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Abstract

We present an in-context pipeline for few-shot object de-
tection on RF-20VL. The method centers on multimodal
large language models (MLLMs) and SAM3 and organizes
inference into four stages: offline text prompt selection,
support-driven visual prompt box acquisition, joint text-
visual inference, and VQA-based re-ranking. For each cat-
egory, we first search for a compact textual concept that
better matches the lexical space of the segmentation model.
We then transfer annotated support-side geometry to the
query image through support-query concatenation, produc-
ing candidate boxes. The selected text prompt and the can-
didate boxes are passed to SAM3 jointly, and the resulting
predictions are calibrated by an MLLM through a binary
verification step. This design keeps the pipeline modular
and avoids task-specific training.

1. Introduction

We consider the few-shot object detection task defined by
the RF-20VL benchmark. Each subset provides a small sup-
port set with annotated images and a query set of unlabeled
test images. Given a query image and a target category, the
goal is to localize all instances of that category in the query
image. Our system does not train a separate detector; in-
stead, it uses SAM3 [2] as the core inference engine and
adapts it through text and geometric prompts.

2. Preliminaries

MLLM. An MLLM is a generative model that jointly
processes visual inputs and natural language, enabling uni-
fied perception and language reasoning. In this work,
the MLLM is used offline to generate compact category
prompts from category names and auxiliary class-level de-
scriptions. Formally, given an image (or a set of images)
and a textual instruction prompt, an MLLM produces a tex-
tual response as

T = MMLLM(I, P ) , (1)

where I denotes the visual input, P denotes the input
prompt, and T is the generated text output.

SAM3. SAM3 is a foundation model that performs
promptable concept segmentation. The target can be spec-
ified by a short noun phrase (textual concept), a visual ex-
emplar bounding box, or both. Given a concept prompt,
SAM3 predicts instance masks for all instances matching
the concept. Formally, we write SAM3 inference as

M ins = MSAM3(I, T, V ) , (2)

where I is the image, T is a textual concept prompt, and V
denotes the visual exemplar boxes.

3. Method

Our pipeline consists of four stages, as illustrated in Fig. 1.
First, we search for an effective textual concept for each
category. Second, we generate query-side candidate boxes
as visual exemplars by transferring support annotations
through support-query image concatenation. Third, we run
SAM3 with both the selected text prompt and the candidate
boxes. Fourth, we re-rank the resulting predictions with a
binary VQA verification step.

3.1. Text Prompt Extraction
The textual concept provided by a dataset is not always the
most effective prompt for SAM3. A category name can be
overly broad, domain-specific, or lexically different from
the concept names favored by the segmentation model. We
therefore perform an offline prompt search for each cate-
gory and use the selected prompt throughout inference.

Candidate generation. For each category c, we construct
an instruction prompt from its category name and a pre-
computed class-level description from DetPO [3]. The
MLLM is asked to generate a small set of short English
noun phrases that can refer to the same visual concept:

Pc = {pkc}Kk=1, (3)
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Figure 1. Overall framework of the proposed pipeline.

where K = 5 in our implementation and each candidate
is constrained to one to three words. This step provides
multiple lexical variants for the same target category while
keeping the final SAM3 text prompt compact.

Candidate scoring. Each candidate prompt is evaluated
on the support images of the corresponding category.
Specifically, we run SAM3 in a text-only setting, where the
visual exemplar input is omitted:

M ins
i,k = MSAM3

(
Ii, p

k
c , ∅

)
, Ii ∈ Sc, (4)

where Sc denotes the support images for category c. The
predictions from all support images are collected and evalu-
ated with COCO API. We use AP@0.5 as the prompt score:

sc(p
k
c ) = AP50

(
{M ins

i,k }Ii∈Sc
, Gc

)
, (5)

where Gc denotes the support annotations for category c.

Prompt selection and lookup. The final text prompt for
category c is selected by maximizing the support-set score:

p⋆c = argmax
p∈Pc

sc(p). (6)

We store the candidate prompts and their evaluation statis-
tics in a per-subset prompt mapping file. During inference,
the pipeline loads this mapping and uses p⋆c as the SAM3
textual concept. If a category is missing from the mapping,
we fall back to the original category name.

3.2. Visual Prompt Box Acquisition
To generate candidate boxes for a query image, we reuse the
support images of the same category as geometric prompts.
For each query sample Iq , we iterate over all support images
Is ∈ Sc and form a horizontal concatenation after resizing

the support image to match the query height while preserv-
ing the aspect ratio:

Ĩs,q = Concat(Resize(Is;hq), Iq) , (7)

where hq is the height of the query image. The ground-
truth support box is transformed accordingly, converted to
normalized cxcywh format, and injected into SAM3 as the
visual prompt. Running SAM3 on Ĩs,q yields a set of can-
didate detections on the concatenated canvas.

We keep only the detections whose centers fall on the
query side. After aggregating all boxes over all support
images of the same category, we apply NMS with an IoU
threshold of 0.5 to obtain the final candidate box set.

This support-query construction lets SAM3 transfer the
annotated support location to the query side through visual
analogy on the shared canvas.

3.3. Joint Text-Visual Inference
We feed the selected text prompt and the candidate box set
into SAM3 jointly for the final detection pass:

Dtv
c = MSAM3

(
Iq, p

⋆
c , Bcand

c

)
, (8)

where Dtv
c = {(bj , sj)}Nc

j=1 denotes the predicted boxes and
their confidence scores for category c. Each candidate box
is treated as a positive geometric prompt, and the query im-
age is encoded only once. The resulting predictions are then
filtered again with NMS at an IoU threshold of 0.5 to re-
move duplicate detections.

3.4. VQA Re-ranking
The VQA re-ranking stage uses an MLLM, specifically
Qwen3-VL-8B-Instruct [1], and follows the binary verifi-
cation scheme of DetPO [3]. We also reuse the class-level



category descriptions from DetPO when forming the ver-
ification prompt. For each predicted box, we draw a red
rectangle on the query image and ask a binary verification
question of the form: whether the object referred to by the
category is located inside the highlighted region. The model
returns token probabilities for affirmative and negative an-
swers, which we normalize into a verification score:

rj =
pj(Yes)

pj(Yes) + pj(No)
. (9)

4. Conclusion
We described an in-context FSOD pipeline built on MLLM
and SAM3. The method combines prompt selection,
support-query box transfer, joint text-visual inference, and
VQA-based re-ranking into a single modular system. Its
main advantage is that both the textual concept and the ge-
ometric candidates are derived directly from the support set
at inference time, without additional task-specific training.
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