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Abstract

Scene text recognition (STR) has benefited from vision-language modeling and multi-modal
in-context learning, which enables models to exploit annotated demonstrations during
inference without parameter updating. However, existing in-context STR methods mainly
select demonstrations according to global visual similarity. Such image-level representations
jointly encode textual content, font appearance, background, degradation, and geometric
deformation, making it difficult to distinguish appearance compatibility from character-level
relevance. As a result, globally similar samples may fail to provide effective evidence for
ambiguous characters. To address this limitation, we propose Scene-to-Glyph, a hierarchical
coarse-to-fine retrieval framework for multi-modal in-context scene text recognition. At the
coarse-grained stage, an appearance-oriented scene representation is extracted from visual
features to characterize shared conditions such as font style, degradation, deformation, and
background appearance while reducing the influence of textual content. Scene-level simi-
larity is then used to retrieve a compact set of appearance-compatible contextual candidates.
At the fine-grained stage, uncertain character positions are identified from the recognition
output, and decoder—vision correspondence is exploited to derive localized glyph represen-
tations. These representations are matched with character-level features from the candidate
demonstrations, enabling the model to select demonstrations that are both scene-compatible
and relevant to ambiguous characters. Experiments on conventional and challenging STR
benchmarks validate the effectiveness of Scene-to-Glyph and the complementary roles of
scene-level and glyph-level retrieval.

Keywords: scene text recognition;multi-modal in-context learning; hierarchical retrieval;
scene-level representation; glyph-level matching

1. Introduction

Scene text recognition (STR) has achieved substantial progress, but robust recognition
in complex visual conditions remains challenging. Text instances in natural scenes often
exhibit large variations in font style, orientation, illumination, geometric deformation, image
quality, and background appearance. These variations can significantly affect character
representations and increase recognition ambiguity. Existing methods have addressed
these challenges from different perspectives. ABINet [1] introduces bidirectional language
modeling to refine ambiguous visual predictions. SVIR [2] models character dependen-
cies with a purely visual architecture, while PARSeq [3] improves sequence modeling
through permutation-based autoregressive prediction. More recent studies have explored
multi-granularity prediction, character-level representation learning, compact visual rep-
resentations, and vision-language pre-training [4-6]. Despite these advances, real-world

Electronics 2026, 15, 4969

https://doi.org/10.3390/electronics15214969


https://crossmark.crossref.org/dialog?doi=10.3390/electronics15214969&domain=pdf&date_stamp=2026-10-27
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0009-0000-8894-8063
https://doi.org/10.3390/electronics15214969

Electronics 2026, 15, 4969

2 of 23

STR remains difficult because conventional benchmarks do not fully represent the visual
diversity encountered in practical scenarios [7].

Multi-modal in-context learning provides a new paradigm for adapting STR models
without updating their parameters. Unlike conventional adaptation methods that require
additional training or fine-tuning, in-context learning allows a model to exploit a small num-
ber of annotated image-text demonstrations during inference. Zhao et al. introduced E?STR
to incorporate this capability into scene text recognition [8]. E2STR first learns basic recog-
nition ability and is subsequently trained with context-rich sequences. During inference,
demonstrations are retrieved from an in-context pool and combined with the test sample.
This design enables the recognizer to exploit contextual information without scenario-
specific parameter optimization. Recent studies on multi-modal in-context learning have
also shown that demonstration selection can strongly influence prediction quality [9,10].
Therefore, effective demonstration retrieval becomes an important component of multi-
modal in-context STR.

Existing demonstration retrieval in E>’STR [8] is limited by its reliance on a single
global image-level representation. E°STR averages the visual token sequence to obtain
an image embedding and retrieves demonstrations according to cosine similarity. This strat-
egy is simple, computationally efficient, and already provides useful in-context evidence,
as confirmed by our controlled ablation study (Section 4.4). The limitation of this strategy
is therefore not that global similarity is harmful, but that it entangles textual identity and
visual appearance into a single image-level criterion. In particular, the resulting representa-
tion may encode font style, background characteristics, degradation, geometric deformation,
and word structure at the same time. Consequently, a high image-level similarity does not
necessarily indicate that a demonstration is useful for the current recognition difficulty.
This issue is particularly important because STR errors are often concentrated at a small
number of ambiguous character positions. A globally similar image may provide little
evidence for these characters, whereas another image with lower global similarity may
contain a highly relevant local character pattern. Therefore, global image similarity alone
cannot fully characterize contextual relevance. Several demonstration-selection methods
have been proposed for multi-modal in-context learning, but they operate at granularity
levels that do not resolve this issue. Learned retrievers select complete examples through
model-derived supervision [11], Partial2Global formulates visual demonstration selection
as a global ranking problem over complete examples [12], and TACO configures task-aware
multi-modal in-context sequences at the example level [13]. EASE adopts a coarse-to-fine
scheme whose local stage matches patch-level features [14]. None of these methods de-
composes relevance into scene-level appearance compatibility and character-level evidence
anchored at decoder-identified uncertain positions. Because STR errors concentrate at
a few ambiguous characters, example-level or patch-level relevance cannot guarantee the
character-level evidence that the recognizer actually needs. Figure 1 illustrates this discrep-
ancy and motivates a hierarchical retrieval strategy that considers contextual relevance at
different visual granularities.

In this work, we propose Scene-to-Glyph, a hierarchical coarse-to-fine retrieval frame-
work for multi-modal in-context scene text recognition. The framework replaces single-stage
global retrieval with two successive matching stages: scene-level coarse retrieval selects
appearance-compatible candidates from the complete in-context pool using an appearance-
oriented representation, and glyph-level fine retrieval matches decoder-derived local glyph
representations of uncertain character positions against character-level features of the can-
didates. The proposed method is evaluated on both conventional and challenging STR
benchmarks, together with ablation experiments to examine the effectiveness of the pro-
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posed hierarchical retrieval strategy. The main contributions of this work are summarized
as follows:
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) Oal&g STR Model —_ darn

Scene and Glyph l ] Text and Appearance Similar Images
Similarity . -
1l
el il
- =l  Aa
better small

(c) The pipeline of our proposed method.

Figure 1. Motivation of the proposed Scene-to-Glyph retrieval strategy. Conventional global retrieval
selects demonstrations according to image-level visual similarity, which may not provide relevant
local evidence for hard characters. Scene-to-Glyph first retrieves appearance-compatible candidates
and then performs glyph-level matching to identify demonstrations with relevant character evidence.

e  We propose Scene-to-Glyph, a multi-modal in-context STR framework that retrieves
demonstrations hierarchically: appearance-compatible candidates are selected first, and
then candidates are re-ranked by their local evidence for uncertain character positions.

e  We design an uncertainty-guided glyph-level matching procedure in which the glyph rep-
resentation is obtained from decoder—vision attention at the two least confident positions.

e  Weintroduce a relation-aware context-rich training strategy that constructs appearance-
consistent, character-related, and hybrid contextual sequences.

e  We conduct extensive experiments on conventional and challenging scene text recogni-
tion benchmarks. Experimental results demonstrate the effectiveness of our proposed
method across regular, irregular, occluded, and highly stylized text.

2. Related Work
2.1. Scene Text Recognition

Scene text recognition has evolved from sequence-based visual recognition toward
stronger visual, linguistic, and cross-modal modeling. Early end-to-end methods formu-
lated text recognition as image-to-sequence prediction. CRNN [15] combined convolutional
features with recurrent sequence modeling and CTC decoding. Rectification-based meth-
ods were later developed to handle perspective and curved text. RARE [16] introduced
a spatial transformation module before recognition, while ASTER [17] employed a flexible
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thin-plate-spline rectification network. MORAN [18] further introduced multi-object rectifi-
cation for irregular text. Attention-based methods also improved alignment between visual
regions and output characters. SAR [19] used two-dimensional attention for irregular text,
while Baek et al. [20] established a unified evaluation framework for major STR compo-
nents. Semantic information was subsequently incorporated into the recognition process.
SRN [21] modeled global semantic dependencies, whereas RobustScanner [22] combined
contextual and positional cues for robust decoding. ABINet [1] introduced an autonomous
bidirectional language model for iterative refinement. VisionLAN [23] instead integrated
linguistic information directly into visual representations. These studies progressively
reduced the dependence on purely local visual cues.

Recent STR research has focused on stronger representations, scalable architectures,
and more challenging real-world distributions. Baek et al. [24] investigated training with
real data and reduced annotation requirements. SVIR [2] demonstrated that a purely
visual Transformer can effectively model inter-character dependencies. PARSeq [3] unified
autoregressive and non-autoregressive inference through permutation language model-
ing. MATRN [25] further enabled interactive enhancement between visual and semantic
representations. MGP-STR [4] exploited predictions at multiple semantic granularities.
Jiang et al. [7] proposed that conventional benchmarks cannot fully represent the difficulty
of real-world STR. CLIP4STR [26] later transferred pre-trained vision-language knowledge
to text recognition. Large-scale studies also examined scaling behavior in STR [27]. Re-
cent models have further improved decoder scaling, linguistic guidance, and CTC-based
sequence modeling [28-30]. Diffusion-based synthesis has also been explored to generate
realistic character-aware training images [31]. Although these advances have substantially
improved recognition performance, they primarily focus on representation learning and
recognition modeling, while the selection of informative demonstrations for in-context
inference remains underexplored.

2.2. Multi-Granularity Representation Learning for Scene Text Recognition

Multi-granularity representation learning aims to preserve complementary informa-
tion at global, regional, and character levels. Global features provide compact descriptions
of complete text instances, but they may suppress local character differences. Character-
level modeling addresses this limitation by explicitly preserving localized structures.
CCD [5] learns character-to-character correspondences under flexible image transforma-
tions. MGP-STR [4] exploits several prediction granularities to improve recognition robust-
ness. OTE [6] follows a different direction and compresses the complete text image into one
global token. Its results show that global representations can retain rich text semantics when
they are properly learned. Attention-based recognition also provides implicit regional rep-
resentations. Focusing Attention reduces attention drift by introducing explicit supervision
for character alignment [32]. These studies indicate that global and local representations
encode different aspects of a text image.

Disentangled representation learning further separates textual identity from visual
appearance. This distinction is important because the same character sequence can ap-
pear under very different fonts, backgrounds, colors, and geometric transformations.
DARLING [33] explicitly disentangles text content and style for recognition, removal,
and editing. MATRN [25] also demonstrates that visual and semantic representations
provide complementary information. Recent character-aware synthesis methods preserve
glyph structure while controlling contextual appearance [31]. These findings support the
use of multiple representation levels in STR. However, existing multi-granularity methods
mainly improve feature learning or decoding. They do not use global appearance and local
character evidence as successive criteria for demonstration retrieval. This distinction moti-
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vates the representation design adopted in Scene-to-Glyph. The character-level localization
capability of CCD and the global-token formulation of OTE provide two complementary
precedents for this separation.

2.3. Multi-Modal In-Context Learning

In-context learning enables a model to adapt its predictions through demonstrations
without updating model parameters. Recent studies showed that few-shot predictions can
be sensitive to demonstration content [34]. This paradigm was later extended to vision-
language tasks. Frozen language models demonstrated multi-modal few-shot learning
through interleaved visual and textual inputs [35]. Flamingo [36] further established
a scalable architecture for multi-modal few-shot adaptation. More recent models have
strengthened multi-modal in-context capabilities through larger generative architectures.
Emu?2 [37] showed that generative multi-modal models can acquire task-agnostic in-context
behavior. Link-Context Learning [38] explored explicit relations between support examples
and queries. Visual In-Context Prompting also extended contextual prompting to open-set
visual tasks [39]. These studies establish demonstrations as an important inference-time
information source.

Multi-modal in-context learning has recently been extended to STR and has also re-
ceived increased attention in large multi-modal models. E°STR [8] trains a regular-sized
recognizer with context-rich image-text sequences. During inference, it retrieves demonstra-
tions from a context pool and performs recognition without target-domain fine-tuning. Its
experiments confirm that a small number of annotated examples can improve recognition
in unseen domains. Recent multi-modal studies have investigated how models use visual
demonstrations. SymDPO [40] strengthens the dependence on demonstration images
through preference optimization. MimIC [41] models the hidden-state shifts induced by
multi-modal demonstrations. CoMM [42] develops coherent interleaved image-text data
to strengthen multi-modal contextual learning. ImageGen-Col [43] extends contextual
reasoning to text-to-image generation. Recent analyses have also identified limitations in
cross-modal task mapping and transfer [44]. These studies indicate that multi-modal ICL
depends on both demonstration content and demonstration organization. In STR, this
dependence makes demonstration retrieval a central problem.

2.4. Demonstration Retrieval for In-Context Learning

Demonstration retrieval determines which examples are exposed to an in-context
model and can strongly affect its prediction behavior. Early methods commonly relied on
random sampling or semantic similarity. Learned retrieval was later introduced to identify
examples that better support a query. Rubin et al. [11] trained a dense retriever using model-
derived supervision. Active selection has also been formulated as a sequential decision
problem [45]. Diversity provides another important selection criterion. Levy et al. [46]
showed that diverse demonstrations can improve compositional generalization. More recent
studies have reconsidered the relationship between a query, a model, and its demonstra-
tions. Peng et al. [47] showed that effective selection can depend on both data and model
characteristics. Partial2Global [12] formulates visual in-context demonstration selection as
a global ranking problem. Reinforcement learning has also been used to jointly optimize
demonstration relevance and diversity [10]. Multi-modal selection studies further show
that visual and textual evidence can contribute differently to demonstration usefulness [9].
These results consistently indicate that nearest-neighbor similarity is not a complete measure
of contextual utility.

Recent work has moved demonstration selection toward finer and more structured
relevance modeling, but STR-specific hierarchical retrieval remains underexplored. Princi-
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pled analyses of multi-modal demonstrations show that different modalities and example
configurations affect contextual inference [48]. Learning-based selection methods also
reveal that useful similarity can arise at several input and output levels [49]. TACO [13]
further studies task-aware configuration of multi-modal in-context sequences. These meth-
ods mainly operate at the complete-example level. They do not explicitly decompose a text
image into global appearance and local glyph evidence. Coarse-to-fine retrieval has been
effective in other visual problems. EASE [14] first narrows the search space with global
prototypes and then performs local feature retrieval. However, its local matching is defined
at the patch or pixel level. It is not linked to character ambiguity in text recognition.

To position Scene-to-Glyph against these methods, Table 1 compares representative
demonstration-selection approaches in terms of retrieval granularity, uncertainty awareness,
the use of a learned retriever, and the inference cost described in the original studies. E2STR
performs single-stage global image-level retrieval without a learned retriever; Partial2Global
and TACO operate at the complete-example level; and EASE performs coarse-to-fine match-
ing whose local stage is defined at the patch level. In contrast, Scene-to-Glyph combines
scene-level appearance retrieval with uncertainty-guided glyph-level matching, which is
specifically tailored to the character-level ambiguity of STR. To the best of our knowledge,
coarse-to-fine demonstration retrieval has not been previously explored in the context
of OCR or scene text recognition; the closest paradigm in this field is rectification-then-
recognition pipelines such as RARE and ASTER [16,17], which are processing pipelines
rather than retrieval mechanisms.

Table 1. Comparison of demonstration-selection approaches. “Not stated” means the description
above does not specify the property.

Method Retrieval Granularity Uncertainty- Learned Retriever Inference‘Cost
Aware (as Described)
. No (cosine Efficient; single
2 -
E*STR [8] Image level (average-pooled visual tokens) No similarity) global search
Rubin et al. [11] Example level No Yes ,(dense Not stated
retriever)
Partial2Global [12] Example level (global ranking) No Not stated Not stated
Yes
Wang et al. [10] Example level No (reinforcement Not stated
learning)
Chen et al. [9] Example level Not stated Not stated Not stated
TACO [13] Sequence level (task mapping) No Not stated Not stated
EASE [14] Patch or pixel level, after prototype search ~ No Not stated Not stated
Yes (two lowest Yes (scene Extra initial
S2G (ours) Scene level, then glyph level confidence rojector) decoding and
positions) Pro] glyph matching

It is also useful to distinguish three related but different lines of research. Representa-
tion learning for STR (e.g., CCD, MGP-STR, OTE, and DARLING [4-6,33]) improves the
features used for recognition but does not address which demonstrations should be retrieved.
Demonstration retrieval (e.g., [11,12,14]) determines which candidates are selected from
a pool. In-context selection and organization (e.g., TACO, CoMM, and SymDPO [13,40,42])
studies how a model consumes organized demonstrations. Scene-to-Glyph belongs to the
second line but is deliberately coupled to the third: its glyph-level stage is driven by the
decoding uncertainty of the recognizer, so retrieval is directly conditioned on how the
in-context model uses the demonstrations.
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3. Materials and Methods
3.1. Framework Overview

The proposed Scene-to-Glyph (S2G) framework improves demonstration retrieval
for multi-modal in-context scene text recognition. As illustrated in Figure 2, the overall
framework contains a context-rich training stage and a hierarchical inference stage. During
the training stage, context-rich sequences are constructed according to appearance-level
and character-level relations. Appearance-consistent samples preserve similar visual con-
ditions across different textual contents, while character-related samples introduce local
correspondence across different words. These samples are integrated into hybrid context-
rich sequences for autoregressive in-context learning. The recognizer is optimized with
autoregressive decoding. It enables the model to exploit both visual inputs and contextual
demonstrations. During the inference stage, an annotated context pool is provided for each
query. S2G retrieves demonstrations through two successive stages. Scene-level retrieval
first selects candidates with similar appearance conditions. These conditions include font
style, degradation, and geometric deformation. Glyph-level retrieval then evaluates local
visual evidence at uncertain character positions. The final demonstrations are combined
with the query for context-conditioned recognition.

Relation-Aware Context-Rich Training

academy</i>hello </i>quality </i>camera </i>vacation</e>

] - ]

Vision Encoder —_— Language Decoder
! Appearance-related Contexts | Charactaer-related Contexts | Target Image ; l
: ! i : <Is y</i>hello </i>quality </i </i>vacation
| #ELL0 FQUALITYIRGIYTTS YN VA CATION
,,,,,,,,,,,,,,, ; t R T

Scene-level Appearance Retrieval 2

toke E
Query tokens Global Avg Appearance Cosine TopK
Pooling Projector H Similarity selections

hical Inference wit S2( trieva Context Pool

Query Image

G ER e
7 SRAHELLOBEY

Shared

i vlolc[oltion QUALIT YT Vision Glyph-level Character Retrieval
P 01234567 | - Encoder
[O— l ——————— t CAMERA JERES — ooO0ooooo
) ) o Glyph Cross Top-N
Lowest-confidence positions T 0 1234567 —| repmmtion || Ao |— sclonions
zebra o
U =3, =2 S T / ﬂ Contont tokens | certain positions
Retrieved Demonstrations 7, Query image X, Final prediction
ACADEMY RESINQUALITYIESIHE LLORRESE VACATION I Decotor vacation

Figure 2. Overall framework of the proposed Scene-to-Glyph method. During training, appearance-
consistent and character-related samples are integrated into context-rich sequences. During inference,
scene-level retrieval first selects appearance-compatible candidates from the context pool. Glyph-
level retrieval further evaluates local visual relevance at uncertain character positions. The selected
demonstrations are finally combined with the query for in-context recognition.

Regarding component responsibilities, the overall training process of Scene-to-Glyph
consists of two sequential stages, as summarized in Algorithm 1. The vision encoder and
the autoregressive decoder follow the E2STR recognizer architecture [8], initialized with
an MAE-pretrained ViT and an OPT-125M language decoder, respectively. In the first
stage, the recognizer is trained on Union14M-L using the vanilla scene text recognition
objective; the newly introduced appearance projector P, () is then trained with the triplet
objective while the vision encoder is frozen. In the second stage, the recognizer is further
optimized through relation-aware in-context training with context-rich sequences. The
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glyph representations introduce no additional parameters, as they are derived on the fly
from decoder—vision cross-attention, and all parameters are frozen during inference.

Algorithm 1 Scene-to-Glyph: Relation-aware training and hierarchical retrieval.

Require: Training set 1), annotated context pool C = {(x;,y;)}},, query image x,, hyper-
parameters K, N, N,,
Ensure: Final transcription j,
1: Stage 1: Vanilla recognition training and appearance projector training
2: Train the recognizer on J) with the standard autoregressive objective (Equation (1))
3: Train the appearance projector P, (-) with controlled triplets (Equation (7)), with the
vision encoder frozen
4: Stage 2: Relation-aware in-context training
5. Construct context-rich sequences with the Hybrid strategy, combining appearance-
consistent and character-related samples
6: Train the recognizer with the in-context objective (Equation (2))
7. Feature-bank construction (once per benchmark)
8: Compute scene embeddings z5 = P, (f;) for all context samples and store the scene bank
ZS
9: Extract glyph representations g; ; of all character positions via teacher-forced cross-
attention
10: Hierarchical retrieval and in-context decoding (per query)
11: Perform the initial demonstration-free recognition of x,
12: Select the N,, lowest-confidence positions qu (Equation (10))
13: Compute the query glyphs g, ,, t € U, (Equation (11))
14: Rank the pool by scene similarity S; and keep the top-K candidates (Equation (9))
15: Rank the candidates by glyph similarity S¢ and keep the top-N demonstrations P,
(Equation (12))
l6: return the final transcription 7, = Dicy (5,)

3.2. Relation-Aware Context-Rich Training

The recognition model is optimized across the two training stages summarized in
Algorithm 1. The first stage establishes the basic mapping from a text image to its transcrip-
tion; the newly introduced appearance projector is additionally trained within this stage,
with the vision encoder frozen. For an image-text pair (x,y), the model is trained with the
standard autoregressive objective

T
Lsr = — ) _logp(yr 1y, x), (1)
=1

where T denotes the length of the target transcription. This stage provides the funda-
mental recognition capability. The second stage aims to equip the recognizer with the
ability to exploit relations among different image-text samples. Instead of the random sam-
pling strategy, we explicitly introduce three strategies to construct context sequences: the
Appearance-Consistent Strategy, the Character-Related Strategy, and the Hybrid Strategy.
The Appearance-Consistent Strategy. As shown in Figure 3a, the target image
“VACATION' is paired with context samples such as ‘ACADEMY’, 'HELLO’, and ‘QUALITY".
Although these samples contain different textual contents, they share similar visual condi-
tions with the target. The shared conditions can include font style, text color, background
appearance, blur, and geometric deformation. In practice, these factors are controlled by
a font-generation pipeline based on DG-Font [50]: the target image serves as the style
reference, and each context sample is synthesized with a different transcription in the same
visual style through deformable glyph generation. This strategy therefore constructs con-
textual relations from appearance consistency rather than lexical identity. It encourages the
recognizer to associate different text instances that exhibit similar visual characteristics.
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vAcATION W AcADENY W HELLO R OUALITY

Target Image

(a) The Appearance-Consistent Strategy.

- [(MTEN [Tl [CAMERA

Target Image

(b) The Character-Related Strategy.

» Appearance-related Contexts Charactaer-related Contexts

P EEm Y [T CAMERA

Training Sequence

CAMERA

(c) The Hybrid Strategy.

Figure 3. Illustration of the relation-aware context construction strategies. (a) The Appearance-
Consistent Strategy constructs context samples with different textual contents but similar visual
conditions. (b) The Character-Related Strategy selects different words that share character-level
evidence with the target. Shared characters are highlighted by red boxes. (c¢) The Hybrid Strategy
combines appearance-related and character-related samples and shuffles them to form the context-rich
training sequence.

The Character-Related Strategy. Figure 3b illustrates the second type of contextual
relation. The target word ‘“VACATION' is associated with different words that contain
shared characters. For example, ACADEMY’ and ‘QUALITY’ contain the character ‘A’, while
‘CAMERA’ contains both ‘A’ and ‘C’. The shared characters are highlighted in Figure 3b.
The complete words remain different from the target word. This design introduces local
character correspondence without relying on identical word-level patterns. No individual
character crop is provided to the recognizer. Instead, the model learns character-level
relations through interactions among complete text instances. In practice, context words
that share at least one character with the target transcription are drawn uniformly at random
from the candidate set so that the character distribution of the constructed contexts remains
consistent with that of the training data.

The Hybrid Strategy. In practice, the above two types of contextual samples are
combined within the same training sequence. As shown in Figure 3¢, appearance-related
contexts and character-related contexts are first collected separately. The selected samples
are then shuffled before being organized into a context-rich sequence. This construction
allows a single training sequence to contain both global appearance relations and local
character relations. The recognizer is therefore exposed to complementary contextual
evidence during autoregressive learning. These two contextual relations provide the basis
for the hierarchical retrieval design used during inference. Scene-level retrieval evaluates
appearance compatibility, while glyph-level retrieval evaluates local visual correspondence
at uncertain character positions.

These relations are explicitly constructed rather than left to random sampling, as
is commonly done in existing in-context training pipelines. The appearance-consistent
samples are generated by the DG-Font-based pipeline described above: each context image
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is synthesized with a different transcription so that its appearance configuration, including
the font family, the color palette, the blur, and the geometric distortion, follows that of
the target, with bounded perturbations that keep the visual conditions similar without
making them identical. In practice, every training sequence is assembled with the Hybrid
strategy so that the two relation types are combined within each individual sequence rather
than sampled across sequences: the context slots are filled with both appearance-consistent
and character-related samples, which are then shuffled before being organized into the
context-rich sequence. Within the Character-Related strategy, the relation type is explicitly
defined by shared characters, while the individual context words are drawn uniformly at
random from the candidates, without frequency-based reweighting or overlap constraints.
This keeps the character distribution of the constructed contexts consistent with the natural
distribution of the training data. Since each sequence already contains both relation types,
the balance between lexical overlap and appearance similarity is regulated by the Hybrid
construction itself rather than by per-sample filtering.
Given the image sequence X and text sequence Y, the in-context training objective is

Ty
LycL = - Z logp(Y 1Yo, Xsy), (2)
I=1

where X_; denotes the visual information available before the I-th target token. The context
construction process establishes appearance-level and character-level relations during train-
ing. It does not perform retrieval over the inference context pool. During inference, these
relations are identified dynamically through the proposed Scene-to-Glyph retrieval process.
The relation-aware construction also establishes consistency between training and
inference. The Hybrid strategy exposes the decoder to exactly the two relation types used
by the retrieval stages at test time. Appearance-consistent contexts correspond to what
scene-level retrieval returns, and character-related contexts correspond to what glyph-level
retrieval returns. The inference pool is constructed with the same composition rules. The
retrieved demonstrations are also placed into the same context-rich sequence format as
during training. Retrieval therefore changes only the samples in the context slots. It does
not change the sequence structure or the conditional distribution seen by the decoder.
Hierarchical retrieval thus samples from the same relation-aware subspace that the second
training stage optimizes. This explains why relation-aware training prepares the decoder
better for retrieved demonstrations than random sampling. The two retrieval stages always
combine both criteria in the contexts they return. A training sequence with only one relation
type would therefore present a one-sided context distribution. The Hybrid construction
is accordingly not one option among equals. It is the sequence-level organization whose

context distribution matches the one produced by two-stage retrieval.

3.3. Scene-to-Glyph Retrieval for Inference

The proposed S2G strategy treats demonstration relevance as a hierarchical property
rather than a single image-level similarity. A useful demonstration should first share
compatible visual conditions with the query. It should also contain local visual evidence
related to the recognition difficulty of the query. These requirements correspond to scene-
level appearance compatibility and glyph-level character relevance, respectively. The two
criteria are evaluated sequentially instead of being combined through a weighted score.
This design preserves their different functions within the retrieval process. Scene retrieval
reduces the search space, while glyph retrieval performs targeted fine-grained selection
within that space.
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3.3.1. Scene-Level Appearance Retrieval

Given a query image Xg, let C = {(xi,yl-)}ﬁ\ﬁ1 denote the annotated context pool, where
M is the number of context samples, x; is the i-th text image, and y, is its transcription. The
scene-level stage retrieves context images with visual conditions similar to those of the
query. In this work, ‘scene’refers to the appearance configuration of a cropped text instance.
Relevant factors include font and stroke characteristics, foreground color, background
appearance, degradation, blur, and geometric deformation. These factors determine how
textual content is visually presented. Therefore, two different words can be scene-compatible
when they exhibit similar appearance conditions.

Visual Feature Extraction. Given a text image x;, the shared vision encoder E(-)

converts it into a sequence of visual tokens:

Fi=E(x) = [fipfizr e ofin] ER™, (3)

where 1 denotes the number of visual tokens and d is the feature dimension. Each token
encodes visual information from the input image at a different spatial or semantic location.
The same vision encoder is used for both the query and the context samples. This shared
encoding space provides a common visual basis for subsequent retrieval. The visual token
sequence contains both textual and appearance-related information. To obtain a compact
representation for scene-level matching, the visual tokens are aggregated through global
average pooling:

.1 &
fi= 5 L (4)
j=

The pooled feature summarizes the overall visual characteristics of the text image. How-
ever, it may still contain substantial information about textual identity. Directly using this
representation for retrieval can therefore favor samples with similar word structures rather
than similar visual conditions.

Appearance Projection. To emphasize appearance information, we introduce a lightweight
appearance projector P (-):

z =Py(f),  z €R%, (5)
where d; denotes the dimension of the scene representation. The projector consists of two
linear transformations with a nonlinear activation between them. To reduce the influence
of textual identity, the appearance space is learned using controlled triplets. Each triplet
contains an anchor, a positive sample, and a negative sample. The anchor and positive
contain different textual contents but share similar appearance conditions. In contrast, the
anchor and negative contain the same textual content under different appearance conditions.
For example, an anchor sample displaying ‘"HELLO’ and a positive sample displaying
"VACATION' are generated under the same font, color, and degradation conditions. In
contrast, a negative sample displaying ‘HELLO' is generated under a substantially different
appearance configuration. This construction encourages the retrieval representation to
focus on appearance consistency rather than lexical identity.

Formally, let c denote textual content and w denote an appearance configuration. For
each training triplet, we construct

X, = (Cy wy), Xy = (Cp/ wy), X, = (Cq, ), (6)

where x,, x,, and x,, denote the anchor, positive, and negative samples, respectively. c,
and ¢, represent different textual contents, while w; and w, represent different appearance
configurations. The constraints ¢, # ¢, and w; # w, are imposed during triplet construc-
tion. The corresponding appearance embeddings are denoted by z;, z}, and zj, while the
appearance projector is optimized using a margin-based triplet objective:

Ly = max|0,m + Deos (25, 25) — Deos (25, 23) |, (7)
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where m is the margin and D (-, -) denotes the cosine distance. The projector is trained
within the first stage, following the vanilla recognition training. Besides, the vision encoder
is frozen during projector training.

This construction makes textual identity a nuisance factor for the scene representation
rather than a useful signal. Because the anchor and the positive share the appearance
configuration but carry different transcriptions, any content-dependent direction in the em-
bedding increases their distance and therefore increases the triplet loss, so content variation
within an appearance class is actively suppressed. Because the anchor and the negative
share the same transcription under a different appearance configuration, identical content is
explicitly trained as a dissimilarity relation and cannot serve as a similarity cue. The projec-
tor is optimized solely on this objective with a frozen vision encoder and receives no content
supervision, since no transcription or character label enters the projector objective; the
scene space therefore retains only the directions that the appearance-consistency objective
selects. At the system level, character-level evidence is delegated to the glyph stage, and the
controlled ablation in Section 4.4 shows that the two stages provide complementary gains:
if the scene embedding still encoded word content, the subsequent glyph-level matching
would be largely redundant.

Scene-Level Coarse Retrieval. After training, the appearance embeddings of all
context samples are pre-computed and stored in a scene feature bank:

25 =125,25, .., 2y} (8)

For a query image x,, its scene representation z; is obtained using the same feature extraction
and projection pipeline. The similarity between z; and the i-th context representation z; is

measured by cosine similarity:

s\T,s
(23)°z;

eI -1

9)

i

A larger S indicates stronger appearance compatibility between the query and the corre-
sponding context sample. All context samples are ranked according to S} and the top-K
samples are retained as the final scene-compatible candidate set. The scene stage therefore
reduces the retrieval space from M context samples to K appearance-compatible candidates.
This stage evaluates only global appearance compatibility. The retained candidates are
subsequently passed to the glyph-level stage for fine-grained matching.

3.3.2. Glyph-Level Character Retrieval

The glyph-level character retrieval stage further evaluates the local relevance of the
K candidates retained by scene-level retrieval. In this work, the ‘glyph’ is defined as the
local visual representation associated with a character position, rather than the semantic
identity of the character itself. The same character may exhibit different local patterns under
changes in font, blur, or geometric deformation, while different characters may become
visually similar under severe degradation. Therefore, glyph-level retrieval measures the
visual correspondence between local character representations, which enables the retrieval
process to identify context samples that provide relevant local evidence for uncertain
character predictions.

Uncertainty-Guided Glyph Representation. Given a query image x,, an initial pre-
diction is first performed without contextual demonstrations. At each decoding time step ¢,
the decoder produces a probability distribution over the character vocabulary. The maxi-
mum class probability is used as the confidence of the current prediction. Let N,, denote
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the number of uncertain character positions considered for glyph-level retrieval. The N,
positions with the lowest confidence are selected as

qu = Uncertain(maqut(v),Nu), (10)
vell ’

where U denotes the character vocabulary and U, contains the selected uncertain positions.
In this work, N,, is set to 2.

The choice of N, = 2 follows from the error structure of STR. Word-level recognition
failures are typically caused by local factors such as attention drift at a few character
positions [51]. A misrecognized word therefore usually differs from its ground truth in
only one or two characters. Two positions are sufficient to cover the dominant failure
modes. A single position would be brittle because the lowest-confidence position may
reflect the decoding order rather than the true recognition difficulty. Larger values increase
the retrieval cost because each additional position requires one more nearest-neighbor
search over the characters of every candidate. More importantly, the additional positions
are usually decoded correctly. Their glyph representations do not describe the recognition
difficulty and dilute the averaged relevance score with non-ambiguous evidence. We also
prefer a fixed number of positions over a fixed confidence threshold. A threshold selects
a variable number of positions. Easy queries may have no position below the threshold, and
glyph-level retrieval then has no evidence to use. Hard queries may have many positions
below it, which changes both the retrieval cost and the meaning of the averaged score. The
threshold also depends on the confidence scale of the recognizer and must be re-tuned
for every model. Selecting the two lowest-confidence positions avoids these problems. It
requires no threshold, keeps the retrieval budget constant, and keeps the meaning of the
score fixed across queries. The same principle holds for the number of demonstrations. As
reported in Section 4.4, two demonstrations already obtain most of the available gain.

The local visual representations associated with the selected uncertain positions are
derived from decoder-vision cross-attention. Let zx?,]. denote the normalized attention weight
assigned to the j-th visual token at decoding position t. For each t € Ul,, the corresponding
query glyph representation is obtained by attention-weighted aggregation:

n

Sat = Z“Zf’f%ﬂ t e U, (11)
=1

The resulting representations form the query glyph set (. Each element captures the
local visual evidence associated with an uncertain character position. Since the attention
response may also involve neighboring strokes or adjacent regions, these features are treated
as decoder-conditioned local character representations. The same procedure is applied to
the annotated context samples. Their transcriptions enable teacher-forced decoding to obtain
the attention response at each character position. The corresponding glyph representations
are generated using the same attention-weighted aggregation as in Equation (11). These
features are pre-computed and stored before inference. During retrieval, only the glyph
representations of the K scene-compatible candidates are accessed for subsequent fine-
grained matching.

Glyph-Level Fine Retrieval. For each scene-compatible candidate, the glyph repre-
sentations associated with the uncertain query positions are compared with all character
representations of the candidate. For each query glyph, the most similar local representation
in the candidate is first identified. The candidate relevance is then obtained by averaging
these best matches over the N,, uncertain positions:

1

8 _
= 5 L my coslgnais). )
g
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where T; denotes the number of characters in the i-th context sample. This formulation
evaluates whether a candidate provides relevant local evidence for the selected uncertain
positions. A larger S5 indicates stronger local visual correspondence between the uncertain
query regions and the candidate. The K scene-compatible candidates are ranked according
to S%, and the top-N samples are retained as the final demonstrations. The two retrieval
stages therefore serve complementary roles: scene-level retrieval constrains the candidate
space according to global appearance compatibility, whereas glyph-level retrieval further
distinguishes candidates according to local character relevance. The selected demonstrations
remain complete image-text pairs and are subsequently combined with the query for context-
conditioned recognition.

3.4. In-Context Recognition with Retrieved Demonstrations

The final output of S2G is a set of complete image-text demonstrations rather than
isolated glyph representations. After glyph-level fine retrieval, the K scene-compatible
candidates are ranked according to S3, and the top-N samples are selected as

By =, Yp)s Xy Yp) s oo (s Yp O (13)

where N denotes the number of demonstrations used for final recognition. The scene-level
and glyph-level representations are used only to evaluate demonstration relevance. They are
not directly inserted into the recognition sequence. Each selected demonstration therefore
retains its complete text image and corresponding transcription, which keeps the inference
format consistent with the context-rich sequences used during training.

The selected demonstrations are then combined with the query image to construct the
context-rich input:

Sg = L Yp,)s e s (X Yp, ) Xg - (14)

The trained in-context decoder produces the final transcription as

74 = Dic(5), (15)

where Dj¢y () denotes the in-context decoding process and 7, is the final recognition result.

The inference context pool is constructed independently for each benchmark. Each
pool contains annotated image-text pairs, randomly sampled from the corresponding train-
ing data. For WordArt and OST, we use the official training splits. For the six conventional
benchmarks, we sample from Union14M-L. All pool samples have dataset-provided tran-
scriptions, and no test images are included. We do not apply additional duplicate filtering.
Global retrieval, scene-level retrieval, and the full Scene-to-Glyph use the same pool, recog-
nizer, and inference settings in the ablation study. This ensures a fair comparison of the
retrieval strategies.

4. Results
4.1. Datasets and Evaluation Metric

Datasets. We adopt Union14M-L [7] as the training dataset. It is a large-scale real-
world scene text corpus comprising approximately four million labeled text images collected
from diverse visual scenarios. The dataset covers substantial variations in text appearance,
background complexity, imaging conditions, and geometric layouts, providing a broad train-
ing distribution for scene text recognition. Union14M-L is used to establish the fundamental
recognition capability of the model and for subsequent relation-aware in-context training.

We evaluate the proposed method on nine scene text recognition benchmarks. Six
conventional benchmarks are first employed to evaluate general recognition performance.
IIT5K [52] contains 3000 test images collected from natural scenes and born-digital images.

https://doi.org/10.3390/electronics15214969


https://doi.org/10.3390/electronics15214969

Electronics 2026, 15, 4969

15 of 23

ICDAR2013 (IC13) [53] contains 1015 cropped word images and mainly consists of regular
horizontal text. Street View Text (SVT) [54] contains 647 word images collected from Google
Street View, including samples affected by blur, noise, and low resolution. ICDAR2015
(IC15) [55] contains 2077 test images captured under incidental acquisition conditions and
exhibits substantial variations in orientation, perspective, and image quality. Street View
Text Perspective (SVIP) [56] consists of 645 cropped word images characterized by strong
perspective distortion. CUTES0 [57] contains 288 cropped word images and primarily
evaluates curved text recognition.

To further evaluate recognition under challenging visual conditions, we employ the
Occlusion Scene Text (OST) benchmark [23] and WordArt [58]. OST contains weakly and
heavily occluded subsets, denoted as WOST and HOST, respectively, with 2416 images in
each subset. These samples contain partially missing character-level visual cues and are
therefore suitable for evaluating recognition robustness under occlusion. Word Art contains
6316 artistic text images, including 4805 training images and 1511 test images. Its test
set exhibits highly customized fonts, decorative effects, character connections or overlaps,
and substantial background interference. In our experiments, WordArt is used only for
evaluation without benchmark-specific fine-tuning. Regarding data splits, the recognizer is
trained only on the Union14M-L training split. WordArt and OST are used for evaluation,
with their official training splits used only to build the in-context pools and their test splits
reserved for evaluation. For the six conventional benchmarks, the pools are sampled from
Union14M-L, and only the test splits are used for evaluation.

Evaluation Metric. Following the standard evaluation protocol for scene text recogni-
tion, word accuracy is adopted as the primary evaluation metric. A prediction is considered
correct only when the complete predicted word exactly matches its ground-truth transcrip-
tion. The word accuracy is calculated as

N,
Acc = =22 % 100%, (16)

total

where N, denotes the number of correctly recognized text instances and Ny, is the total
number of evaluated samples. Higher accuracy indicates better recognition performance.
All reported word accuracies follow the same normalization protocol. Predictions are
compared with ground truth using case-insensitive exact string matching. No lexicon is used
in any experiment. Punctuation and other non-alphanumeric characters are retained in both
predictions and ground truth. Images with non-alphanumeric ground-truth transcriptions
are also retained. The same protocol is applied to all methods and tables.

4.2. Implementation Details

All experiments are implemented in PyTorch (version 2.0.1) and conducted on two
NVIDIA GeForce RTX 4090 GPUs, each with 24 GB of memory. The recognizer consists
of a vision encoder and a language decoder. The vision encoder is a 12-layer ViT with
a model dimension of 768, initialized with MAE-pretrained weights. The language decoder
is a 12-layer autoregressive Transformer based on OPT-125M. Input images are resized to
128 x 32. The output vocabulary contains 94 characters plus an end-of-sequence token, and
the maximum transcription length is 100 characters. We train the model in two stages. In
the first stage, the recognizer is trained for 10 epochs using the vanilla scene text recognition
objective. In the second stage, relation-aware in-context training is performed for 5 epochs.
AdamW is used in both stages, with a weight decay of 0.01 and a cosine learning rate
scheduler without warm-up. The initial learning rates are 1 x 10~* and 5 x 10~°, respectively.
The effective batch size is 64 in the first stage and 8 in the second stage.

The appearance projector P,(-) consists of two linear layers with a GELU activation,
and its output dimension is set to d; = 256. It is trained after the initial recognition training
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within the first stage. During projector training, the vision encoder is frozen. We use
a margin-based triplet loss with m = 0.2 and approximately 100k triplets sampled from
the DG-Font-based appearance generation pipeline. The projector is trained for 5 epochs
using AdamW, with a learning rate of 1 x 10~* and a weight decay of 0.01. Each positive
sample shares the anchor’s appearance configuration but has a different transcription.
Each negative sample retains the anchor’s transcription but uses a substantially different
appearance configuration.

During inference, the context pool size is set to M = 300. We retrieve K = 10 scene-level
candidates and select N, = 2 uncertain character positions. Scene and glyph representations
of context samples are pre-computed to accelerate retrieval. All reported accuracies are
averaged over three independent runs.

4.3. Comparison with Existing Methods

We compare the proposed method with representative scene text recognition ap-
proaches on both conventional and challenging benchmarks. As shown in Table 2, our
method achieves accuracies of 96.8%, 91.3%, and 96.2% on IIIT5K, SVT, and IC13, respec-
tively, demonstrating the effectiveness of our proposed method on regular-text datasets.
On the irregular-text datasets, our method obtains 85.6% on IC15 and 87.8% on SVTP, with
a particularly notable gain of 2.4 percentage points on SVTP. This suggests that informative
in-context demonstrations are especially beneficial for text affected by perspective distortion
and irregular layouts. On CUTES80, our method achieves 97.4%, which is slightly lower
than the 97.7% reported by Buoy et al., but remains highly competitive. Overall, the results
on the conventional benchmarks demonstrate that the proposed method achieves strong
recognition performance across diverse text layouts while maintaining performance on
curved text.

‘

Table 2. Comparison with representative scene text recognition methods.
method is reproduced.

*” represents that the

Regular Text Irregular Text
Methods
IIIT5K SVT IC13 IC15 SVTP  CUTESO

Yue et al. [22] 95.3 88.1 94.8 77.1 79.5 90.3
Wang et al. [59] 90.5 82.2 - - - 83.3
Long et al. [60] 93.7 88.9 92.4 76.6 78.8 86.8
Wang et al. [61] 943 89.2 93.9 74.5 80.0 84.4
Luo etal. [62] - - - 76.1 79.2 84.4
Aberdam et al. [63] 82.9 87.9 - - - -
Baek et al. [24] 92.1 88.9 93.1 74.7 79.5 78.2
Buoy et al. [64] 96.1 90.6 95.4 84.9 85.4 97.7
Zhao et al. * [8] 96.6 90.9 96.0 85.9 87.2 97.1
Ours 96.8 91.3 96.2 85.6 87.8 97.4

Table 3 further evaluates the proposed method on HOST, WOST, and WordArt, which
involve severe occlusion or substantial appearance variations. Our method achieves 57.8%
on HOST, outperforming SATRN by 1.1 percentage points, while obtaining 75.4% on WOST,
which is 0.4 percentage points below ABINet. On WordArt, the proposed method reaches
77.0%, exceeding SATRN by 1.3 percentage points. These results indicate that the proposed
Scene-to-Glyph retrieval strategy is particularly effective for visually ambiguous text. Scene-
level retrieval identifies demonstrations with compatible overall appearance, while glyph-
level retrieval further emphasizes local character correspondence. Competitive results on
three benchmarks demonstrate the effectiveness of hierarchical demonstration retrieval
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under challenging recognition conditions. We note that most of the baseline numbers in
Tables 2 and 3 are taken from the E2STR. Within that source, they share the same training
data and the same evaluation protocol.

Table 3. Comparison with representative methods on challenging scene text recognition benchmarks.
*’ represents that the method is reproduced.

Method HOST WOST WordArt
ASTER [17] 43.3 64.7 65.6
NRTR [65] 50.8 71.5 64.1
SAR [19] 46.4 70.3 72.4
SATRN [66] 56.7 75.6 75.7
ABINet [1] 56.5 75.8 75.3
Zhao et al. * [8] 56.9 74.6 76.3
Ours 57.8 75.4 77.0

4.4. Ablation Study

To evaluate the contribution of the proposed hierarchical retrieval strategy, we con-
duct ablation experiments on WordArt, which contains substantial variations in font style,
character appearance, decorative effects, and background interference. As shown in Table 4,
the Base model without retrieved demonstrations achieves a word accuracy of 75.8%. In-
troducing conventional global visual retrieval improves the accuracy to 76.3%, confirming
the benefit of incorporating relevant in-context demonstrations. Replacing global retrieval
with the proposed scene-level retrieval further increases the accuracy to 76.5%, indicating
that appearance-oriented matching provides more suitable contextual examples than di-
rect global feature similarity. When glyph-level retrieval is additionally introduced, the
accuracy reaches 77.0%. These progressive improvements indicate that scene-level appear-
ance compatibility and glyph-level local correspondence provide complementary criteria
for demonstration selection, supporting the effectiveness of the proposed Scene-to-Glyph
retrieval strategy.

The global-retrieval variant in Table 4 is a direct re-implementation of the E2STR re-
trieval strategy within our own codebase. It selects demonstrations by image-level similarity
over average-pooled visual tokens. It uses the same recognizer, training data, context pool,
and inference protocol as the proposed method, so the gap to the published E2STR numbers
stems mainly from differences in implementation details rather than from the retrieval rule
itself. We therefore report the reproduced numbers for the controlled comparison.

Table 4. Ablation study of the proposed Scene-to-Glyph retrieval strategy on WordArt.

Method Word Accuracy (%)
Base 75.8
Base + Global Retrieval 76.3
Base + Scene Retrieval 76.5
Base + Scene + Glyph Retrieval 77.0

We further examine the influence of the number of in-context demonstrations on Wor-
dArt by varying N while keeping the remaining settings unchanged. As shown in Table 5,
the accuracy increases from 75.8% without demonstrations to 76.6% with one demonstration
and further reaches 77.0% when N = 2. Increasing the number of demonstrations to four
yields only a marginal improvement to 77.1%, indicating that most of the performance
gain can be obtained with a small number of relevant contextual examples. Considering
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the negligible difference between N = 2 and N = 4 and the additional computational cost
introduced by longer context sequences, we set N = 2 as the default configuration in the
remaining experiments.

Table 5. Effect of the number of in-context demonstrations on Word Art.

Number of Demonstrations 0 1 2 4

Word Accuracy (%) 75.8 76.6 77.0 77.1

To further examine whether the decoder cross-attention reliably localizes the intended
characters, Figure 4 visualizes the cross-attention maps of the decoder at each decoding step
for a stylized sample from WordArt. At each step, the attention mass concentrates on the
region of the character currently being decoded and decays smoothly toward its immediate
neighborhood, whereas unrelated characters and the background receive little activation.
This behavior is consistent with the construction of the glyph representations. Specifically,
the character query at each decoding step encodes the textual identity predicted by the
decoder at the previous step, and the visual tokens belonging to the corresponding character
exhibit the strongest correspondence with this query, thereby dominating the attention
distribution. These qualitative observations support the claim that the glyph representations
derived from attention-weighted visual tokens are indeed character-localized.

Quecr @lcor

Figure 4. Qualitative visualization of the decoder cross-attention on a stylized sample from WordArt.

From left to right: the input image, followed by the cross-attention maps of the decoding steps for q,
u, e, e and n.

We briefly characterize the computational overhead of the hierarchical pipeline and
the nature of the observed gains. Beyond the vanilla recognizer, the pipeline adds three
operations: a preliminary decoding pass, scene-level retrieval over the pre-computed feature
bank, and glyph-level matching over a small candidate set. Because the scene and glyph
representations of the context samples are pre-computed, both retrieval steps reduce to
similarity search over fixed-size vectors, and the search space is small, as the candidate set
contains only K = 10 scene-level candidates and N,, = 2 uncertain positions; the ablation
on the number of demonstrations further shows that most of the gain is obtained with the
number of 2. The gains themselves are not uniform across benchmarks: they concentrate
on the challenging sets, where the text is occluded or heavily stylized, while the margins on
the conventional regular-text benchmarks are smaller. This pattern is consistent with the
design, since the glyph stage is triggered only by the two lowest-confidence positions of the
preliminary decoding pass, so the additional evidence is directed, by construction, at the
positions that the recognizer itself finds most ambiguous.

4.5. Discussion on Failure Modes

The hierarchical design has several potential failure modes. First, error propagation:
if the initial demonstration-free prediction is confidently wrong, the uncertainty selection
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may miss the truly ambiguous position, and the glyph stage then retrieves evidence for
an incorrectly localized difficulty. Second, mislocalized cross-attention: attention drift on
severely degraded or connected characters weakens the character-localization property
of the glyph representations, so the derived local features may cover neighboring strokes
rather than the intended character. Third, rare characters absent from the pool: when none
of the scene-compatible candidates contains the ambiguous character, glyph-level matching
degenerates toward appearance-dominated selection and provides little character-level
evidence. Fourth, appearance-projector mismatch: the projector is trained on triplets from
the controlled rendering pipeline, so a domain gap between synthetic appearance config-
urations and real test conditions may degrade scene-level retrieval. Possible mitigations
include calibrating the confidence of the initial decoder, constraining the cross-attention
with positional priors, enriching the pool with rare-character samples, and fine-tuning the
appearance projector on target-domain appearance triplets.

5. Conclusions

This work presents Scene-to-Glyph, a hierarchical retrieval framework for multi-modal
in-context scene text recognition. Instead of relying on a single global similarity mea-
sure, the proposed method decomposes demonstration selection into two successive stages.
Scene-level appearance retrieval first obtains a compact set of candidates that share compat-
ible visual conditions with the query, and glyph-level character retrieval then matches the
decoder-derived glyph representations of uncertain positions against the character-level
features of those candidates. The two stages address complementary aspects of contextual
relevance, namely, global visual compatibility and local evidence for ambiguous characters.
Relation-aware context-rich training further aligns the recognizer with this process by expos-
ing it to context-rich sequences that carry both appearance-level and character-level relations
so that the demonstration organization seen at inference matches the relations the model
has been trained to exploit. Experiments on conventional and challenging STR benchmarks
demonstrate the effectiveness of our proposed method. The gains are most pronounced
under occlusion and highly stylized appearance, namely, on HOST and WordArt. On the
regular benchmarks, the margins are smaller. These results indicate that decomposing
relevance into scene-level and glyph-level criteria provides a more effective mechanism for
selecting informative in-context demonstrations than a single global similarity measure. The
main limitation of this study is that hierarchical retrieval operates over an annotated context
pool, so the quality of the selected demonstrations depends on the coverage of that pool;
when scene-compatible candidates contain little character-level evidence for the ambiguous
positions, glyph-level matching degrades toward appearance-dominated selection.
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