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Abstract

Traditional video instance segmentation (VIS) models rely
on extensive per-frame video annotations, which are both
time-consuming and costly. In this paper, we present Min-
MaxVIS, a novel VIS framework that reduces the depen-
dency on fully labeled video datasets by utilizing a small
set of labeled images from the target domain along with a
large volume of general-domain, unlabeled images. Min-
MaxVIS operates in three stages: first, a preliminary seg-
mentation model is trained on the small labeled set from
the target domain; this model then retrieves relevant in-
stances from the unlabeled dataset to build a high-quality
pseudo-labeled set, ensuring a rich content alignment with
the target domain while avoiding the inefficiencies of large-
scale semi-supervised learning across the entire unlabeled
set. Finally, we train MinMaxVIS on a combination of la-
beled and pseudo-labeled data, addressing challenges such
as noise in pseudo-labels and instance association across
frames. To simulate object continuity, we augment static
images to create paired frames, allowing MinMaxVIS to
capture instance associations effectively. MinMaxVIS out-
performs the prior image-driven approach, MinVIS, achiev-
ing superior mAP scores with significantly reduced labeled
data. For instance, MinMaxVIS with a Swin-L backbone at-
tains 62.2 mAP on YouTube-VIS 2019 using only 2% labeled
data and additional unlabeled images from SA-1B. This sur-
passes MinVIS, which uses the same backbone trained on
fully labeled YouTube-VIS 2019, by 0.6 mAP.

1. Introduction
The objective of video instance segmentation (VIS) is to
identify, segment, and consistently track each unique ob-
ject instance across frames in a video sequence. Traditional
VIS methods [18, 20, 21, 25, 40] primarily rely on fully
labeled video datasets, where each frame requires segmen-

*Equal contribution.
†Corresponding author.

(a) Traditional video-based VIS training.

(b) MinMaxVIS image-based training.
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Figure 1. (a) Traditional VIS models rely on fully labeled video
frames with instance association across frames, demanding exten-
sive manual annotations. (b) MinMaxVIS enables effective video
instance segmentation using only a small set of labeled target-
domain images and a vast amount of unlabeled general-domain
images, significantly reducing annotation costs while maximizing
data efficiency.

tation labels, class labels, and association labels that link
instances across frames. This approach, while effective,
demands extensive labeling, which is both time-consuming
and costly, especially for high-quality datasets with detailed
annotations.

In this paper, we introduce a novel VIS framework
that reduces dependency on fully labeled video data. As
shown in Figure 1, instead of relying on labeled video se-
quences, our approach, MinMaxVIS, requires only a mini-
mal amount of labeled images from the target domain and
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leverages a large quantity of general-domain, unlabeled
internet images. For instance, we utilize merely around
1,200 labeled images from the YouTube-VIS 2019 bench-
mark [45]—representing only 2% of all frames—alongside
2.8 million unlabeled images from the SA-1B dataset [23].
This setup eliminates the need for fully labeled video data
and addresses the high cost of annotations. The name “Min-
MaxVIS” reflects our goal: to minimize the use of labeled
images and maximize the utility of unlabeled data.

The training process of MinMaxVIS consists of three
stages. First, we train a preliminary segmentation model
on the small labeled set from the target domain. This model
then serves as a retrieval tool to identify relevant instances
from the vast, unlabeled set of general-domain images, fo-
cusing on high-precision retrieval to build a pseudo-labeled
dataset, with each pseudo-label generated by the prelimi-
nary model. This retrieval stage is crucial in our frame-
work, as the unlabeled set contains millions of images, most
of which do not include instances relevant to the target do-
main. Performing semi-supervised learning [16, 34, 43, 44]
directly on this vast dataset would be computationally costly
and inefficient. Instead, by using the preliminary model to
selectively retrieve only the most relevant images, we min-
imize data redundancy and ensure that the pseudo-labeled
set is rich in domain-specific content. Finally, we train
MinMaxVIS on a combination of the small labeled image
set and the expansive pseudo-labeled set, achieving a robust
model with minimal manual annotation.

Our approach addresses two primary challenges inher-
ent to this VIS framework: noise in the pseudo-labeled
data and the need of instance association when train-
ing on static image data, in contrast to classical video
datasets [29, 45, 46], which typically provide instance as-
sociation labels across frames. Pseudo-labeled images may
contain false negatives—instances of target categories that
are not recalled—resulting in noisy labels. To mitigate this,
we introduce a selective gradient backpropagation tech-
nique. This technique ensures that only foreground queries
and high-confidence background queries contribute to net-
work training, while gradients from low-confidence back-
ground queries, which can be either true negatives (i.e.,
backgrounds) or false negatives (i.e., missed foreground in-
stances), are detached, thereby reducing the impact of la-
bel noise. The second challenge, instance association, is
critical as VIS requires linking the same object instance
across frames. Since our training is conducted on static im-
ages rather than videos, we simulate video data by creating
paired images through augmentations. This pairing allows
us to associate the same object across frames by maximizing
feature similarity for corresponding instances and minimiz-
ing it for non-matching instances.

Previous work by MinVIS [18] has shown that VIS mod-
els can be trained effectively on static images. We build

upon MinVIS [18], enhancing segmentation robustness on
image datasets while minimizing reliance on labeled data
and efficiently utilizing extensive unlabeled data. Our ap-
proach, MinMaxVIS, outperforms MinVIS [18], which re-
lies on 100% labeled data, by leveraging only 2%-10% la-
beled data alongside a large pool of unlabeled data, across
benchmarks such as YouTube-VIS 2019 [45], YouTube-VIS
2021 [46], and OVIS [29]. For instance, on YouTube-VIS
2019, MinMaxVIS achieves an mAP of 62.2 with a Swin-L
backbone, using just 2% labeled training data and additional
unlabeled data from SA-1B [23], surpassing MinVIS with
the same backbone, trained on the fully labeled dataset, by
0.6 mAP.

2. Related Works
Instance Segmentation. Image instance segmentation,
which involves predicting the classes and segmentation
masks of individual objects within an image, has ad-
vanced significantly in parallel with object detection im-
provements [5, 30, 31, 35]. Mask R-CNN [13] was a pi-
oneering method in this field, extending Faster R-CNN [31]
by adding a mask head to generate object masks. Sub-
sequent approaches have refined this framework, focusing
on enhancing bounding box quality [3, 6, 28] or improving
mask precision [9, 19, 22, 33, 49]. To bypass the interme-
diate step of region of interest (RoI) detection, some meth-
ods [2, 10, 42] leverage one-stage detectors [30, 35]. For
instance, YOLACT [2] builds on RetinaNet [32], generat-
ing prototype masks followed by per-instance mask coeffi-
cients. Additionally, SOLO [37] and SOLOv2 [38] elimi-
nate the need for bounding box prediction by using object
center features in a one-stage pipeline.

More recently, query-based methods [8, 11, 12, 17, 24,
53, 54] have gained popularity, inspired by DETR [5], the
first Transformer-based end-to-end detector. For exam-
ple, Mask2Former [8] introduces masked attention to focus
cross-attention within predicted mask regions, enhancing
feature localization. MaskDINO [24] extends DINO [50]
by adding a mask prediction branch, thereby unifying ob-
ject detection and segmentation. However, these methods
face limitations in video instance segmentation as they lack
effective mechanisms for associating objects across frames.
Video Instance Segmentation. Video instance segmenta-
tion (VIS) is first introduced by [45]. The goal of VIS is to
segment and track object instances across frames in a video
sequence. Current VIS methods are generally categorized
into two types: offline methods [1, 7, 14, 20, 26, 39, 40, 48]
and online methods [4, 15, 18, 21, 25, 27, 41, 45, 47].

Offline VIS methods process an entire video (or a video
clip) in one pass, predicting instance segmentation results
for all frames simultaneously. For example, VisTR [39]
was the first to apply Transformers [36] to VIS, capturing
spatial and temporal features across the entire video. Seq-
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Former [40] dynamically predicts mask sequences for each
frame by aggregating temporal information, learning robust
video-level representations for each instance. VITA [14]
achieves video-level understanding by associating frame-
level object tokens without relying on spatio-temporal back-
bones. However, this video-in and video-out approach is not
well-suited for streaming applications.

Online VIS methods, in contrast, process videos frame
by frame, making them more suitable for streaming scenar-
ios. MaskTrack R-CNN [45] extends Mask R-CNN [13] by
adding a tracking branch to handle segmentation and track-
ing simultaneously. Following this approach, other meth-
ods [4, 27, 47] generate frame-by-frame outputs and asso-
ciate instances across frames using various matching tech-
niques. IDOL [41] enhances instance association by learn-
ing discriminative embeddings via contrastive learning,
based on Deformable-DETR [56]. More recently, TCO-
VIS [25] improves temporal feature consistency through
global instance assignment and spatio-temporal enhance-
ment, while VISAGE [21] enhances object distinction by
incorporating appearance cues during tracking. Addition-
ally, the DVIS series [51, 52, 55] offers flexible segmenta-
tion capabilities, supporting both online and offline process-
ing modes. The work most relevant to ours is MinVIS [18],
which is based on Mask2Former [8] and allows for training
VIS models using static images. However, MinVIS relies
on fully labeled video datasets from the target domain. In
contrast, our approach enables training with only a small set
of labeled images from the target domain while effectively
leveraging the knowledge from large, general-domain unla-
beled datasets.

3. Methodology
Problem Formulation. Let Dlabeled = {(Ii,Li)}Ni=1 rep-
resent a small, labeled image set from the target domain,
where Ii is an image and Li contains the labeled instances
within Ii, including class labels and segmentation masks
for each instance. Here, N denotes the total number of
labeled images. Additionally, we have a large, unlabeled
image set Dunlabeled = {Ij}Mj=1 , sourced from a general do-
main, where M represents the total number of unlabeled im-
ages. These images feature diverse content that, while not
specifically annotated for the target domain, provides valu-
able general features that can enrich the final MinMaxVIS
model. Notably, M ≫ N , emphasizing the disparity in size
between the unlabeled and labeled datasets.

The objective is to train an effective video instance seg-
mentation model, MinMaxVIS, by leveraging the combi-
nation of the small labeled image set Dlabeled from the tar-
get domain, and the large unlabeled image set Dunlabeled
from the general domain, allowing MinMaxVIS to gener-
alize well on the target domain.
Overview. The MinMaxVIS architecture, illustrated in Fig-

ure 2, consists of three primary stages: preliminary segmen-
tation model training on the small labeled image set, high-
precision retrieval on the unlabeled set, and MinMaxVIS
training. First, a segmentation model is trained on Dlabeled,
establishing a foundation for subsequent steps (Section 3.1).
This trained model is then used to perform high-precision
retrieval on the large unlabeled dataset Dunlabeled, construct-
ing a pseudo-labeled set Dpseudo that is rich in target-domain
content (Section 3.2). In the final MinMaxVIS training
stage, Dlabeled and Dpseudo are combined, integrating selec-
tive gradient backpropagation to mitigate noise in pseudo-
labels, augmented paired images to simulate continuity
across frames, and instance association to link instances
across frames (Section 3.3). The inference process for Min-
MaxVIS is detailed in Section 3.4.

3.1. Preliminary Segmentation Model Training
The first stage involves training a preliminary segmentation
model Sθ on the small labeled dataset Dlabeled. This model
is designed to facilitate high-precision retrieval of relevant
instances from the unlabeled image set Dunlabeled, ensuring a
rich content alignment with the target domain while avoid-
ing the inefficiencies of large-scale semi-supervised learn-
ing across the entire unlabeled set.

In our implementation, we employ Mask2Former [8]
with a Swin-L backbone as the preliminary segmentation
model, which is trained using standard classification and
segmentation loss functions. Given that Dlabeled is relatively
small, this training process is efficient and fast, allowing us
to establish a foundational model for subsequent retrieval
and pseudo-labeling stages.

3.2. High-Precision Retrieval
In the second stage, the preliminary segmentation model
Sθ trained on Dlabeled is used to retrieve relevant instances
from the large, unlabeled dataset Dunlabeled, as shown in Fig-
ure 2(b). This retrieval step aims to construct a pseudo-
labeled set, Dpseudo, that contains content highly aligned
with the target domain while minimizing irrelevant data.

The high-precision retrieval process begins by passing
each image Ij from Dunlabeled = {Ij}Mj=1 through the seg-
mentation model Sθ, which generates a set of predictions
{(cu,Mu)}Uu=1 for Ij . Here, cu represents the confidence
score of the u-th prediction, Mu is the corresponding mask,
and U denotes the total number of predictions for the im-
age. To ensure high precision, only predictions with con-
fidence scores exceeding a predefined threshold τ are re-
tained as pseudo-labels. Formally, for each image Ij , we
keep predictions L̂j = {(cu,Mu)|cu ≥ τ}Uu=1, where τ is
set to a high value to minimize false positives, potentially
allowing some false negatives (missed instances) while en-
suring that retained instances are highly reliable. The issue
of false negatives is mitigated in the MinMaxVIS training
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Figure 2. Overview of the MinMaxVIS framework, consisting of three main stages: (a) Preliminary segmentation model training on a
small labeled set; (b) High-precision retrieval from a large unlabeled image dataset to create a pseudo-labeled set containing only high-
confidence samples; (c) Input preparation for MinMaxVIS, incorporating both labeled and pseudo-labeled sets; (d) MinMaxVIS employs
an encoder-decoder architecture with (I) selective Gradient Backpropagation to mitigate noisy pseudo-labels and (II) an auxiliary decoder
with an instance association loss applied on augmented image pairs. The process for generating auxiliary features for I ′, the augmented
version of the original image I , is identical to that of I . For simplicity, we omit the illustration of processing I ′.

stage through selective gradient backpropagation, as dis-
cussed in Section 3.3.

Images without any predictions meeting the confidence
threshold τ are discarded. This process yields a filtered
pseudo-labeled set, Dpseudo = {(Ij , L̂j)}M̂j=1, where M̂
represents the number of images in the pseudo-labeled set
after filtering. This curated set Dpseudo, along with the small
labeled dataset Dlabeled, serves as the foundation for the fi-
nal MinMaxVIS training stage, providing high-confidence,

target-domain content. Notably, M̂ ≪ M , indicating that
Dpseudo is significantly smaller than Dunlabeled, which en-
hances the training efficiency of MinMaxVIS.

3.3. MinMaxVIS Training

MinMaxVIS is trained on the combination of a small la-
beled dataset Dlabeled = {(Ii,Li)}Ni=1, and a large pseudo-
labeled dataset Dpseudo = {(Ij , L̂j)}M̂j=1, with N ≪ M̂ . As
illustrated in Figure 2(d), MinMaxVIS adopts an encoder-
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decoder architecture with an additional auxiliary decoder
designed specifically to enhance instance association.

Encoder-Decoder. As illustrated in Figure 2(d), the en-
coder (ResNet-50 or Swin-L) processes each input im-
age—either from the labeled set Dlabeled or the pseudo-
labeled set Dpseudo—to extract multi-resolution image fea-
tures. Following the approach of MinVIS [18] and
Mask2Former [8], these extracted features serve as inputs
to the decoder, which consists of K layers (K = 9 by de-
fault). The decoder begins with n learnable object queries,
which are progressively refined across each decoder layer.
Each layer consists of three components: 1) a self-attention
layer; 2) a cross-attention layer, where image features serve
as keys and values, and object queries (or query features) act
as queries; and 3) an FFN layer. The output of each decoder
layer undergoes Hungarian Matching to classify queries as
either foreground or background. Foreground queries are
supervised with both classification and segmentation losses,
while background queries are supervised only with classi-
fication loss. The loss functions used are consistent with
those in MinVIS [18].

To facilitate learning VIS on pseudo-labeled images, we
apply a selective gradient backpropagation strategy to each
layer of the main decoder, helping to mitigate the impact of
false negatives in the pseudo-labels. Furthermore, we in-
corporate an auxiliary branch parallel to the main decoder
to improve instance association learning throughout Min-
MaxVIS training.

Selective Gradient Backpropagation. This strategy is ap-
plied exclusively to images from the pseudo-labeled set
Dpseudo. As outlined in Section 3.2, our high-precision
retrieval process only retains predictions with exception-
ally high confidence scores. While this approach ensures
the precision of pseudo-labeled instances, it also introduces
training noise from false negatives (missed instances). The
core idea of selective gradient backpropagation is to uti-
lize the model’s background confidence scores to identify
queries that may correspond to false positives and detach
their gradients during training, as shown in Figure 2(d.I).

Concretely, given a pseudo-labeled image Ij ∈ Dpseudo

with its corresponding pseudo-label L̂j , MinMaxVIS en-
codes Ij along with n object queries. Each of the
K decoder layers then produces n query features. Let
{qk

1 , . . . , q
k
n} represent the n query features generated by

the k-th decoder layer (1 ≤ k ≤ K). Hungarian matching
is applied to assign a label (foreground instance or back-
ground) to each query in {qk

1 , . . . , q
k
n}, based on the align-

ment of their confidence scores, segmentation masks, and
the pseudo-label L̂j .

For queries assigned as background, their confi-
dence scores are used to identify potential false nega-
tives—queries with lower background confidence scores

are more likely to be false negatives. For convenience,
let {qk

1 , . . . , q
k
n′} denote the set of queries assigned to

a background label, where n′ is the size of this set,
and {b1, . . . , bn′} denote their corresponding background
confidence scores. To reduce the impact of noise in
pseudo-labels, uncertain background queries are assigned
lower gradient weights. Selective gradient backpropagation
(SGB) is applied to {qk

1 , . . . , q
k
n′}. Formally, the SGB loss

function is defined as:

LSGB =
1

n′

n′∑
i=1

wi ∗ Lcls(bi), (1)

where Lcls is the classification loss, and wi represents the
weight of each background query. We explore several vari-
ants for wi:
• Confidence-weight: wi = bi.
• Squared-confidence-weight: wi = (bi)

2.
• Truncation-weight: wi = 1[bi≥β], where β is a threshold

ensuring that only queries with confidence scores above
β contribute to the background classification. By default,
we use this configuration.
For foreground queries, the loss functions remain un-

changed. The SGB loss function is applied at each of the
K decoder layers.
Instance Association. VIS requires consistent tracking
of the same object instance across frames. Unlike con-
ventional VIS datasets that provide association labels for
training videos, our model is trained on static images with-
out such labels. To enable instance association learning,
we simulate video-like data by generating paired images
through augmentations. As depicted in Figure 2(d.II), an
auxiliary decoder, running in parallel with the main de-
coder, processes these image pairs (an original image and
its augmented version) to aid in instance association. The
auxiliary decoder consists of six layers, each mirroring the
structure of a main decoder layer. The output from the K-th
layer of the main decoder is used as input to the auxiliary
decoder.

Given an image I from either the labeled set Dlabeled or
the pseudo-labeled set Dpseudo, with its corresponding label
L or pseudo-label L̂, we pass it, along with the n object
queries, through the encoder, main decoder, and auxiliary
decoder. The auxiliary decoder produces n auxiliary fea-
tures, denoted as {aI

1 , . . . ,a
I
n}. We utilize the Hungarian

matching results from the final layer of the main decoder
to assign a foreground or background label to each of the
n auxiliary features (see Figure 2(d.II). Similarly, for the
augmented image I ′, we use the same process to gener-
ate its auxiliary features {aI′

1 , . . . ,aI′

n } and the assignment
results. Since I ′ is the augmented version of I , we have
established associations for the same instances across the
two images. For each foreground query in {aI

1 , . . . ,a
I
n},
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we locate the matching foreground query in {aI′

1 , . . . ,aI′

n }
that corresponds to the same instance label. We then max-
imize the feature similarity for these matched pairs, while
minimizing similarity for non-matching pairs to reinforce
instance association.

Formally, the instance association loss function for im-
age I is defined as:

LI
IA =− 1

G

G∑
g=1

log σ(aI
g · M(aI

g))

− 1

G(n− 1)

G∑
g=1

n−1∑
h=1

log σ(−aI
g · N (aI

g)h),

(2)

where G represents the total number of foreground in-
stances in image I , n is the total number of queries, and σ(·)
denotes the sigmoid function. Here, aI

g represents the aux-
iliary feature of the g-th foreground instance in I , M(aI

g)

identifies the matching auxiliary feature in {aI′

1 , . . . ,aI′

n }
that corresponds to the same instance label as aI

g , and
N (aI

g) identifies the n− 1 non-matching auxiliary features
in {aI′

1 , . . . ,aI′

n } for aI
g . The first term in Eq.2 maximizes

feature similarity for matching pairs, while the second term
minimizes similarity for non-matching pairs.

The loss in Eq.2 is applied to the original image I . Sim-
ilarly, a symmetric loss LI′

IA is applied to the augmented
image I ′. The final instance association loss is defined as
LIA = LI

IA+LI′

IA, and it is applicable to images from both
the labeled and pseudo-labeled sets. Additionally, we apply
the same segmentation loss used in the main decoder to the
auxiliary decoder to enhance training stability.

3.4. Inference
The auxiliary decoder, equipped with the instance asso-
ciation loss, is used to enhance the discriminative ability
of query features generated by the main decoder, allow-
ing them to effectively associate the same instances across
frames. During inference, the auxiliary decoder is removed,
and only the encoder-decoder architecture is retained.

MinMaxVIS employs streaming inference (a.k.a online
inference). For a continuous video stream, each frame
is processed by MinMaxVIS (excluding the auxiliary de-
coder) to produce n predictions, each corresponding to an
object query. Each prediction includes a classification score
and a mask prediction. Finally, Hungarian matching is ap-
plied to associate predictions across consecutive frames, as
illustrated in Figure 3.

4. Experiment
Datasets. We evaluate our approach on three datasets:
YouTube-VIS 2019 [45], YouTube-VIS 2021 [46], and
OVIS [29], using two data settings for each. For YouTube-
VIS 2019, which has 61,845 labeled frames in its training

2 3 4 n1 …Frame-1

2 3 4 n1 …Frame-2

Hungarian Matching

2 3 4 n1 …Frame-3

Hungarian Matching

n

3

1

Path Score: = (𝑐𝑛 + 𝑐3 + 𝑐1)/3

(𝑐𝑛)

(𝑐3)

(𝑐1)

Figure 3. Illustration of the inference process (example with three
frames). Each frame is independently processed by MinMaxVIS
to produce n query features (indicated by green rectangles) from
the main decoder. Each query feature generates a classification
score c and a mask prediction. Hungarian matching is then applied
between pairs of consecutive frames to associate predictions based
on the similarity of query features, resulting in n paths across the
frames. The path score is computed by averaging the classification
scores along the path. This path score is then used as the final
classification score for all predictions along the path.

set, we experiment with 1% and 2% of the data, resulting
in 618 and 1,236 images, respectively. For YouTube-VIS
2021, with a training set of 90,160 frames, we also use
1% and 2% data settings, yielding 901 and 1,803 images,
respectively. Given the complexity of OVIS, we experi-
ment with 5% and 10% of its training set, which consists
of 42,149 images, resulting in 2,107 and 4,214 images, re-
spectively. For the general-domain unlabeled dataset, we
randomly sample a subset from SA-1B [23], consisting of
2.8 million images.
Implementation Details. For YouTube-VIS 2019 (1%)
and YouTube-VIS 2019 (2%), we retrieve 25,669 and
28,033 pseudo-labeled images from SA-1B using the high-
precision retrieval method described in Section 3.2. For
YouTube-VIS 2021 (1%) and YouTube-VIS 2021 (2%),
the retrieved pseudo-labeled images are 24,088 and 25,807,
respectively. For OVIS (5%) and OVIS (10%), we re-
trieve 15,966 and 17,006 pseudo-labeled images. In high-
precision retrieval, we set τ = 0.99. For categories with
fewer than 1,000 retrieved pseudo-labeled images, we re-
duce τ to 0.9. In MinMaxVIS, the number of object queries
n is set to 200 for the Swin-L backbone and 100 for the
ResNet-50 backbone. When using the “truncation-weight”
in Eq.1, we set β = 0.5. In each training batch, the ratio
of labeled to pseudo-labeled images is set to 1:4. The to-
tal batch size is 64, including both original and augmented
images. MinMaxVIS is trained for 6,000 iterations with an
initial learning rate of 1e-4, which is reduced by a factor of
0.1 after 4,000 iterations.
Evaluation. We evaluate our approach on the validation
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Method Backbone Setting
YouTube-VIS 2019 YouTube-VIS 2021 OVIS

1% 2% 100% 1% 2% 100% 5% 10% 100%

VITA [14] ResNet-50 Offline 32.3 37.0 49.8 28.2 33.5 45.7 8.2 10.4 19.6
DVIS [51] ResNet-50 Online 23.9 28.3 51.2 27.0 32.3 46.4 10.9 20.6 30.4
DVIS++ [52] ResNet-50 Online 29.8 36.1 55.5 31.5 33.9 50.0 10.7 14.4 37.2
GenVIS [15] ResNet-50 Online 31.9 32.7 50.0 26.4 31.4 47.1 11.3 14.7 35.8
DVIS-DAQ [55] ResNet-50 Online 33.4 38.9 55.2 32.3 33.0 50.4 10.8 16.5 38.7

Image-Driven Approach
MinVIS [18] ResNet-50 Online 33.7 37.8 47.4 29.6 31.1 44.2 22.2 22.5 25.0
MinMaxVIS (Ours) ResNet-50 Online 46.6 50.0 - 44.6 45.7 - 24.7 26.8 -

VITA [14] Swin-L Offline 52.9 56.0 63.0 43.9 47.6 57.5 13.8 18.8 27.7
DVIS [51] Swin-L Online 36.8 36.2 63.9 43.9 49.6 58.7 23.6 29.5 46.0
DVIS++ [52] VIT-L Online 49.2 52.4 67.7 44.5 47.1 62.3 18.3 26.1 49.6
GenVIS [15] Swin-L Online 53.8 56.6 64.0 45.0 46.1 59.6 14.7 21.5 45.2
DVIS-DAQ [55] VIT-L Online 51.8 57.7 68.3 46.6 50.4 62.4 15.9 24.0 53.7

Image-Driven Approach
MinVIS [18] Swin-L Online 56.2 58.5 61.6 49.8 52.4 55.3 36.1 37.0 39.4
MinMaxVIS (Ours) Swin-L Online 60.9 62.2 - 54.1 55.6 - 37.5 39.2 -

Table 1. Performance comparison (mAP in %) of various methods on YouTube-VIS 2019, YouTube-VIS 2021, and OVIS datasets across
different labeled data settings. MinMaxVIS, built upon MinVIS, effectively leverages unlabeled data to achieve superior performance in
low-data regimes, significantly outperforming MinVIS. Both MinMaxVIS and MinVIS are image-driven approaches. MinMaxVIS even
achieves results comparable to or exceeding full-set MinVIS (100% labeled data) across multiple settings.

sets of YouTube-VIS 2019, YouTube-VIS 2021, and OVIS.
Consistent with standard practice, mAP is used as the eval-
uation metric.

4.1. Main Results
Table 1 presents the performance comparison of various
methods on YouTube-VIS 2019, YouTube-VIS 2021, and
OVIS datasets across different labeled data settings: 1%
and 2% for YouTube-VIS datasets, and 5% and 10% for
OVIS. We evaluate MinMaxVIS with both ResNet-50 and
Swin-L backbones and compare it to recent approaches us-
ing the same backbones. For each method, we reproduce
its performance in each low-data regime. For approaches
that require video input, we simulate video sequences by ap-
plying data augmentations to individual images. Adapting
these approaches to leverage unlabeled image data directly
is challenging, as they differ in network architectures.

MinMaxVIS, built on MinVIS [18], falls within the cat-
egory of image-driven approaches. Our comparison with
MinVIS reveals two key findings:
• Effective Use of Unlabeled Data. MinMaxVIS effectively

leverages information from unlabeled data, significantly
outperforming low-data MinVIS with both Swin-L and
ResNet-50 backbones across all three datasets. For ex-
ample, MinMaxVIS with a ResNet-50 backbone achieves
12.9% and 12.2% higher mAP than MinVIS under the
YouTube-VIS 2019 (1%) and YouTube-VIS 2019 (2%)
settings, respectively.

Component mAP

Baseline (MinVIS [18]) 58.5
+High-Precision Retrieval 60.3

+Selective Gradient Backpropagation 61.4
+Instance Association 62.2

Table 2. Main components of MinMaxVIS.

• Competitive Performance with Full-Set MinVIS. Min-
MaxVIS also outperforms or achieves comparable re-
sults to full-set MinVIS (using 100% labeled data) across
all settings. For instance, with only 2% labeled data
from YouTube-VIS 2019 and 2021, MinMaxVIS with a
ResNet-50 backbone surpasses full-set MinVIS with the
same backbone by 2.6% and 1.5% mAP, respectively.

4.2. Ablation Studies
For all ablation studies, we use MinMaxVIS with a Swin-
L backbone on YouTube-VIS 2019 using 2% labeled data.
Main Components. Table 2 presents the ablation study re-
sults showing the impact of each main component in Min-
MaxVIS. Starting from the baseline (MinVIS [18]), high-
precision retrieval gathers a pseudo-labeled set with strong
alignment to the target domain. Leveraging this set along-
side the small labeled set boosts the mAP from 58.5% to
60.3%. The inclusion of selective gradient backpropagation
further improves performance, raising the mAP to 61.4%
by effectively handling noise in the pseudo-labels. Finally,
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Strategy mAP

Confidence-Weight 60.7
Squared-Confidence-Weight 61.7
Truncation-Weight 62.2

Table 3. Ablation study on selective gradient backpropagation
strategies proposed in Section 3.3.

Threshold (β) 0.0 0.3 0.5 0.7 0.9

mAP 61.4 61.2 62.2 61.6 60.1

Table 4. Impact of threshold β in truncation-weight strategy for
selective gradient backpropagation.

incorporating instance association increases the mAP to
62.2%, emphasizing the importance of enhancing instance
association across frames.
Selective Gradient Backpropagation. Table 3 compares
different weighting strategies for selective gradient back-
propagation in MinMaxVIS, as introduced in Section 3.3.
The truncation-weight strategy, with a threshold β set to
0.5, achieves the highest mAP, indicating that selectively
filtering out low-confidence background queries enhances
performance. Table 4 examines the impact of varying the
threshold β in the truncation-weight strategy for selective
gradient backpropagation on mAP performance. Lower β
values introduce more training noise, while higher β values
may result in insufficient background classification train-
ing. A threshold of 0.5 achieves the highest mAP, balancing
noise reduction with effective training.
Instance Association. In Section 3.3, we introduce an aux-
iliary decoder with the proposed instance association loss
applied to it. Each decoder layer generates 2 × n auxiliary
query features for an image pair, which includes an orig-
inal image and its augmented version. First, we identify
foreground query features that correspond to the same in-
stances across both images, forming several positive pairs.
The remaining queries are treated as background, and we
construct a set of negative pairs, where each pair consists
of a foreground query feature from one image and a back-
ground query feature from the other. By default, as shown in
Figure 2(d.II), we apply a “Pull(F-F) + Push(F-B)” strategy,
where we pull the similarities of positive pairs (foreground-
foreground) closer and push the similarities of negative
pairs (foreground-background) further apart. Here, we ex-
plore an alternative approach, termed “Pull(F-F) + Push(F-
B) + Push(B-B)”. In this variant, we additionally push sim-
ilarities between background query features from both im-
ages (background-background). However, as shown in Ta-
ble 5, this approach underperforms compared to our default
setting, as it likely introduces unnecessary separation be-
tween background queries, which does not contribute effec-
tively to instance association.

Strategy mAP

Pull(F-F) + Push(F-B) 62.2
Pull(F-F) + Push(F-B) + Push(B-B) 60.2

Table 5. Study on the instance association strategies.

Layer ID 3 6 9

mAP 62.2 61.5 61.4

Table 6. Impact of main decoder layer selection on instance asso-
ciation performance.

Ratio 1:2 1:4 1:8 1:16

mAP 60.6 62.2 61.6 61.3

Table 7. Impact of different ratios of labeled to pseudo-labeled
images within a training batch.

The input to the auxiliary decoder is derived from the
output of the K-th layer of the main decoder. Table 6
explores the impact of different choices for K on perfor-
mance. Using features from a shallower layer of the main
decoder yields the best results, as these less semantic fea-
tures allow the auxiliary decoder to better capture intra-
class variability, which is beneficial for instance associa-
tion. In contrast, features from deeper layers of the main
decoder are more influenced by the classification loss, lead-
ing to greater inter-class discrimination but reduced intra-
class variability. Since instance association relies on pre-
serving intra-class similarities, shallower layer features are
more suitable for this purpose.
Ratio of Labeled to Pseudo-Labeled Images. Table 7 ex-
amines the impact of different ratios of labeled to pseudo-
labeled images within a training batch. A ratio of 1 : 4
produces the best results.

5. Conclusion
This paper presents MinMaxVIS, an efficient framework
for VIS that reduces reliance on fully labeled video data
by combining a small set of labeled images from the tar-
get domain with a large, unlabeled general-domain dataset.
MinMaxVIS operates through three stages: (1) preliminary
segmentation model training on the small labeled set, (2)
high-precision retrieval to create a pseudo-labeled set from
the unlabeled data, and (3) training on both labeled and
pseudo-labeled sets. To address the challenges of training
VIS on static images, MinMaxVIS incorporates selective
gradient backpropagation to mitigate noise in pseudo-labels
and an auxiliary decoder to improve instance association
via augmented image pairs. Experimental results show that
MinMaxVIS outperforms the full-data MinVIS, an image-
driven method, across multiple settings, achieving higher
mAP with substantially less labeled data.
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