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Abstract
Temporally locating objects with arbitrary class texts is the
primary pursuit of open-vocabulary Video Instance Segmen-
tation (VIS). Because of the insufficient vocabulary of video
data, previous methods leverage image-text pretraining model
for recognizing object instances by separately aligning each
frame with class texts. As a result, the separation breaks the
instance movement context of videos and requires a lot of in-
ference overhead. To tackle these issues, we propose Bridge-
Text Alignment (BTA) to link frame-level instance represen-
tations as a Brownian Bridge. On one hand, we can calcu-
late the global descriptor of a Brownian bridge for capturing
instance dynamics, which enables extra considering tempo-
ral information rather than only static information of each
frame for aligning with texts. On the other hand, according
to the goal-conditioned property of Brownian bridge, we can
estimate the middle frame features via the start and the end
frame features so the global feature calculation of a Brownian
bridge only needs to infer a few frames, which largely reduces
inference overhead. We term our overall pipeline as BriVIS.
Following training settings of previous works, BriVIS sur-
passes the SOTA (OV2Seg) by a clear margin. For exam-
ple, on the challenging large-vocabulary datasets (BURST,
LVVIS), BriVIS achieves 5.7 and 20.9 mAP, which exhibits
+2.2∼+6.7 mAP improvement compared to OV2Seg. Fur-
thermore, after training via BTA, using only the head and the
tail frames for alignment improves the speed by 32% (2.77
→ 1.88 s/iter) while just decreasing the performance by 0.2
mAP (21.1 → 20.9 mAP).

Introduction
Video Instance Segmentation (VIS) aims to classify,
segment, and track all object instances in the input
videos (Yang, Fan, and Xu 2019). Based on the VIS
task, the Open-Vocabulary Video Instance Segmenta-
tion (OVVIS) (Wang et al. 2023; Guo et al. 2023) aims to
recognize any object categories for adapting real-world ap-
plication scenarios. The development of image-text Vision-
Language Pretraining (VLP) models (Radford et al. 2021;
Jia et al. 2021; Yu et al. 2022; Yuan et al. 2021; Li et al.
2022a,b; Sun et al. 2023) largely boosts image-level open-
vocabulary tasks (Gu et al. 2021; Huynh et al. 2022; Xu et al.
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Figure 1: The mechanical difference between (a) frame-
text and (b) bridge-text (ours) alignment. Previous methods
recognize instances by integrating frame-text alignment re-
sults. Our method links frame-level instance features as a
Brownian bridge and aligns the bridge descriptor to class
texts, which can consider instance movement information
when recognizing video instances. Yellow circles, Green
circles, and Diamond denote frame-level instance features,
class text features, and bridge descriptor.

2022), attracting researchers to adapt image-text VLPs for
open-vocabulary video tasks. Albeit directly constructing
video-text VLP models can also advance open-vocabulary
video tasks, it is not economical due to the expense of large-
scale video-text pairs collection and annotation. Therefore,
previous OVVIS models tend to leverage image-text VLP
models for achieving open-vocabulary recognition.

To fit the image-text pretraining models’ input modality,
initial efforts (Wang et al. 2023; Guo et al. 2023) of OVVIS
propose to depart video into frames and calculate instance-
text alignment score frame by frame (Fig. 1a). Nevertheless,
lacking the temporal modeling ability between frames, VLP
models ignore how instance features evolve when aligning
class text and instance features in a single frame. This re-
sults in suboptimal video instance recognition because the
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spatial-temporal context information contained in the video
dynamics has been broadly demonstrated to be significant
for instance semantic description (Tu et al. 2017; Ding et al.
2022; Hui et al. 2023). Moreover, frame-by-frame alignment
between video and text has to infer a large number of frames,
which requires a large amount of computation overhead. To
solve these problems, we try to analyze instance movement
and find that it contains a strong causal dependency during
the process, i.e., the middle instance state can be easily in-
ferred by observing the change between the start and end
instance states. This agrees with the goal-conditioned prop-
erty of the Brownian bridge and supports us to model the
instance movement as a Brownian bridge. With the goal-
conditioned property, the average of instance features on the
start frame and the end frame, i.e., the bridge center, can
serve as the descriptor of this Brownian bridge for roughly
representing the whole instance movement. Therefore, when
we align the bridge center to class texts, we can extra con-
sider temporal information rather than only static informa-
tion of each frame. Furthermore, because we only need to in-
fer the start frame and the end frame, the computation over-
head is largely reduced.

Specifically, we propose Bridge-Text Alignment (BTA).
Its conception is illustrated in Fig. 1b. The calculation flow
of BTA contains three steps. Firstly, we constrain the Brow-
nian bridge width by adopting hinge loss to modulate the
distance between the head and tail instance features. Sec-
ondly, we derive a bridge-based contrastive objective to
pull the middle frame features to follow the bridge dis-
tribution and push the middle frame features of other in-
stances away. Finally, we adopt a contrastive objective to
guide the bridge center close to the corresponding class text
and away from irrelevant class texts. In total, we term our
OVVIS scheme as BriVIS. Following previous work (Guo
et al. 2023), we use Youtube-VIS 2019 (Yang, Fan, and
Xu 2019) and COCO (Lin et al. 2014) as the training
set. During the evaluation phase, we set large-vocabulary
VIS datasets (BURST (Athar et al. 2023), LV-VIS (Wang
et al. 2023)) as our benchmark. Our method achieves 5.7
mAP and 20.9 mAP on BURST and LVVIS, which is +2.2
mAP and +6.7 mAP better than previous state-of-the-art
OV2Seg (Wang et al. 2023). This justifies that our Brow-
nian bridge modeling provides more precise alignment with
texts. Furthermore, we find that using only the first and the
end frames of an instance for alignment improves the BriVIS
inference speed by 32% (2.77 → 1.88 s/iter) while just de-
creasing the BriVIS performance by 0.2 mAP (21.1 → 20.9
mAP), which demonstrates that the goal-conditioned prop-
erty can help OVVIS model reduce inference cost.

Related Work
Video Instance Segmentation
VIS is a comprehensive video recognition task, aims to
segment, which aims to track, and classify all objects in
videos (Yang, Fan, and Xu 2019). Numerous early endeav-
ors provide their designs for accomplishing this task, e.g.,
one-stage methods (Han et al. 2022) and two-stage meth-
ods (Yang, Fan, and Xu 2019), but Transformer-based VIS

methods gradually become the mainstream route because
the attention architecture significantly improves the perfor-
mance and the query-oriented design provides an elegant in-
stance representation. VisTR (Wang et al. 2021) designs an
end-to-end baseline to track the identical object across video
via a simple instance query, which is the first attempt to ex-
tend DETR (Carion et al. 2020) to the VIS task. Follow-up
works develop in two directions: online and offline. The on-
line route departs video into frames or clips to process and
focuses on how to link objects spanning the adjacent video
frames or clips (Huang, Yu, and Anandkumar 2022; Heo
et al. 2023; Zhang et al. 2023b). For example, MinVIS as-
sociates objects by using Hungarian algorithm (Kuhn 1955)
to match queries between two adjacent frames. The offline
route sets the whole video as a spatial-temporal volume to
process and focuses on designing efficient and effective tem-
poral interaction (Cheng et al. 2021; Heo et al. 2022; Li et al.
2023), e.g., IFC (Hwang et al. 2021) designs memory tokens
while Seqformer (Wu et al. 2022a) proposes frame query de-
composition. Although the offline route achieves more no-
table performance, the online route is more efficient, espe-
cially for long videos.

Open-Vocabulary Segmentation
Open-vocabulary image segmentation explores how to rec-
ognize any categories at pixel level. Earlier works (Zhao
et al. 2017; Xian et al. 2019; Bucher et al. 2019) attempt
to build a pixel-text alignment space by learning to align
pixel embedding to word embeddings (Mikolov et al. 2013;
Miller 1995) of class texts. With the rise of VLP mod-
els (Jia et al. 2021; Yu et al. 2022; Yuan et al. 2021; Li
et al. 2022a,b; Sun et al. 2023) represented by CLIP (Rad-
ford et al. 2021), recent research focus shifts to explore how
to adapt their superior image-level open-vocabulary ability
to pixel-level. Part of the works (Ghiasi et al. 2022; Liang
et al. 2023; Zhou, Loy, and Dai 2022) proposes to directly
finetune or distill VLP for remedying this granularity gap,
which requires vast segmentation data. Another part of the
works (Zheng Ding 2023; Han et al. 2023) explore to reuse
the original image-text alignment space of VLP. For exam-
ple, SimpleBaseline (Xu et al. 2022) proposes to recognize
image crops by a frozen CLIP, and SideAdapter (Xu et al.
2023) predicts attention biases to modulate self-attention of
CLIP for mask-guided image-text alignment. In this paper,
we mainly refer to the design philosophy of the latter part
of open-vocabulary segmentation works and explore how to
adapt VLP for spatial-temporal segmentation tasks.

Brownian Bridge Modeling
Brownian bridge (Revuz and Yor 2013) is a goal-goal-
conditioned Gaussian stochastic process B(t) whose proba-
bility distribution of each time step follows a Gaussian dis-
tribution and is conditioned by start state z0 at t = 0 and end
state zT at t = T :

B(t) = N ((1− t

T
)z0 +

t

T
zT ,

t(T − t)

T
), (1)

where zt, t ∈ [0, T ] is the middle state of the bridge. In Eq. 1,
we can find that zt is approximately the noisy linear inter-
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Figure 2: The overall pipeline of our BriVIS. Our main designs are BTA. It is used to link instances spanning different frames
as a Brownian bridge and align them and text at bridge granularity.

polation of z0 and zT modulated by the time variable. The
uncertainty gradually decreases to the lowest at the start or
end side and increases to the highest at the center point.

Brownian bridge is a promising tool for modeling
process-oriented problems. TC (Wang et al. 2022) proposed
to generate text in a latent space with Brownian bridge dy-
namics. In this way, the middle text can follow local co-
herence and be modulated by start and end context, which
is the pilot work to leverage the goal-conditioned nature of
the Brownian bridge. Subsequently, the Brownian bridge is
further explored in fine-grained video self-supervised learn-
ing (Zhang et al. 2023a) and dialogue generation (Wang,
Lin, and Li 2023). In our work, the Brownian bridge is
adopted to model temporal information based on frame-level
instance features, which improves the alignment between the
instance and the class text in the image-text semantic space
when recognizing instances in videos.

Methods
Overall Pipeline
To provide a concrete and vivid description of our architec-
ture, we illustrate our overall pipeline in Fig. 2.
Open-vocabulary Instance Segmentor. We choose
Mask2Former (Cheng et al. 2022) as our basic segmentor to
generate masks and queries for each frame. Mask2former
is comprised of three parts: image backbone, pixel de-
coder, and query decoder. ❶ The video is first departed
into frames for extracting backbone features {Fb1

t ∈
RH

8 ×W
8 ×d1 ,Fb2

t ∈ RH
16×

W
16×d2 ,Fb3

t ∈ RH
32×

W
32×d3},

where H , W , and d denote height, width, and feature
dimension, respectively. ❷ Then a pixel decoder gradually
integrates backbone features to generate high-quality multi-
scale pixel features. Several layer features of CLIP model,
meanwhile, are injected in three stages of pixel decoder to
enhance the open-vocabulary ability:

Foi
t = MSDefAttn(MLP(Fbi

t ) + MLP(Fci
t )), (2)

where MSDefAttn denotes multi-scale deformable trans-
former, Foi

t , Fbi
t , and Fci

t respectively denote the i-th
stage open-vocabulary, backbone, and CLIP features of t-
th frame. The shape of Fci

t is processed to align Fbi
t . The

spatial shape of Foi
t is equal to Fbi

t , but its dimension is
processed to d, e.g., Fo1

t ∈ RH
8 ×W

8 ×d. Moreover, pixel de-
coder also generates pixel embeddings Ep

t ∈ RH×W×d of
each frame. ❸ Subsequently, Foi

t is used to attend cross
attention of each transformer decoder layer in the query
decoder for acquiring instance queries Qt ∈ RN×d and
masks Mt ∈ {0, 1}N×H×W , where N denotes the number
of instances. The Qt is projected to instance embeddings
Et ∈ RN×d in CLIP space and calculates similarity with
category embeddings Ec ∈ RC×d for recognizing instances.

Projector. To retain the semantic space of VLP model
when projecting instance features, we refer to the design of
SideAdapter (Xu et al. 2023). We mainly choose CLIP (Rad-
ford et al. 2021) as the VLP model, which is frozen all
the time to avoid breaking its alignment space. At first, the
pixel embeddings are projected to bias embeddings Eb

t ∈
RS×H×W×d, where S denotes the number of attention
heads. Subsequently, the instance queries Qt are used to dot
product with the bias embeddings for getting attention bi-
ases Bt ∈ RN×S×H×W . We copy the original class token of
CLIP vision encoder and use the attention biases Bt to guide
the self-attention between the copied cls token and patch to-
kens in the last three CLIP layers. Finally, the copied cls to-
ken in CLIP vision output is the instance embeddings Et. As
for text projection, the category text set is directly projected
by the CLIP text encoder to category embeddings Ec.

Resampler. The detailed calculation workflow of this sim-
ple temporal module is shown in Fig. 3, and we mainly
refer to DVIS (Zhang et al. 2023b). The resampler is re-
peated L times for deep supervision. Before inputting Re-
sampler, we match queries between adjacent frames via
Hungarian algorithm (Kuhn 1955) for acquiring resorted
video instance queries Q ∈ RN×T×d and masks M ∈
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Figure 3: Resampler. The resampler serves as a lightweight
parameterized temporal module to learn linking frame-level
instance features as Brownian bridge. Resampler has L
times repetition during calculation.

{0, 1}N×T×H×W . Given resorted instance queries {Q̂1 ∈
RT×d, Q̂2, · · · , Q̂N}, we first input them into self-attention
to make instance queries interact with each other globally.
Then we input queries into 1-D convolution to aggregate lo-
cal information of multiple adjacent frames, where the ker-
nel size and stride of the convolution block are 5 and 1, re-
spectively. To avoid vanishing the global property, we add
a shortcut to replenish long-range context information from
self-attention. The enhanced instance queries are normed by
layernorm and are then processed by multiple linear layers.

Bridge-Text Alignment
BTA serves as a training mechanism and can be divided into
two steps: (1) Linking instance across multiple frames as
Brownian bridge; (2) Aligning instance Brownian bridge to
class text. In the former step, we design Head-Tail Match-
ing (Fig. 4a) for constraining bridge width between head
and tail and design Bridge Contrastive (Fig. 4a) for mold-
ing independent frame-level instance features to follow the
distribution of Brownian bridge. In the latter step, we de-
sign Bridge-Text Contrastive (Fig. 4b) for making instance
Brownian bridge align with correct class label text.

Formally, given multiple sampled frames of a video V =
{Is, Is+1, ..., Ie}, we construct data batch by randomly sam-
pling one frame as triplets {Is, It, Ie}, where 1 ≤ s < t <
e ≤ T . After the processing of the segmentor and resampler,
we can acquire B batches instance queries Q̂ ∈ RB×N×3×d

and flatten the batch dimension to Q̂ ∈ RB·N×3×d. Q̂
are then projected to instance embeddings Ê ∈ RB·N×3×d.
B ·N is set as batch dimension.
Head-Tail Matching. Extract head Ês and tail Êe instance
embeddings, we adopt a hinge loss to keep the distance be-
tween head and tail embeddings in a reasonable range:

Lhtm = max
(
0,∆− Ês · Êe

)
, (3)

= ReLU
(
∆− Ês · Êe

)
, (4)

where the embeddings is processed by ℓ2 normalize, ReLU
denotes rectified linear unit activation function, and ∆ de-
notes the bound value. We convert ReLU to its smooth ap-
proximation (Glorot, Bordes, and Bengio 2011) to acquiring
a gradient-friendly loss:

ReLU(z) = max(0, z) ≈ log(1 + ez). (5)
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Anchor (Dog)
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dog
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Figure 4: Bridge-Text Alignment. BTA serves as a training
mechanism and can be divided into two steps: (1) Linking
instances spanning multiple frames as a Brownian bridge;
(2) Aligning instance Brownian bridge to class text. The
first step is implemented via (a) Head-Tail Matching &
Bridge Contrastive losses. The second step is achieved by
(b) Bridge-Text Contrastive loss.

The final formula of matching loss is:

Lhtm = log
[
1 + e∆−Ês·Êe

]
(6)

Bridge Contrastive. The goal of this objective is to make
instance embeddings follow the Brownian bridge transition
density in Eq. 1, which is ensured via a contrastive objec-
tive inspired by (Wang et al. 2022; Zhang et al. 2023a).
Firstly, we define the contrastive distance measurement be-
tween middle states Êt and the target point in Brownian
bridge:

d(Êi
s, Êi

t , Êi
e) = − 1

2σ2

∥∥∥Êi
t − (1− β)Êi

s − βÊi
e

∥∥∥2
2
, (7)

where σ2 is the variance in Eq. 1: (t−s)(e−t)
(e−s) , β is equal

to t−s
e−s and i is the instance index at batch axis, i.e. i ∈

[0, B · N − 1]. Suppose that we set an instance embedding
as anchor Êa. To engrave the Brownian bridge of the an-
chor instance, the objective push away those negative middle
states {Êi

t |i ̸= a} which does not belong to anchor instance
and pull the middle state of anchor instance to close the inner
point of Brownian bridge. As described in previous works
about contrastive learning (Robinson et al. 2021), we should
pay more attention to pushing away those informative nega-
tive states so we introduce top-K strategy to selecting these
confusing middle state as negative set N :

N a = {Êj
t |j ∈ topK(d(Êa

s , Ê
j
t , Êa

e )), j ̸= a}, (8)

La
bc = −log

ed(Ê
a
s ,Ê

a
t ,Ê

a
e )

ed(Ê
a
s ,Êa

t ,Êa
e ) +

∑
Êj
t∈Na

ed(Ê
j
s ,Êj

t ,Ê
j
e)
, (9)

where K is regularly set to 5 in our experiments.
Bridge-Text Contrastive. To align the instance brownian
bridge to class text embeddings Ec, according to the goal-
conditioned nature, we represent instance via its Brownian
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Method Backbone Vocabulary
BURST LV-VIS

all common uncommon val test
Detic-O (Zhou et al. 2022) R50 L-1203 2.7 2.8 1.8 7.7 7.0

OV2Seg (Wang et al. 2023) R50 L-1203 3.7 3.9 2.4 14.2 11.4
OpenVIS (Guo et al. 2023) R50 C-80,Y-40 3.5 5.8 3.0 12.0 10.2

BriVIS R50 C-80,Y-40 5.7 ↑ 2.0 12.9 ↑ 7.1 4.0 ↑ 1.0 20.9 ↑ 6.7 15.2 ↑ 3.8

Detic-O (Zhou et al. 2022) SwinB L-1203 3.9 4.1 2.4 14.5 11.8
OV2Seg (Wang et al. 2023) SwinB L-1203 4.9 5.3 3.0 21.1 16.4
OpenVIS (Guo et al. 2023) SwinB C-80,Y-40 4.7 7.3 4.2 14.1 11.3

BriVIS SwinB C-80,Y-40 7.0 ↑ 2.1 14.6 ↑ 7.3 5.1 ↑ 0.9 22.1 ↑ 1.0 16.7 ↑ 0.3

Table 1: Main results on “Cross-dataset” evaluation protocol. Bold denotes the best performance. “Vocabulary” denotes the
training dataset. “L-1203” denotes the LVIS (Gupta, Dollar, and Girshick 2019) dataset with 1203 categories. “Y-40” denotes
the YouTube-VIS (Yang, Fan, and Xu 2019) dataset with 40 categories. “common” is a subset of the BURST (Athar et al.
2023) dataset consisting of 78 common object categories, while “uncommon” denotes another BURST subset composed of 404
uncommon object categories. “Detic-O” are Detic model (Zhou et al. 2022) with OWTB (Liu et al. 2022).

Method Backbone
BURST LV-VIS

base novel overall base novel overall
OpenVIS (Guo et al. 2023) R50 7.1 2.0 3.5 9.3 12.3 12.0

BriVIS R50 13.7 ↑ 6.6 2.8 ↑ 0.8 5.7 ↑ 2.2 22.2 ↑ 12.9 20.2 ↑ 7.9 20.9 ↑ 8.9

OpenVIS (Guo et al. 2023) SwinB 8.7 3.5 4.7 13.0 14.2 14.1
BriVIS SwinB 17.2 ↑ 8.5 3.7 ↑ 0.2 7.0 ↑ 2.3 22.3 ↑ 8.7 22.0 ↑ 7.8 22.1 ↑ 8.0

Table 2: Main results on “Base-Novel” evaluation protocol. Bold denotes the best performance. The results of OpenVIS and
BriVIS are corresponding to Tab. 1.

bridge center, i.e., the average of the head and tail instance
embeddings Ês,t,e = (Ês + Êe)/2. Then we adopt a con-
trastive objective to accomplish this alignment purpose:

Lbtc = −log
eÊs,t,e·Ec

pos∑
k∈C

eÊs,t,e·Ec
k

, (10)

where Ec
pos denotes the correct category of instance.

Overall Objective. Associating all of the losses above, we
acquire the overall objective of BTA:

Lbta =
1

B ·N

B·N∑
a=0

La
htm +La

bc +La
btc. (11)

Discussion about BTA and other contrastive objectives.
Previous contrastive objectives of VIS task try to pull the
same instance across frames closer in embedding space (e.g.,
IDOL (Wu et al. 2022b), CTVIS (Ying et al. 2023)), which
mainly aims at pursuing temporal consistency. However, this
operation will gradually compress the instance features of
different timestamps into one point. Although it can make
VIS model track instances better, the dynamic information
of instances is partially lost. The bridge contrastive of our
BTA tries to align the instance feature and the feature point
of the Brownian bridge at the same timestamp, which retains
the temporal evolution of instance features for better cap-
turing instance movement information. Therefore, our BTA

can better process instances with rich temporal context than
previous contrastive objectives. Moreover, since the middle
instance features of the Brownian bridge are restricted be-
tween the start and the end state, previous contrastive objec-
tives are a special case of our bridge contrastive when the
distance between the start and end state is 0.

Experiments
Experiment Settings
Implementation Details. We select the mean Average Pre-
cision (mAP) from (Yang, Fan, and Xu 2019) as our eval-
uation metric. According to previous OVVIS works (e.g.,
OpenVIS (Guo et al. 2023)), we set Youtube-VIS 2019
and COCO (Lin et al. 2014) as our training dataset (101
categories). Following the Mask2former-VIS (Cheng et al.
2021), We resize the shorter side to either 360 or 480 and
adopt a random horizontal flip strategy. To reduce train-
ing costs, we adopt two-stage training strategies. In the first
stage, we randomly sample frames from departed videos and
mix them with image data for training an open-vocabulary
instance segmentor. The number of sampled frames T is
set to 1. We train the open-vocabulary instance segmen-
tation for 6k iterations with a batch size of 16 in this
stage. Furthermore, we initial the model with the weights of
Mask2Former (Cheng et al. 2022) pretrained on COCO (Lin
et al. 2014) instance segmentation dataset. In the second
stage, we train the whole model on coherent clips. To take
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Figure 5: Comparison of OVVIS performance on slow and
fast moving instances. Fast moving instances require model
to have better temporal modeling ability. The overall mAP
of them are 19.8, 20.1, 20.5, 20.9, respectively.

full advantage of image data, we generate pseudo clips via
deforming images and mix them with normal clips. We sam-
ple T = 5 frames from videos and train models for 6k it-
erations with a batch size of 16. AdamW (Loshchilov and
Hutter 2019) is adopted as our optimizer, and the learning
rate is set to 1e-4, which is scaled by a decay factor of 0.1
at the 5k iterations of two training stages. The number of
queries N is set to 100. The bound value ∆ is set to 0.5
by default. We adopt the “ViT-B/16”/“ViT-L/14” CLIP for
those models with R50/Swin-Base backbone. When acquir-
ing the class embedding, we input text in CLIP with prompt
templates, e.g., ”a photo of {category}” and ensemble 14
text prompt templates from ViLD (Gu et al. 2022).
Cross-Dataset Evaluation. We mainly refer to the chal-
lenge “Cross-Dataset” setting from image-level open-
vocabulary segmentation (Xu et al. 2022). In this setting,
the OVVIS model is trained on one dataset and evaluated
on another dataset without any adapting. In this protocol,
the mAP on all categories of BURST (482 categories) and
LVVIS (1196 categories) are adopted as evaluation results.
Base-Novel Evaluation. In this protocol, we first split the
categories of BURST and LVVIS into base part and novel
part according to the CLIP similarity between class texts of
evaluation and training dataset. BURST has 95 base cate-
gories and 387 novel categories. LVVIS has 124 base cat-
egories and 1072 novel categories. Afterward, we respec-
tively calculate the mAP on base categories and novel cate-
gories as evaluation results.

Quantitative Analysis
Main Results. In Tab. 1, and Tab. 2 we compare our
BriVIS to previous representative OVVIS methods. As for
the “Cross-dataset” evaluation protocol, compared to previ-
ous OVVIS SOTA, our method exhibits 54.1% performance
improvement on the challenge large-vocabulary BURST
VIS dataset (5.7 vs. 3.7 mAP) and also achieves superior
performance on LVVIS dataset, e.g., BriVIS achieves 6.7
mAP improvement compared to OV2Seg. As for the “Base-
novel” evaluation protocol, compared to OpenVIS, we ob-
tain obviously better performance, especially for the novel
part of LVVIS where we improve OpenVIS from 12.3 to
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Figure 6: Classification Entropy Distribution. The entropy
is calculated based on alignment scores between videos and
class texts. If the learned representation has lower entropy, it
denotes it is a more precise semantic descriptor.

Frames Lbta BURST
all

LV-VIS
val

Speed
(s/iter)

all 4.4 19.8

all ✔ 5.7 ↑ 1.3 21.1 ↑ 1.3
2.77

head-tail 3.8 17.0

head-tail ✔ 5.7 ↑ 1.9 20.9 ↑ 3.9
1.88 ↓ 0.89

Table 3: Ablation Study of our core designs (BTA).
“Frames” denotes the frame extraction scheme. “all” de-
notes using all of the video frames for aligning with texts.
“head-tail” denotes classifying the video instance by only
the first frame and the last frame when this instance appears.

20.2 mAP. Furthermore, on the larger visual backbone (e.g.,
Swin-Base), our method is still capable of surprising im-
provements, which further demonstrates the superior open-
vocabulary ability of our method.
Ablation Study. To check the effectiveness of our proposed
BTA, we ablate this module from BriVIS in Tab. 3. The
BTA can guide instance queries spanning video to follow
the Brownian bridge for enhancing temporal learning, which
improves baselines by 1.3 mAP on LVVIS and 1.3 mAP
on BURST. Moreover, to verify the significance of BTA
for reducing inference cost, we attempt a low-cost inference
scheme, i.e., “head-tail” frame settings, which denotes clas-
sifying the video instance by only the first frame and the
last frame when this instance appears. Training w/o Lbta

will sharply decrease by 2.8 mAP compared to “all” frame
settings (19.8 vs 17.0). However, training w/ Lbta only de-
crease 0.2 mAP (21.1 vs 20.9) and reduce 32% cost (2.77 →
1.88 s/iter), which demonstrates the significance.
Comparison between BTA and other contrastive meth-
ods. We first evaluate the overall performance of BTA and
other contrastive methods on our baseline. As shown in
Fig. 5, our BTA achieves the best open-vocabulary per-
formance, which shows our method is more effective for
OVVIS. Afterward, we analyze the semantic precision of
different alignment methods via classification entropy of
alignment score. As shown in Fig. 6, we plot the clas-
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Inference Categories: { Person, Surfboard } Easy cases

Inference Categories: { Motocycle } Hard Cases (Fast-moving Instances)

Inference Categories: { Person,  Ladle } Hard Cases (Strange Vocabulary)

Figure 7: Qualitative results of different cases. We select easy cases in normal scenarios, hard cases in fast-moving instance
video scenarios, and hard cases in strange vocabulary scenarios to verify the effectiveness of ours.

sification entropy distribution of Baseline (vanilla train-
ing), IDOL, CTVIS, and BriVIS. BTA provides lower en-
tropy than CTVIS, IDOL, and baseline, which means the
learning mode of BTA can better help OVVIS model ex-
tract discriminative features. Finally, to evaluate the tempo-
ral modeling capabilities, we categorize instances into fast-
moving instances with rich temporal information and slow-
moving instances with almost no temporal information by
statistically measuring the distance moved by the bounding
boxes. As shown in Fig. 5, BTA delivers mediocre perfor-
mance on slow-moving instances and superior performance
on fast-moving instances, which proves that our method has
stronger temporal modeling capabilities and is consistent
with the conclusion of discussions in Section Bridge-Text
Alignment. According to three experiments above, we con-
clude that BTA is a contrastive objective that enables OVVIS
model to learn more informative patterns, especially for tem-
poral patterns. As a result, it allows the OVVIS model to
better handle instances with rich temporal information.

Qualitative Analysis
As described in Section Quantitative Analysis, the method
with bridge-text alignment (BriVIS) is more capable of
processing fast-moving video instances (Fig. 5) and pro-
vides more robust alignment between video instances and
class texts (Fig. 6) than baseline. To qualitatively verify
this point, we select some easy and hard cases to illustrate
the temporal segmentation performance. The green part of
Fig. 7 shows that our method generates high-quality spatial-
temporal masks under regular easy cases. The yellow part
of Fig. 7 shows that our method can precisely process fast-
moving video instances, which justifies the temporal mod-

eling ability of our BTA. The red part of Fig. 7 shows that
our method can recognize long-tail categories, which justi-
fies the robust and precise alignment between bridge repre-
sentation and text representation.

Conclusion
In this paper, we propose BriVIS to support consider-
ing instance movement context when using the image-text
pretraining model to perform open-vocabulary recognition.
Specifically, the BriVIS links independent frame-level in-
stance features as Brownian bridge and aligns the bridge
with text in image-text pretraining space for classifying in-
stances at bridge level. The key of our method is to sub-
limate the granularity of instance descriptor from frame to
bridge. Bridge-level instance representation is able to carry
more context information, especially for instance movement
context. Therefore, our method not only can better process
fast-moving instances which require better temporal model-
ing, but also exhibits a more robust and precise alignment
between instance and class texts. In addition, because of
the goal-conditioned property of Brownian bridge modeling,
our method only needs to infer a few frames to achieve the
comparable performance as inferring all frames.
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