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Abstract

The recent Segment Anything Model (SAM) has emerged
as a new paradigmatic vision foundation model, showcas-
ing potent zero-shot generalization and flexible prompting.
Despite SAM finding applications and adaptations in vari-
ous domains, its primary limitation lies in the inability to
grasp object semantics. In this paper, we present Sambor
to seamlessly integrate SAM with the open-vocabulary ob-
ject detector in an end-to-end framework. While retaining
all the remarkable capabilities inherent to SAM, we boost it
to detect arbitrary objects from human inputs like category
names or reference expressions. Building upon the SAM im-
age encoder, we introduce a novel SideFormer module de-
signed to acquire SAM features adept at perceiving objects
and inject comprehensive semantic information for recogni-
tion. In addition, we devise an Open-set RPN that leverages
SAM proposals to assist in finding potential objects. Con-
sequently, Sambor enables the open-vocabulary detector to
equally focus on generalizing both localization and classifica-
tion sub-tasks. Our approach demonstrates superior zero-shot
performance across benchmarks, including COCO and LVIS,
proving highly competitive against previous state-of-the-art
methods. We aspire for this work to serve as a meaningful
endeavor in endowing SAM to recognize diverse object cate-
gories and advancing open-vocabulary learning with the sup-
port of vision foundation models.

1 Introduction

Vision foundation models (Radford et al. 2021; He et al.
2022; Oquab et al. 2024) serve as robust backbones that
excel across a diverse spectrum of vision tasks. The re-
cent Segment Anything Model (SAM) (Kirillov et al. 2023)
has garnered widespread attention within the community as
a foundational visual model for general image segmenta-
tion. Trained with billion-scale mask labels, it demonstrates
impressive zero-shot segmentation performance, seamlessly
applied across a variety of applications through simple
prompting (Ren et al. 2024; Wang et al. 2023). While ex-
hibiting outstanding performance, SAM is constrained to
scenarios with class-agnostic applications, necessitating a
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Figure 1: We develop an end-to-end open-vocabulary object
detector called Sambor, building upon the vision foundation
model SAM. Sambor enables SAM to recognize arbitrary
object categories, bridging semantic gaps. It also leverages
SAM’s generalization and interactive capabilities to enhance
zero-shot performance and extend versatility.
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more profound exploration to enhance its semantic un-
derstanding. In this work, we boost SAM towards open-
vocabulary learning to detect objects of arbitrary categories,
a paradigm commonly referred to as open-vocabulary object
detection (Zareian et al. 2021; Wu et al. 2024).

Recent works (Gu et al. 2021; Zhong et al. 2022; Min-
derer et al. 2022; Kuo et al. 2023; Li et al. 2022a; Yao et al.
2022; Liu et al. 2023) commonly follow two lines to achieve
open-vocabulary object detection. One seeks to expand the
cognitive categories by transferring knowledge from pre-
trained vision-language (VL) models (Radford et al. 2021;
Jia et al. 2021). The other unifies the formulation of object
detection and phrase grounding tasks, extending the avail-
able data scope from object detection to a diverse range of
image-text pairs (Sharma et al. 2018; Vicente et al. 2016;
Thomee et al. 2016). The utilization of large-scale data en-
courages the model to learn the feature alignment between
object regions and language phrases. Previous efforts have
been built upon conventional object detection models, intro-
ducing the VL paradigm to extend the object detection clas-
sifier from the close-set to the open-set domain. With the
emergence of the powerful vision foundation model SAM,



its remarkable zero-shot localization capabilities and the
flexibility for interactive prompting raise the prospect of el-
evating open-vocabulary object detection to new heights.

In this paper, we introduce Sambor (which stands for
SAM BOosteR), as illustrated in Fig. 1. Sambor is an end-
to-end open-vocabulary object detector that seamlessly inte-
grates all functionalities from the SAM, inheriting its pow-
erful zero-shot generalization and flexible prompting. We
establish a ladder side transformer adapter, named Side-
Former, on the frozen SAM image encoder. It incorporates
an extractor designed to integrate features from the image
encoder, drawing object perception capabilities from SAM.
Subsequently, we devise an injector to augment the original
features by introducing additional semantic information to
assist category recognition. In pursuit of the injected features
imbued with rich semantics, CLIP (Radford et al. 2021), an-
other vision foundation model, naturally emerges as our ex-
cellent choice, given it achieves outstanding zero-shot clas-
sification through VL alignment. As a result, infusing CLIP
visual features not only enhances semantic understanding
but also narrows the gap with the text feature domain, pro-
viding convenience for the open-vocabulary object classi-
fier (Gu et al. 2021; Kuo et al. 2023).

Moreover, SAM exhibits the capacity to generate high-
quality class-agnostic proposals. To fully leverage this ad-
vantage and further augment the zero-shot localization abil-
ity, we develop the Open-set RPN. Specifically, Sambor
adopts the two-stage object detection architecture (Ren et al.
2015), decoupling the detector into a first stage dedicated
to generating high-quality proposals to ensure sufficient re-
call and a second stage focused on open-vocabulary classi-
fication. Open-set RPN complements the vanilla RPN (Ren
et al. 2015) by introducing proposals oriented towards open-
set scenarios. Thanks to the flexibility afforded by SAM,
these additional proposals can be obtained through various
prompts or the automatic mask generation pipeline.

We follow the GLIP (Li et al. 2022a) protocol and conduct
experiments to comprehensively evaluate the effectiveness
of Sambor in open-vocabulary object detection. Benefiting
from the effective designs, Sambor demonstrates superior
open-vocabulary detection performance on COCO (Lin et al.
2014) and LVIS (Gupta, Dollar, and Girshick 2019) bench-
marks. It implies that we endow SAM with the capability to
recognize arbitrary objects, boosting it to be more versatile.
From another perspective, incorporating SAM into an end-
to-end framework provides greater versatility compared to
current state-of-the-art open-vocabulary detectors (Li et al.
2022a; Liu et al. 2023; Yao et al. 2022, 2023). For instance,
it allows for seamless conversion of object detection results
into instance segmentation or facilitates human-machine in-
teraction through prompts. These capabilities are previously
either unavailable or required the cascading of multiple
models (Ren et al. 2024), introducing additional complexity
and operational challenges. Given these encouraging results,
we aspire to endow the vision foundation model SAM with
recognition capabilities to address a broader spectrum of ap-
plications and offer a potential way for the development of
open-vocabulary object detection.
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2 Related Work

General Object Detection, a crucial computer vision task,
consists of two sub-problems: finding the object (local-
ization) and naming it (classification). Convolution-based
detectors are typically divided into two-stage (Ren et al.
2015; He et al. 2017; Cai and Vasconcelos 2018) or single-
stage (Redmon et al. 2016; Lin et al. 2017; Zhang et al.
2020), based on hand-crafted anchors or reference points.
Recent transformer-based methods (Carion et al. 2020; Zhu
et al. 2021) try to formulate object detection as a set predic-
tion problem. These methods are constrained to predefined
categories, whereas our approach aims to find and recognize
objects of arbitrary category in an open domain.
Open-Vocabulary Object Detection (Zareian et al. 2021;
Wu et al. 2024) has emerged as a new trend for mod-
ern object detection, which aims to detect objects of un-
bounded concepts using a more universal and practical
paradigm (Zhou et al. 2022; Minderer et al. 2022; Zang et al.
2022; Xu et al. 2023; Cheng et al. 2024). Some of these
methods (Gu et al. 2021; Zhong et al. 2022; Du et al. 2022;
Kuo et al. 2023; Ma et al. 2023; Wu et al. 2023b,a) lever-
age vision-language models (VLMs) (Radford et al. 2021)
to align information between regions and words through a
multi-stage pre-training strategy. GLIP (Li et al. 2022a) pi-
oneers an alternative approach that transforms the detection
data into a grounding format and introduces a fusion module
for simultaneous learning of vision-language alignment and
object localization. Compared to previous methods, we uti-
lize SAM to facilitate the finding of potential objects in the
open domain, mitigating the issue where VLMs primarily
focus on handling the intricate alignment between regions
and texts, thus lacking in localization generalization.
Segment Anything Model (Kirillov et al. 2023) is an in-
novative image segmentation model trained on the dataset
comprising over 1 billion masks, designed to robustly seg-
ment any object guided by diverse prompts. Influenced by
its development, the community is focusing on develop-
ing more versatile and functional segmentation models (Zou
et al. 2023a; Zhang et al. 2023b; Zou et al. 2023b; Li et al.
2023). In contrast, our method focuses on detecting ob-
jects of arbitrary categories and learning rich semantics from
detection and grounding data, making it more suitable for
open-world scenarios. We utilize SAM’s prompt functional-
ity to obtain masks directly from predicted bounding boxes,
thereby eliminating the need for training a mask head and
overcoming limitations posed by segmentation data volume.

3 Preliminaries
3.1 Open-Vocabulary Object Detection

Given an image I € R3*"*% object detection involves
solving the two sub-problems of (1) localization: find all
objects with their location, represented as a box b, and
(2) classification: assign a class label ¢; € C** to the j-
th object. Here C**' is the class vocabulary provided by
the user at test time. Traditional object detection considers
Clet = CUainwhere C™i" denotes the vocabulary of detec-
tion dataset used during training. Open-vocabulary object
detection allows C* = C'"4" Taking GLIP (Li et al. 2022a)
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Figure 2: Overall architecture of Sambor. (Left) We adopt the SAM image encoder as the backbone and construct a Side-
Former module to extract features and inject CLIP visual information for enhancing semantic understanding. Sambor is built
upon a two-stage detector, with the first stage designed as an Open-set RPN that enhances the vanilla RPN using open-set pro-
posals generated by SAM. The second stage is equipped with a CLIP language branch for parallel concept encoding, thereby
endowing the detector with open-vocabulary classification. (Right) The specific implementations of the extractor and injector.

as an example, it reformulates detection as a grounding task,
aligning each visual region with corresponding class con-
tent in text prompts. Following CLIP (Radford et al. 2021),
the model takes image-text pairs as input, extracting features
from both modalities through dedicated encoders. By replac-
ing the linear classification layer with a region-word match-
ing dot product layer, it converts from a traditional detec-
tor to an open-vocabulary detector. However, previous open-
vocabulary detection approaches primarily focus on improv-
ing classification across arbitrary categories, while their lo-
calization capability is still heavily reliant on bounding box
annotations provided in detection datasets (Yao et al. 2023).
In this paper, we compensate for the previously overlooked
ability to find potential objects in the open domain, allowing
the detector to equally focus on enhancing zero-shot gener-
alization for object localization and classification.

3.2 Vision Foundation Model

SAM (Kirillov et al. 2023) is composed of three modules:
(1) Image encoder: a robust ViT-based (Dosovitskiy et al.
2020) backbone excels at extracting features from high-
resolution images. (2) Prompt encoder: encoding the inter-
active positional information from the input points, boxes,
or masks. (3) Mask decoder: a lightweight transformer-
based (Vaswani et al. 2017) decoder efficiently translates the
image and prompt embeddings into masks.

CLIP (Radford et al. 2021) leverages web-scale image-text
pairs crawled from the Internet and simply aligning image
features with text features via contrastive learning, deliver-
ing impressive results in zero-shot image classification. In
this paper, we choose the CNN-based CLIP model (e.g.,
RN50x64 (He et al. 2016)) over the ViT-based (Dosovit-
skiy et al. 2020) one due to its superior compatibility with
high-resolution image inputs (Kuo et al. 2023).
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4 Methodology

An overview framework of Sambor is illustrated in Fig. 2.
Our approach fully integrates SAM to leverage its excep-
tional zero-shot localization capabilities and the flexibil-
ity for interactive prompting, thus enhancing the perfor-
mance and functionality of Sambor in open-world scenar-
ios. Specifically, we employ the SAM image encoder as the
backbone and freeze the parameters during training. Due to
the absence of a semantic prior in SAM features, the per-
formance in category-aware tasks falls short of optimal. To
address this issue, we introduce a ladder-side transformer
adapter named SideFormer (Sec. 4.1), conceptually similar
to Sung, Cho, and Bansal (2022); Chen et al. (2022). It is
designed to extract features from the backbone and inject
comprehensive semantic information from CLIP into them.

Subsequently, we construct an open-vocabulary object de-
tector on the backbone, which is based on the two-stage ViT-
Det (Li et al. 2022b) with Cascade R-CNN (Cai and Vas-
concelos 2018). For the two-stage detector, the first stage in-
volves the RPN (Ren et al. 2015) for generating object pro-
posals. We extend the RPN into an Open-set RPN (Sec. 4.2)
by incorporating more zero-shot generalized proposals from
SAM. In the second stage, we equip it with a text encoder
for open-vocabulary classification (Sec. 4.3). Therefore, we
utilize these two stages to foster zero-shot generalization in
both localization and classification for Sambor.

4.1 SideFormer

We design an extractor for acquiring SAM features adept at
perceiving objects and an injector for absorbing knowledge
from CLIP to enhance semantic understanding.

SAM Extractor. We adopt the patch embedding layer with
a structure identical to that in SAM (without parameter shar-
ing), initially projecting the input image into visual tokens.



Figure 3: An illustration of Open-set RPN. We demon-
strate two examples where SAM proposals effectively com-
plement the vanilla RPN: (Top-Left) precise determination
of object edge positions, and (Bottom-Right) clear capture
of specific parts of an object, e.g., a person’s clothing.

The visual tokens are first summed with those from SAM
and then incrementally fused with the deeper SAM features
via a series of transformer layers (Vaswani et al. 2017). Fol-
lowing the ViTDet (Li et al. 2022b) architecture, SAM di-
vides the ViT (Dosovitskiy et al. 2020) into four blocks, ap-
plying global attention at the last layer in each block. In view
of this, we design four corresponding transformer layers to
extract features from each global attention output.

For each transformer layer, the input visual tokens Fyjqe €

R%XD , where D is the feature dimension, are encoded
through a self-attention layer and a feed-forward network
(FFN). Subsequently, we use a direct summation to accom-
plish the fusion with the extracted SAM features Fgom €

hw .
R162 P This process can be formulated as:

]:side = ]:side + Attn(norm(}"side)), (1)

;ide = ]:sam + v (]:side + FFN(norm(]:side)))v (2)
where norm(-) is LayerNorm (Ba, Kiros, and Hinton 2016).
We apply a learnable vector v € R to modulate the trans-
former output, which is initialized with 0. This strategy
guarantees that the feature distribution of SideFormer com-
mences from SAM without undergoing drastic alterations.
CLIP Injector. After integrating features extracted from
SAM, we imbue them with semantically rich information
from the CLIP (Radford et al. 2021) visual encoder. The in-
jector is also equipped with four transformer layers, supple-
mented by cross-attention modules for feature interaction.

We treat the input feature 7., ,, as the query, and the CLIP
feature Fji, as the key and value. Initiate a self-attention
encoding on the query first. Subsequently, we employ cross-
attention on queries 7, and Fyip, facilitating the assimila-
tion of knowledge from CLIP. Finally, an FFN is appended,
constituting the entirety of this transformer layer. Eq. 3 de-
tails the cross-attention module in the injector, while omit-
ting the self-attention and FEN for brevity.

‘Fs?de = ]:s/ide +- Attn(norm(]:s/ide)’ norm(]:clip))a 3
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where the learnable parameter v is introduced to likewise
balance the injected CLIP features with the original inputs.

4.2 Open-Set RPN

The primary aim of object detection is to thoroughly find
potential objects, which implies the necessity for the RPN
in the first stage to achieve a sufficiently high recall. Hence,
for the open-vocabulary object detector, possessing a robust
RPN tailored for open-set domains is imperative.

To achieve this, we designed an Open-set RPN that in-
tegrates two proposal sources: the vanilla RPN (Ren et al.
2015) and SAM (Kirillov et al. 2023). We expect that the
Open-set RPN will facilitate proposals from both sources to
become complementary, aiming to find potential objects as
comprehensively as possible. The vanilla RPN learns from
detection data and is adept at handling scenarios involving
common objects. However, since the RPN trained on closed-
set data needs to expand its generalization, we incorporate
proposals from SAM as a valuable supplement. We use the
SAM head (consisting of the prompt encoder and the mask
decoder) to generate masks and extract bounding boxes of
these masks as object proposals. Given SAM’s robust zero-
shot localization capability, its proposals can better cover ar-
eas that RPN has overlooked. Fig. 3 primarily illustrates two
possible scenarios to show how SAM proposals serve as sup-
plements. One is the enhanced precision in delineating the
object contours, where SAM outperforms RPN in identify-
ing the edge positions of overlapping objects or those with
irregular shapes. The other scenario shows that SAM clearly
captures parts of the whole object, e.g., a person’s shirt and
pants, areas where RPN tends to fall short on detail. Never-
theless, more than relying solely on SAM is required; a train-
able RPN is crucial as it reinforces handling common objects
and compensates for deficiencies with small objects (Kir-
illov et al. 2023) of SAM. Please refer to Sec. 5.3 and 5.4
for more detailed analysis and demonstrates.

Specifically, we leverage the automatic mask generation
pipeline (Kirillov et al. 2023) with a point grid as prompts to
predict mask proposals. Adjusting point density allows for
control over the number of proposals, which in this paper
defaults to a 32x32 point grid as a balance between quan-
tity and computational cost. We adopt the straightforward
NMS to merge two sets of proposals. Given the domain gap
in prediction scores between the two sets, it is unreasonable
to apply NMS directly based on their scores. Therefore, we
first merge the proposals from RPN (which have already
been de-duplicated) with those from SAM. Then, we per-
form NMS (with the threshold set to 0.7) on SAM proposals
using RPN boxes as references to filter out highly overlap-
ping ones, thereby preserving areas not covered by RPN.

4.3 Open-Vocabulary Classification

The second stage of the detector focuses on transforming
the proposals into a set of predicted bounding boxes B =
{by}X_ | (K is the number of predictions) along with the
classification features 72 € RE*P To expand the clas-
sification into open vocabulary, we introduce a language
branch, i.e., the CLIP text encoder. We insert each concept



Method Backbone #Fll;?r];;zle Pre-Train Data Apbox A(;’(g{?‘o i(l))ln?a:il AP%aSk
Dychd—TT (Dai et al. 2021) Swin-T (Liu et al. 2021) ~100M - 49.7 68.0 - -
DyHead-T (Dai et al. 2021) Swin-T (Liu et al. 2021) ~100M 0365 43.6 - - -
GLIP-T (B) (Li et al. 2022a) Swin-T (Liu et al. 2021) 232M 0365 449 61.5 - -
GLIP-T (C) (Li et al. 2022a) Swin-T (Liu et al. 2021) 232M 0365,GoldG 46.7 634 - -
GLIP-T (Li et al. 2022a) Swin-T (Liu et al. 2021) 232M  0365,GoldG,CC3M,SBU 46.6 63.1 - -
DINOf (Zhang et al. 2023a) Swin-T (Liu et al. 2021) 49M - 544 729 - -
DINO (Zhang et al. 2023a) Swin-T (Liu et al. 2021) 49M 0365 46.2 - - -
G-DINO-T (Liu et al. 2023) Swin-T (Liu et al. 2021) 172M 0365 46.7 - - -
G-DINO-T (Liu et al. 2023) Swin-T (Liu et al. 2021) 172M 0365,GoldG 48.1 - - -
G-DINO-T (Liu et al. 2023) Swin-T (Liu et al. 2021) 172M 0365,GoldG,Cap4M 484 644 - -
ViTDet! (Li et al. 2022b) ViT-B (Dosovitskiy et al. 2020) 141M - 540 722 46.7 69.8
Sambor (Ours) ViT-B (Dosovitskiy et al. 2020) 160M 0365 47.3 64.7 365 59.8
Sambor* (Ours) ViT-B (Dosovitskiy et al. 2020) 160M 0365 48.6 66.1 371 60.6

Table 1: Zero-shot transfer performance on COCO benchmark. * denotes the application of Open-set RPN. fdenotes su-

pervised approaches.

name into the prompt template to form a complete sentence.
These sentences are separately forwarded to the text encoder
for obtaining sentence embeddings F7 € RM*P where M
is the number of concepts sampled in each batch. We cal-
culate the similarity matrix § = FZ . (FT)T € REXM (o
construct the word-region alignment loss (Li et al. 2022a).
In our design, text embeddings are solely utilized to predict
word-region similarity scores without the additional cross-
modal fusion adopted in (Li et al. 2022a; Liu et al. 2023).
Unified Data Formulation. Following (Yao et al. 2022,
2023), we employ a paralleled formulation to unify the data
formats from object detection and phrase grounding.

* Object Detection. A concept set, based on dataset cate-
gory names, designates present categories as positives and
absent ones as negatives. Given that the category names in
the dataset remain unchanged, extracting and storing cat-
egory features before training can avoid redundant feature
extraction and improve efficiency. Additionally, each cat-
egory feature is the average of all its prompt templates, a
policy applied during both training and inference.

* Phrase Grounding. We extract phrases corresponding to
labeled objects from the caption to form a positive con-
cept set. We utilize the large-scale and information-dense
Bamboo (Zhang et al. 2022b) to diversify negative con-
cepts. Given the variability of concept names in images,
we dynamically select a subset of concepts as negatives for
each batch, setting the total number of positive and nega-
tive concepts to 150. For efficiency, we randomly choose a
prompt template to extract text features.

S Experiments
5.1 Implementation Details

Training Datasets. For object detection, we use the Ob-
jects365 (Shao et al. 2019) dataset (referred to as O365),
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comprising 365 categories. For phrase grounding, we use the
GoldG (Kamath et al. 2021) dataset, which contains well-
annotated images from sources including Flickr30K (Plum-
mer et al. 2015), VG Caption (Krishna et al. 2017), and
GQA (Hudson and Manning 2019). We deliberately exclude
COCO (Lin et al. 2014) images to ensure a more equitable
evaluation of zero-shot transfer performance.

Training Details. We pre-train our models using SAM with
ViT-B (Dosovitskiy et al. 2020) as the backbone and CLIP
with RN50x 64 (He et al. 2016), using a batch size of 64. We
select AdamW (Loshchilov and Hutter 2019) optimizer with
a 0.05 weight decay, an initial learning rate 4x10~%, and a
cosine annealing learning rate decay. The default training
schedule is 12 epochs. The input image size is 1,024 x 1,024
with standard scale jittering (Ghiasi et al. 2021). This size is
uniformly employed as the input for SAM, CLIP, and Side-
Former. The max token length for each input sentence fol-
lows the CLIP default setting of 77. MMDetection (Chen
et al. 2019) code-base is used.

5.2 Zero-Shot Transfer Performance

COCO Benchmark (Lin et al. 2014), comprising 80 com-
mon object categories, stands as the most widely utilized
dataset for object detection. Considering that O365 covers
all 80 categories and is frequently employed as pre-training
data for COCO, we focus on evaluating the zero-shot trans-
fer performance for models pre-trained with O365.

We provide a comparison between GLIP (Li et al. 2022a)
and Grounding DINO (G-DINO) (Liu et al. 2023), along
with their underlying detectors in Table 1. Our approach
outperforms previous methods on the zero-shot transfer set-
tings. When pre-trained on the same O365 dataset, Sam-
bor shows +2.4 AP and +0.6 AP compared to GLIP and
G-DINO, respectively. When employing the Open-set RPN
(see more details in Sec. 5.3), Sambor demonstrates the
best performance, surpassing even models that utilize larger



Method Backbone #Trainable Pre-Train Data MiniVal Valv1.0
Params AP AP./AP./AP; AP AP,/AP./AP;
MDETR' (Kamath et al. 2021) RN101 186M GoldG+,RefC 24.2 20.9/24.9/24.3 - -/-1-
Mask R-CNNT (Kamath et al. 2021) RN101 69M - 33.3 26.3/34.0/33.9 - -/-/-
GLIP-T (B) (Li et al. 2022a) Swin-T  232M 0365 17.8 13.5/12.8/22.2 11.3 4.2/7.6/18.6
GLIP-T (C) (Li et al. 2022a) Swin-T 232M 0365,GoldG 249 17.7/19.5/31.0 16.5 7.5/11.6/26.1
GLIP-T (Li et al. 2022a) Swin-T ~ 232M  0365,GoldG,Cap4M  26.0 20.8/21.4/31.0 17.2 10.1/12.5/25.5
GLIPV2-T (Zhang et al. 2022a) Swin-T 232M 0365,GoldG,Cap4M  29.0 -/-/- - -/-/-
DetCLIP-T (A) (Yao et al. 2022) Swin-T - 0365 28.8 26.0/28.0/30.0 22.1 18.4/20.1/26.0
DetCLIP-T (B) (Yao et al. 2022) Swin-T - 0365,GoldG 34.4 26.9/33.9/36.3 27.2 21.9/25.5/31.5
DetCLIP-T (Yao et al. 2022) Swin-T - 0365,GoldG,YFCCIM 359 33.2/35.7/36.4 28.4 25.0/27.0/31.6
DetCLIPv2-T (Yao et al. 2023) Swin-T - 0365 28.6 24.2/27.1/30.6 - -/-/-
DetCLIPv2-T (Yao et al. 2023) Swin-T - 0365,CC3M 31.3 29.4/31.7/31.3 - -/-/-
DetCLIPv2-T (Yao et al. 2023) Swin-T - 0365,GoldG,CC3M  38.4 36.7/37.9/39.1 - -/-/-
G-DINO-T (Liu et al. 2023) Swin-T 172M 0365,GoldG 25.6 14.4/19.6/32.2 - -/-/-
G-DINO-T (Liu et al. 2023) Swin-T 172M  0365,GoldG,Cap4M  27.4 18.1/23.3/32.7 - -/-/-
Sambor* (Ours) ViT-B 160M 0365 33.1 29.6/32.0/34.7 26.3 20.9/24.4/30.9
Sambor* (Ours) ViT-B 160M 0365,GoldG 39.6 34.6/39.3/40.7 32.8 30.9/31.0/35.7

Table 2: Zero-shot object detection performance on LVIS benchmark. AP,., AP, and AP indicate the AP values for rare,
common, and frequent categories, respectively. * denotes the application of Open-set RPN. Tdenotes supervised approaches.

Method Pre-Train Data MiniVal Valv1.0
AP AP,./AP./AP; AP
X-Decoder (T) COCO,C4M* - -1-1- 9.6
OpenSeeD (T)  0365,COCO - -/-1- 19.4
OpenSeeD (L)  0365,COCO - -/-1/- 21.0
Sambor* (Ours) 0365 27.627.3/27.5/27.7 21.7
Sambor* (Ours) 0365,GoldG 35.7 31.4/37.1/35.3 29.4

Table 3: Zero-shot instance segmentation performance
on LVIS benchmark. AP,., AP, and AP; indicate the AP
values for rare, common, and frequent categories, respec-
tively. * includes Conceptual Captions (Sharma et al. 2018),
SBU Captions (Vicente et al. 2016), Visual Genome (Kr-
ishna et al. 2017), and COCO Captions (Chen et al. 2015).
* denotes the application of Open-set RPN.

datasets. We additionally report the zero-shot instance seg-
mentation performance, which is effortlessly achievable by
feeding the detection outputs into the SAM head. Notably,
in comparison to other models, Sambor has a lower count of
trainable parameters. This is attributed to the fact that, aside
from SideFormer and the detection head, the parameters of
the remaining components are frozen.

LVIS Benchmark (Gupta, Dollar, and Girshick 2019) con-
tains 1,203 categories, including numerous rare categories
that are seldom encountered in pre-training datasets. We re-
port the Fixed AP (Dave et al. 2021) on both the Mini-
Val (Kamath et al. 2021) subset, comprising 5,000 images,
and the complete validation set v1.0.
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The zero-shot transfer performance on LVIS is presented
in Table 2. Here, we also report the performance with
and without the use of Open-set RPN, revealing an im-
provement of 0.4 AP when employed. Under comparable
volumes of training data, Sambor outperforms competitors
by a large margin. Specifically, in the scenario of train-
ing solely on O365 and evaluating on LVIS MiniVal, our
model outperforms GLIP by 15.3 AP, and surpasses Det-
CLIP/DetCLIPv2 by 4.3/4.5 AP, respectively. The advan-
tage is similarly pronounced when compared to G-DINO.
Further, we incorporate the phrase grounding dataset GoldG
to facilitate the generalization of Sambor. Instead of training
from scratch, we fine-tune the 0365 pre-trained model for 3
epochs while keeping other settings consistent. Evidently,
Sambor exhibits enhanced zero-shot transfer performance
across all categories. It surpasses even the results achieved
with larger datasets compared to previous methods. More-
over, we present the zero-shot instance segmentation perfor-
mance in Table 3, where the mask results are generated by
prompting the detection boxes to the SAM head. Compared
to X-Decoder (Zou et al. 2023a) and OpenSeeD (Zhang et al.
2023b), our Sambor exhibits superior performance, indicat-
ing its robust zero-shot generalization.

5.3 Ablation Studies

We conduct a series of ablation studies on Sambor, training
with default settings on 0365 unless specified otherwise.

Effectiveness of SideFormer. Table 4 validates the effec-
tiveness of our designed SideFormer on COCO and LVIS.
The Sambor baseline represents directly connecting the ViT-
Det to the SAM image encoder. We first incorporate the



COCO val
AP APs5y APr5

LVIS MiniVal

Strat
Talegy AP AP, AP, AP,

Sambor baseline  39.0 54.7 42.5 27.7 21.5 26.5 29.9
+ SAM Extractor 42.4 58.7 46.2 29.0 25.2 27.5 31.0
+ CLIP Injector  47.3 64.7 51.3 32.7 29.5 32.1 33.9

Table 4: Ablation studies on the components in Side-
Former. The combination of SAM Extractor and CLIP In-
jector shows the best performance.

Strate COCO val LVIS MiniVal
24 AR@1000 AP  AR@1000 AP
Vanilla RPN 65.4 473 491 327

Open-set RPN # 67.5 (+2.1) 46.7 (-0.6) 54.8 (+5.7) 29.3 (-3.4)
Open-set RPN 67.5 (+2.1) 48.6 (+1.3) 54.8 (+5.7) 33.1 (+0.4)

Table 5: Ablation studies on Open-set RPN. Without
further fine-tuning using additional region proposals from
Open-set RPN (denoted as ), the improvement in proposal
quality (AR@1000) brought by Open-set RPN cannot be
directly translated to an increase in detection performance
(AP). Fine-tuning serves as a remedy for this discrepancy,
yielding superior results.

SAM Extractor to obtain multi-level features and perform
fine-tuning. To further enhance the model’s recognition ca-
pability, we introduce the CLIP Injector to improve seman-
tic representation, achieving optimal performance. Further-
more, we utilize region-word alignment for open-vocabulary
classification, but there is a noticeable domain gap between
CLIP text features and region features. Consequently, incor-
porating CLIP visual features effectively bridges this gap
and provides benefits for Sambor.
Effectiveness of Open-set RPN. As elaborated in Sec. 4.2,
the automatic mask generation pipeline of SAM allows
for producing a number of high-quality open-set proposals,
serving as a valuable complement to the vanilla RPN. We
use a 32x32 grid of points to generate open-set proposals,
with a post-processing NMS threshold set to 0.7. Table 5 il-
lustrates the average recall (AR@1000) for proposals, and it
is evident that incorporating these open-set proposals signif-
icantly improves AR. However, the improved quality of re-
gion proposals does not manifest as superior detection per-
formance; instead, there has been a decline. We posit that
this is attributed to the detection head in the second stage
not being exposed to the additional region proposals during
training, hindering the ability to process them effectively.
To address this issue, we conduct a minor-scale fine-
tuning adopting the Open-set RPN, i.e., incorporating these
open-set proposals during training. Specifically, with con-
siderations for training efficiency, we use a 32x32 grid of
points to fine-tune for 1 epoch on approximately one-fifth
of the O365 dataset. Maintaining all other hyper-parameters
constant, employing a reduced learning rate of 4x 1075 con-
tributes to the efficacy of fine-tuning. It effectively eradi-
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Proposal AR@1000 AP APsy AP7s AP, AP, AP,
only RPN 65.4 473 64.7 51.3 33.5 53.2 614
only SAM 59.4 46.8 63.3 51.1 29.8 52.2 65.0
Open-set RPN 67.5 48.6 66.1 52.7 33.5 53.2 64.2

Table 6: Ablation studies on region proposal sources for
COCO 2017val. Using region proposals only from SAM ex-
hibits a noticeable performance gap, particularly for small
objects. Open-set RPN can effectively combine two sets of
proposals, thereby achieving optimal performance.

cates inconsistencies in results, leading to superior perfor-
mance for the Open-set RPN. Compared to the vanilla RPN,
there is an improvement of 1.3 AP on COCO and 0.4 AP
on LVIS. Unless specified otherwise, the Open-set RPN de-
scribed elsewhere in this paper is fine-tuned.

Region Proposal Sources. After establishing the effective-
ness of the Open-set RPN, a relevant question arises: What
would be the impact if we solely rely on object proposals
from SAM? We conduct ablation studies on the model fine-
tuned with Open-set RPN. The evaluations include perfor-
mance using proposals only from RPN, proposals only from
the SAM head, and a combination of both sets, as shown
in Table 6. Only RPN performance remains consistent com-
pared to before fine-tuning (first row in Table 5). This con-
firms that the performance improvement in Open-set RPN
is attributed to the supplementary proposals rather than the
fine-tuning impact on RPN. To ensure an adequate quantity
when relying solely on proposals from the SAM head, we in-
crease the density of grid points to 64 x64 and set the NMS
threshold to 0.95. There is a noticeable decrease in detection
performance, especially for small objects. The difficulty of
precisely targeting small objects with sampling points con-
tributes to the inability to recall them, aligning with the re-
sults shown in Kirillov et al. (2023). Moreover, continuously
increasing the density is impractical as it introduces unbear-
able computational and time consumption. Hence, the inte-
gration of the trainable RPN is crucial. The Open-set RPN
effectively combines the two sets of region proposals in a
complementary fashion, achieving optimal performance.

5.4 Analyses

Open-Vocabulary Object Detector Built upon SAM. The
release of SAM has generated significant interest within the
community, leading to the development of numerous deriva-
tive models. Instead of merely combining with SAM in a
cascade manner, our Sambor seamlessly integrates SAM
with an open-vocabulary detector into a unified end-to-end
framework. This not only enables feature sharing but also
facilitates the efficiency of interactive operations within the
system. The advantages of Sambor are evident in the mu-
tually beneficial relationship between SAM and the open-
vocabulary object detector. (1) SAM provides the detector
with powerful generalization features, yielding competitive
zero-shot performance after semantic information supple-
mentation. Moreover, the Open-set RPN leveraging propos-
als generated by SAM further enhances the object recall in



Vanilla RPN

Open-set RPN

Figure 4: Visualization comparison between Open-set RPN and the vanilla RPN. For clarity, we only display high-quality
proposals with an IoU greater than 0.7 with the ground truth boxes. In the first two examples, the vanilla RPN fails to generate
proposals meeting this criterion; thus, we show the one with the highest loU.

shoe, tree, ball, faucet, flower, frame, plant, towel, , railing, skateboard, helmet,

Concepts jersey, pants, shirt door, shower curtain, window, shower-head street lamp, , jeans hand, sneaker, , knee pads

Figure 5: Visualization of Sambor for open-vocabulary object detection and instance segmentation. For better mask visual
effects, we adopt HQ-SAM (Ke et al. 2023) as the mask decoder.

open-world scenarios. (2) The open-vocabulary object de- the open-vocabulary object detector supplements SAM with
tector endows SAM to recognize arbitrary objects. Conse- the lacking classification capability, thus empowering it
quently, when utilizing functionalities from SAM, e.g., inter- to extend beyond segmenting anything to recognizing ar-
active prompts, the detector can predict the categories while bitrary categories. Experiments demonstrate the superior
outputting segmentation results. This facilitates a more ef- open-vocabulary performance of Sambor and the contribu-
fortless and accurate acquisition of the desired targets. tions of the proposed modules. We aim for this effort to be
Visualization of Open-set RPN. The comparison of object an effective attempt, equipping SAM with recognition ca-
proposals between the Open-set RPN and the vanilla RPN pabilities to address a wider array of application needs and
is illustrated in Fig. 4. Thanks to incorporating more gener- offering a potential direction for open-vocabulary learning.
alized proposals, the Open-set RPN effectively compensates
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