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Abstract

Vision-language models (VLMs) such as Ground-
ingDINO achieve strong zero-shot object detection on
natural-image benchmarks, but their performance drops on
Roboflow-20VL domains such as dental X-rays, aerial im-
agery, industrial inspection, and structured interface im-
ages. This report describes our solution for the In-Context
Prompting Track of the Foundational Few-Shot Object De-
tection Challenge, where model fine-tuning is not allowed.
We adapt frozen VLMs through domain-specific prompt de-
sign guided by few-shot examples. Our system combines
single-pass multi-class prompting, class-specific prompting
for frequently missed or confused categories, and a gen-
erative overlay paradigm for subsets with severe domain
shifts. We further use an MLLM-as-a-Judge procedure to
rescore candidate boxes according to category correctness
and localization quality. Experiments on Roboflow-20VL
show that careful prompt engineering can yield competitive
Sfew-shot detection performance without parameter updates.

1. Introduction

Vision-Language Models (VLMs) and open-vocabulary
detectors such as GroundingDINO and GroundingDINO
1.5 [2, 4] have shown strong zero-shot object detection
ability on standard natural-image benchmarks such as
COCO [1]. However, their performance often degrades in
the RF20VL setting [5], which contains highly diverse do-
mains including dental X-rays, aerial imagery, industrial
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inspection images, and structured interface screenshots.
These domains introduce substantial distribution shifts and
semantic ambiguities, making category names alone insuf-
ficient for reliable grounding.

A common solution is gradient-based fine-tuning on the
few available labeled examples [3]. This strategy requires
model access and non-trivial computation, and is explicitly
disallowed in the In-Context Prompting Track of the Foun-
dational Few-Shot Object Detection Challenge. The central
problem is therefore how to adapt a frozen VLM to domain-
specific concepts using only limited labeled examples as
references for prompt design.

We propose a compact prompt engineering framework
for this setting. Instead of using one uniform prompt, we
select domain-specific strategies according to observed fail-
ure modes. For most subsets, the model detects all tar-
get categories in one pass; for selected difficult categories,
class-specific prompts reduce misses and inter-class confu-
sion. For subsets with severe domain shifts, we use a multi-
modal generative model [7] to draw visual box overlays and
recover proposals through deterministic image processing,
avoiding unreliable direct coordinate prediction.

Finally, we introduce an MLLM-as-a-Judge confidence
rescoring mechanism [9]. The judge inspects each ren-
dered candidate box and assigns a score based on category
correctness and localization quality, producing more useful
confidence values than direct score generation. Combining
tailored prompts, generative proposals, lightweight box re-
finement, and MLLM-based rescoring, our method achieves
competitive performance on Roboflow-20VL without any
parameter updates.
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Figure 1. Overview of our framework.

2. Method

2.1. Bounding Box Proposal

2.1.1. Bounding Box Proposal with a Multimodal Under-
standing Model

We employ Gemini 3.5 Flash [7] as the multimodal under-
standing model for generating object bounding box propos-
als. The model is selected for three main reasons. First,
it demonstrates strong vision-language grounding ability,
enabling it to localize objects based on open-vocabulary
textual descriptions without requiring task-specific detector
training. Second, its instruction-following capability allows
us to enforce a structured output format, including class la-
bels and normalized bounding box coordinates. Third, the
Flash variant provides a favorable trade-off between infer-
ence efficiency and multimodal reasoning quality, which
is important when processing a large number of domain-
specific images.

Given an input image and a set of target categories from
a specific domain, the model is prompted to identify visible
instances and return their bounding boxes in a predefined
format. Each proposal consists of a class label and a bound-
ing box represented by normalized coordinates. These gen-
erated boxes serve as initial object proposals for subsequent
refinement.

Single-Pass-Multi-Class In the Single-Pass-Multi-Class
setting, the model is prompted once with all candidate cat-
egories relevant to a given domain image. The model is
asked to detect every visible object instance belonging to
any of the provided categories and to output the correspond-
ing class label and bounding box for each instance. This
strategy allows the multimodal model to jointly reason over
multiple semantic categories within the same image.

A key advantage of this formulation is that the model can
compare and disambiguate visually similar categories in a
shared context. Instead of treating each category indepen-
dently, the model can leverage relative appearance, spatial
layout, and contextual cues to decide which class each ob-
ject belongs to. In practice, this joint prompting strategy
improves both grounding quality and category assignment,
especially when multiple target classes co-occur in the same
image. It also reduces inference cost by requiring only one
model call per image.

Single-Pass-Single-Class In the Single-Pass-Single-
Class setting, the model is prompted with only one
target category at a time. The prompt explicitly asks the
model to focus on locating all visible instances of that
specific category while ignoring objects from other classes.
This class-specific formulation is particularly useful for
categories that are frequently missed or confused in the
multi-class setting.



Compared with the multi-class prompt, the single-class
prompt reduces semantic competition among categories and
encourages the model to allocate more attention to subtle
or rare object instances. Therefore, we use this strategy
for categories whose detection performance is insufficient
under the Single-Pass-Multi-Class setting. For these se-
lected categories, we issue additional class-specific prompts
and directly replace the corresponding category predictions
from the multi-class results with the single-class predic-
tions. The final proposal set is then formed by combining
the unchanged multi-class predictions for the remaining cat-
egories with the substituted single-class predictions for the
difficult categories.

2.1.2. Bounding Box Proposal with a Multimodal Gen-
erative Model

While the multimodal understanding model works well for
many subsets through single-pass multi-class or single-pass
single-class prompting, we observe that this paradigm be-
comes less reliable under severe domain shifts. In highly
specialized images, the visual appearance of objects may
differ substantially from natural-image concepts, and cat-
egory names alone may not provide sufficient semantic
grounding. Therefore, for the most challenging subsets, we
introduce a multimodal generative model-based bounding
box proposal strategy [7] as a training-free alternative.

Instead of asking the model to directly predict bounding
box coordinates, we prompt an image generation model to
draw class-specific colored rectangle outlines on the origi-
nal image. The prompt describes the domain-specific visual
cues of each target category and instructs the model to pre-
serve the original image content, resolution, brightness, and
aspect ratio, while only adding bounding box overlays.

This formulation converts object localization into a vi-
sual annotation task. The generative model is encouraged
to mark regions according to visual patterns specified in the
prompt, rather than relying solely on open-vocabulary de-
tection ability. The generated colored boxes are then recov-
ered by deterministic image processing, which makes the
final proposal extraction independent of textual coordinate
generation.

Specifically, each target category is assigned a unique
color. After the model returns the annotated image, we con-
vert it into HSV color space and apply color-specific thresh-
olding to isolate the box outlines for each category. The ex-
tracted masks are further processed by contour detection or
rectilinear line recovery to obtain bounding rectangles.

Finally, the recovered boxes are mapped back to the
original image coordinate system. If the generated image
size differs from the input image size, the coordinates are
rescaled accordingly. The resulting proposals are saved in
COCO-style format [1] as

[l’, Yy, w, h]7

with their corresponding category labels.

2.2. Bounding Box Refinement

After obtaining the initial bounding box proposals, we fur-
ther refine their spatial extent by comparing model predic-
tions with ground-truth annotations on the training and val-
idation sets. We observe that many errors are not caused
by incorrect localization, but by systematic differences be-
tween the model’s visual grounding behavior and human
annotation preferences. In other words, the model often
identifies the correct object region, while the predicted box
extent may be consistently smaller, larger, or biased toward
a particular object part. To address this issue without model
training, we apply lightweight, class-specific bounding box
refinement strategies.

Weighted Box Fusion. For categories whose annotation
preference lies between local and global object regions, we
use Weighted Box Fusion (WBF) [6] to combine multiple
prompt-induced box proposals. Specifically, we design dif-
ferent prompts to guide the model toward different spatial
interpretations of the same object. For example, for soda
bottles, one prompt may encourage the model to localize a
discriminative local part such as the bottle cap, while an-
other prompt asks the model to annotate a more complete
visible region including both the cap and the bottle body.
These different predictions provide complementary spatial
cues.

Since confidence scores are not yet available at this
stage, we assign predefined fusion weights to different
prompting strategies and treat them as tunable hyperparam-
eters. Given multiple boxes predicted for the same object,
WBF merges them into a single refined box by computing a
weighted average of their coordinates:

2 AiBi
Zi A

where B; denotes the box produced by the ¢-th prompting
strategy, and \; is its corresponding fusion weight. The
weights are selected based on the alignment between pre-
dictions and human annotations on the labeled data. This
fusion strategy allows the final box to better match human
annotation preferences than either local-only or global-only
prompting alone.

Bfused =

Class-Specific Box Scaling. For some categories, we ob-
serve a consistent scale bias between predicted boxes and
ground-truth annotations. For example, in specialized do-
mains such as X-ray images, the model can correctly lo-
calize the target anatomical structure, but the predicted box
may cover a slightly smaller region than the expert anno-
tation. In such cases, we apply class-specific box scaling



to adjust the predicted extent while keeping the box center
unchanged.

Given a predicted box B = (z,y,w,h), we compute
its center (¢, ¢,) and rescale its width and height by class-
specific factors o, and a,:

h/ = ahh.

/
w = W,

The refined box is then reconstructed as

/ h/
B = (cm—w, Cy = 5 w, h').

The scaling factors are selected according to the systematic
bias observed on the labeled data. This simple refinement is
especially effective when the model’s localization is reliable
but its box extent is misaligned with the annotation protocol.

2.3. Confidence Rescoring with Multimodal Under-
standing Model

The initial bounding box proposal stage mainly focuses on
localization, while the confidence scores produced together
with the boxes are often poorly calibrated. In particular,
when the model is directly asked to output both bounding
boxes and confidence values, it tends to assign conservative
and weakly discriminative scores, such as values around
0.6. Such scores are insufficient for ranking predictions and
suppressing false positives. To address this issue, we in-
troduce an additional confidence rescoring stage based on a
multimodal understanding model, inspired by the MLLM-
as-a-Judge paradigm [9].

Instead of asking the model to judge a box only from
its numerical coordinates, we reformulate confidence esti-
mation as a visual verification task. For each predicted in-
stance, we render the candidate bounding box on the orig-
inal image using a red rectangle. The multimodal model
is then asked to inspect the image and determine whether
the red box correctly covers an object of the target class.
This design leverages the model’s visual reasoning ability
directly, rather than relying on its ability to calibrate confi-
dence during coordinate generation.

Optionally, we provide an in-context visual exemplar
from the training set. For each category, we select a rep-
resentative annotated training instance and draw its ground-
truth box in green. The exemplar image is given together
with the test image, allowing the model to compare the can-
didate box against both the target appearance and the human
annotation preference for box tightness. Thus, the input to
the rescoring model consists of either one image, i.e., the
test image with a red candidate box, or two images, i.e., a
green-box training exemplar followed by the red-box test
candidate.

The prompt specifies the dataset name, target class, can-
didate box in COCO pixel format [1], and image size. The

model is instructed to return a single JSON object:
"score" : s},

where s € [0, 1]. The scoring rubric encourages high scores
for correct and well-localized detections, medium scores for
shifted, loose, or partial boxes, and low scores for wrong-
class predictions, weak overlaps, or false positives. In our
implementation, the model is queried with deterministic de-
coding and JSON-formatted output to ensure stable parsing.

Finally, the parsed score is clipped to [0, 1] and used to
replace the original confidence score of the corresponding
prediction. This rescoring step does not modify the pre-
dicted class label or bounding box coordinates. It only
updates the ranking confidence of each proposal, enabling
false positives and poorly localized boxes to be suppressed
during evaluation.

3. Results

Table 1. Ablation study of single-pass-single-class (for recode-
waste dataset)

Method mAP A
Multi-class 33.97 -
Multi-class + Single-class  36.19  +2.22

Table 2. Ablation study of generative method (for X-ray-id
dataset)

Method mAP A
Understanding-based  1.51 -
Generative-based 21.23 +19.72

Table 3. Ablation study of confidence rescoring (overall)

Method mAP A
MM-GroundingDINO Swin-L [8] (Zero-shot) 16.79 —
w/o confidence 33.38 +16.59
w/ confidence 35.67 +18.88

Tables 1-3 summarize the effectiveness of the main com-
ponents in our pipeline. For the recode-waste subset, the ag-
gregate category is frequently missed or confused under the
single-pass-multi-class setting. We therefore apply single-
pass-single-class prompting to this category and merge the
resulting aggregate detections with the original multi-class
predictions. This simple replacement improves mAP from
33.97 to 36.19, showing that class-specific prompting can



complement joint multi-class reasoning for difficult cat-
egories. For the X-ray-id subset, the generative model-
based proposal strategy improves over the multimodal un-
derstanding baseline, indicating that converting localization
into a visual box-overlay task is more robust under severe
domain shift. Finally, MLLM-based confidence rescoring
improves the overall mAP from 33.38 to 35.67.

4. Conclusion

We present a training-free solution for the In-Context
Prompting Track of the CVPR 2026 Roboflow-20VL Few-
Shot Object Detection Challenge. Our framework adapts
frozen vision-language models through domain-specific
prompting, combining multi-class prompting, class-specific
prompting for difficult categories, generative box-overlay
proposals for severe domain shifts, and MLLM-based con-
fidence rescoring. Experimental results show that these
simple components consistently improve detection perfor-
mance, demonstrating that careful prompt design and visual
verification can effectively enhance few-shot object detec-
tion without parameter updates.
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