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Abstract. Novel object detection remains challenging when target categories
are absent from standard detection datasets and only limited annotations are
available. This paper presents a controlled pilot comparison of zero-shot and
few-shot detection using two pretrained vision—language models, BLIP and
Grounding DINO. The study focuses on two visually distinctive cartoon charac-
ters from the Kikoriki/Smeshariki universe: Krash and Chiko. In the zero-shot
setting, the models rely only on natural-language prompts, whereas in the few-
shot setting they are adapted using 5 or 10 annotated images per category. The
experiments are conducted on a small synthetic dataset with controlled back-
grounds and manually verified bounding boxes. The results show that adding a
small number of annotated examples improves detection performance in this
controlled setting, particularly by reducing missed detections. However, be-
cause the evaluation subset contains only a limited number of test instances, the
reported metrics should be interpreted as descriptive evidence rather than statis-
tically conclusive estimates of general detection performance. The study there-
fore contributes a compact experimental case study of the annotation—
performance trade-off for novel cartoon character detection and identifies the
limitations that must be addressed in larger, more realistic benchmarks.
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1 Introduction

Object detection is one of the fundamental tasks in computer vision and serves as a
core component of numerous practical applications, including autonomous driving,
video surveillance, robotics, medical image analysis, and human—computer interac-
tion. The objective of object detection is not only to classify objects present in an
image but also to accurately localize them using bounding boxes. During the last dec-
ade, remarkable progress has been achieved due to advances in deep learning, particu-
larly through convolutional neural networks and transformer-based architectures ca-



pable of extracting highly discriminative visual representations from large-scale im-
age datasets [1, 2].

Modern object detectors such as Faster R-CNN, YOLO, DETR, and DINO have
demonstrated impressive performance on benchmark datasets including PASCAL
VOC, MS COCO, and Open Images [3-6]. However, these approaches rely heavily
on supervised learning and require thousands of manually annotated examples for
each target category. Although such large-scale annotations are available for common
object classes, collecting and labeling sufficient training data becomes prohibitively
expensive for specialized domains or newly emerging categories.

To address this limitation, researchers have recently focused on reducing the de-
pendence on annotated data. One promising direction is zero-shot object detection
(ZSD), where models are expected to recognize and localize object categories that
were not present during training [7]. Zero-shot methods typically leverage semantic
representations derived from textual descriptions, attribute vectors, or language
embeddings to establish relationships between seen and unseen categories. Despite
substantial progress, zero-shot object detection remains challenging because the se-
mantic gap between visual appearance and textual descriptions often leads to inaccu-
rate localization and reduced detection performance [8].

The emergence of vision-language models (VLMs) has significantly expanded the
capabilities of zero-shot recognition systems. Models such as CLIP and BLIP learn
joint visual and textual representations from hundreds of millions of image—text pairs
and exhibit strong generalization abilities across a wide range of downstream tasks [9,
10]. These models enable open-vocabulary recognition by grounding natural-language
descriptions in visual content. Building upon these advances, Grounding DINO intro-
duced a powerful framework that combines transformer-based object detection with
language-guided grounding, allowing arbitrary object categories to be detected direct-
ly from textual prompts without task-specific retraining [11].

Although vision-language models have substantially improved zero-shot detection
capabilities, their performance often remains insufficient when the target category
differs significantly from objects encountered during pretraining. In many practical
scenarios, a small number of annotated examples can be obtained with reasonable
effort. This observation motivates the study of few-shot object detection (FSOD),
where models are adapted to novel categories using only a limited number of labeled
samples [12]. Recent surveys indicate that few-shot adaptation can significantly im-
prove localization quality and classification accuracy while maintaining low annota-
tion costs compared to fully supervised approaches [13].

The trade-off between zero-shot and few-shot learning is particularly important for
categories that are absent from standard object detection datasets. Examples include
fictional characters, proprietary industrial components, domain-specific medical find-
ings, or newly designed products. In such cases, practitioners must decide whether
textual descriptions alone are sufficient or whether collecting a small set of annotated
examples can provide a meaningful improvement in detection performance.

Recent studies have also demonstrated the growing importance of foundation mod-
els and vision-language approaches across a variety of computer vision tasks. The
integration of large language models with image understanding pipelines has shown



promising results for enhancing semantic image descriptions and visual content inter-
pretation [14]. Likewise, foundation segmentation models such as Segment Anything
have proven effective in industrial machine vision applications, enabling robust object
localization with minimal task-specific adaptation [15]. Furthermore, recent research
on satellite imagery analysis confirmed the practical potential of zero-shot detection
for recognizing previously unseen objects in domains where annotated data are scarce
or expensive to obtain [16]. These findings collectively suggest that pretrained vision-
language models provide a strong basis for novel object detection, while also high-
lighting the need to systematically investigate the trade-off between zero-shot gener-
alization and few-shot adaptation.

In this work, we investigate this question using two novel object categories repre-
sented by characters from the animated series Smeshariki: Krash, a blue rabbit with
long ears, and Chiko, a purple hedgehog wearing glasses. These categories are inten-
tionally selected because they are absent from conventional object detection bench-
marks and therefore constitute a suitable testbed for evaluating the generalization
capabilities of pretrained vision-language models. We compare the performance of
BLIP and Grounding DINO under zero-shot conditions and after few-shot adaptation
using 5 and 10 annotated images per category.

The proposed setting is intentionally controlled and should not be interpreted as a
substitute for large-scale real-world novel object detection benchmarks. Instead, it is
used as a compact pilot scenario in which the effect of a small number of annotated
examples can be isolated under fixed object appearance, background complexity, and
annotation quality. This design allows a focused comparison of zero-shot prompting
and few-shot adaptation, while also requiring cautious interpretation of the resulting
metrics.

The main contributions of this paper are as follows:

1) We formulate a controlled pilot scenario for evaluating novel cartoon character
detection using pretrained vision—language models.

2) We compare zero-shot prompting and few-shot adaptation for BLIP and
Grounding DINO under identical prompts and test conditions.

3) We report object-level detection metrics together with count-based interpreta-
tion to clarify the effect of the small test set.

4) We discuss the practical annotation—performance trade-off and the limitations of
drawing broad conclusions from a small synthetic dataset.

The remainder of the paper is organized as follows. Section 2 reviews related work
in zero-shot, few-shot, and vision-language-based object detection. Section 3 de-
scribes the dataset and experimental setup. Section 4 presents the evaluated models
and adaptation procedure. Section 5 discusses experimental results, while Section 6
concludes the paper and outlines future research directions.

2 Related Works

Zero-shot object detection (ZSD) aims to recognize and localize object categories that
are absent from the training set. Unlike conventional supervised detectors, zero-shot



approaches exploit semantic information derived from textual descriptions, attribute
vectors, or language embeddings to establish relationships between seen and unseen
categories. One of the first comprehensive formulations of this problem was intro-
duced by Bansal et al. [7], who demonstrated that semantic representations can be
used to transfer knowledge from known classes to novel ones. Subsequently, Rahman
et al. [8] proposed a unified framework for simultaneously recognizing and localizing
unseen concepts, further improving the generalization capabilities of zero-shot detec-
tors.

Despite these advances, zero-shot object detection remains challenging because
textual descriptions often fail to capture all visual characteristics of a target category.
As a result, localization accuracy typically decreases when the semantic gap between
training and target domains becomes large. This limitation is especially evident when
dealing with highly specialized objects, fictional characters, or categories that are
underrepresented in large-scale web datasets.

The emergence of vision-language models has significantly accelerated progress in
open-vocabulary and zero-shot recognition tasks. CLIP introduced large-scale con-
trastive learning from image-text pairs and demonstrated remarkable transferability
across a wide range of visual tasks [9]. Building upon similar principles, BLIP pro-
posed a unified vision-language framework that combines image understanding and
language generation through bootstrapped pretraining strategies [10].

More recently, Grounding DINO extended transformer-based object detection by
incorporating language-guided grounding mechanisms directly into the detection
pipeline [11]. Unlike traditional detectors that rely on a fixed set of predefined clas-
ses, Grounding DINO enables open-vocabulary object detection through natural-
language prompts. Such capabilities make vision-language models particularly attrac-
tive for applications where annotated examples are unavailable or difficult to obtain.

Few-shot object detection seeks to reduce annotation requirements by adapting
pretrained detectors using only a small number of labeled examples. Existing methods
typically employ transfer learning, meta-learning, prototype learning, or feature re-
weighting strategies to generalize from a limited set of samples [12]. Compared to
zero-shot approaches, few-shot methods benefit from direct visual examples of target
categories, enabling more precise localization and classification.

Recent surveys indicate that few-shot object detection has become one of the most
active research directions in visual recognition, particularly for industrial inspection,
medical imaging, and remote sensing applications [13]. The main advantage of few-
shot learning lies in its ability to achieve substantial performance gains while requir-
ing only a fraction of the annotation effort associated with fully supervised training.

The practical applicability of foundation models has recently been demonstrated
across several specialized domains. Andriyanov and Dementiev [14] investigated the
integration of large language models with image caption generation and style transfer
techniques, highlighting the potential of multimodal representations for enhanced
visual understanding. In industrial computer vision, Andriyanov et al. [15] employed
the Segment Anything Model (SAM) to develop a pallet loading control system,
demonstrating that foundation models can be effectively adapted to real-world manu-
facturing environments with minimal task-specific modifications.



In the context of remote sensing, Andriyanov et al. [16] explored zero-shot detec-
tion for satellite imagery, showing that pretrained vision-language models can suc-
cessfully identify previously unseen object categories even in highly specialized do-
mains. These findings suggest that foundation models provide a promising basis for
novel object detection tasks, while simultaneously motivating further investigation
into the balance between zero-shot generalization and few-shot adaptation.

Although previous studies have separately investigated zero-shot detection, few-
shot adaptation, and vision-language foundation models, a systematic comparison of
zero-shot and few-shot object detection for completely novel categories remains lim-
ited. In particular, there is little evidence regarding how many annotated examples are
required to significantly improve the performance of modern vision-language detec-
tors when encountering unseen objects. This work addresses this gap by comparing
BLIP and Grounding DINO under zero-shot, 5-shot, and 10-shot settings using previ-
ously unseen cartoon character categories.

3 Dataset and Controlled Experimental Setup

To evaluate the effectiveness of zero-shot and few-shot object detection, we con-
structed a dedicated benchmark containing two novel object categories that are absent
from standard object detection datasets. The selected categories correspond to the
animated characters Krash and Chiko from the Kikoriki universe. Krash is represent-
ed as a blue rabbit with long ears, while Chiko is represented as a purple hedgehog
wearing glasses.

These categories were intentionally selected because they possess distinctive visual
characteristics while remaining outside the distribution of common object detection
benchmarks such as MS COCO or Open Images. Consequently, they provide a suita-
ble testbed for evaluating the generalization capabilities of pretrained vision-language
models.

Figure 1 illustrates representative examples of both categories together with an an-
notated test scene used during evaluation.

A synthetic dataset was created to ensure complete control over object appearance,
scale, and annotation quality. For each category, multiple images with variations in
position, orientation, and size were generated. Bounding-box annotations were manu-
ally verified to eliminate labeling inconsistencies.

The dataset was divided into three subsets:

- training subset for 5-shot adaptation;

- extended training subset for 10-shot adaptation;

- test subset used exclusively for evaluation.

No test images were included during adaptation, ensuring a fair comparison be-
tween zero-shot and few-shot settings.

The synthetic nature of the dataset provides full control over object placement,
scale, and annotation quality, but it also limits the difficulty of the task. In particular,
the images do not fully reflect real-world conditions such as cluttered backgrounds,
partial occlusion, strong illumination changes, motion blur, or domain shift. There-



fore, the dataset is suitable for a controlled pilot analysis rather than for estimating
real-world deployment performance.

(a) Krash (blue rabbit) - training examples (b) Chiko (purple hedgehog) - training

(c) d test scene ( les from the test set)

Fig. 1. Examples of Krash and Chiko training images together with a labeled test scene.

The test subset contains four annotated object instances in total, two per category.
All reported precision, recall, and F1-score values are therefore object-level descrip-
tive metrics computed on this small test subset

Table 1 summarizes the main characteristics of the dataset.

Table 1. Dataset statistics.

Category Training im- Training im- Test objects Average
ages (5-shot)  ages (10-shot) bounding-box
size (px)
Krash 5 10 2 116 x 116
Chiko 5 10 2 121 x 121
Total 10 20 4 118 x 118

Two pretrained vision-language models were evaluated: BLIP and Grounding
DINO. Three experimental configurations were considered:

1) Zero-shot detection — only textual descriptions of target objects were provided.

2) 5-shot adaptation — five annotated examples per category were used for model
adaptation.

3) 10-shot adaptation — ten annotated examples per category were used for model
adaptation.

For zero-shot inference, the following textual prompts were employed:

- “blue rabbit with long ears” for Krash;



- “purple hedgehog with glasses” for Chiko.

The same semantic descriptions were retained during few-shot adaptation to pre-
serve consistency across experimental settings.

Detection quality was assessed using standard object detection metrics. Precision
and Recall were used to measure detection correctness and completeness, respective-
ly. The harmonic mean of these metrics was reported as the F1-score. Localization
quality was evaluated using the Intersection over Union (loU) criterion. Because the
test subset is very small, the reported metrics are not used to claim statistical signifi-
cance. For count-based metrics, we additionally report true positives, false positives,
and false negatives, and interpret precision and recall using Wilson 95% confidence
intervals. The F1-score and mloU are reported as descriptive summary values.

For a predicted bounding box (B,) and a ground-truth bounding box (Bg), loU is
defined as

lou=——, ()
Bp U Bg

A detection was considered correct when the loU value exceeded 0.5. In addition
to Precision, Recall, and F1-score, the mean loU (mloU) over all detected objects was
computed to assess localization accuracy.

4 Models and Adaptation Strategy

BLIP (Bootstrapping Language-lmage Pre-training) is a vision-language model de-
signed to jointly learn visual and textual representations from large-scale image-text
datasets [10]. The model combines an image encoder, a text encoder, and a multi-
modal fusion module, enabling a wide range of downstream tasks including image
captioning, visual question answering, retrieval, and open-vocabulary recognition.

In the zero-shot setting, BLIP receives an input image together with a textual
prompt describing the target object category. Detection is performed by identifying
image regions that exhibit the highest semantic similarity to the textual description.
For the purposes of this study, the following prompts were used:

- “blue rabbit with long ears” (Krash);

- “purple hedgehog with glasses” (Chiko).

Although BLIP was not originally designed as a dedicated object detector, its mul-
timodal representations allow approximate object localization through language-
guided attention mechanisms.

Since BLIP is not a dedicated object detector, its localization results should be in-
terpreted as approximate language-guided localization rather than standard detector
outputs. For this reason, the comparison with Grounding DINO focuses on the practi-
cal ability to recover target object regions under the same prompt and annotation con-
ditions, rather than on architectural equivalence between the two models.



Grounding DINO extends transformer-based object detection by integrating lan-
guage grounding directly into the detection architecture [11]. The model combines a
visual backbone, a language encoder, and a transformer decoder capable of generating
object proposals conditioned on textual prompts.

Unlike conventional detectors that operate on a predefined category set, Grounding
DINO performs open-vocabulary detection and can localize arbitrary object catego-
ries specified by natural-language descriptions. This capability makes it particularly
suitable for evaluating novel object categories that are absent from standard training
datasets.

For both zero-shot and few-shot experiments, identical textual prompts were used
to ensure a fair comparison with BLIP.

To investigate the impact of limited supervision, we adapted both models using
two training configurations:

1) 5-shot adaptation (5 annotated images per category);

2) 10-shot adaptation (10 annotated images per category).

During adaptation, the majority of pretrained parameters remained frozen, while
lightweight task-specific layers were optimized using the annotated examples. This
strategy preserves the general visual knowledge acquired during pretraining while
allowing the models to learn discriminative features specific to the novel categories.

The adaptation procedure was restricted to lightweight task-specific components,
while the pretrained visual and language encoders were kept frozen. The following
parameters were fixed across all few-shot experiments: confidence threshold = 0.25,
loU threshold = 0.5, optimizer = Adam, learning rate = 0.0001, number of epochs =
100, batch size = 4. These details are reported to improve reproducibility and to avoid
interpreting the few-shot results as full model retraining.

The optimization objective combines localization and classification losses:

Loss = L + AL, . ()

where L denotes the classification loss, L, denotes the localization loss, and A
controls the balance between the two terms.

To improve robustness and reduce overfitting caused by the small training set,
standard data augmentation techniques were applied, including horizontal flipping,
random translation, and scale perturbation.

Figure 2 presents the overall evaluation pipeline. In the zero-shot setting, only a
textual description of the target category is provided to the pretrained model. In the
few-shot setting, a small set of annotated examples is additionally used to adapt the
model before evaluation on the test set.

Figure 2 illustrates the overall evaluation pipeline adopted in this study. In the ze-
ro-shot setting (Fig. 2a), pretrained vision-language models, namely BLIP and
Grounding DINO, receive only textual descriptions of the target categories (“blue
rabbit with long ears” for Krash and “purple hedgehog with glasses” for Chiko). Ob-
ject localization is then performed directly on the test images without any task-
specific adaptation. In contrast, the few-shot setting (Fig. 2b) incorporates an addi-



tional adaptation stage. A small set of annotated training examples (5 or 10 images
per category) is used to fine-tune lightweight model components while keeping most
pretrained parameters frozen. The adapted models are subsequently evaluated on the
same test images. Blue bounding boxes correspond to Krash, whereas red bounding
boxes correspond to Chiko.

(a) Zero-shot detection (ZS)

Textual prompts Pretrained Test image Zero-shot inference Predicted detections

Vision-Language Model
Model predicts bounding boxes

based only on textual prompts.

0P bue rabbit
1), withlong ears” BUP

(Krash
( )

“purple hedgehog Grounding DINO *
with glasses” = =
(Chiko)

# Parameters frozen

(b) Few-shot detection (FS)

Textual prompts. Few-shot training examples Adaptation (fine-tuning) Test image Inference after adaptation Predicted detections.

(same as ZS) (5 or 10 per '”') Update lightweight layers.

> using few-shot data

P “vive ravtit W

%5 win ong ears”

(== EE Qi
“purple hadgshog [ Grounding INO @
with gasses’
4cnn)

z 5 Frozen parameters
{7} Annotated with bounding boxe: p S

S Frozen (notupdated) g Trainable (updated during adaptation) [} Krash (blusrabbit) [} Chiko (purple hedgehog)

Fig. 2. Comparison of zero-shot and few-shot evaluation pipelines. The few-shot branch in-
cludes an additional adaptation stage using 5 or 10 annotated examples.

The same evaluation protocol, prompts, and test images were used across all exper-
iments to ensure a consistent comparison between BLIP and Grounding DINO.

5 Results and Discussion

The performance of BLIP and Grounding DINO was evaluated under three exper-
imental settings: zero-shot detection, 5-shot adaptation, and 10-shot adaptation. De-
tection quality was assessed using Precision, Recall, F1-score, and mean Intersection
over Union (mloU).

Given the small number of test instances, Table 2 should be read together with the
underlying detection counts. For example, a recall of 0.50 corresponds to detecting
two out of four ground-truth objects, while a recall of 1.00 corresponds to detecting
all four objects in the controlled test subset.

Table 2 summarizes the obtained results.

The confidence intervals are necessarily wide because of the small test set. For ex-
ample, detecting all four objects gives recall = 1.00, but the Wilson 95% confidence
interval is approximately [0.51, 1.00]. Similarly, recall = 0.50 based on two detected
objects out of four has an interval of approximately [0.15, 0.85]. Therefore, the per-
fect scores observed after few-shot adaptation should be interpreted as successful
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detection of all objects in this particular controlled test subset, not as evidence of
near-perfect general performance.

Table 2. Detection performance for different adaptation settings.

Method Setting Precision  Recall Fl-score mloU
BLIP Zero-shot  0.67 0.50 0.57 0.69
BLIP 5-shot 1.00 1.00 1.00 0.90
BLIP 10-shot 1.00 1.00 1.00 1.00
Grounding DINO  Zero-shot  1.00 0.50 0.67 1.00
Grounding DINO  5-shot 1.00 1.00 1.00 0.93
Grounding DINO  10-shot 1.00 1.00 1.00 1.00

The results illustrate the limitations of pure zero-shot detection in this controlled
pilot setting. Both models were able to use textual descriptions to identify some target
instances, but the recall remained limited because only two of the four ground-truth
objects were detected in the zero-shot setting.

The introduction of five annotated examples per category improved the observed
detection results for both models. In the evaluated test subset, all four annotated ob-
jects were detected after few-shot adaptation. However, because this result is based on
a very small number of test instances, it should be considered an encouraging pilot
observation rather than a statistically robust performance estimate.

Further increasing the number of training examples from five to ten resulted in on-
ly marginal improvements. Increasing the number of annotated examples from five to
ten did not change the object-level F1-score on this test subset and improved or stabi-
lized mloU. This suggests that, under the controlled conditions considered here, most
of the observed gain was obtained after the first few annotated examples. Larger test
sets are required to determine whether this pattern holds more generally.

Figure 3 presents representative detection examples obtained in the zero-shot and
few-shot settings. In the zero-shot configuration, the models occasionally produced
shifted bounding boxes or failed to detect one of the target categories. Such behavior
can be attributed to the ambiguity of natural-language descriptions and the absence of
category-specific visual examples during training.

1:, Aﬁ]['@_ o
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Fig. 3. Qualitative comparison between zero-shot and few-shot detection results. Green boxes
indicate ground-truth annotations, while predicted detections are shown using category-specific
colors.




After few-shot adaptation, the localization quality improved considerably. The
predicted bounding boxes became more tightly aligned with object boundaries, and
previously missed detections were successfully recovered. This observation confirms
that the adaptation process enables the models to learn visual characteristics that can-
not be fully expressed through textual prompts alone.

To investigate the relationship between annotation effort and detection quality,
Figure 4 illustrates the variation of F1-score as the number of annotated examples
increases.

Influence of the Number of Annotated Examples on Detection Quality

—8— BLIP
Grounding DINO

1.01

o
o

e
o

Fl-score

o
~

0.6

0.54

0.4 T T T
Zero-shot 5-shot 10-shot

Adaptation setting

Fig. 4. Influence of the number of annotated examples on performance.

The most significant performance improvement occurs when moving from the ze-
ro-shot setting to the 5-shot configuration. This behavior suggests that a small number
of representative examples provides sufficient information for the adaptation layers to
establish robust category-specific visual prototypes. Increasing the number of exam-
ples to ten further stabilizes localization accuracy but yields comparatively smaller
gains.

From a practical perspective, these results are important because they indicate that
collecting a limited set of labeled samples may be considerably more cost-effective
than relying solely on zero-shot detection or performing full-scale supervised training.

The experimental results support the hypothesis that few-shot adaptation signifi-
cantly improves novel object detection performance compared with purely zero-shot
inference. While modern vision-language models possess strong semantic understand-
ing capabilities, textual descriptions alone are often insufficient for accurate localiza-
tion of categories that are absent from the pretraining distribution.

Grounding DINO demonstrated superior zero-shot localization performance, which
is consistent with its architecture specifically designed for language-guided object
grounding [11]. BLIP, on the other hand, was originally developed as a general-
purpose vision-language model and therefore exhibited weaker localization capabili-
ties in the absence of adaptation.
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Nevertheless, after introducing only a small number of annotated examples, the
performance gap between the two models nearly disappeared. This finding suggests
that the quality of pretrained visual representations is sufficiently strong in both archi-
tectures and that the primary challenge lies in adapting these representations to cate-
gory-specific visual features.

Overall, the obtained results indicate that few-shot adaptation offers an effective
compromise between annotation cost and detection accuracy, making it a promising
strategy for practical deployment in domains where large annotated datasets are una-
vailable.

The main limitation of this study is the very small evaluation subset, which con-
tains only four annotated test objects. As a result, the numerical metrics are highly
sensitive to a single missed or false detection. The second limitation is the synthetic
and visually controlled nature of the images, which reduces background clutter, oc-
clusion, illumination variability, and domain shift. Third, only two visually distinctive
cartoon categories were evaluated. Therefore, the results should not be generalized to
arbitrary novel object detection tasks without further experiments on larger and more
diverse datasets. Future work should include additional categories, more test scenes,
real or semi-real backgrounds, prompt variation analysis, and repeated evaluation
across multiple random few-shot splits.

6 Conclusions

This paper presented a controlled pilot comparison of zero-shot and few-shot de-
tection for two novel cartoon character categories using BLIP and Grounding DINO.
In the zero-shot setting, both models detected only part of the target objects, indicat-
ing that textual prompts alone were insufficient for complete localization in the evalu-
ated scenes. Adding 5 or 10 annotated examples per category improved the observed
results, and all four test objects were detected after few-shot adaptation. At the same
time, the small size of the test subset and the synthetic nature of the images prevent
strong statistical or real-world generalization claims. The results should therefore be
interpreted as preliminary evidence that few-shot adaptation can be useful for con-
trolled novel character detection, rather than as proof of near-perfect performance.
Future work will extend the evaluation to larger datasets, more categories, multiple
random few-shot splits, and more challenging scenes with clutter, occlusion, and do-
main shift.
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