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Abstract. Semi-supervised cross-domain few-shot object detection (Semi-
CDFSOD) is a practical yet underexplored task that requires adapt-
ing detectors to novel domains using scarce support examples alongside
abundant unlabeled data. While pseudo-labeling via open-set detectors
offers a direct pathway to exploit unlabeled data, it is fundamentally
impaired by two intrinsic defects: semantic misclassification, where lo-
calized objects are assigned incorrect categories or suppressed as back-
ground, and low recall, where the majority of objects are missed entirely.
To systematically address these limitations, we propose a training-free
pseudo-label calibration framework for Semi-CDFSOD. First, we con-
struct robust class prototypes from the scarce labeled supports and
high-confidence pseudo-labels to rectify semantic misclassifications, dy-
namically recalibrating noisy category assignments while preserving well-
localized detections. Second, we introduce a visual self-prompting mech-
anism that harnesses high-confidence pseudo-labels as prompts for the
Segment Anything Model (SAM), generating supplementary proposals
to recover undetected objects and dramatically enhance recall. The har-
monized pseudo-labels, together with the support samples, are then em-
ployed to adapt the final detector. We establish the first comprehensive
benchmark for Semi-CDFSOD, spanning six diverse domains. Extensive
experiments demonstrate that our method consistently outperforms ex-
isting approaches. The code will be released at https://github.com/
xSheep123/Semi-CDFSOD.git.
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1 Introduction

Cross-domain few-shot object detection (CDFSOD) [6,18,19,25,26] has emerged
as a critical paradigm for adapting detectors to novel domains under extreme
label scarcity. Existing approaches, as illustrated in Fig. 1, however, operate
under a limiting assumption: that target domains contain nothing beyond the
provided support examples. This assumption overlooks a readily available re-
source—unlabeled data, which is abundant in nearly all real-world deployment
scenarios and incurs no annotation cost. The disconnect between problem for-
mulation and practical data availability motivates our investigation of semi-
supervised cross-domain few-shot object detection (Semi-CDFSOD), a task that
lies at the intersection of domain shift, label scarcity, and unlabeled data abun-
dance, yet remains largely unexplored.

Fig. 1: Comparison of CDFSOD and Semi-CDFSOD paradigms.

The central challenge of Semi-CDFSOD lies in effectively harnessing unla-
beled data to bridge the domain gap—which is characterized by distinct dif-
ferences in both categories and data distributions between the source and tar-
get domains—when only a handful of labeled support examples are available
per class. Pseudo-labeling, which utilizes a trained detector to predict candi-
date regions in unlabeled data, offers an intuitive and direct pathway. Recent
open-set detectors [5, 12, 20, 28, 35], capable of identifying novel objects beyond
their training categories, appear particularly well-suited for this purpose; they
can generate pseudo-labels using a detector fine-tuned on few-shot data from the
target domain. However, our systematic investigation reveals that this seemingly
straightforward approach is fundamentally impaired by two intrinsic defects that
arise precisely due to severe domain shift and data scarcity.

The first defect is semantic misclassification. When confronted with unfamil-
iar domains, open-set detectors, such as MM-Grounding-DINO [35], frequently
localize objects accurately but assign them incorrect categories or, worse, sup-
press them entirely as background. This occurs because the feature distributions
of novel domain objects, while distinct from source domain classes, may inad-
vertently activate similar decision boundaries established by the source domain,
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Fig. 2: Qualitative analysis of MM-Grounding-DINO. Representative examples are
shown, with ground-truth annotations in the upper row and predicted boxes in the
lower row.

leading to confident yet erroneous predictions. The second defect is low recall.
The inherent distribution shift often causes feature representations to drift out-
side the detector’s expected manifold, causing the majority of objects to be
missed entirely during proposal generation. These two limitations are not in-
dependent; they compound each other, creating a vicious cycle where the few
correct detections are drowned out by semantic noise, and the pseudo-labels
available for adaptation are both sparse and unreliable. Fig. 2 illustrates this
phenomenon: MM-Grounding-DINO localizes certain objects reasonably well yet
misclassifies them, hallucinates foregrounds in background regions, and fails to
detect valid instances altogether. As shown in Fig. 3, quantitative analysis across
datasets confirms that these issues are systematic rather than anecdotal. Conse-
quently, naïvely adopting such predictions as pseudo-labels introduces severely
corrupted supervision, fundamentally limiting the utility of unlabeled data.

Fig. 3: Quantitative analysis of MM-Grounding-DINO. The figure shows the dataset-
level proportions of correct detections, misclassified detections, and missed objects.
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Addressing these fundamental limitations requires rethinking the conven-
tional pseudo-labeling pipeline. Rather than accepting noisy pseudo-labels as
given and focusing solely on robust adaptation strategies, we argue that the
calibration of pseudo-labels themselves must take precedence. The core insight
of this work is that the scarce labeled supports, while insufficient for training
a detector from scratch, can serve as reliable anchors for calibrating the abun-
dant but noisy pseudo-labels generated by open-set detectors. Furthermore, re-
cent advances in foundation models—particularly the Segment Anything Model
(SAM) [3]—offer unprecedented opportunities to recover objects that initial de-
tectors completely miss, effectively serving as a second opinion that complements
the detector’s biased perspective.

Building on these insights, we propose a training-free pseudo-label calibra-
tion framework that addresses both semantic misclassification and low recall
through two complementary mechanisms. First, to rectify noisy category assign-
ments, we design a semantic calibrator that extracts dense features and performs
center-weighted ROI [8] aggregation, yielding robust region representations with
suppressed background interference. Using these representations, we construct
class prototypes from both labeled supports and reliable high-confidence pseudo-
labels, then recalibrate pseudo-label categories via cosine-similarity-based pro-
totype matching—preserving accurate localizations while correcting semantic
errors. Second, to recover missed objects, we introduce a visual self-prompting
mechanism that leverages calibrated high-confidence pseudo-labels as prompts
for SAM [3]. Unlike textual prompts, these visual prompts encode both category
semantics and target-domain visual characteristics, making them particularly
effective under domain shift. The newly discovered instances are subsequently
re-calibrated and incorporated as harder examples, enriching the pseudo-label set
with objects that were initially undetected. The harmonized pseudo-labels—now
semantically accurate and substantially more complete—are finally combined
with the original support samples to adapt the detector for the target domain.
All operations require no additional training or fine-tuning, relying solely on the
frozen backbone, support set, and off-the-shelf SAM.

A critical barrier to progress in Semi-CDFSOD has been the absence of stan-
dardized evaluation protocols. Existing work spans disparate datasets, domain
shifts, and evaluation metrics, making systematic comparison impossible. To
address this gap, we establish the first comprehensive benchmark for Semi-
CDFSOD, encompassing six diverse domains with varying degrees of domain
gap. For each domain shift, we construct few-shot splits with varying support
sizes and provide consistent evaluation protocols to enable fair comparison.

We evaluate our method extensively on this benchmark, comparing against a
range of baselines including standard fine-tuning, conventional pseudo-labeling,
and state-of-the-art detection methods. The results demonstrate consistent and
substantial improvements across all domain shifts and support settings. Notably,
our training-free calibration framework outperforms methods that require addi-
tional training or complex architectural modifications, highlighting the efficacy
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of our core insight: that pseudo-label quality, rather than adaptation strategy
complexity, is the primary bottleneck in Semi-CDFSOD.

In summary, this paper makes the following key contributions: (1) We identify
and systematically analyze two fundamental limitations of pseudo-labeling for
Semi-CDFSOD—semantic misclassification and low recall—revealing how do-
main shift amplifies these defects and undermines adaptation. (2) We propose a
novel training-free calibration framework that addresses both limitations simul-
taneously. Our approach constructs robust prototypes for semantic rectification
and introduces a visual self-prompting mechanism with SAM to recover missed
objects, all without additional training. (3) We establish the first comprehensive
benchmark for Semi-CDFSOD, spanning six diverse domains with standardized
few-shot splits and evaluation protocols, enabling systematic investigation of
this underexplored task. Extensive experiments demonstrate that our method
consistently outperforms existing approaches.

2 Related Work

2.1 Cross-domain Few-shot Detection

CDFSOD aims to address object detection under both domain shift and limited
supervision. Fu et al. [6] introduced a benchmark for this setting, comprising
six datasets with pronounced domain disparities to enable systematic evalua-
tion. Building on this, they further explored open-set-detector-based CDFSOD
and improved adaptation via fine-tuning, learnable instance features, instance
reweighting, and domain prompting. Beyond model adaptation, several studies
have attempted to alleviate target-domain data scarcity from a data-centric per-
spective. Li et al. [18] proposed a training-free compositional image generation
framework to produce domain-aligned and detection-friendly samples based on
RAG [15]. Pan et al. [26] further observed that although data augmentation can
increase sample diversity, it may also introduce instability during detector fine-
tuning. Based on this observation, they developed an augmentation-search strat-
egy to dynamically balance the trade-off between diversity and domain relevance.
Despite these advances, existing CDFSOD methods still mainly rely on scarce la-
beled target-domain samples, while the abundant unlabeled target-domain data
remain underexplored. This motivates us to investigate a semi-supervised setting
for CDFSOD.

2.2 Semi-supervised Few-shot Learning

Semi-supervised few-shot learning (SS-FSL) [27] extends few-shot learning by
introducing abundant unlabeled data in addition to a small labeled support set,
aiming to alleviate data scarcity and improve generalization under limited su-
pervision. Existing methods mainly improve performance from two perspectives:
enhancing class representation and refining pseudo-label quality.

A representative line of work focuses on constructing more robust class pro-
totypes by incorporating unlabeled samples into the support set representation



6 Yang et al.

[2, 14, 21]. By leveraging the feature distribution of unlabeled data, these meth-
ods reduce the bias caused by scarce labeled examples and produce more dis-
criminative class representations. Another dominant paradigm is pseudo-labeling
[9, 17, 24, 37], where unlabeled samples are assigned estimated labels and then
reused as additional supervision to further improve model training. Since the
quality of pseudo-labels plays a central role in this process, many methods ex-
plicitly address pseudo-label noise and reliability.

Jing et al. [13] measure pseudo-label confidence via certainty entropy and
iteratively optimize the classifier using both high-confidence and low-confidence
pseudo-labels. Wei et al. [32] instead infer which classes a sample does not be-
long to from the lowest-confidence predictions, and progressively derive positive
pseudo-labels through iterative elimination. Furthermore, [1] leverages the com-
plementarity of different clustering strategies to filter noisy pseudo-labels and
improve pseudo-label quality. Xiong et al. [33] first explored semi-supervised
few-shot object detection and adopted a teacher–student framework to exploit
unlabeled data, alleviating the limited supervision in few-shot object detection.

Although these methods have shown the value of leveraging unlabeled data in
few-shot learning, they are not directly applicable to our setting, where pseudo-
labeling must jointly address localization and semantic ambiguity under domain
shift. This motivates us to develop a more targeted pseudo-label refinement
framework for semi-CDFSOD.

3 Method

To address the limitations of semantic misclassification and low recall in pseudo-
labels generated by open-set detectors under domain shift, this work presents
a training-free pseudo-label calibration framework for Semi-CDFSOD. As illus-
trated in Fig. 4, the approach operates in two complementary stages: semantic
calibration to rectify category errors, and missed object recovery to retrieve un-
detected instances—both performed without additional training or fine-tuning.

Given unlabeled target-domain images, initial pseudo-labels are first gener-
ated using MM-Grounding-DINO [35], fine-tuned on the limited support exam-
ples from the target domain. While these pseudo-labels often exhibit reasonable
localization, they suffer from two defects: frequent semantic misclassifications
and a substantial number of missed objects. To address both issues, a semantic
calibrator is introduced to purify category labels, and a missed-object recovery
module is employed to discover additional instances. Recovered candidates are
then passed through the same calibrator for semantic verification. Finally, the
calibrated and recovered pseudo-labels are merged, non-maximum suppression
(NMS) [7] is applied to remove duplicates, and the resulting high-quality pseudo-
labels are combined with the original support set for detector adaptation.
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Fig. 4: Overview of our method

3.1 Semantic Calibration

Semantic calibration aims to correct category errors in initial pseudo-labels by
matching region features against robust class prototypes, without any additional
training. The design is depicted in Fig. 4(B).

Center-Weighted Regional Feature Extraction To obtain discriminative
semantic representations for each candidate box, a dense feature map is first
extracted using a frozen DINOv3 [30] backbone, which provides strong visual
features pre-trained on large-scale data. For a given bounding box, simply aver-
aging features over its ROI inevitably incorporates background noise, especially
near the box boundaries. Observing that the object of interest typically occupies
the central area of a well-localized box, a center-weighted aggregation strategy
is adopted to emphasize informative object regions while suppressing peripheral
distractions.

Let O denote the set of patch coordinates inside the ROI, and (cx, cy) its
center. For each patch (x, y) ∈ O, a center-aware weight is assigned:

wcenter(x, y) = exp

(
− (x− cx)

2 + (y − cy)
2

2σ2

)
, (1)

which decays with distance from the center. The weights are normalized across
the ROI:

ŵ(x, y) =
wcenter(x, y)∑

(i,j)∈O wcenter(i, j) + ϵ
, (2)



8 Yang et al.

where ϵ is a small constant for numerical stability. The final region feature fbox
is then computed as the weighted sum of patch features F (x, y):

fbox =
∑

(x,y)∈O

ŵ(x, y)F (x, y). (3)

This center-weighted pooling yields a representation that is both semantically
precise and robust to imperfect box boundaries.

Class Prototype Construction Reliable semantic calibration hinges on class
prototypes that faithfully capture the target-domain appearance of each cat-
egory. Prototypes are constructed by combining two sources: the few labeled
support examples, which provide ground-truth semantics, and high-confidence
pseudo-labels, which enrich the prototype with diverse target-domain instances.

For each class c, the top-3 initial pseudo-labels with the highest confidence
scores are selected and added to the support samples of that class. All selected
regions are passed through the regional feature extractor to obtain a set of
features {f ci }

Nc
i=1, where Nc is the number of samples used to build the prototype

of class c. We then compute the class prototype as

pc =
1

Nc

Nc∑
i=1

f ci . (4)

By jointly leveraging the semantic purity of support samples and the statistical
richness of high-confidence pseudo-labels, the resulting prototypes provide stable
and representative semantic anchors for the target domain.

Prototype-Guided Category Calibration Given the set of class prototypes
{pc}Cc=1, the category of each pseudo-labeled region is recalibrated. For a region
feature f extracted from an initial pseudo-label, its cosine similarity with every
prototype is computed, and the class corresponding to the highest similarity is
assigned:

ŷ = arg max
c∈{1,...,C}

f⊤pc

∥f∥2 ∥pc∥2
, (5)

where ŷ is the calibrated category. This mechanism corrects semantic misclassifi-
cations by grounding predictions in the feature space anchored by both support
examples and confident pseudo-labels, without any trainable parameters.

3.2 Missed Object Recovery via Visual Self-Prompting

To overcome the low recall of the initial detector, a missed object recovery mod-
ule is introduced that leverages the calibrated pseudo-labels themselves as visual
prompts for SAM. Unlike text prompts, which may suffer from domain ambi-
guity, visual prompts derived from calibrated detections encode both category
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semantics and target-domain visual characteristics, making them particularly
effective under domain shift.

Let Ẑ = {zi}Ni=1 denote the set of calibrated pseudo-labels, where each zi
includes a bounding box bi, calibrated category ŷi, and confidence score si. Ẑ is
partitioned into class-specific subsets Ẑc. For each class c, the pseudo-label with
the highest confidence is selected as the primary visual prompt:

zc∗ = arg max
zi∈Ẑc

si. (6)

This prompt is fed into SAM to search for additional object instances of the
same category that were missed by MM-Grounding-DINO.

To further enhance recovery, a class-aware attention guidance mechanism is
incorporated. Let Bc = {bi | zi ∈ Ẑc, zi ̸= zc∗} be the set of boxes belonging
to class c excluding the primary prompt. For each spatial location (x, y) on the
feature map, a binary indicator is defined:

mc(x, y) =

{
1, ∃ b ∈ Bc s.t. (x, y) ∈ b,

0, otherwise.
(7)

Based on this, an enhancement map ec(x, y) = λmc(x, y) is constructed,
where λ is a fixed coefficient (which we set to 5). This map is added to the
box-relative position bias generated from the primary prompt, yielding the final
visual cross-attention bias:

Ac = Arpb(z
c
∗) +Ec, (8)

where Arpb(z
c
∗) is the position bias induced by the prompt box, and Ec is the

flattened enhancement map derived from ec(x, y). This guides SAM to attend
not only to the region indicated by the most confident prompt, but also to areas
where other same-class pseudo-labels reside, thereby improving its ability to
discover visually similar but previously missed objects.

For each class c, SAM produces a set of recovered candidates Rc = {rcj}
Mc
j=1.

After processing all classes, all candidates are collected as Z̃ =
⋃C

c=1 Rc. These
candidates are then passed through the same semantic calibrator to verify their
categories and filter out false positives, ensuring that only semantically consistent
instances are retained.

Finally, the calibrated pseudo-labels Ẑ and the recovered pseudo-labels Z̃ are
merged to form a comprehensive set. Since the two sets may contain overlapping
detections for the same object, NMS is applied to remove duplicates. The re-
sulting high-quality pseudo-labels—now semantically accurate and substantially
more complete—are combined with the original support examples to adapt the
detector for the target domain.
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4 Experiments

4.1 Semi-CDFSOD Benchmark

Problem Formulation. Semi-CDFSOD considers a fully annotated source-
domain dataset DS = {(xs

i , y
s
i )} with label space CS and distribution PS , and

a target-domain dataset DT with label space CT and distribution PT , where
PS ̸= PT and typically CS ∩ CT = ∅. The target dataset DT is partitioned into
four disjoint subsets: a few-shot labeled set DT,f , an unlabeled set DT,u, a vali-
dation set DT,v, and a test set DT,t. For fair comparison, we follow [6] and adopt
the same six cross-domain datasets—ArTaxOr [4], DIOR [16], Clipart1k [10],
UODD [11], NEU-DET [31], and FISH [29]. On this basis, we further construct
the validation and test splits. Detailed statistics of our benchmark are summa-
rized in Tabs. 1 and 2.

Training and Evaluation Protocol. We follow the standard N -way K-shot
setting, where the few-shot set DT,f provides exactly K annotated bounding
boxes for each of the N target categories, with N = |CT |. The detector is first pre-
trained on the source domain DS , and then adapted to the target domain using
both the labeled few-shot set DT,f and the unlabeled set DT,u. Model selection
is performed on the validation set DT,v, and final performance is reported on the
test set DT,t.

Table 1: Dataset split statistics of our Semi-CDFSOD benchmark. We report the
number of images and instances for each subset.

Dataset |CT |
Unlabeled set DT,u Validation set DT,v Test set DT,t

#Images #Boxes #Images #Boxes #Images #Boxes

ArTaxOr 7 205 7×40 155 7×30 1383 1628
FISH 1 13 1×40 7 1×30 90 3029
DIOR 20 252 20×40 182 20×30 5000 28810
NEU-DET 6 121 6×40 70 6×30 360 834
UODD 3 21 3×40 16 3×30 506 3218
Clipart1k 20 46 162 30 109 461 1473

Table 2: Per-class statistics on Clipart1k.

Split C4 C5 C6 C7 C8 C10 C11 C12 C14 C17 C18 C19 C20

DT,u (Semi-sup.) 10 10 10 6 0 10 9 4 4 9 0 10 10
DT,v (Val.) 6 7 3 6 0 7 2 1 1 1 0 5 0

Note. Classes with 10 instances in both DT,u and DT,v are omitted.
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4.2 Implementation Details.

Our baseline is the pretrained MM -GroundingDINO [35] with a Swin-B [22]
backbone, initialized with weights from LLMDet [5] to leverage its superior
open-vocabulary capabilities. For the feature extraction module, we utilize DI-
NOv3 [30] (ViT-L/16). The detector is fine-tuned for 500 iterations using the
AdamW optimizer [23]. The base learning rate is set to 2 × 10−5 (1 × 10−4

specifically for ArTaxOr and DIOR), with the backbone learning rate scaled by
a factor of 0.1.

4.3 Main Results

Tabs. 3 to 5 summarize the detection performance (mAP) on six cross-domain
datasets under the 1/5/10-shot settings. The best and second-best results in
each case are highlighted in bold and underlined, respectively.

For comprehensive comparison, we group existing methods into three cat-
egories: (1) traditional CDFSOD methods (e.g., Detic, DE-ViT, CD-ViTO);
(2) pseudo-label filtering strategies based on confidence thresholds; and (3)
pseudo-label generation methods leveraging vision foundation models. Across
most datasets and shot settings, our method achieves superior performance, at-
taining the highest average mAP of 35.9, 44.1, and 46.7 under 1, 5, and 10 shots,
respectively.

Table 3: Results (mAP) under the Semi-CDFSOD 1-shot setting.

Method ArTaxOr Clipart1k DeepFish DIOR NEU-DET UODD Avg.

Detic-FT [36] 3.2 15.1 9.0 4.1 3.8 4.2 6.6
DE-ViT-FT [34] 10.5 13.0 19.3 14.7 0.6 2.4 10.1
CD-ViTO [6] 21.0 17.7 20.3 17.8 3.6 3.1 13.9

MM-Grounding-DINO [35] 44.0 49.6 39.0 18.6 13.9 22.2 31.2
Threshold-based PL Filtering(thr=0) 9.9 42.9 38.2 4.3 3.2 19.6 19.7
Threshold-based PL Filtering(thr=0.5) 44.9 51.7 40.1 18.9 15.4 19.6 31.8
Threshold-based PL Filtering(thr=0.9) 52.2 50.3 38.2 18.4 15.0 22.5 32.8
SAM3 [3] w/ Text Prompts 39.2 48.9 37.6 17.9 7.6 21.6 28.8
SAM3 [3] w/ Visual Prompts 47.6 46.0 41.6 20.1 15.6 21.6 32.1
SAM3 [3] w/ Text & Visual Prompts 51.2 49.3 38.3 18.5 9.9 20.7 31.3

Ours 56.2 50.1 46.4 23.7 16.8 22.0 35.9

Experimental results demonstrate that incorporating semi-supervised mecha-
nisms consistently outperforms traditional CDFSOD methods that rely solely on
fine-tuning with limited labeled samples. Under domain shift, fine-tuning with
few annotated examples is prone to overfitting, whereas leveraging unlabeled
target-domain data mitigates this issue and improves cross-domain generaliza-
tion.

We further evaluate the confidence threshold-based pseudo-label filtering
strategy. This approach proves highly sensitive to threshold selection. A low
threshold (thr=0) introduces excessive noisy pseudo-labels, causing substantial
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Table 4: Results (mAP) under the Semi-CDFSOD 5-shot setting.

Method ArTaxOr Clipart1k DeepFish DIOR NEU-DET UODD Avg.

Detic-FT [36] 8.7 20.2 14.3 12.1 14.1 10.4 13.3
DE-ViT-FT [34] 38.0 38.1 21.2 23.4 7.8 5.0 22.3
CD-ViTO [6] 47.9 41.1 22.3 26.9 11.4 6.8 26.1

MM-Grounding-DINO [35] 67.6 55.6 41.0 29.6 22.2 27.8 40.6
Threshold-based PL Filtering(thr=0) 14.0 39.8 39.0 7.9 4.9 20.4 21.0
Threshold-based PL Filtering(thr=0.5) 76.2 55.3 42.2 27.3 22.3 24.2 41.3
Threshold-based PL Filtering(thr=0.9) 71.5 56.4 40.9 28.9 21.0 28.0 41.1
SAM3 [3] w/ Text Prompts 51.3 50.6 37.1 24.8 13.1 26.1 33.8
SAM3 [3] w/ Visual Prompts 73.3 53.5 38.6 28.7 21.1 27.7 40.5
SAM3 [3] w/ Text & Visual Prompts 70.8 51.2 37.9 27.5 12.7 27.5 37.9

Ours 78.6 55.8 43.3 32.5 23.8 30.3 44.1

Table 5: Results (mAP) under the Semi-CDFSOD 10-shot setting.

Method ArTaxOr Clipart1k DeepFish DIOR NEU-DET UODD Avg.

Detic-FT [36] 12.0 22.3 17.9 15.4 16.8 14.4 16.5
DE-ViT-FT [34] 49.2 40.8 21.3 25.6 8.8 5.4 25.2
CD-ViTO [6] 60.5 44.3 22.3 30.8 12.8 7.0 29.6

MM-Grounding-DINO [35] 76.7 57.7 44.4 35.7 24.3 31.7 45.1
Threshold-based PL Filtering(thr=0) 15.9 51.1 39.3 10.9 4.2 20.4 23.6
Threshold-based PL Filtering(thr=0.5) 80.5 57.1 44.2 37.3 23.3 29.5 45.3
Threshold-based PL Filtering(thr=0.9) 74.2 57.4 44.0 36.0 24.6 30.7 44.5
SAM3 [3] w/ Text Prompts 63.0 53.6 38.5 27.6 14.8 30.0 37.9
SAM3 [3] w/ Visual Prompts 80.1 56.3 41.6 34.7 21.5 30.2 44.1
SAM3 [3] w/ Text & Visual Prompts 76.1 53.6 39.6 28.3 14.0 28.7 40.1

Ours 82.4 57.4 44.8 37.3 25.9 32.2 46.7

performance degradation (e.g., 9.9 mAP on 1-shot ArTaxOr). A high threshold
(thr=0.9) reduces noise but retains mostly easy examples, limiting the exploita-
tion of objects in unlabeled data. These results indicate that discarding low-
confidence pseudo-labels via a fixed threshold cannot adequately address the
two core challenges identified in our analysis—semantic misclassification and
low recall.

Comparing pseudo-label generation using SAM-based models, we observe
clear performance differences across prompt strategies. Visual prompts consis-
tently outperform text prompts, suggesting that visual cues are more effective for
object discovery under domain shift. However, when prompts are derived from
noisy pseudo-labels, they may amplify model bias, creating a “prompt noise →
output noise” loop. Our method mitigates this by calibrating categories prior
to visual prompting, suppressing noise propagation and improving both pseudo-
label quality and training stability.

4.4 Ablation Study

To verify the effectiveness of the category calibration module and the visual
self-prompting module, we conduct progressive ablation studies on the DIOR
and NEU-DET datasets. Specifically, we first apply the category calibration
module to refine the initial pseudo-labels generated by the baseline, and then
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further introduce the visual self-prompting module to recover potentially missed
objects. The detailed results are reported in Tab. 6.

(a) GT (b) Initial (c) Calibrated (d) Final

Fig. 5: Visual comparison of predictions at different stages across multiple target do-
mains. From left to right: ground truth, initial predictions, calibrated predictions, and
final predictions.

The results in Tab. 6 show that both the calibrator module and the visual self-
prompting module bring consistent performance gains. After introducing the cal-
ibrator, the baseline achieves clear improvements on both DIOR and NEU-DET
under the 1/5/10-shot settings; further incorporating visual self-prompting leads
to additional gains and yields the best results on both datasets. This demon-
strates that the two modules are complementary, jointly improving detection
performance through the calibrator and missed-object completion.

We first provide qualitative comparisons to intuitively illustrate the effects of
our method. As shown in Fig. 5, the initial pseudo-labels from MM-Grounding-
DINO exhibit both semantic misclassifications and missed detections. After ap-
plying our calibration framework, the calibrated pseudo-labels exhibit corrected
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Table 6: Ablation study on DIOR and NEU-DET.

Method
DIOR NEU-DET

1-shot 5-shot 10-shot 1-shot 5-shot 10-shot

Baseline 18.6 29.6 35.7 13.9 22.2 24.3
+ calibrator 20.6 32.1 36.0 16.5 23.5 25.6
+ calibrator & visual self-prompting (Ours) 23.7 32.5 37.3 16.8 23.8 25.9

categories, while the recovery module complements previously missed objects,
yielding a more complete and accurate set.

Fig. 6: Comparison of Confusion Matrices Before and After Calibration

To further quantify the improvement in semantic accuracy, Fig. 6 presents the
confusion matrices before and after category calibration. The diagonal responses
are enhanced while off-diagonal responses are reduced, indicating that inter-class
confusion is effectively suppressed. This confirms that the category calibration
module successfully corrects the semantic noise in pseudo-labels, addressing the
misclassification defect identified in our analysis.

5 Conclusion

We present a new Semi-CDFSOD benchmark that incorporates low-cost unla-
beled target-domain data to mitigate annotation scarcity. Under this setting,
we observe that MM-Grounding-DINO—even after few-shot fine-tuning—still
exhibits two fundamental limitations in pseudo-label generation: semantic mis-
classification and low recall, both of which are exacerbated by domain shift. To
address these issues, we propose a training-free pseudo-label calibration frame-
work. It performs semantic calibration via robust region representations and
class prototypes constructed from both support examples and high-confidence
pseudo-labels, and recovers missed objects by leveraging calibrated pseudo-labels
as visual prompts for SAM. Extensive experiments demonstrate that our method
consistently yields stable and significant gains across diverse target domains
without any additional training.
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