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Abstract. Multi-Modal LLMs (MLLMs) demonstrate strong visual
grounding capabilities on popular object detection benchmarks like
OdinW-13 and RefCOCO. However, state-of-the-art models still struggle
to generalize to out-of-distribution classes, tasks and imaging modalities
not typically found in their pre-training. While in-context prompting
is a common strategy to improve performance across diverse tasks, we
find that it often yields lower detection accuracy than prompting with
class names alone. This suggests that current MLLMs cannot yet effec-
tively leverage few-shot visual examples and rich textual descriptions
for object detection. Since frontier MLLMs are typically only accessi-
ble via APIs, and state-of-the-art open-weights models are prohibitively
expensive to fine-tune on consumer-grade hardware, we instead explore
black-box prompt optimization for few-shot object detection. To this end,
we propose Detection Prompt Optimization (DetPO), a gradient-free
test-time optimization approach that refines text-only prompts by max-
imizing detection accuracy on few-shot visual training examples while
calibrating prediction confidence. Our proposed approach yields consistent
improvements across generalist MLLMs on Roboflow20-VL and LVIS,
outperforming prior black-box approaches by up to 9.7 mAP. Our code
and optimized prompts are available on our project page.

Keywords: Few-Shot Object Detection · In-Context Learning · Prompt
Optimization · Vision-Language Models

1 Introduction

Multi-Modal LLMs (MLLMs) achieve remarkable zero-shot performance across
diverse vision-language tasks like image captioning, OCR, and VQA [1, 5, 10].
On flagship vision tasks like object detection, generalist MLLMs like Qwen3-
VL [4] perform on-par with specialist object detectors like GroundingDINO [33] on
popular benchmarks like RefCOCO [66] and OdinW-13 [29]. However, such models
struggle to generalize to out-of-distribution concepts (e.g. material property
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Fig. 1: In-Context Learning for Object Detection. We cast the problem of
gradient-free few-shot object detection as multimodal in-context learning (ICL). Here, a
frozen multi-modal LLM (MLLM) is presented with a class name, a textual description,
and a few visual examples (left), similar to the instructions given to a human annotator
tasked with annotating that class [44]. Rather than presenting the visual examples
directly to the MLLM, we find that it is far more effective to use them to optimize
a better text-only prompt (right) via prompt optimization; we use a critique MLLM
to discover prompt instructions that perform better on the few-shot training dataset.
These improved instructions are then fed into the target MLLM. In practice, we use
the same MLLM for both the critique and target.

estimation, defect detection, and contextual action recognition) and imaging
modalities (e.g. X-rays, thermal spectrum data, and aerial imagery) not typically
found in internet-scale pre-training [44]. We argue that some data will always
remain out-of-distribution, whether due to being sequestered from the internet
or being created after a model’s training cutoff. This motivates the need to
learn from few-shot examples, similar to how human annotators are taught new
concepts via few-shot multi-modal instructions [37].

Few-Shot Detection via In-Context Learning (ICL). Since frontier
MLLMs are typically only accessible via APIs, and state-of-the-art open-weights
models are prohibitively expensive to fine-tune on consumer-grade hardware, we
argue that gradient-free few-shot learning is best framed through the lens of multi-
modal in-context learning (ICL). Although ICL has been extensively studied
for LLMs [8,13], multi-modal ICL for object detection poses unique challenges.
We primarily explore this problem using the recently released Roboflow20-VL
(RF20-VL) [44] benchmark, which aggregates 20 distinct datasets from domains
typically not found in internet-scale pre-training. Importantly, object classes are
specified via few-shot visual examples and rich textual instructions. In practice,
we find that prompting with few-shot visual examples yields inconsistent benefits
compared to using class names and instructions (Table 1). We posit that this arises
from rigid prompt structures used during post-training, making it difficult to
exploit additional multi-modal contextual information during zero-shot inference.

Detection Prompt Optimization Improves Concept Alignment. To
address these limitations, we introduce Detection Prompt Optimization (DetPO),
a black-box optimization approach that iteratively refines text-only prompts
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Table 1: Multi-Modal ICL Hurts Detection Accuracy. Current MLLMs struggle
to learn from multi-modal in-context examples for object detection. We posit that
rigid post-training prompt structures make it difficult to effectively leverage additional
context. To address this limitation, we propose Detection Prompt Optimization (DetPO)
to encode few-shot multi-modal examples into a single text-only prompt, significantly
improving detection accuracy.

Method Class Names Instructions Images mAP
Qwen2.5-VL [5] (7B) ✓ ✗ ✗ 4.6
Qwen2.5-VL [5] (7B) ✓ ✓ ✗ 6.2
Qwen2.5-VL [5] (7B) ✓ ✓ ✓ 1.8
Qwen2.5-VL [5] (72B) ✓ ✗ ✗ 7.1
Qwen2.5-VL [5] (72B) ✓ ✓ ✗ 10.4
Qwen2.5-VL [5] (72B) ✓ ✓ ✓ 10.1
Qwen3-VL [4] (8B) ✓ ✗ ✗ 10.4
Qwen3-VL [4] (8B) ✓ ✓ ✗ 11.4
Qwen3-VL [4] (8B) ✓ ✓ ✓ 7.0
Qwen3-VL [4] (30B-A3B) ✓ ✗ ✗ 10.7
Qwen3-VL [4] (30B-A3B) ✓ ✓ ✗ 11.9
Qwen3-VL [4] (30B-A3B) ✓ ✓ ✓ 9.8
Gemini 3 Pro [12] ✓ ✗ ✗ 21.9
Gemini 3 Pro [12] ✓ ✓ ✗ 23.0
Gemini 3 Pro [12] ✓ ✓ ✓ 23.9

by maximizing detection accuracy on few-shot visual training examples. Unlike
classical detectors that primarily learn from true positive examples, we find that
MLLMs benefit from seeing corner cases and negative examples, akin to how
human annotators refine their understanding of a target class by learning what
not to annotate. At each iteration, DetPO refines a text-only prompt based on
the model’s true positive, false positive, and false negative predictions on the
few-shot training set.

DetPO Down-Weights False Positive Detections. We further observe
that current MLLMs often overpredict bounding boxes and lack per-box con-
fidence scores by default. We find that simply prompting models for per-box
scores improves detection accuracy without additional compute cost. However,
these self-reported confidence scores can sometimes be poorly calibrated. In
such cases, we can optionally post-process detections with VQA Score [32]. We
prompt the model with bounding box predictions overlaid on the test image and
ask “Is this bounding box an instance of class {CLS}?” We use the normalized
probability of the yes token as the final bounding box confidence score. This
simple post-processing step down-weights false positives and improves mAP.

Contributions. We present three major contributions. First, we benchmark
state-of-the-art MLLMs on RF20-VL and LVIS and show that naively prompting
with multi-modal in-context examples yields poor performance. Next, we propose
Detection Prompt Optimization (DetPO) to iteratively use model predictions
on the training set to refine text-only prompts and estimate better per-box
confidence scores to improve concept alignment. Lastly, we extensively ablate our
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Fig. 2: Detection Prompt Optimization. Our iterative framework begins by gener-
ating an initial class definition from a set of few-shot images. The resulting prompt is
evaluated on the training set, yielding false positive and false negative predictions. We
ask a critique model to use these false negatives to broaden the initial class definition,
and false positives to tighten it. We iteratively evaluate and improve the prompt on
the training set until convergence. As shown above, the false negative sample removes
the constraint “black jersey” from the prompt, while the false positive sample adds the
attribute “actively jumping” to better distinguish the target class from similar actions.

design choices and demonstrate that DetPO consistently improves performance
across popular MLLMs, establishing a new state-of-art for black-box few-shot
object detection.

2 Related Works

Vision-Language Models are often pre-trained on large-scale, weakly super-
vised image-text pairs [52] before fine-tuning on task-specific data. While early
VLMs mainly focused on image classification [46] and VQA, recent methods have
extended these models for visual grounding through open-vocabulary detection.
Early efforts adapted VLMs for detection by classifying region proposals [18, 19]
or by integrating detection heads into either frozen [25] or fine-tuned [14,38,39] en-
coders. RegionCLIP [68] introduced a multi-stage pipeline that combined pseudo-
label generation, region-text contrastive pre-training, and fine-tuning on detection
benchmarks. GLIP [30] reformulates detection as a phrase grounding task, where
a single text query is applied to the entire image. Detic [69] improves long-tail
detection performance by leveraging image-level supervision from ImageNet’s 21K
classes [49]. Modern VLMs demonstrate strong zero-shot performance and are
often employed as “black-box” tools in downstream tasks [23, 36, 41, 42, 55]. More
recently, multi-modal large language models (MLLMs) such as Qwen2.5-VL [5],
Qwen3-VL [4], Gemini 2.5 Pro [11], and Gemini 3 Pro [12] reframe spatial under-
standing as a next-token prediction task. Notably, generalist MLLMs demonstrate
strong zero-shot visual grounding capabilities on-par with specialist models like
GroundingDINO [34] on popular object detection benchmarks like OdinW-13 [29]
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and RefCOCO [66]. However, we find that these generalist models achieve poor
zero-shot detection accuracy on out-of-distribution classes, tasks, and modalities,
motivating the need for few-shot concept alignment.

Few-Shot Object Detection (FSOD) focuses on recognizing novel object
categories with limited training examples [24]. Prior work primarily explores
two paradigms: meta-learning and transfer learning. Meta-learning methods aim
to learn transferable representations from base classes that can generalize to
unseen novel classes. For instance, Kang et al. [21] re-weights features from
base classes to infer novel ones, while Xiao et al. [62] unifies few-shot detection
and viewpoint estimation. Fan et al. [15] develops a matching-based few-shot
object detection network that learns a similarity metric between image pairs,
and Wu et al. [61] enhances object features using universal prototypes. Xu et
al. [63] further propose a generative framework that improves robustness to
noisy object proposals. In contrast, transfer learning methods partially freeze
weights pretrained on base datasets to enable adaptation to novel classes with
limited samples. These methods typically adopt a two-stage fine-tuning process,
training on base classes followed by refinement of the box classifier and regressor
using K-shot examples. This strategy has generally outperformed meta-learning
approaches [58]. Different from prior work, we explore few-shot object detection
for generalist MLLMs using multi-modal in-context learning.

In-Context Learning (ICL) is an emergent capability that enables LLMs
to reason by analogy [13]. Brown et al. [8] first popularized few-shot learning
via ICL. Subsequent methods extend this idea by improving reasoning through
structured prompting, such as decomposing complex instructions into simpler
steps [60, 65]. Recently, ICL has also gained traction in the vision-language
community. Flamingo [3] demonstrated that large-scale VLMs can perform ICL
effectively, improving tasks like image captioning with only a few examples. More
recently, Emu 2 [54] demonstrated that scaling encoder-decoder architectures
with auto-regressive training improves ICL. Different from prior work, we address
multi-modal in-context learning of object detection.

Prompt Optimization seeks to automate prompt engineering to maximize
model performance on downstream tasks [47]. This problem has been extensively
studied for LLMs, where prompting provides a natural and flexible interface for
humans to interact with generalist models. Notably, prompting has become a
standard approach for solving many flagship NLP tasks [8,50,51]. However, since
LLMs are particularly sensitive to user prompts [59], they often require careful
prompt design [48,53]. Soft prompt tuning methods demonstrate strong perfor-
mance using gradient-based optimization [27, 35, 45]. However, such optimization
techniques are impractical for frontier MLLMs that typically only accessible via
APIs, and state-of-the-art open-weights models are prohibitively expensive to
fine-tune on consumer-grade hardware. In this work, we draw inspiration from
discrete prompt search methods such as prompt generation [2, 6, 40], prompt
scoring [16], and prompt paraphrasing [20, 67] to optimize class descriptions
directly in natural language space.
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Fig. 3: Contrastive Prompt Refinement Reduces Class Confusion. We present
an example of prompt refinement on the challenging Actions dataset above. Even for
the visually similar Attack and Serve classes, which both depict a player airborne
while striking the ball, our method discovers discriminative attributes that reduce class
confusion. Specifically, DetPO is able to differentiate that Serve occurs behind the
service line, while Attack is played at the net.

3 Detection Prompt Optimization for FSOD

In this section, we present our Detection Prompt Optimization (DetPO) frame-
work for improving MLLM alignment to target concepts using few-shot multi-
modal examples. Existing prompt optimizers treat the downstream (visual) task
as a black-box to be “blindly" optimized via a numeric reward. For example,
GEPA [2] refines a set of candidate prompts using only the numeric IoU’s of
predicted bounding boxes compared to the ground-truth. In contrast, DetPO
directly feeds visual examples of false positives and false negatives to an MLLM
to generate the refined class prompt; this allows, for example, the MLLM to “see”
that occluded ground-truth objects are being systematically missed and update
the prompt accordingly. Our key insight is that visual tasks should leverage
visual feedback during prompt optimization. We describe our algorithm below and
provide psuedo-code in Appendix C.

Constrastive Prompt Refinement. Unlike traditional detectors, which
are trained primarily on true positive examples, we find that MLLMs achieve
higher detection accuracy when provided with corner cases and negative examples,
similar to how human annotators learn from examples of what not to annotate.
Figure 2 illustrates the prompt refinement procedure of our Detection Prompt
Optimization (DetPO) framework. For each class C, we generate an initial class
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description by prompting the model to describe key features of all ground-truth
instances of C in the training set. We then refine this description by prompting
the model to contrast C with ground-truth instances from all other classes,
encouraging the model to focus on discriminative features.

Using this detailed initial prompt, we run inference on the training images to
generate candidate detections and identify all false positives and false negatives.
Next, we find the top K most severe false positives and false negatives (e.g., the
false positives with the highest confidence scores and the false negatives with the
lowest IoU), and use these predictions to guide the next refinement step (Figure
5). For the sampled false positive, we instruct the critique model to revise the class
definition to explicitly exclude the incorrect instance, whereas for the sampled
false negative, we prompt the critique model to revise the definition to explicitly
include the missed instance. To guide this revision, the critique model is first
asked to identify the key differences between a reference ground-truth instance
and the false positive, or the key similarities between the reference instance and
the false negative, and then update the class definition accordingly. To better
capture contextual cues, we prompt the model with full images, highlighting
the reference ground-truth instance and the false positive or false negative using
different-colored bounding boxes. After updating the prompt, we rerun inference
on the few-shot training set and repeat this process until training set performance
converges or a maximum number of refinement steps is reached (Figure 4).

Finally, we generate multiple candidate refinements of the optimized prompt
and evaluate them, together with the initial prompt, on the few-shot validation
set. The prompt achieving the highest validation performance is selected for
inference on the test set.

Confidence Score Estimation. Although specialist detectors typically
predict per-box confidence scores, MLLMs do not by default. We find that simply
prompting the model to predict a confidence score per-box works well in practice,
down weighting false positives more effectively than the baseline prompt. We
include all prompt templates in Appendix D.

VQA Score. Directly asking the model to self-report bounding box confi-
dence scores inside the optimization loop effectively balances iteration speed and
confidence estimation accuracy. However, these confidence scores are predicted
jointly for all detected objects in a single forward pass, rather than by explic-
itly evaluating the visual evidence for each object instance independently. To
address this limitation, we post-process the confidence score of each predicted
bounding box on the test set using VQA Score [32], enabling instance-specific
confidence estimation. Specifically, for each prediction, we draw a box on the
original image and prompt the model with the binary question: “Is there an
instance of class {CLS} inside this bounding box? Please answer Yes or No.”
We compute the final confidence score as the normalized likelihood of the Yes
token (i.e., p(Yes)

p(Yes)+p(No) ). Although VQA Score provides higher quality confidence
estimates than self-reported scores, its runtime scales linearly with the number
of predictions, making it computationally expensive in practice. We include this
optional re-ranking step as an upper bound on the performance of our approach,
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(a) Instruction Type Comparision (b) Iterative Accuracy Improvement

Fig. 4: Improvement from Contrastive Prompt Refinement. We compare the
original baseline prompt against both the initial DetPO prompt and the final optimized
DetPO prompt (left). These results demonstrate that the DetPO optimized prompts
consistently improves detection accuracy across nearly all categories. Further, we show
that successive refinement iterations improves performance on the training set (right).
Importantly, we plot the change in mAP relative to the initial DetPO prompt. Most
domains show strong initial gains that begin to plateau around iteration 6, with the
Flora & Fauna and Aerial categories showing the largest overall improvements (+2.8
and +2.5, respectively).

but note that using self-reported confidence scores is a strong alternative (Ta-
ble 3). Notably, recent black-box LLMs like Gemini 3 Pro [12] do not expose
token probabilities in their API, likely to hamper efforts to distill the model’s
predictions. Therefore, we utilize Qwen3-VL (30B-A3B) to post-process Gemini’s
predictions to generate VQA-based confidence scores. Our results show that
DetPO is robust to such ensembling of different black-box models.

4 Experiments

In this section, we evaluate DetPO against recent state-of-the-art specialist and
generalist detectors. Further, we ablate our design choices to highlight the impact
of contrastive prompt refinement and confidence score estimation.

Datasets and Metrics. We evaluate DetPO on Roboflow20-VL (RF20-
VL), a subset of the Roboflow100-VL [44] benchmark. RF20-VL is a few-shot
object detection benchmark curated from Roboflow Universe, a community-driven
platform that hosts diverse open-source datasets for real-world computer vision
tasks. Notably, the benchmark includes 20 datasets spanning diverse domains
such as aerial imagery, X-rays, medical imaging, and wildlife monitoring. Each
dataset provides 10-shot training examples and rich annotation instructions per
class. We follow the standard COCO evaluation protocol [31] and report mean
Average Precision (mAP) for each super-category, as defined by Robicheaux et
al. [44], along with the average mAP across all 20 datasets. We refer readers to
Appendix A for full details of our experimental setup, model configurations, and
prompts, and Appendix E for benchmarking results on LVIS.



In-Context Learning with Multi-Modal LLMs for Few-Shot Object Detection 9

Table 2: Roboflow20-VL Benchmark. We evaluate recent specialist and generalist
models on 20 datasets from the Roboflow20-VL (RF20-VL) benchmark. Notably, we
find that specialist object detectors such as MQ-GLIP and YOLO-E fail to benefit from
few-shot visual examples, with performance capped at 14.0 mAP. The best specialist
model, LLMDet (17.2 mAP), relies solely on class name inputs. In contrast, generalist
MLLMs like Qwen3-VL (30B-A3B) and Gemini 3 Pro augmented with DetPO prompts
outperform specialist detectors, reaching 21.6 and 26.4 mAP respectively. Across all
evaluated generalist models, our Detection Prompt Optimization (DetPO) framework
substantially improves accuracy over the baseline. Note that C is class names, I is
instructions, and V is for images.

Method Aerial Document Flora & Fauna Industrial Medical Sports Other All
Specialist Models
GroundingDINO [33] (C) 28.5 5.1 33.7 12.8 0.4 5.1 16.9 16.8
LLMDet [17] (C) 32.3 4.4 33.6 12.6 0.7 6.7 16.7 17.2
SAM3 [9] (C) 32.3 15.3 17.1 13.8 2.0 14.2 17.8 16.3
MQ-GLIP [64] (C) 30.1 2.5 32.8 5.5 0.5 6.4 10.8 14.0
MQ-GLIP [64] (V) 1.8 1.1 17.6 1.8 0.1 6.6 6.8 6.7
MQ-GLIP [64] (C + V) 29.8 2.5 32.7 5.6 0.5 6.5 10.9 14.0
YOLO-E [57] (C 10.2 1.6 16.4 8.1 0.3 7.8 10.9 9.2
YOLO-E [57] (V) 11.6 10.7 17.5 15.2 2.3 8.5 16.4 13.2
YOLO-E [57] (C + V) 12.8 6.1 21.0 14.7 1.7 10.9 15.7 13.4
Generalist Models
Qwen3-VL [4] (30B-A3B) (C + I) 9.0 7.8 23.5 9.6 0.7 14.4 10.1 11.9

w/ GEPA [2] 9.3 12.4 23.6 10.8 1.3 15.1 11.3 13.0
w/ MIPROv2 [40] 8.7 5.6 18.6 10.3 0.0 15.1 9.9 10.7
w/ DetPO (Ours) + VQA Score [32] 16.1 25.2 36.5 20.1 0.2 25.7 18.4 21.6

Gemini 3 Pro [12] (C + I + V) 27.0 26.7 31.3 26.2 2.6 26.9 13.3 23.8
w/ GEPA [2] 19.2 30.6 32.1 32.7 2.0 28.2 20.8 25.6
w/ MIPROv2 [40] 22.9 27.0 31.6 26.4 3.0 29.7 19.8 25.0
w/ DetPO (Ours) + VQA Score [32] 26.2 35.7 35.4 23.3 3.9 28.2 20.4 26.3

Baselines. We evaluate the zero-shot performance of specialist detectors like
GroundingDINO [33], LLMDet [17], SAM3 [9], MQ-GLIP [64], and YOLO-E [57],
as well as generalist models like Qwen 2.5-VL [5], Qwen 3-VL [4], and Gemini 3
Pro [12]. Further, we evaluate prompt optimization approaches like GEPA [2]
and MIPROv2 [40] with Qwen 3-VL and Gemini 3 Pro using DSPy [22].

DetPO Outperforms Specialist Zero-Shot Models. While specialist
detectors outperform baseline generalist models (with the exception of Gemini 3
Pro) on RF20-VL, prompting generalist models with DetPO’s black-box optimized
prompts significantly outperforms specialist object detectors (Table 2). While
top-performing specialist models like LLMDet and GroundingDINO achieve 17.2
and 16.8 AP, respectively, their test-time performance is fundamentally limited
because it is difficult to effectively leverage few-shot visual examples. In contrast,
applying DetPO to generalist models yields substantial gains. Gemini 3 Pro with
DetPO prompts achieves a state-of-the-art 26.4 mAP, outperforming the best
specialist model by 9.1 mAP. Similarly, Qwen3-VL (30B-A3B) prompted with our
optimized prompt achieves 21.6 mAP, improving by 9.7 mAP over the baseline
prompt (Figure 4). This suggests that effectively prompted generalist models can
surpass purpose-built zero-shot specialists.

DetPO Improves over Prior Prompt-Optimization Frameworks.
Table 2 also shows that DetPO outperforms existing general-purpose prompt



10 Gare and Peri et. al.

Table 3: DetPO Transfers Across Generalist Detectors. We evaluate our detection
prompt optimization approach across popular MLLMs like Qwen 2.5-VL and Qwen
3-VL. Notably, we find that DetPO consistently improves over the baseline. Further,
VQA Score yields modest improvements for all models, highlighting the importance of
well-calibrated confidence score estimates.

Method A D F & F I M S O All
Qwen2.5-VL (7B) [5] (C + I) 4.9 5.1 13.5 3.9 0.1 7.3 5.0 6.2

w/ DetPO (Ours) 6.2 12.1 19.3 4.2 0.0 9.1 7.5 9.1
+ VQA Score [32] 9.4 17.3 23.4 7.2 0.0 12.8 8.8 11.9

Qwen2.5-VL (72B) [5] (C + I) 6.3 10.7 19.0 7.5 0.4 14.4 9.1 10.4
w/ DetPO (Ours) 11.1 23.0 26.1 12.4 0.5 14.8 14.9 15.7

+ VQA Score [32] 10.8 26.3 26.7 13.0 0.5 16.7 15.0 16.5
Qwen3-VL [4] (8B) (C + I) 7.1 7.3 24.8 9.3 0.2 10.2 10.9 11.4

w/ DetPO (Ours) 8.3 19.1 30.3 13.7 0.1 14.2 12.2 15.3
+ VQA Score [32] 12.3 24.2 32.3 13.5 0.2 17.2 14.3 17.5

Qwen3-VL [4] (30B-A3B) (C + I) 9.0 7.8 23.5 9.6 0.7 14.4 10.1 11.9
w/ DetPO (Ours) 13.8 18.6 34.6 19.7 0.1 21.8 16.4 19.4

+ VQA Score [32] 16.1 25.2 36.5 20.1 0.2 25.7 18.4 21.6

Table 4: Ablation on Confidence Score. We evaluate different approaches for
estimating confidence scores with Qwen3-VL (30B-A3B). By default, we use the model’s
self-reported score (row 2). Notably, we find that using SigLIPv2’s cosine similarity
score between image crops of predicted boxes and class names for confidence scoring
degrades overall performance (dropping from 19.4 to 16.4 mAP). In contrast, VQA
Score effectively calibrates detection confidence, improving performance to 21.6 mAP.

Method A D F & F I M S O All
Qwen3-VL [4] (30B-A3B) (C + I) 9.0 7.8 23.5 9.6 0.7 14.4 10.1 11.9

+ Contrastive Prompt Optimization
(Self-Reported Score) 13.8 18.6 34.6 19.7 0.1 21.8 16.4 19.4

w/ SigLIPv2 [56] Score 14.1 13.4 28.0 18.8 0.0 17.3 14.0 16.4
w/ VQA Score [32] 16.1 25.2 36.5 20.1 0.2 25.7 18.4 21.6

optimization techniques like GEPA [2] and MIPROv2 [40] for object detection.
When applied to Qwen3-VL (30B-A3B), GEPA provides a marginal improvement
over the baseline, achieving 13.0 mAP, while MIPROv2 actually degrades to
10.7 mAP. In contrast, DetPO substantially improves the model’s performance
to 19.4 AP. This trend also holds for Gemini 3 Pro, where DetPO (26.4 mAP)
outperforms GEPA (25.6 mAP) and MIPROv2 (25.0 mAP). These results indicate
that our task-specific optimization approach is better suited for extracting robust
object detection capabilities from generalist MLLMs than prior approaches.

DetPO Transfers Across Different MLLMs. We evaluate the general-
izability of our prompt optimization approach across a diverse set of generalist
detectors, including the Qwen2.5-VL and Qwen3-VL families. As shown in Table 3,
DetPO consistently improves detection performance over baseline prompts, regard-
less of model scale or architecture. For example, smaller models like Qwen2.5-VL
(7B) improve from 6.2 to 9.1, while larger open models like Qwen2.5-VL (72B)
improve from 10.4 to 15.7 mAP. Furthermore, VQA Score yields modest but
consistent improvements across Qwen model variants (e.g., boosting Qwen3-VL
8B from 15.3 to 17.5 mAP), suggesting that precise confidence estimation is
critical for maximizing detection performance in generalist models.
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Fig. 5: Detection Confusion Matrix. We compare Qwen3-VL (30B-A3B), Qwen3-
VL with DetPO, and with VQA Score across the Actions, Wb-Prova, and Defect
Detections datasets. We find that DetPO and VQA Score consistently resolve baseline
class imbalances. Notably, our proposed approach improves true positive rates for
underrepresented classes (Juvenile, Piglet) and nuanced actions (Defense, Serve),
while mitigating aggressive false positive predictions in defect detection.

Contrastive Prompt Optimization Reduces Class Confusion. We
visualize a detection confusion matrix [43] for Qwen3-VL (30B-A3) in Figure
5. Based on the confusion matrices, DetPO and VQA Score generally improve
the model’s ability to distinguish nuanced or underrepresented classes. The most
dramatic improvement occurs in the Wb-Prova dataset, where the baseline almost
entirely fails to identify Juvenile and Piglet boars, instead misclassifying them
as Adult. Further, VQA Score sigificantly improves their true positive rates
on the diagonal to 63% and 79% respectively, effectively resolving the severe
class imbalance. In the Actions dataset, the baseline struggles with specific
actions like Block (16%), Defense (45%), and Serve (22%). Adding DetPO
slightly improves Block (32%) and achieves near-perfect ball recall (99%), while
VQA Score significantly helps distinguish nuanced actions, bringing Defense to
68% and Serve to 59%. Finally, in the Defect Detections dataset, the baseline
suffers from aggressive overconfidence, misclassifying 98% of non-defective
fishplates as defective. Incorporating DetPO and VQA Score helps mitigate
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Table 5: Black Box Prompting vs White-Box Fine-Tuning. We compare black
box prompting methods against fine-tuned open-weight models. While our DetPO
framework significantly improves the spatial reasoning capabilities of frontier MLLMs
like Gemini 3 Pro, full white-box fine-tuning of specialist models (e.g., GroundingDINO)
currently performs the best. However, our analysis reveals a strong trendline as recent
closed-source MMLMs like Gemini are far more performant. We suspect that DetPO
applied to the next generation of frontier MMLMs will outperform all prior art.

Method A D F & F I M S O All
Black Box Prompting
GroundingDINO [33] (C) 28.5 5.1 33.7 12.8 0.4 5.1 16.9 16.8
Qwen3-VL [4] (8B) (C + I) 7.1 7.3 24.8 9.3 0.2 10.2 10.9 11.4

w/ DetPO (Ours) + VQA Score 12.3 24.2 32.3 13.5 0.2 17.2 14.3 17.5
Qwen3-VL [4] (30B-A3B) (C + I) 7.1 7.3 24.8 9.3 0.2 10.2 10.9 11.4

w/ DetPO (Ours) + VQA Score 16.1 25.2 36.5 20.1 0.2 25.7 18.4 21.6
Gemini 3 Pro [12] (C + I + V) 27.0 26.7 31.3 26.2 2.6 26.9 13.3 23.8

w/ DetPO (Ours) + VQA Score 26.2 35.7 35.4 23.3 3.9 28.2 20.4 26.3
White-Box Fine-Tuning
Grounding-DINO (Fine-Tuned) [44] 39.9 34.5 45.7 37.8 23.3 26.3 24.7 33.4
Qwen3-VL [4] (8B) (C + I) (LoRA) 7.9 13.7 26.2 10.2 0.3 11.0 12.3 13.2

false positives, incrementally improving the model’s ability to correctly recognize
non-defective parts (up to 12%). We include examples of the original prompt,
DetPO’s initial prompt, an DetPO’s optimized prompt for the soft plastic
class below. We highlight key details from each prompt in blue.

Original Prompt: Soft plastic is often transparent or semi-transparent, fea-
turing a flexible, wrinkled appearance, and have diverse visual appearances.

DetPO Initial Prompt: ‘Soft plastic’: Small, flexible, and thin sheets or bags
made of translucent plastic material. Characterized by a smooth, shiny
surface that reflects light, often with crinkled or folded textures.

DetPO Optimized Prompt: ‘Soft plastic’: Thin, flexible, and translucent
plastic material that appears in crumpled, or folded forms, often as sheets,
bags, or loose fragments. Characterized by a smooth, shiny surface that
reflects light, with crinkled or wrinkled textures. It may hold contents but
lacks rigid structures, doesn’t maintain fixed shape, and conforms to surfaces.

Estimating Confidence Scores Improves Detection Accuracy. Table 4
evaluates different methods for confidence estimation applied to Qwen3-VL (30B-
A3B). Our results suggest that self-reported confidence scores (row 2) provide
a significant improvement over the baseline, which does not predict per-box
confidences at all (where we assign each bounding box with a score of 1.0). We find
that using SigLIPv2’s cosine similarity score between image crops of predicted
boxes and class names for confidence scoring degrades overall performance,
dropping from 19.4 to 16.4 mAP, particularly hurting performance for Documents
(18.6 to 13.4 mAP) and Flora & Fauna (34.6 to 28.0 mAP). In contrast, we find
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Fig. 6: Detection Errors. We diagnose errors in the baseline Qwen3-VL (30B-A3B)
model (left), the proposed DetPO method (center), and DetPO + VQA Score (right)
with TIDE [7]. The top row shows the relative distribution of error types, while the
bottom row describes the absolute error counts and the overall false positive (FP) versus
false negative (FN) rates. DetPO notably reduces classification errors compared to the
baseline. While adding in VQA Score successfully reduces overall false positives, it shifts
the primary error bottleneck to localization (Loc) and significantly increases missed
detections (FN).

that VQA Score proves to be highly effective; by leveraging the model’s own logit
scores, we can boost overall performance to 21.6 mAP. Furthermore, VQA Score
demonstrates consistent improvements across all domains.

In-Context Prompting Under Performs Fine-Tuning. Table 5 shows
that black-box prompt optimization still underperforms “white-box” fine-tuning
of open-weight models. We note that this is surprising given that for other
recognition tasks like visual question answering (VQA), frontier closed-source
models resoundingly outperform their open-weight counterparts [28]. Currently,
this is not the case for spatial tasks such as object detection. However, our analysis
reveals a strong trendline as recent closed-source MMLMs like Gemini are far more
performant. We suspect that DetPO applied to the next generation of frontier
MMLMs will outperform fine-tuned open-weight models such as GroundingDINO.

Analysis of DetPO Errors. We systematically analyze model errors using
TIDE [7] in Figure 6. Our analysis shows that DetPO directly addresses the
baseline model’s primary weakness by substantially reducing the class confusion
rate. We attribute this improvement to contrastive prompt refinement, which
explicitly highlights discriminative features between classes. However, re-scoring
detections with VQA Score creates a new trade-off: while classification errors
remain low and false positives decrease overall, localization errors and missed
detections increase substantially. We posit that this is because some true positive
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Fig. 7: Qualitative Results. The baseline Qwen3-VL model suffers from high false
positive rates (dense, overlapping boxes) and poor recall in complex environments. In
contrast, our proposed method mitigates these issues, significantly reducing erroneous
predictions while successfully recovering missed objects (like wheat heads and fish).
Best viewed zoomed in.

detections are incorrectly down-weighted. Overall, DetPO effectively reduces both
false positives and mis-classifications, significantly improving detection accuracy.

Qualitative Examples. We visualize qualitative examples in Figure 7. Our
approach significantly outperforms the baseline Qwen3-VL model across a diverse
set of challenging domains, including aerial imagery, sports, agriculture, thermal
imaging, and underwater scenes. The baseline model generates many dense,
overlapping, and erroneous bounding boxes in both the aerial airplane scene
and the thermal street view, leading to many false positives. Further, it suffers
from poor recall, failing almost entirely to detect the wheat heads. In contrast,
the proposed method effectively mitigates these shortcomings, suppressing false
positives to produce precise, well localized predictions that closely align with the
ground truth. It also successfully recovers objects missed by the baseline (such as
the wheat heads and smaller fish), demonstrating strong performance across
diverse environments.

Limitations and Future Work While Detection Prompt Optimization
(DetPO) effectively bridges the gap between zero-shot generalization and task-
specific adaptation, the iterative prompt refinement process introduces computa-
tional overhead similar to training a specialist model. However, it is important to
note that this optimization cost is only incurred once during the initial prompt
discovery phase; subsequent inference calls using the optimized prompt are no
more expensive than standard MLLM inference calls. We expect that future
innovations in speeding up inference (e.g. vLLM [26]) will continue to reduce
wall-clock time. Further, we find that DetPO fails to improve performance on
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medical datasets, likely because weak base-model performance limits the benefits
of prompt optimization. More generally, DetPO appears most effective in the
intermediate regime where models are capable but not yet saturated. Further-
more, our experiments demonstrating the effectiveness of VQA Score suggest that
MLLM self-reported confidence scores are suboptimal. Future work may improve
performance further by investigating better confidence calibration mechanisms.
Finally, evaluating closed-source MLLMs like Gemini 3 Pro via APIs introduces
potential training data leakage concerns. By evaluating these models on specific
training examples, there is a risk of images and optimized prompts being used in
future pre-training mixtures.

5 Conclusion

In this paper, we demonstrate that current MLLMs struggle to effectively leverage
few-shot multi-modal in-context examples for object detection. To address this
limitation, we present Detection Prompt Optimization (DetPO) as a simple yet
effective solution. By iteratively refining text-only prompts and incorporating
visual feedback from both positive and negative detections, DetPO bridges
the gap between zero-shot generalization and task-specific adaptation without
gradient-based training. Our experiments on RF20-VL and LVIS demonstrate
that DetPO improves concept alignment, reduces false positive detections through
improved confidence calibration, and yields consistent performance gains across
diverse domains and generalist MLLMs. Our results suggest that prompt-level
optimization can serve as a practical alternative to fine-tuning in cases where it
is infeasible (e.g., closed-source APIs) or prohibitively expensive (e.g., state-of-
the-art open-weights MLLMs), enabling generalist MLLMs to better adapt to
novel classes, modalities, and tasks encountered in real-world scenarios.
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