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Abstract

Visual prompt-based detection enables generalization to ar-
bitrary novel instances in the target image by using one
or a few visual templates. Previous methods rely on com-
plex relation or explicit feature matching modules, and their
designs are deeply coupled with specific detectors, greatly
limiting their applicability. Instead, we propose our ‘Any
Detector can Detect Anything’ framework that can enable
any detector to detect any object given a single or a few
visual templates. Specifically, we design an adapter called
Template-Aware Adapter that can be added on top of any
existing detector architecture to inject visual template infor-
mation directly into the detection features. After integration,
localization is done on the feature maps as in standard ob-
ject detectors, effectively transforming any detector into a
visual prompt-based detector. Furthermore, we revisit cur-
rent visual prompt detection benchmarks and correct their
unrealistic test assumptions and class splits, which limit the
usability of the developed algorithms in the real world. We
introduce a set of realistic benchmarks to remedy these is-
sues. We comprehensively evaluate the proposed model on
both existing and our new benchmarks, outperforming cur-
rent state-of-the-art one-shot and few-shot detection methods
by a large margin.

1. Introduction

Humans have the ability to generalize knowledge from a
few or even a single example and apply them to any situ-
ation. Building machines with the same ability is critical
for achieving more general-purpose artificial intelligence.
Modern object detection systems are able to achieve impres-
sive results [0, 46, 49], but they require copious amounts of
annotated training data to be able to detect objects from a
closed set of classes, and new classes that are not listed in the
training set cannot be detected. We investigate a different de-
tection paradigm that we call visual prompt-based detection,
where the detector is given visual examples that can be used
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Figure 1. We follow (a) the standard detection pipeline by adding
(b) our Template-Aware Adapter into the feature extractor. Our
Any Detector can Detect Anything (ADDA) framework can enable
any detector to detect any object when given visual templates.

to detect new classes without re-training. The purpose is to
enable the detection of any object in the real world, without
requiring a predetermined set of class labels. Visual prompt-
based detection encompasses existing tasks in low-shot or
exemplar-based object detection, including One-Shot Object
Detection (OSOD) and Few-Shot Object Detection (FSOD).
Compared with language prompt-based detection [12], vi-
sual examples can provide more fine-grained descriptions of
target objects, as a picture is worth a thousand words.

The key challenge in visual prompt-based detection is
how to effectively extract generalizable information from the
given visual templates to detect novel objects in the farget
image. Most existing methods frame this task as a template-
matching problem. Typically, region proposal features repre-
senting object regions are first extracted by a deep network
(e.g., Region Proposal Network [33]). Hand-crafted feature
matching modules [5, 15, 45] are then employed to match
each region feature with the template features, followed by
a region-based detection head [33] to output corresponding
object bounding boxes. Despite the recent advancements
in OSOD and FSOD, most methods still rely on complex
detector-specific designs (e.g., proposal-based [5, 15, 45],
DETR-based [8, 48]) and suboptimal matching modules that



cannot be applied to a different detector.

We approach visual prompt-based detection from a uni-
fied perspective, adopting the standard object detection
pipeline (Figure 1). Instead of complex correlation/matching
modules, we employ our Template-Aware Adapter (TAA)
within the feature extractor to model the interactions between
the visual templates and the target image. TAA is composed
of Feature Extractor and Integration Blocks (FEIB), which
utilizes the power of self-attention and template-target cross-
attention to automatically learn the important feature interac-
tions between image and template. We embed FEIBs directly
within the backbone and the multi-scale feature extractor. Af-
ter integration, localization is done on the feature maps as in
standard object detectors. Such a design enables our model
to work with any detection architecture, training strategy,
etc. Thus, our approach for visual prompt-based detection
is perpendicular to advances in standard object detection,
making our method much more applicable and scalable.

We further notice that current benchmarks make unre-
alistic assumptions that limits developed algorithms from
operation in the real world. First, during the evaluation of
OSOD methods, oracle knowledge is typically used by the
detector, such as which classes are present in each image.
This implicitly incentivizes detectors to generate many false
positive predictions when the template class is not present
in the image, as shown in Figure 2. However, such scenar-
ios are fairly common in the real world. Second, current
benchmarks contain limited class diversity, which makes
them unsuitable for fully evaluating the performance of vi-
sual prompt-based detectors. To correct these assumptions,
we introduce a set of Realistic One-Shot Object Detection
(R-OSOD) benchmarks, which randomly inserts negative
image-template pairs during evaluation and additionally uti-
lize large-scale datasets [13, 20] for more class diversity.

We summarize the main contributions as follows:

* We propose ADDA, a unified visual prompt-based detec-

tion framework that utilizes the Template-Aware Adapter

within the feature extractor to enable the detection of any
object for any detector.

We carefully examine existing benchmarks, identify their

weaknesses, and propose more realistic evaluation bench-

marks to better evaluate detectors’ generalizability and
performance in the real world.

* We comprehensively evaluate ADDA on both existing
OSOD and FSOD benchmarks and our new benchmarks,
outperforming current state-of-the-art by a significant mar-
gin across all settings.

2. Related Work

Object detection. Object detection involves classifying
and localization every object in the image under a prede-
fined class label set. There are a few common approaches
to this task. Two-stage detectors [3, 17, 33] generate re-

8438

Visual
Template

Image and
Detections

Figure 2. Current state-of-the-art methods [45, 52] fail to discrimi-
nate negative templates and output many false positive predictions.

gion proposals and then classify them, while one-stage de-
tectors [24, 27, 36, 50] directly predict object classes and
bounding boxes, optimizing for speed. DETR [4] and its
variants [23, 28, 49], leveraging the Transformer architec-
ture, further simplifies the detection process by eliminating
components like non-maximum suppression.

Few-shot object detection. Few-shot object detection
(FSOD) aims to train a detector with limited training ex-
amples. Classes are split into base classes, which have
abundant data, and novel classes, which only have a few
examples. FSOD approaches mainly utilize either trans-
fer learning or meta-learning. Transfer learning meth-
ods [32, 39, 42, 43, 47, 51, 55] follow a two-stage train-
ing protocol, where the detector is first trained on the base
classes and then fine-tuned on novel classes. These meth-
ods often suffer from catastrophic forgetting of the base
classes and require retraining to detect new classes. Meta-
learning methods [11, 16, 19, 44, 48] follow standard few-
shot learning [35, 38] and utilize meta-level knowledge for
adaptation to new classes. These methods can generalize to
novel classes without additional training, though most still
fine-tune on the novel set to pursue higher performance.
One-shot object detection. One-shot object detection
(OSOD) is closely related to FSOD, with the restriction of
only a single example. However, OSOD only uses base data
for training and evaluates on novel classes without further
fine-tuning. In this way, it evaluates pure generalization per-
formance on novel data. Most methods [5, 8, 18, 30, 45, 54]
frame the problem as a template-matching problem and
compare region proposals with template features to find
matches. CoAE [18] utilizes a co-attention and co-excitation
framework to reweight object proposals before matching.
BHRL [45] uses an instance-level hierarchical relation mod-
ule to better extract template-relevant features through mod-
eling different relations. Instead, we design a unified pipeline
that forgoes complex relation or explicit feature matching
modules. BSPG [52] proposes a base-class suppression mod-
ule to remove bias towards base classes and a prior guidance
module to guide detection with feature correlation.

3. Method

In this section, we introduce our ‘Any Detector can Detect
Anything’ (ADDA) framework, which enables any detector
to detect any object.
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Figure 3. The overall pipeline of our Any Detector can Detect Anything (ADDA) framework. (a) ADDA consists of a Template-Aware
Adapter and a standard detection head. We use (b) cross-attention modules to perform feature integration between image and template.
FEIBs are inserted into (c) the last stage of the backbone and (d) the feature pyramid to directly inject template information into the image
features. We also consider (e) a feature passing scheme to propagate template-aware features across scales.

3.1. Problem Setting

We investigate the problem of visual prompt-based detec-
tion, i.e., detecting any object given a single or a few visual
examples. At training, we are given a detection dataset suffi-
ciently annotated with a set of base classes Cy. At test-time,
the trained detector is primarily evaluated on a set of novel
classes C, which do not overlap with those seen during
training (Cg N Cx = 9). During inference, templates of
novel classes are provided to enable generalization to arbi-
trary new classes without the need for re-training.

Visual prompt-based detection is related to two main
tasks: One-Shot Object Detection (OSOD) and Few-Shot
Object Detection (FSOD). OSOD focuses on generalization
to novel classes and does not use data from novel classes
at all during training. It treats each class independently and
does not assume a predefined class list is given. Furthermore,
OSOD is characterized by its restriction to a single visual
example for detection, and OSOD methods generally lack
support for multiple examples by default. In contrast, FSOD
primarily focuses on swiftly adapting to a predetermined set
of novel classes and is not limited by the number of visual
examples. Consequently, FSOD methods usually include
an additional fine-tuning stage on novel classes to further
enhance performance on the predefined classes. As we are
focusing on detecting any object, our architecture and evalu-
ation methodology predominantly aligns with the principles
of OSOD, though our method supports multiple templates.

3.2. Unified Architecture

We design our unified architecture following the standard
object detection pipeline (Figure 1), which typically consists
of a backbone network, multi-scale feature extractor, and a
detection head. To inject template information into the ex-
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isting image features for visual prompt-based detection, we
design an adapter, termed Template-Aware Adapter (TAA),
that conducts feature integration between the image and the
template directly within the feature extractor.

The building blocks of TAA are feature integration mod-
ules that harness the power of self-attention and template-
target cross-attention to enable automatic learning of feature
interactions, which significantly simplifies the framework
and improves performance (section 3.3). We embed such
modules in the final blocks of the backbone and in the multi-
scale feature extractor (section 3.4). After feature extraction
and integration, a detection head can be directly added on
top to retrieve object bounding boxes corresponding to the
class of the input template. Thus, ADDA can operate with
any detector, whether one-stage, two-stage, or query-based.
An overview of our framework is depicted in Figure 3 (a).

3.3. Feature Extraction and Integration

We first define the building block of our adapter, Feature
Extraction and Integration Block (FEIB), that enables the
modeling of feature interactions between template and target
along with feature extraction, depicted in Figure 3 (b).

Given a target image X, and visual template X, we first
compute image and template tokens by using a shared con-
volutional tokenizer and flattening the resulting feature maps
into two sets of discretized tokens, denoted by zﬁ e RHWxC
for image tokens and Zé € R™w*C for template tokens. We
use n to indicate the number of visual templates and [ to
indicate the {-th block. To seamlessly handle multiple visual
templates at the same time, we concatenate and tokenize the
templates together, increasing the number of template tokens
by n times.

In each block, we apply three projection layers to both
the image and template tokens to generate query, key, and



value tokens ¢, k¢, vy and gq, ky, v, (I omitted for clarity).
Then, we compute the Multi-Head Attention (MHA) [37],

k. = Concat(k:, kq), v. = Concat(v, vy),
Attentiong(z;) = MHA (k., s, v.) ,
Attentiong(z,) = MHA (kq, ¢4, vq) ,

ey

where Attention; and Attention, are the attention opera-
tions for the image and template, respectively. Only self-
attention is used for the template, whereas both self- and
cross-attention are considered for the image. This ensures
the template features are intact during the integration pro-
cess, providing better guidance for finding target objects and
enhancing generalization for novel objects. MHA can be
any variant of Multi-Head Attention, such as convolutional
based attention used in CvT [41] or shifted window based
attention used in Swin Transformer [29].

Afterwards, feed-forward networks (FFN) are applied to
obtain the output image and template tokens for block [,

2! = Attention, (LN(z)) + 2!,

()
2 — FEN(LN(2))) + 2,

where LN denotes layer normalization [1]. Template to-
kens also follow Equation 2 except for changing the atten-
tion operation to Attention, defined in Equation 1. To
obtain image feature maps, we reshape the resulting image
and template tokens back to 2D F/ ! ¢ RE*%%C" and
Fitl e R* £x X0 where s denotes the stride and C’
denotes output channels.

3.4. Template-Aware Adapter

To adapt target image features to support visual prompt-
ing, we build TAA by inserting FEIBs directly within the
backbone and the multi-scale feature extractor to generate
template-aware features for detection.

Template-Aware Backbone. We first incorporate FEIBs
within the backbone, depicted in Figure 3 (c). Standard
Transformer encoders [29, 41] utilize a sequence of attention
blocks to extract features separately for image and template.
We instead replace these blocks with FEIBs to perform joint
feature extraction and integration of image and template,
inspired by [7]. By doing so, we can re-use the existing
pre-trained weights [9], which serves as a good initialization
for measuring the feature interactions between image and
template. FEIB does not introduce any additional learnable
parameters over the original Transformer block.

To save computation, we only replace the final M blocks
with FEIBs (M = 4 in our experiments). By dropping the
low-level high resolution features during integration, we
save memory usage significantly, which enable our method
to support multiple visual templates and high resolution
inputs; these are crucial for object detection accuracy.
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Template-Aware Pyramid. Solely using the backbone
features for object detection yields inferior performance,
as objects exist in a wide range of different scales. The
Feature Pyramid Network (FPN) [26] is typically used to
incorporate high-level semantically-rich features into lower-
level features for detection. FPN uses top-down aggregation
operations to fuse successive feature maps, starting from the
top-most level. However, FPN merely propagates high-level
features, but low-level feature integration that is crucial for
discovering small-scale objects relevant to the template is
still missing.

To remedy this, we build a Template-Aware Pyramid
(TAP) by incorporating template features into the FPN and
replacing the existing convolutional layers with FEIBs to
add further feature integration between image and template
at earlier levels,

F! = Convy (Ftl) +Up (Ftl+1> ,
. o 3)
F! = FEIB (Fg, Fq) ,

where Convy ., denotes convolution with kernel size of k
and Up denotes upsampling by a factor of 2. This process is
depicted in Figure 3 (d). This structure reintroduces missing
low-level feature integrations into the FPN, enabling better
modeling of feature interactions across different scales.
Bidirectional Feature Passing. A simple FPN is not suffi-
cient for obtaining expressive multi-scale features, as there
are limited vertical connections between different feature
levels. This restricts the template-aware information that can
be passed across scales, limiting performance. To enhance
cross-scale feature aggregation, we introduce the Bidirec-
tional Feature Passing (BFP) module. For each feature level
I, BFP aggregates its features F} with its neighbors Ftl_1
and Ftl *1 at each spatial location by summing the features
in the spatial neighborhood. Instead of using static oper-
ations to determine which features locations to aggregate
for each location, we use a convolutional layer to generate
dynamic offsets and modulation factors that enables more
expressive aggregation based on the perceived importance
of each location.

In implementation, this is akin to the modulated de-
formable convolution [56] operation, adapted to operate
across feature levels:

{Ap’, Ami} = Convsys(E] + Up(£Y)),
I+1 K _ ) )
Fl(p) = Z Zwk -F] (p+pr + Apj,) - Amy,,
j=l—1k=1

“4)

where K is the number of sampling locations for a convo-
lutional kernel, wy and py are the weight and predefined
offset for the k-th location, Ap], and Am;, are the learnable
offset and modulation factor, and bilinear interpolation is



Table 1. One-shot detection performance comparison with state-of-the-art methods on the PASCAL VOC 2007 test set using AP5o. Black /
blue indicate best / second best. ADDA outperforms other methods significantly across both base and novel categories.

Method Base

Novel

Plant  Sofa TV Car Bottle  Boat  Chair  Person Bus  Train Horse Bike Dog Bird Mbike Table Avg. | Cow  Sheep Cat Aero  Avg.
CoAE [18] 30.0 54.9 64.1 66.7 40.1 54.1 14.7 60.9 77.5 78.3 77.9 73.2 80.5 70.8 72.4 46.2 60.1 83.9 67.1 75.6 46.2 68.2
UP-DETR [8] 467 612 757 815 54.8 570 44.5 80.7 74.5 86.8 79.1 80.3 80.6 720 70.9 57.8 69.0 | 80.9 71.0 804 599 731
AIT [5] 477 627 719  76.1 51.8 63.5 315 70.3 84.0 87.2 81.2 80.8 845 722 78.7 62.8 69.2 86.6 74.3 837 477 73.1
BHRL [45] 575 494 768 804 61.2 584 48.1 833 74.3 87.3 80.1 81.0 872 730 78.8 38.8 69.7 81.0 67.9 86.9 593 73.8
BSPG [52] 550 556 783 814 62.5 59.5 509 81.7 74.7 87.5 82.1 81.0 852 739 79.1 39.5 70.5 80.6 67.4 846 614 735
SaFT [54] 59.7 813 824 869 73.0 72.0 62.3 83.7 859 881 86.7 87.7 877 835 86.1 75.1 80.1 88.1 77.0 843 485 74.5
ADDA | 60.7 79.3 861 919 72.5 81.1 62.1 88.0 88.0  90.6 922 923 947 891 83.9 52.0 816 | 934 86.6 920 615 834

Table 2. Comparison with state-of-the-art methods on the COCO
2017 validation set using APso. Black / blue indicate best / second
best. T indicates using ImageNet-1K pre-trained weights, and I
indicates using DINOv2 [31] pre-trained weights.

Base

Novel
S1 S2 S3 S4 Avg.

Method ‘ Sl s2 s3 s4 A

Siam Mask [30] 389 371 378  36.6 37.6 153 17.6 17.4 17.0 16.8
CoAE [18] 422 402 399 413 409 234 236 205 204 220
AIT [5] 50.1 472 458 469 47.5 260 264 223 226 243
SaFT [54] 492 472 479 490 483 27.8 276 21.0 230 249
BHRL [45] 56.0 521 526 534 535 26.1 29.0 227 245 25.6
BHRL [45] 57.1 528 534 541 54.4 266 287 219 250 256
BSPG [52] 57.1 54.1 540 546 550 277 307 246 263 273

DE-ViT[5311 | 594 570 613 607 596 | 274 332 271 261 284
ADDA {

‘ 612 583 594  60.2 59.8 ‘ 319 3.0 284 288 300

applied to obtain P (p+ py, + Api). In our experiments, we
use K =9 and p;, € {(-1,-1),(-1,0),...,(1,1)}, which
represents a 3 X 3 convolutional kernel with dilation factor
of 1. Our BFP module can be applied iteratively to continu-
ously refine each feature map, and we use six iterations in
our experiments.

3.5. Detection Head

On top of the template-aware features from TAA, ADDA
can utilize any object detection head. Unlike standard de-
tection, ADDA treats classification as a binary classification
problem instead (i.e., foreground vs. background, equivalent
to setting the number of classes to 1), as it only needs to
retrieve object bounding boxes with the same class as the
input templates. Besides this, we do not make any other
modifications, and we use the exact same training losses,
optimizer, and hyperparameters as the original detector.

4. Realistic Benchmarks

Our main goal is to develop detectors that are capable of
detecting any object in the real world. While our evalu-
ation protocol aligns well with that of OSOD, we revisit
existing benchmarks and find key issues that prevent a com-
plete understanding of the behaviors of developed algorithms.
We detail these issues below and introduce new Realistic
One-Shot Object Detection (R-OSOD) benchmarks to better
assess detectors’ ability to handle novel classes in the wild.
Oracle knowledge during evaluation. Existing bench-
marks are only evaluated over classes that exist within each
test image. Visual templates of classes that do not exist in
the test image (i.e., negative templates) are not used, thus
avoiding the false positive predictions associated with such
classes. However, as this protocol do not punish these false

positive predictions, current OSOD methods produce con-
fidently wrong detections when given negative templates.
Visualizing detections of state-of-the-art methods [45] show
that, when given negative templates, many incorrect detec-
tions that localize foreground objects are produced. This is
problematic, as in the wild it is typically unknown whether
objects of the template class exist in each test image.

We aim to remove access to such oracle knowledge during
testing. In addition to existing class templates, we randomly
sample 7) negative templates during evaluation. Detectors are
asked to retrieve objects with each negative template, and the
detections will be treated as false positive predictions for the
template class, which will be punished by the standard aver-
age precision (AP) metric. The goal is to avoid predictions
for each negative template. We determine 7) based on the
average number of object classes in each dataset to balance
the number of positive and negative templates. We term the
AP metric with negative templates as AP™,

Furthermore, we introduce negative templates during
training by simply sampling them with a probability pjeq
at each training iteration. The training targets in this case
will be empty, and thus the detector will be optimized to not
output any detections when given negative templates. With
negative sampling, the amount of false positives produced
by the detector is greatly reduced, improving the detector’s
ability to handle negative templates (Figure 4).

Limited class diversity. Existing benchmarks use datasets
(PASCAL VOC [10] and COCO [25]) that contain a low
number of classes (20 and 80). This results in two issues:
First, some frequently appearing classes (e.g., person) are
used as novel classes for evaluation, which negatively affects
performance as they are still present in the training images.
We found accuracy on frequently appearing novel classes
to be close to zero, as the detector learns to treat them as
background. Second, it is difficult to estimate performance
in the wild without sufficient class diversity.

We remedy these issues by constructing new benchmarks
based on the LVISvl dataset [13] and the Openlmages
dataset [20]. The amount of annotations for each class in
both datasets reflects actual rarity in the real world, which
can better evaluate a detector’s performance in the wild. For
LVISvl, we treat frequent and common classes as the base
classes and rare classes as the novel classes to evaluate the
performance of existing algorithms under higher class diver-
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Table 3. Few-shot detection performance on the COCO dataset. Methods that perform fine-tuning on the novel set are colored in gray and
are provided for reference. All evaluation scores are averaged over 10 random seeds.

Method 1-Shot 2-Shot 3-Shot 5-Shot 10-Shot

AP APso  AP7s AP APs59  APrs AP APsg  AP7s AP APso  APrs AP APsg  AP7s

Novel Fine-Tuning
TFA w/fc [39] 2.9 5.7 2.8 4.3 8.5 4.1 6.7 12.6 6.6 8.4 16.0 8.4 10.0 19.2 9.2
FCT [16] 5.1 - - 7.2 - - 9.8 - - 12.0 - - 15.3 - -
Meta-DETR [48] 7.5 12.5 7.7 - - 13.5 21.7 14.0 15.4 25.0 15.8 19.0 30.5 19.7
DeFRCN [32] 9.3 - - 12.9 - 14.8 - - 16.1 - - 18.5 - -
DeFRCN+TSF [21] 9.9 - - 13.5 - 14.8 - - 16.3 - 18.3
SNIDA [40] 12.0 - - 15.4 - 16.4 - - 17.8 - 20.7
No Fine-Tuning

Fanetal. [11] 4.0 8.5 3.5 54 11.6 4.6 5.9 12.5 5.0 6.9 14.3 6.0 7.6 154 6.8
QA-FewDet [14] 5.1 10.5 4.5 7.8 16.4 6.6 8.6 17.7 7.5 9.5 19.3 8.5 10.2 20.4 9.0
Meta FRCNN [15] 5.0 10.2 4.6 7.0 13.5 6.4 - - - - - - 9.7 18.5 9.0
AirDet [22] 6.0 10.5 6.0 6.6 12.0 6.3 7.0 13.0 6.7 7.8 14.3 7.3 8.7 15.3 8.8
FS-DETR [2] 7.0 13.6 7.5 8.9 17.5 9.0 10.0 18.8 10.0 10.9 20.7 10.8 11.3 21.7 11.1
ADDA ‘ 11.1 16.2 11.8 ‘ 14.8 22.1 15.6 ‘ 16.6 24.6 17.5 ‘ 17.7 26.6 18.7 ‘ 18.7 28.1 19.6

sity. For Openlmages, we construct a zero-shot cross-domain
benchmark by evaluating the COCO-trained models directly
on Openlmages to further evaluate the generalizability of
existing algorithms. We filter the Openlmages classes to
ensure there are no overlaps with COCO. Additional details
are provided in the supplementary material.

5. Experiments

We conduct extensive results on both existing OSOD and
FSOD benchmarks in section 5.1 and our R-OSOD bench-
marks in section 5.2. We also provide ablation studies and
visualizations in section 5.3.

Implementation details. We use Swin-T [29] and CvT-
13 [41] as the backbones pre-trained on ImageNet-1K [9].
We use a resolution of 640 x 640 for CvI-13 and 1024 x 1024
for Swin-T. Our models are trained for 24 epochs on VOC
and LVISv1 and 12 epochs on COCO with a batch size of
16. We use a negative sampling probability of pne, = 0.4 on
COCO and pyeg = 0.2 on LVISv1. We provide additional
details in the supplementary material.

5.1. Existing Benchmarks

To compare with previous methods, we first follow the stan-
dard experimental setting from prior work in OSOD [18, 30,
45, 54] and FSOD [19, 39] using PASCAL VOC [10] and
COCO [25] datasets. We use the CvT-13 [41] backbone and
the FCOS [36] detector for ADDA for all experiments.

OSOD evaluation setting. VOC uses 16 base classes and
4 novel classes. On COCO, there are four different splits
(S1, S2, S3, and S4), each with 60 base classes and 20 novel
classes. We use standard APsq as the metric for evaluation
for both base and novel classes. For these benchmarks, we
do not use negative sampling as negative templates are not
used during evaluation. We follow previous work [5, 18, 45]
to generate the image-template pairs during evaluation to

ensure consistent comparison. The final score is the average
over five sampled templates.

OSOD results. In Table 1, we compare ADDA with previ-
ous state-of-the-art OSOD methods on the PASCAL VOC
test set. ADDA improves over the previous state-of-the-art
SaFT [54] by almost 10 points on average for novel class
AP and 1.8 points on average for base class AP5g.

We perform the same comparison on the COCO vali-
dation set in Table 2. Despite the increase in difficulty,
ADDA achieves consistent improvements over previous
OSOD methods across all splits and over both base and
novel classes, setting a new state-of-the-art on this dataset.
In particular, ADDA outperforms the previous state-of-the-
art BHRL [45] by 5.4 points on average on base class AP5g
and 4.4 points on average on novel class AP5q. DE-ViT [53]
uses DINOv2 [31] pre-trained weights with the much larger
ViT-L backbone, so the comparison is not fair; despite this,
ADDA still outperforms their method by over 1.6 points in
average novel AP5.

FSOD evaluation setting. We follow previous work [19,
39] for evaluation on the COCO dataset. Evaluation is con-
ducted over a different number of shots, including 1, 2, 3, 5,
and 10. We use standard AP as the metric for evaluation and
average the scores over 10 random seeds (consistent with
[39]). We mainly compare with methods that do not require
re-training on the novel set, but we provide methods that do
novel fine-tuning as reference.

FSOD results. The results on the COCO dataset are shown
in Table 3. Across all shots, ADDA obtains the best perfor-
mance when compared with previous state-of-the-art meth-
ods. ADDA shows a significant improvement in AP across
all shots, marking a substantial advancement over the pre-
vious best methods. Moreover, in lower shots (i.e., 1, 2, 3,
5), ADDA not only outperforms methods without novel fine-
tuning but also those with novel fine-tuning. For instance,
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Table 4. Comparison on the R-OSOD COCO benchmark using the COCO 2017 validation set. FRCNN denotes Faster R-CNN. ADDA
achieves significantly better performance across all splits, both base and novel classes, and different types of detectors.

Base Ang Novel APgIg
Method Detector Type Backbone St S2 S4 Ave. St 2 3 S4 Ave.
ResNet-50 45.5 399 40.0 41.1 41.6 139 17.3 11.1 14.0 14.1
BHRL [45] FRCNN [33]  Two-Stage Swin-T 539 502 506 502 512 11.6 13.8 8.1 10.5 11.0
CvT-13 419 358  36.1 374 378 14.8 15.9 10.9 132 13.7
FCOS [36] One-Stage Swin-T 55.5 519 52.0 53.1 53.1 13.5 14.6 11.6 119 12.9
FCOS [36] One-Stage CvT-13 52.5 47.9 48.5 49.6 49.6 17.7 18.8 16.3 17.1 17.5
ADDA GFL [24] One-Stage 51.1 472 480 492 489 183 184 157 173 174
FRCNN [33]  Two-Stage CVL13 46.0 441 440 458 450 16.8 182 156 16.1 16.7
SRCNN [34] Query 54.4 49.2 49.5 50.8 51.0 13.2 14.0 13.6 13.0 13.5
DINO [49] Query 54.6 52.4 53.5 54.3 53.7 13.7 14.1 10.7 12.6 12.8
Table 5. Comparison on the R-OSOD LVIS benchmark. Table 6. Comparison on the R-OSOD Openlmages benchmark. We
evaluate models trained on each split of R-OSOD COCO.
Base Novel -
Method Detector Type APSN  APSN | APON Method Detect AP3N
! ¢ ! etho clector 1 g1 52 S3 s4 A
BHRL [45] FRCNN Two-Stage ‘ 13.2 15.5 ‘ 19.3
BHRL [45] FRCNN ‘ 17.2 109 158 120 14.0
FCOS  One-Stage | 21.3 229 27.2 FCOS | 256 240 244 237 o244
ADDA GFL One-Stage | 20.5 22.6 26.5
FRCNN  Two-S 14.6 16.9 235 ADDA GFL 26.7 249 247 245 252
wo-Stage : : : FRCNN | 233 220 225 221 225

it achieves a 3.1 points and 2.3 points improvement in AP
over Meta-DETR [48] for the 3- and 5-shot settings, respec-
tively. This underlines the superior generalization ability of
ADDA. Overall, the performance of ADDA on the COCO
dataset demonstrates its effectiveness even in scenarios with
multiple visual templates.

5.2. Realistic Benchmarks

We provide additional experimental results on our new R-
OSOD benchmarks.
Evaluation setting. On COCO, we use the same class splits
as in the existing benchmarks. We use APZ)) as the main
metric for COCO, AP?N for LVISv1, and AP3N for OpenIm-
ages. We also use the same protocol as before for generating
image-template pairs for each test image. For comparison,
we evaluate the previous state-of-the-art method BHRL [45]
retrained with ImageNet-1K [9] pre-trained weights. All
methods use negative sampling by default.
COCO. We first show results on COCO in Table 4. With
negative templates, both methods suffer large degradation in
performance compared to in Table 2, showing that negative
templates is a big problem in current algorithms. Across both
base and novel classes and backbones, ADDA outperforms
BHRL in all of the splits. In particular, when comparing the
best models, ADDA achieves around 8 points improvement
in average base AP2Y and 3.5 points improvement in average
novel AP2N over BHRL [45]. We observe that ADDA with
Swin-T achieves the best base accuracy, but CvT-13 achieves
considerable improvement in novel accuracy.

Unlike previous methods which can only operate on one
specific type of detector, we further demonstrate that ADDA
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can work with any detector, whether one-stage, two-stage, or
query-based. For each detector, we only modify the detection
head, using standard hyperparameters. Both one-stage and
two-stage detectors achieve a similar level of performance
on novel classes, while Faster R-CNN [33] observes a drop
on base classes. We also observe that query-based detectors,
Sparse R-CNN [34] and DINO [49], are extremely powerful
on base classes but generalizes poorly to novel classes. This
suggests that learnable queries are easier to overfit to the
base classes, thus leading to weaker generalization.

LVISvl. We provide the full results on LVISv1 in Table 5
with various detectors. Even with the increase in number
of classes in the benchmark, ADDA can still obtain sig-
nificantly better results across frequent, common, and rare
classes. ADDA outperforms BHRL by around 8 points in
AP2N, demonstrating that it is much better at detecting novel
classes. This illustrates that ADDA scales much better to
larger number of classes than previous methods and is thus a
more effective option for real-world applications.

Openlmages. We also conduct a cross-dataset experi-
ment by evaluating the COCO-trained models on Openlm-
ages [20] in a zero-shot manner (no re-training) in Table 6.
We evaluate models trained on each split of R-OSOD COCO.
ADDA performs much better compared to BHRL across
all detectors, achieving over 8 points improvement in AP3N
over all splits. Furthermore, the accuracy of ADDA is stable
across different COCO splits, demonstrating the strong gen-
eralizability of ADDA regardless of the training categories.
In contrast, the accuracy of BHRL varies by over 6 points.



Table 7. Ablation study of model components of ADDA on PAS-
CAL VOC and R-OSOD LVISv1 benchmarks.

Backbone Multi-Scale voC LVISvl
# FEIB Base | Novel Base Novel
I 2 4 ¢ | TAP BFP APs5g ‘ APs5o | AP APIN | APIN
v 64.7 77.1 16.0 18.0 22.5
v 67.9 80.0 16.7 18.7 24.3
v 74.8 82.1 17.8 19.7 24.6
v 75.7 82.0 17.4 19.1 243
v v 75.3 82.7 18.1 20.1 25.0
4 v 80.4 81.7 19.8 223 27.1
v | v v | 8L6 | 834 | 213 229 | 272

Table 8. Ablation study of negative sampling on split 1
R-OSOD COCO benchmark.

ADDA BHRL
Dneg | Base | Novel || pne, | Base | Novel
AP | APZY APZY | APEY
0.0 | 45.1 13.9 0.0 | 455 12.4
0.1 50.5 16.6 0.1 46.8 134
02 | 519 17.2 0.2 | 44.6 14.2
04 | 52.5 17.7 04 | 424 14.0

5.3. Ablation Studies

We conduct several ablation studies to validate the effect of
our model components. We use the CvT-13 [41] backbone
and the FCOS [36] detector for all experiments.
Impact of model components. We evaluate the impact
of each component in our model on PASCAL VOC and R-
OSOD LVISv1 in Table 7. First, we evaluate the effect of
the number of FEIBs in the backbone, without using our
proposed multi-scale template-aware components (replaced
with a standard FPN). With more integration blocks, the
base performance consistently improves, while the novel
performance saturates. We choose 4 blocks for the best
balance between performance, generalization, and efficiency.
Next, we assess the effectiveness of our multi-scale
template-aware components. With only TAP, the perfor-
mance improves on both base and novel AP?N. When we
further propagate the fused features using BFP, we can gain
additional improvements on all classes. On both bench-
marks, both components together provide a significant 2.6
AP5N gain on novel classes.
Impact of negative sampling. The effect of negative sam-
pling on ADDA and BHRL [45] on split 1 of the R-OSOD
COCO benchmark is shown in Table 8. Without negative
sampling (ppee = 0.0), performance of both methods on all
classes suffer as the model cannot handle negative templates
during inference. Increasing the proportion of negative sam-
ples significantly improves novel AP2Y, while base APsq
drops for BHRL. We choose 0.4 for ADDA and 0.2 for
BHRL for all other experiments as they achieve the best
novel performance for each model.
Impact of adapter design. We evaluate different possible
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Table 9. Ablation study of adapter design on split I of the R-OSOD
COCO benchmark.

. Base | Novel Memory
Adapter Design ‘ AP ‘ AP | Usage (GB)
Early stage (1) 13.6 1.7 7.2
Early stages (1 +2) 235 5.1 7.5
All blocks (1+2+3) | 485 16.6 7.5
Siamese 51.0 14.2 8.3
TAA (Ours) | 525 | 177 | 71

ADDA (Ours) Ground-Truth

Template

b il Sl K0S
Figure 4. Qualitative comparison between BHRL [45] and ADDA
on novel classes in COCO [25]. ADDA produces more accurate
detections and fewer false positives.

designs of the feature adapter and compare them against TAA
in Table 9. First, only using FEIBs in the first and first two
stages of the backbone (rows 1 and 2) result in significantly
worse detection accuracy. Adding FEIBs in the third stage
(row 3) can greatly improve performance, demonstrating
that high-level feature integrations are necessary for visual
prompt-based detection accuracy. Using a Siamese structure
instead where feature integration at all feature levels only
occurs after the backbone gives a better base score but lower
novel score. Finally, using our TAA achieves the best scores
across all classes while being the most memory efficient,
showing that our adapter design is effective for our task.
Qualitative results. We qualitatively compare the detec-
tions of BHRL [45] and ADDA on several novel classes in
COCO [25] in Figure 4. ADDA produces more accurate
detections overall and fewer false positive detections.

6. Conclusion

In this work, we present a unified solution to visual prompt-
based detection that follows the standard detection pipeline
to enable any detector to detect any object. This is achieved
through our Template-Aware Adapter, which utilizes feature
integration blocks directly within the feature extractor to
model feature interactions between image and template. In
addition, we address weaknesses of current benchmarks to
construct more realistic one-shot detection benchmarks that
are more relevant for real-world applications. We hope our
new framework and benchmark motivate the design of more
unified and realistic detectors in the future.
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