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Abstract

Reading text in real-world scenarios often requires un-
derstanding the context surrounding it, especially when
dealing with poor-quality text. However, current scene text
recognizers are unaware of the bigger picture as they op-
erate on cropped text images. In this study, we harness
the representative capabilities of modern vision-language
models, such as CLIP, to provide scene-level information to
the crop-based recognizer. We achieve this by fusing a rich
representation of the entire image, obtained from the vision-
language model, with the recognizer word-level features via
a gated cross-attention mechanism. This component grad-
ually shifts to the context-enhanced representation, allow-
ing for stable fine-tuning of a pretrained recognizer. We
demonstrate the effectiveness of our model-agnostic frame-
work, CLIPTER (CLIP TExt Recognition), on leading text
recognition architectures and achieve state-of-the-art re-
sults across multiple benchmarks. Furthermore, our anal-
ysis highlights improved robustness to out-of-vocabulary
words and enhanced generalization in low-data regimes.

1. Introduction
Recognizing text in real-world settings often involves

leveraging contextual information from the scene, particu-
larly when dealing with blurry, low-resolution, corrupted, or
occluded text, as showcased in Fig. 1. Conversely, learning-
based methods typically detect text in the image and then
perform recognition solely on the cropped detected regions,
neglecting valuable scene information [8, 38, 20, 9, 2, 1, 6,
48, 11, 39, 70, 72, 46]. As a result, the practice of operating
on cropped text images is inherently suboptimal.

To overcome this limitation, we explore the use of
vision-language models. These models, pretrained on a vast
corpus of image-caption pairs, exhibit powerful representa-
tion capabilities and can be used for numerous downstream
tasks [51, 63, 44, 14, 4, 34, 65, 35]. Unlike models trained
only on visual data, such as MAE [23], vision-language
models are also supervised by the corresponding textual de-
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Figure 1: The Importance of Seeing the Bigger Picture.
Scene context often assists in reading text in real-world sce-
narios, and in certain cases, it is even vital. Thus, current
crop-based text recognizers are inherently limited (Top). To
address this limitation, our method, CLIPTER, provides the
recognizer with scene information (Bottom).
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Figure 2: CLIPTER – Incorporating Scene Context into
Text Recognizers. Our novel approach employs a frozen
vision-language model, such as CLIP, to extract rich fea-
tures of the entire scene image. These features are then
fused with the crop-level features using our gated cross-
attention mechanism, which gradually shifts the pretrained
recognizer to the context-enriched features.

scription. This description brings focus to the crucial details
in the scene, which in turn can assist in reading poor-quality
text, as we show later. Moreover, the image caption can
even contain actual text words in the image, such as busi-
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ness logos and street names, due to their necessity for de-
scribing the scene. Hence, leveraging vision-language mod-
els can facilitate in recognizing such words, which are typ-
ically unique, categorized as out-of-vocabulary, and there-
fore pose greater difficulty to text recognition models [60].

In this work, we introduce CLIPTER (CLIP TExt Recog-
nition), a general framework for integrating image-level
knowledge into crop-based text recognizers. To this end,
our method first extracts a rich visual representation of the
entire image using a vision-language image encoder. As
depicted in Fig. 2, this representation is then merged with
the word-level features of the cropped text instance using
a cross-attention-based operation. Additionally, we incor-
porate a gating mechanism, which gradually shifts between
the word-level features and the merged representations dur-
ing training. This mechanism provides a more stable train-
ing process and enables the adaptation of pre-existing mod-
els, including those pretrained on synthetic data. As a re-
sult, CLIPTER can effectively enhance any pretrained rec-
ognizer with scene context awareness.

We design our method as a versatile framework consist-
ing of modular blocks of varying sizes that can support vari-
ous text recognition architectures and adapt to diverse com-
putational constraints. In particular, we explore a range of
vision and vision-language image encoders, pooling oper-
ators, light-to-heavy fusion schemes, and different integra-
tion points between word-level and image-level representa-
tions. This integration point is critical and highly dependent
on the underlying architecture, and therefore we study two
types of integration point: early fusion within the vision
model, which considers the image representation as addi-
tional visual content, and late fusion at the decoding stage,
which utilizes the image features as supplementary contex-
tual information to condition the prediction on.

Throughout extensive experimentation on twelve highly-
diverse datasets, our method exhibits consistent improve-
ments on top of various leading text recognition methods,
such as TRBA [8], ABINet [20], and PARSeq [11]. In
particular, implementing CLIPTER on PARSeq achieves
state-of-the-art (SoTA) results on all benchmarks, includ-
ing dense text and challenging street-view images. Further
in-depth analysis reveals that incorporating CLIPTER im-
proves robustness to out-of-vocabulary words and enhances
generalization capability in low-data regimes.

To account for all the computations involved in adding
CLIPTER to an existing recognizer, we perform an end-to-
end evaluation, in which we cascade the recognizer after an
existing text detector. This setting not only reveals perfor-
mance gains over two-stage and end-to-end approaches, but
also demonstrate a marginal impact in the overall latency.
Finally, through a comprehensive ablation study, we de-
velop a recipe for integrating CLIPTER in other text recog-
nition architectures, including future ones.

To summarize, our main contributions are:
• Introducing CLIPTER, a framework for enhancing text

recognition performance by incorporating scene con-
text through the use of vision-language models.

• The design of a computationally efficient and flexible
framework that can be incorporated with various exist-
ing text recognition architectures.

• Demonstrating consistent improvements of leading
text recognizers on diverse datasets, achieving state-
of-the-art results, and enhancing robustness to out-of-
vocabulary and generalization in low-data regimes.

2. Related Work
Scene text recognition. Significant progress has been
made in word-level scene text recognition in recent years [8,
38, 50, 9, 48, 64, 67, 70, 56, 13], largely due to the adop-
tion of transformer-based models [6, 11, 20, 46] and the ex-
ploitation of unlabeled data [3, 39, 43, 1, 72, 42]. Recent
SoTA method includes ViTSTR [7] and MaskOCR [43],
which propose simple ViT-based architectures to improve
vision extraction, and ABINet [20] and SRN [67], which in-
corporate linguistic knowledge through transformer-based
language modalities to refine vision model predictions.
Additionally, SeqCLR [3], CCR [72], Persec [39] and
SemiMTR [1] use contrastive learning and consistency reg-
ularization to learn from unlabeled data. Nevertheless, all
these methods suffer from a lack of scene-level context,
as they operate on cropped text images. Consequently, in
challenging cases of corrupted text, these models resort to
predict the most likely word from their training vocabu-
lary [60, 21]. We address this limitation by enriching the
recognizer with scene-level information.

It should be noted that while there is an alternative end-
to-end approach called text spotting [37, 33, 73, 73, 66, 26],
which allows the text decoder to access the entire image
when decoding the text, our work focuses on improving
the cascaded pipeline of separate detection and recognition
steps. The cascaded pipeline, which is widely used and
studied, offers advantages such as modularity, task decou-
pling, invariance to scale and rotation [53], and efficiency
in using synthetic data [8].

Vision-language models. Vision-language mod-
els trained on a large number of image-text
pairs provide effective representations for various
tasks [68, 51, 35, 65, 34, 25, 61, 16, 63]. Among the
pioneers in this area, CLIP [51] used contrastive learning
to train image and text encoders to produce aligned repre-
sentations of image-caption pairs. BLIP [34] proposed a
filtering mechanism to handle noisy image-caption pairs,
while GIT [61] simplified the architecture to only one
image encoder and one text decoder. Inspired by their
potential, we aim to utilize them for scene text recognition.
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3. Methodology
Our method proposes a model-agnostic and easy-to-

implement framework, which is designed to compensate for
the lack of scene context in crop-based text recognizers.
In this section, we detail the building blocks, describe the
training procedure, discuss the running time, and present
several recognition models on which we apply our method.

3.1. Building Blocks

Our algorithm consists of four elements. First, the im-
age encoder generating the image-level features. Next, an
optional pooling operation on the obtained features can re-
duce memory and latency. In the third stage, an integration
point is determined to incorporate these features into the tar-
get text recognizer. Finally, a fusion mechanism merges the
image- and word-level representations. The algorithm pseu-
docode is provided in Appendix A and its implementation
on PARSeq architecture [11] is illustrated in Fig. 3.

Image Encoder The image encoder aims to complement
the recognizer word-level information with scene context-
aware representations. We explore several powerful en-
coders, which can be divided into two categories:

• Vision-based models such as ViT [19], MAE [23] and
DiNO [15], which are pretrained solely on images
and encompass the image visual content, including the
class and position information of its objects.

• Vision-language-based models such as CLIP [51],
BLIP [34] and GiT [61], which are pretrained on a
massive and highly-diversified dataset of images and
their textual descriptions. These descriptions focus the
representations on the crucial details in the scene, and
as shown in Sec. 6, lead to better performance.

Our study focuses on transformer-based [19] vision en-
coders, where the number of output representations cor-
responds to the number of image patches, denoted as
HW , plus an additional representation for the special token
[class]. To maintain its generalization ability and pre-
vent a substantial increase in training runtime and memory,
we keep the image encoder frozen during training.

Image Feature Pooling The size of the image features
affects training and inference times, as they are integrated
with word-level representations using a cross-attention-
based mechanism. The computational complexity of this
operation is O(Nglobal ·Nlocal ·d), where Nglobal and Nlocal de-
note the corresponding sequence lengths of the image-level
and word-level representations, and d is their dimension.

To optimize the balance between performance and la-
tency, a pooling component is introduced. This layer pre-
serves the first image-level representation corresponding to

the [class] token and applies 2D average pooling to the
remaining per-patch representations. As a result, the output
feature size becomes Fglobal ∈ R(1+HW/k2)×d, where k de-
notes the pooling kernel. In Sec. 6, we empirically study the
trade-off between computational cost and granularity level
in the choice of k. Surprisingly, our findings reveal that
even using only the first representation of CLIP (marked as
k = ∞) can still improve performance.

Integration Point Another decision is where to inject the
global, image-level features within the recognition model.
Since recognition architectures differ significantly, we pre-
sume there is no fixed integration point and thus explore
several options for each recognizer. In Sec. 3.3, we describe
the studied recognition schemes and define optional integra-
tion points for each. However, in general, these integration
points can be divided into two main categories:

• Early fusion – The integration is performed in the vi-
sion encoder and targets the visual features extracted
by a convolutional, or transformer-based backbone.
This approach views the global features as visual con-
tent and therefore merges them with the visual features
of the crop. In some architectures, there are several op-
tions for an early integration point.

• Late fusion – The integration is performed in the linear,
attention-based or transformer-based decoder. This fu-
sion can be seen as conditional decoding, in which the
characters are decoded given the image state. In au-
toregressive decoders, such integration leads to a sig-
nificant increase in inference time, repeating the cross-
attention operation in each decoding step.

Note that early and late fusion approaches have been studied
in the literature [36, 28, 5, 35], although not in our context
of merging local and global information in text recognition.

Fusion Mechanism The role of this component is fusing
the image-level and word-level features, Fglobal and Flocal,
correspondingly. To this end, we first linearly project the
global features to the dimension of the local representations,
d. Then, we choose between two attention-based schemes:

• Multi-head cross-attention (MH-CA) – The nowadays
natural approach of combining two data streams of dif-
ferent resources [58, 18]. In our case, queries are local
features, and global features are the keys and values:

Fmixed = MH-CA(Q=Flocal,K=Fglobal, V=Fglobal).

We examine several, compact to heavy, models with
a different number of attention heads, hidden layers,
hidden sizes, and intermediate sizes.
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Figure 3: An Overview of CLIPTER Integrated into PARSeq [11]. Our framework introduces four building blocks: (1)
A pretrained Image Encoder used to extract high-level representations from the entire image. (2) These representations
are then fed to the Image Feature Pooling layer that can pool spatial dimensions, balancing latency and performance. (3)
Upon obtaining features, an Integration Point (early or late) is chosen to incorporate this information, which can change for
different architectures. (4) Lastly, the Fusion Mechanism composed of a gated cross-attention mechanism, merges the two
streams of information allowing the recognizer to reason over both.

• Gated attention – A lightweight alternative that applies
a gated mechanism between global and local features.
Such a model cannot handle different lengths of repre-
sentation sequences. Therefore, it can be utilized only
if there is a single image-level representation after the
pooling (k = ∞). In this case, for each local represen-
tation f local

i ∈ Rd we independently apply:

g = softmax(W
[
f local
i ; f global]) (1)

fmixed
i = g ◦ f local

i + (1− g) ◦ f global, (2)

where W ∈ Rd×2d is a weight matrix, and ◦ is an
elementwise Hadamard product.

Our training starts with a pretrained baseline model,
which we fine-tune to become context-aware. To enhance
the stability of this process, we implement a tanh-gating
mechanism inspired by [24, 4]. This mechanism preserves
the forward-pass intact during initialization and gradually
transitions between the original word-level features and the
fused representation throughout training:

Ffused = (1− tanh(α))Flocal + tanh(α)Fmixed, (3)

where α is a learnable scalar initialized at 0.

3.2. Training Protocol

The CLIPTER framework is a versatile solution that can
be used for various text recognition schemes. Instead of

adjusting the training parameters for each recognition plat-
form, we employ a pretrained baseline model to initialize all
the original parts. Then, we only fine-tune the text recog-
nizer and the fusion mechanism, with hyperparameters that
are agnostic to the chosen recognition architecture. This
approach reduces the training time and allows for the uti-
lization of synthetic data in training the baseline model.

As the image encoder is fixed in our approach, we can
save training time and memory by preparing the dataset in
advance. This involves pre-computing the image-level rep-
resentations by passing all training images through the im-
age encoder. The resulting dataset can be used for training
different recognition architectures. To further reduce data
loading latency, we cache the image-level representations
during the first epoch of training. These measures lead to
a minor increase in the training time of each iteration, less
than 10% when using a reasonable fusion mechanism.

3.3. Studied Recognition Models

Here, we detail at a high-level the text recognition mod-
els we examine, as well as suggested integration points.

• TRBA – A general architecture [8], which comprises
four components: (i) transformation for normalization
of the input image, (ii) a ResNet-based visual feature
extractor, (iii) a Bi-LSTM-based contextual block, and
(iv) an attention decoder. We explore three integration
points: visual and contextual, corresponding to early
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Method SVT IC13 IC15 COCO RCTW Uber ArT LSVT RECTS MLT19 TextOCR HierText Average Weighted
647 757 2,077 5,716 962 49,561 3,677 3,911 2,219 4,100 70,597 75,829 220,053 Average

TRBA [8] 94.9 98.5 84.8 79.2 81.1 80.5 89.2 77.9 90.4 90.7 82.9 85.1 86.3 83.4
+ CLIPTER Vision 95.4 98.8 85.3 79.3 81.3 82.0 90.2 79.4 91.1 91.1 83.9 85.8 87.0 84.3

∆ +0.5 +0.3 +0.5 +0.1 +0.2 +1.5 +1.0 +1.5 +0.7 +0.4 +1.0 +0.7 +0.7 +0.9

ViTSTR-S [6] 92.3 97.0 81.8 77.0 72.9 77.4 86.9 73.7 88.5 89.4 80.4 83.2 83.4 80.9
+ CLIPTER Vision 93.4 97.1 82.3 77.7 75.3 79.6 88.2 76.0 89.5 89.9 81.8 84.0 84.6 82.3

∆ +1.1 +0.1 +0.5 +0.7 +2.4 +2.2 +1.3 +2.3 +1.0 +0.5 +1.4 +0.8 +1.2 +1.4

ABINet-Vis [20] 88.4 97.0 80.7 75.8 72.2 75.8 85.5 72.0 87.4 89.0 78.7 83.0 82.1 79.8
+ CLIPTER Vision 91.8 97.0 82.0 77.1 76.1 78.1 87.4 74.9 87.8 89.4 80.6 84.4 83.9 81.5

∆ +3.4 0.0 +1.3 +1.3 +3.9 +2.3 +1.9 +2.9 +0.4 +0.4 +1.9 +1.4 +1.8 +1.7

ABINet [20] 96.6 97.6 85.1 79.4 76.7 80.8 89.2 76.6 89.4 90.2 83.1 86.6 85.9 83.9
+ CLIPTER Decoder 96.0 98.3 85.4 79.3 78.6 82.1 89.3 77.1 89.7 90.2 83.4 86.7 86.3 84.3

∆ -0.6 +0.7 +0.3 -0.1 +1.9 +1.3 +0.1 +0.5 +0.3 0 +0.3 +0.1 +0.4 +0.4

PARSeq [11] 96.1 98.9 85.7 80.5 81.4 83.2 91.2 80.2 91.8 91.5 85.2 87.4 87.8 85.6
+ CLIPTER Vision 96.6 99.1 85.9 81.0 82.1 84.4 91.7 81.8 91.8 91.6 86.0 88.0 88.3 86.4

∆ +0.5 +0.2 +0.2 +0.5 +0.7 +1.2 +0.5 +1.6 0 +0.1 +0.8 +0.6 +0.5 +0.8

Table 1: Results on the Scene Text Benchmarks. Scene text recognition accuracy (%) over twelve public benchmarks. The
number of words in each dataset is listed below its name, and we report average and weighted average results. Integrating
CLIPTER into top-performing recognition architectures consistently improves performance. In particular, CLIPTER ad-
vances the state-of-the-art performance of PARSeq [11] by +0.5% and +0.8% on average and weighted average, respectively.

fusion after stages (ii) and (iii), and decoder, of fusing
representations in the prediction block of stage (iv).

• ViT-STR – This scheme consists of a single stage, and
hence, the integration point is at the output of the ViT.

• ABINet – A multimodal scheme [20], comprising three
components: (i) a vision model with a ResNet back-
bone network and transformer unit, (ii) a language
model that refines the output vision embeddings, and
(iii) a fusion model that combines the output of the vi-
sion and language models for final prediction. We in-
vestigate two early integration points within the vision
model (stage i): visual after the ResNet backbone, and
contextual after the transformer unit, as well as a late
fusion: decoder within the fusion model (stage iii).

• PARSeq – A transformer-based architecture [11], de-
picted in Fig. 3. Here we define an early integration:
visual after the ViT model, and late integration: de-
coder after the cross attention block.

4. Experiments
We hereby present a comprehensive evaluation of our ap-

proach in combination with state-of-the-art text recognizers
on twelve diverse scene text recognition benchmarks. Our
study showcases the broad applicability of our proposed
method, as it consistently outperforms existing approaches
across all datasets and architectures. Moreover, we conduct
an in-depth analysis of our method’s generalization capabil-
ity on images containing out-of-vocabulary words, reveal-
ing a significant improvement in performance. Finally, we
demonstrate that our approach surpasses current methods in
scenarios with limited amounts of labeled training data.
Datasets. We follow the pre-processing of [10, 1] and simi-

larly perform experiments using only real data. We demon-
strate our results on twelve scene text benchmarks: IC-
DAR 2013 [31], ICDAR 2015 [29], ArT [17], SVT [62],
LSVT [57], COCO-Text [59], RCTW [54], Uber [71],
ReCTS [69], MLT19 [47], HierText [41] and TextOCR [55].
Both TextOCR and HierText are particularly large datasets,
rich with text and containing 30 and 100 words on average
per image, respectively. In total, our test set contains over
200k words, 20 times larger than similar works [38, 8, 20, 3,
48]. Dataset characteristics and train/test splits are provided
in Appendix B. We evaluate performance using word-level
accuracy and normal/weighted averages across datasets.
Implementations Details. We adopt the codebase of
PARSeq1 [11] and SemiMTR2 [1] to establish our base-
lines. Our experiments are conducted on 4 Tesla V100
GPUs, 16GB memory, using PyTorch. We closely follow
the configuration parameters of the baseline models, as de-
tailed in Appendix C. We use a 36-character set (10 digits
and 26 letters) in most experiments, except for using the
full 94-character set in Sec. 4.2. We introduce a range of
cross-attention models, including gated attention and three
multi-head cross-attention (MH-CA) types: tiny, mini and
small, containing 328K, 923K, 5.3M and 18.1M parame-
ters, respectively, and are further elaborated in Appendix C.

4.1. Improving State-of-the-Art Recognizers

In Tab. 1, we examine the impact of CLIPTER on
leading scene text recognition methods across 12 diverse
benchmarks. Despite the diversity in architectures, in-
cluding CNN-based and transformer-based visual encoders,
and autoregressive and parallel decoders, we demonstrate

1https://github.com/baudm/parseq
2https://github.com/amazon-science/semimtr-text-recognition
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Figure 4: Qualitative Examples. The eight images on the left depict failure cases of the baseline model PARSeq [11],
that become success cases when incorporating CLIPTER . On the right, we present examples where our method produces
incorrect predictions and where both models fail to correctly decode the text.

that CLIPTER significantly improves performance for all
tested methods. In particular, the improvements in accuracy
weighted average are +0.9% in TRBA, +1.4% in ViT-STR,
+1.7% in ABINet-VIS, and +0.4% in ABINet. Moreover,
we establish new SoTA results by integrating CLIPTER
with PARSeq, the current top-performing text recognizer,
increasing its accuracy by +0.8% across all datasets. In
Fig. 4, we present qualitative results of successful and un-
successful cases, with additional examples in Appendix G.

Breaking down the evaluation datasets reveals that our
method is especially beneficial for street-view datasets,
namely Uber, SVT and LSVT, decreasing the relative er-
ror of PARSeq by almost 10%. Uber-Text data [71] is
predominantly comprised of street names and business lo-
gos, presenting multiple challenging text instances that are
blurry, occluded, or of low-resolution. In such cases, the
surrounding context plays a vital role, even for human per-
ception. Furthermore, our method exhibits improvements
on text-rich datasets, TextOCR and HierText, with an av-
erage of 30 and 100 words per image [41], compared to
less than 10 words in other datasets. These results demon-
strate that leveraging image-level information can be advan-
tageous even for text-dense images and documents, indicat-
ing the potential of vision-language models to reason from
text in images. See further analysis in Appendix F.3.

As expected, we observe that a one-size-fits-all approach
is not feasible due to the vast differences in the architectures
of text recognizers. Therefore, for each recognition scheme,
we present the best results achieved using CLIPTER and
leave the discussion of design choices to Sec. 6. More pre-
cisely, in Tab. 1, we denote the integration point in sub-
script, use the MH-CA mini for the fusion mechanism, and
the image encoder is BLIP (with pooling of k = 5) for ABI-

Method OOV IV Average
25,647 91,191 116,838

PARSeq [11] 68.97 79.74 77.38
+ CLIPTER Vision 71.45 80.99 78.9

∆ +2.48 +1.25 +1.52

Table 2: Out-Of-Vocabulary. Our method not only leads
to an improvement over in-vocabulary words, but also to a
significant boost on out-of-vocabulary words.

1% 10% 100%
Portion of data

14%

16%

18%

20%

22%

24%
26%
28%

Er
ro

r

Low Data Regime

ParSeq
CLIPTER

Figure 5: Word Error Rate Versus Data Portion in Log-
Log Scale. Our method, trained on 40% of the data, reaches
the baseline performance when trained on the entire data.

Net and CLIP (k = ∞) for the others.

4.2. Performance on Out-Of-Vocabulary

Motivated by the improved results on street-view im-
ages, we examine our method on out-of-vocabulary (OOV)
text instances – words that do not appear in the training sets.
These are often crucial for understanding the scene, as they
can contain prices, names, dates, phone numbers, emails,
and URLs. However, as shown in [60, 21], current meth-
ods over-rely on their train vocabulary, especially in low-
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Method ICDAR 2015 Total-Text

E2E (G) FPS Word-Spotting (None) FPS

E
2E

ABCNet v2 [40] 73.0 6.5 70.4 -
Mask TextSpotter v3 [37] 74.2 2.6 - 2.2
MANGO [49] 73.9 4.3 72.9 4.3
GLASS [53] 76.3 7.75 79.9 7.5

2-
ST

G GLASS + PARSeq [11] 77.3 6.7 79.8 6.3
GLASS + CLIPTER 77.4 6.2 80.6 5.9

Table 3: E2E Text Spotting. We compare end-to-end
(E2E) methods against two-stage (2-STG) pipelines that use
GLASS for text detection and PARSeq, with and without
CLIPTER, for text recognition. Although CLIPTER in-
creases E2E latency by 10 ms per image, it improves SoTA
results of GLASS by +0.9 on IC15 and +0.7 on Total-Text.

Method Average Weighted
220,053 Average

TRBA [8] 86.28 83.38
+ CLIPTERLightweight +0.43 +0.71

ViTSTR-S [6] 83.37 80.89
+ CLIPTERLightweight +1.16 +1.28

PARSeq [11] 87.76 85.65
+ CLIPTERLightweight +0.58 +0.69

Table 4: CLIPTER Lightweight. Even in its lightweight
version, consisting only of a CLIPbase image encoder and
gated attention, CLIPTER enhances text recognizers.

quality or distorted text. To test if scene context can assist
in these cases, we utilize the newly proposed OOV bench-
mark [21]. As demonstrated in Tab. 2, integrating CLIPTER
into PARSeq, not only improves accuracy by 1.52% on gen-
eral words, but is even more significant in OOV words, pre-
senting an improvement of 2.48%. The robustness to OOV
words is yet another reason to harness the knowledge of
massively pretrained vision-language models.

4.3. Performance in Low Data Regime

To further probe the benefits of our method, we evaluate
its performance in the low data regimes of 1%, 5%, 10%,
and 25% of the training data. As shown in Fig. 5, CLIPTER
leverages the generalization power of the vision-language
model and thus becomes even more effective and beneficial
when the amount of training data decreases. In particular,
training CLIPTER on 10% of the data leads to similar re-
sults as the baseline trained on 25%. Likewise, when train-
ing CLIPTER on 40%, it achieves the performance of the
baseline trained on 100% of the data. Similar trends appear
with TRBA and ViTSTR, as shown in Appendix D.

5. End-to-End Latency and Performance
To accurately measure the impact of our method on la-

tency, we aim to account for all its components and recog-
nize that the encoding of the entire image is computed only
once, regardless of the number of words it contains. There-

Image k Feature Average Weighted
Encoder Shape 220,053 Average

PA
R

Se
q

B
l. – – – 87.76 85.65

V
is

. DINO [15] 2 50× 768 +0.46 +0.58
ViT-MAE [23] – 50× 1, 024 +0.44 +0.59
OWL-ViT [44] 4 37× 768 +0.55 +0.67

V
is

.-L
an

. GITL [61] 4 17× 1, 024 +0.53 +0.75
BLIP [34] 5 37× 768 +0.56 +0.74
CLIPbase [51] ∞ 1× 512 +0.69 +0.71
CLIP [51] ∞ 1× 768 +0.73 +0.82

T
R

BA

B
l. – – – 86.28 83.38

Po
ol

in
g BLIP [34] ∞ 1× 768 +0.15 +0.12

BLIP [34] 10 10× 768 +0.60 +0.87
BLIP [34] 5 37× 768 +0.55 +0.80
BLIP [34] 3 101× 768 +0.60 +0.84

Table 5: Image Encoder and Pooling. Word accuracy for
different pretrained image encoders, as well as pooling ker-
nel sizes. Bl. stands for baseline

fore, instead of calculating latency of standalone recog-
nition on a single cropped text image, we construct an
end-to-end evaluation that better simulates real-world la-
tency. For this purpose, we employ the text detector of
GLASS [53] and cascade it with PARSeq, both with and
without CLIPTER. Here, we focus on a lightweight version
of our method that consists of CLIPbase image encoder and
gated attention fusion mechanism. Our results, as shown in
Tab. 3, indicate that our method adds only 8% to the over-
all latency (+12 ms per image) while delivering superior
performance that outperforms both two-stage pipelines and
existing E2E text spotting methods. For completeness, we
present the recognition results of the lightweight version in
Tab. 4, demonstrating nearly optimal performance, and of-
fer further implementation details in Appendix E.

6. Ablation Studies

Here, we study the relative effect of each component
in our scheme, including choice of image encoder, pool-
ing kernel size, integration point and fusion mechanism.
Throughout our analysis, we discuss the performance-
latency tradeoff and provide general recommendations for
integrating CLIPTER in other text recognition methods.

The Choice of the Image Encoder. The first part of Tab. 5
exhibits the performance of PARSeq with CLIPTER, when
leveraging the vision-based image encoders of DiNO, ViT-
MAE and OWL-ViT, and when using the vision-language
models of CLIP, BLIP and GIT. As shown, the best per-
formance is achieved with the latter models. These models
were pretrained not only on images, but also on their textual
descriptions, leading to more informative and effective rep-
resentations. Interestingly, the compact representation of
CLIP leads to the best results in PARSeq. This, however, is
not the case for all recognizers. For example, ABINet bene-
fits more from the larger representation of BLIP. In general,
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Method Average Weighted
220,053 Average

TRBA [8] 86.28 83.38
+ CLIPTER Vision +0.67 +0.95
+ CLIPTER Contextual +0.59 +0.9
+ CLIPTER Decoder +0.72 +0.9

ViTSTR-S [6] 83.37 80.89
+ CLIPTER Vision +1.2 +1.36

ABINet-Vis [20] 82.14 79.75
+ CLIPTER Vision +1.73 +1.76
+ CLIPTER Contextual +1.14 +0.97

ABINet [20] 85.85 83.85
+ CLIPTER Vision +0.3 +0.18
+ CLIPTER Contextual +0.18 +0.36
+ CLIPTER Decoder +0.49 +0.5

PARSeq [11] 87.76 85.65
+ CLIPTER Vision +0.55 +0.76
+ CLIPTER Decoder +0.56 +0.71

Table 6: Integration Point. In each text recognizer, there
are several integration points to fuse the image and crop-
level features. The results indicate that the optimal point
depends on the recognizer architecture.

though, the go-to method is still the single representation of
CLIP, as it yields nearly the best performance and demon-
strates low computation cost.

In the second part of Tab. 5, we examine the effect of the
pooling kernel k. To this end, we apply CLIPTER on TRBA
with a fixed image encoder, BLIP, and only change the ker-
nel size. As shown, too aggressive pooling (k = ∞) de-
teriorates representation quality. However, besides this ex-
treme, varying k does not impact performance significantly
but can lead to severe consequences on running times. Thus,
our recommendation is to use a relatively coarse represen-
tation of the scene, which performs decently well.

Integration Point. In Tab. 6, we evaluate the effect of the
integration point on our studied architectures, considering
the three types defined in Sec. 3: vision and contextual in
early fusion, and decoder in late fusion. As shown, TRBA
and PARSeq are less sensitive to this decision; whereas
ABINet benefits from late fusion and ABINet-Vis from
early, vision fusion. Note, however, that the runtime com-
plexity of late fusion increases dramatically for autoregres-
sive decoders, as in PARSeq and TRBA, but not for parallel
decoders, as in ABINet. As expected, the significant dif-
ferences between the text recognition architectures imply
that the decision of the integration point is not clear-cut and
thus, integrating CLIPTER in new architectures require an
empirical search to locate the optimal fuse point.

Fusion Mechanism. We examine the effect of the fu-
sion model capacity, considering a compact gated atten-
tion scheme to more complex multi-head attention modules.

Fusion Image Recog. Average Weighted
Mechanism Encoder GFLOPS 220,053 Average

T
R

BA

– – 6.681 86.28 83.38
Gated attention CLIP +0.005 +0.62 +0.82
MH-CA tiny CLIP +0.019 +0.50 +0.82
MH-CA tiny BLIPk=5 +0.033 +0.54 +0.77
MH-CA mini CLIP +0.126 +0.67 +0.95
MH-CA mini BLIPk=5 +0.185 +0.56 +0.86
MH-CA small CLIP +0.502 +0.54 +0.81
MH-CA small BLIPk=5 +0.620 +0.52 +0.81

V
iT

ST
R

– – 4.608 83.37 80.89
Gated attention CLIP +0.002 +1.22 +1.35
MH-CA tiny CLIP +0.004 +1.25 +1.34
MH-CA tiny BLIPk=5 +0.016 +1.16 +1.29
MH-CA mini CLIP +0.024 +1.2 +1.36
MH-CA mini BLIPk=5 +0.086 +1.21 +1.29
MH-CA small CLIP +0.109 +1.16 +1.28
MH-CA small BLIPk=5 +0.223 +1.11 +1.26

PA
R

Se
q

– – 3.174 87.76 85.65
Gated attention CLIP +0.039 +0.53 +0.71
MH-CA tiny CLIP +0.081 +0.54 +0.71
MH-CA tiny BLIPk=5 +0.098 +0.5 +0.7
MH-CA mini CLIP +0.533 +0.55 +0.76
MH-CA mini BLIPk=5 +0.599 +0.56 +0.74
MH-CA small CLIP +2.005 +0.63 +0.77
MH-CA small BLIPk=5 +2.137 +0.54 +0.72

Table 7: Effect of the Fusion Mechanism. Word accu-
racy when using Gated Attention or Multi-Headed Cross-
Attention (MH-CA) fusion mechanisms. Note that the
GFLOPS count refers to the recognition operation only.

Since gated-attention can be applied only for a single vec-
tor, we examine it with CLIP image encoder (k = ∞). For
the other alternatives, we also consider the spatial represen-
tations of BLIP with k = 5. As shown in Tab. 7, more com-
plex schemes usually lead to better results, but at the cost of
additional computational load, represented by the number
of FLOPS. We find the gated-attention and MH-CA mini as
balancing points between quality and runtime.

7. Conclusions
We introduced CLIPTER, a novel approach to enrich

crop-based text recognizers with scene knowledge, by uti-
lizing vision-language models. Our versatile framework is
composed of modular blocks, which enable the fine-tuning
of various pretrained text recognition architectures. Our
extensive experiments on diverse benchmarks demonstrate
that incorporating CLIPTER into existing approaches con-
sistently enhances their performances, demonstrating better
generalization and robustness to out-of-vocabulary words.
Moreover, our end-to-end evaluation revealed a marginal
increase in the overall latency, while presenting improved
results, even compared to text spotting methods. Finally,
through a comprehensive ablation study, we provide guide-
lines for implementing our method on future recognizers,
paving the way for further advancements in this area.
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