 
metrics. 

For completeness, the previously published method [11] achieved 24.85 dB PSNR, 
0.877 SSIM, and 82.6% recognition accuracy on TextZoom. The proposed full model re-
ports corresponding values of 25.06 dB, 0.883, and 83.4%, representing numerical differ-
ences of 0.21 dB, 0.006, and 0.8 percentage points, respectively. The TATT and DPMN 
reference results in Table 2 also coincide with those reported in [11]. This relationship is 
explicitly acknowledged to distinguish previously reported baseline measurements from 
the performance evaluation of the present framework. 

These results provide a quantitative reference for understanding the progression be-
tween the two studies. Nevertheless, the numerical differences should not be interpreted 
as a fully controlled estimate of improvement unless identical evaluation conditions are 
established. The main methodological contributions of the present framework are further 
examined through the controlled component comparisons in Section 4, including OCR 
correction, prior conditioning, and bottleneck sequence modeling. Accordingly, the sig-
nificance of the present work lies in its additional mechanisms for managing uncertain 
OCR priors and reconstructing text images under the evaluated conditions, rather than in 
claiming a substantial numerical advantage over the earlier framework. 

The sensitivity analysis provides additional evidence about the stability of the se-
lected loss weights under the evaluated validation setting. Using the same coefficients on 
TextZoom and Real-CE avoids dataset-specific loss tuning and offers a limited test of a 
shared training objective across two distinct datasets. However, the observed results do 
not establish that the default coefficients are universally optimal. Differences in language 
composition, image degradation, scale factor, and evaluation units may affect the pre-
ferred balance among pixel, perceptual, OCR, and edge supervision. The conclusions re-
garding weight generalizability are therefore restricted to the two datasets and configura-
tions examined in this study. 

The interpretability analysis in this study relies on branch-weight statistics and con-
trolled ablation comparisons rather than spatial activation visualizations such as Grad-
CAM. These analyses help characterize the relative use of the conditioning branches and 
their associated performance changes, but they do not reveal the precise image regions 
responsible for individual reconstruction decisions. Spatially resolved attribution and at-
tention visualization remain useful directions for future work. 

6. Conclusions 
We presented a residual diffusion method for Chinese and English scene text image 

super-resolution that combines constrained OCR–LLM correction, complementary text, 
position, and structural priors, and bottleneck Mamba modeling. Candidate restrictions 
and deterministic validation make the adopted text traceable, while cross-attention and 
sample-level gating organize its use alongside visual evidence. Under the evaluated pro-
tocols, the complete model achieved PSNR values of 25.06 dB and 24.38 dB on TextZoom 
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and Real-CE, respectively, with exact-match accuracies of 83.4% and 50.2%. Controlled 
comparisons indicated a modest reconstruction benefit from corrected text and a favora-
ble resource trade-off for Mamba relative to the tested lightweight Transformer. Inde-
pendent-recognizer evaluation supported improved readability relative to RRDB. These 
results support the tested integration; candidate coverage, sample-level reliability resolu-
tion, severe degradation, limited language-specific ablations, scan direction, and full-sys-
tem cost bound its applicability. 

From the perspective of symmetry and asymmetry, the reconstruction task requires 
preserving both approximately balanced stroke arrangements and distinctive asymmetric 
character details. The present method incorporates relevant structural evidence without 
enforcing symmetry-specific constraints, while direct quantitative validation of symmetry 
preservation remains outside the scope of the reported experiments. 
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