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A. Implementation Details

A.1. Baseline Model: InstructSeg

We adopt InstructSeg [9] as the baseline model through-
out our experiments. It is a modular multi-modal architec-
ture designed for instruction-driven segmentation tasks over
both images and videos, supporting various scenarios such
as referring expression segmentation and reasoning-based
segmentation. The model consists of a set of fixed pre-
trained components, each responsible for a distinct stage
of visual-language processing, including visual encoding,
token fusion, temporal reasoning, and mask decoding. No
modules are fine-tuned during inference.

Language Model. The core reasoning component is a
2.7B-parameter PHI-2 [6] language model. It receives tok-
enized inputs including text instructions, visual tokens, ref-
erence frame tokens (for videos), and learnable mask to-
kens. These are concatenated and processed jointly to pro-
duce contextualized embeddings that guide the subsequent
segmentation modules. The language model is adapted us-
ing Low-Rank Adaptation (LoRA) with a rank of 8. We di-
rectly use the publicly released LoRA-tuned weights with-
out further training.

Visual Encoders and Token Pruning. InstructSeg em-
ploys two vision backbones. First, a SIGLIP encoder [11]
is used to extract global visual tokens from each input image
or frame. These tokens are aligned with text tokens through
the language model. To reduce computational overhead and
redundancy, we apply several token pruning methods di-
rectly to the SigLIP output. This approach retains important
semantic information while reducing the number of visual

tokens passed into the language model, leading to more ef-
ficient inference. In addition, a SWIN-B transformer [8] is
used to extract high-resolution spatial features. These fea-
tures are not pruned and are passed directly to the segmen-
tation decoder to support fine-grained mask prediction.

Segmentation Decoder. For generating pixel-level pre-
dictions, we use a pre-trained MASK2FORMER [5] decoder.
It combines a pixel decoder with a transformer-based in-
stance decoder to predict N mask proposals. Each proposal
is associated with an embedding and a confidence score.
The most relevant masks are selected by computing the sim-
ilarity between predicted mask embeddings and instruction-
guided features.

Object-aware Video Perceiver. To support temporal rea-
soning in video tasks, the model includes an Object-aware
Video Perceiver (OVP) module. This component processes
a sequence of Tr = 4 reference frames alongside the in-
struction tokens. Cross-attention and N1 = 3 transformer
layers are used to extract compressed reference tokens that
encode object-specific dynamics over time. These tokens
are integrated into the language model to provide temporal
context for segmentation.

Vision-guided Text Fusion. To better connect the in-
struction semantics with the visual scene, a Vision-guided
Multi-granularity Text Fusion (VMTF) module is used af-
ter the language model. It fuses coarse and fine-grained
instruction embeddings with spatial visual features using
N2 = 3 cross-attention layers. The resulting embeddings
act as dynamic classifiers for the segmentation decoder.
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Inference Pipeline. During inference, the model receives
an image or key frame V ∈ RH×W×3, an optional refer-
ence sequence Vr (for videos), and a natural language in-
struction E . Visual and reference tokens are extracted and
pruned (when applicable), then combined with instruction
and mask tokens and passed through the language model.
Refined embeddings from VMTF are used to produce fi-
nal segmentation masks. All components are pre-trained
and remain fixed. Architectural hyperparameters such as
the number of queries or attention layers follow the default
configuration in the original implementation.

InstructSeg provides a strong and flexible baseline for
instruction-conditioned segmentation. Its modular design
and compatibility with pruning make it a suitable testbed
for analyzing token efficiency in visual-language models.

A.2. TFLOPs Estimation Setup
To estimate computational cost, we implement a FLOPs
calculator that evaluates the number of floating-point op-
erations (FLOPs) for each major component in Instruct-
Seg. We measure total TFLOPs (in units of 1012 FLOPs)
for a single forward pass. The analysis includes the lan-
guage model, visual encoder, token pruning module, mask
decoder, temporal reasoning layers, and the fusion module
(VMTF).

Dataset Inputs. We evaluate FLOPs on both image-based
and video-based segmentation datasets. For each dataset,
we define the number of text tokens T , visual tokens per
frame V , and the number of frames F . Table 4 summarizes
the token configuration for each benchmark:

Table 1. Input configurations for FLOPs estimation.

Dataset Text Tokens (T ) Visual Tokens (V ) Frames (F )

RefCOCO 15 729 1
RefCOCO+ 15 729 1
RefCOCOg 23 729 1
MM-Conv 50 729 1
ReasonSeg 80 729 1
RefYouTube 20 729 4
RefDAVIS 18 729 4
ReVOS 25 729 4

Token Pruning and Fixed Tokens. To evaluate the im-
pact of token pruning, we test four pruning settings with
V ′ ∈ {729, 146, 73, 36} visual tokens retained per frame,
corresponding to pruning ratios from 0% to 95%. For video
data, the total number of visual tokens is V ′ × F . Each
input also includes a fixed set of Tfixed = 100 auxiliary to-
kens (e.g., prompts, [MASK], [CLS]), resulting in a total
sequence length:

S = T + Tfixed + V ′.

FLOPs Computation. We compute FLOPs for each
component using closed-form expressions based on trans-
former operations. Nonlinear activations, biases, and nor-
malization layers are omitted for simplicity. The estimates
are as follows:
• Language model: For L layers, hidden size d, and inter-

mediate FFN dimension dint:

FLOPsattn = 3Sd2 + 2S2d+ Sd2,

FLOPsffn = 2Sd · dint,
FLOPsLM = L(attn + ffn) + Sd|V|.

• Vision encoder: Given N patches, hidden size dv , and
Lv layers:

FLOPsvision =

Lv∑
ℓ=1

(
6Nd2v + 2N2dv

)
+Ndvd.

• Token pruning: For input V and pruned V ′ tokens:

FLOPsprune = 2V d+
V V ′d

10
+ V ′d.

• Mask decoder: Using Q object queries, hidden dim dm,
and Ld layers:

FLOPsmask = Ld · (12Qd2m + 2Q2dm + 2QV ′dm)

+QdmV ′.

• Temporal reasoning: With Qt temporal queries, F
frames, and Lt layers:

FLOPstemporal = Lt(QtFd2 + 4Qtd
2).

• VMTF fusion: For fusion dim df and Lf layers:

FLOPsvmtf = Lf (Teffddf + V ′dvdf + 2TeffV
′df ).

Each value corresponds to a single forward pass. For ev-
ery configuration, we compute FLOPs under both unpruned
(V ′ = V ) and pruned settings, and report the reduction per-
centage.

Model Hyperparameters. All FLOPs estimates are
based on the default InstructSeg configuration:
• Language model: d = 2560, dint = 10240, L = 32

layers, vocabulary size |V| = 51200.
• Vision encoder: dv = 1152, N = 729 patches from
384× 384 input, Lv = 27 layers.

• Mask decoder: Q = 100 queries, dm = 256, Ld = 9
layers.

• Temporal module: Qt = 128 queries, Lt = 3 layers,
F = 4 reference frames.

• VMTF fusion: df = 1024, Lf = 3 layers.
• Token pruning: Hidden dim d = 2560.
• Fixed tokens: Tfixed = 100.

These settings are used consistently across all datasets
without per-task tuning.



Table 2. Task-specific language instructions used for each instructed segmentation task.

Task Visual Type Dataset Instruction
Template

Example Text
Prompt

Referring Expression Segmentation Image RefCOCO / + / g You need to
perform Refer-
ring Expression
Segmentation
on the image
according to the
Text Prompt.

”A baseball
catcher with an
open mitt”

Reasoning Segmentation Image ReasonSeg You need to per-
form Reasoning
Segmentation on
the image ac-
cording to the
Text Prompt.

”The person
who appears to
have already
won in the bat-
tle”

Referring Video Object Segmentation Video Ref-YouTube-VOS, etc. You need to per-
form Referring
Video Object
Segmentation
on the video
according to the
Text Prompt.

”A duck is held
by a person with
her both hands”

Reasoning Video Object Segmentation Video ReVOS You need to per-
form Reasoning
Video Object
Segmentation
on the video
according to the
Text Prompt.

”Which person
is in the leading
position?”

A.3. Instruction Templates and Dataset Construc-
tion

Following InstructSeg [9], we use task-specific instruction
templates to construct language prompts. Each segmenta-
tion task is paired with a distinct instruction format based
on its modality and reasoning type. These templates remain
consistent across training and evaluation. Table 5 summa-
rizes the instruction settings and representative examples.

Baseline Pruning Methods

We compare with several state-of-the-art token prun-
ing methods designed for general-purpose vision-language
models. Specifically, we include ToM [2], VisionZip [10],
VisPruner [12], and DivPrune [1], all of which are compat-
ible with frozen architectures and do not require retraining.

To ensure fair comparison, we unify the application point

for all methods: visual token pruning is applied at the out-
put of the SigLIP encoder. This allows consistent input rep-
resentation into the language model. For attention-based
methods (e.g., VisionZip), we extract attention weights di-
rectly from SigLIP. This differs slightly from the original
setup, which typically relies on CLIP, but preserves each al-
gorithm core mechanism. Since these pruning method were
originally designed for Visual understanding tasks such as
VQA and used primarily in LLaVA or LLama architecture
MLLM, minor adaptation is necessary to evaluate them in
the IVS based on MLLMs setting. We exclude other prun-
ing baseline methods for several reasons:
• Retraining-dependent methods, such as Token-

Packer [7] and M3 [3], require end-to-end optimization
and introduce structural changes, which are incompatible
with frozen models.

• Temporal-incompatible designs, such as FastV [4], as-



sume architectures tailored to video encoders, which dif-
fer significantly from our setup.
In summary, we focus on general, transferable, one-shot

pruning methods that can be fairly applied to the unified
visual token stream without requiring architecture-specific
or fine-tuning.

B. Visualization and Experiment Result Anal-
ysis

B.1. Image-Based IVS Pruning Analysis
To better understand how token pruning affects segmenta-
tion quality in practice, we examine qualitative results using
only 20% of the visual tokens. As shown in Figure 1, we
compare outputs from our pruned model with those gener-
ated using the full token set across a range of visual inputs
and prompts. In the top examples with blue prompt bub-
bles, the model performs well despite heavy pruning. For
instance, in the basketball image, the player is clearly seg-
mented with accurate boundaries. Similarly, in both dog-
related prompts, the model correctly identifies the dog with
limited information. These results suggest that when ob-
jects are visually prominent and well separated from the
background, a small number of well-distributed tokens is
often enough to support good segmentation. In the mid-
dle group, marked with orange bubbles, the segmentation
is generally correct but misses some details. For exam-
ple, in the subway handle image, several handles are not
segmented. In the wrestling example, parts of the bod-
ies are either incomplete or blurred. These cases indicate
that while the model still captures the main object, it strug-
gles with fine structures when fewer tokens are available.
The last row, highlighted in red, shows a failure case. The
prompt asks for a “dog with its mouth open,” but the model
only segments the larger black dog, completely missing the
smaller beige dog that more closely matches the prompt.
This likely results from insufficient token coverage in that
region, suggesting that static selection may not adapt well
to scenes with multiple similar objects or complex layouts.

Future pruning method could benefit from combining
spatial coverage with semantic information, such as atten-
tion or uncertainty signals, to better identify which regions
matter. Adapting the token budget based on input com-
plexity or using multi-scale sampling might also help re-
tain more useful information. Overall, while static pruning
works well in many settings, more adaptive methods may be
needed for robust performance across diverse visual inputs.

B.2. Video-Based IVS Pruning Analysis
From previous experiment(Refer to table 2 and 3 in main
manuscript), we find that pruning visual tokens to 20%
introduces relatively minor performance degradation in
video-based IVS comparing to image-based IVS. This ob-

servation prompts a closer examination of the underlying
factors contributing to this robustness. To this end, we ana-
lyze qualitative results in Figure 2, comparing segmentation
outputs from models using full and pruned token sets across
representative video frames. Our findings suggest that the
pruned model preserves segmentation quality despite the
significant reduction in token count. In certain instances,
pruning even improves boundary sharpness by suppressing
irrelevant or redundant visual information and also shown
better segmentation performance. This effect is particularly
noticeable in scenes characterized by static backgrounds or
repetitive textures, where token reduction helps eliminate
noise that may otherwise interfere with accurate segmenta-
tion. A key factor contributing to this resilience is the high
degree of temporal redundancy inherent in video data. Con-
secutive frames often share similar visual content, enabling
the model to leverage temporal continuity to maintain spa-
tial coherence and semantic consistency across frames. As
a result, the model can tolerate missing or reduced spatial
cues in individual frames by drawing upon context from
neighboring frames. This temporal smoothing effect miti-
gates the negative impact of token pruning and makes video
a particularly suitable modality for token pruning-efficient
modeling. Nevertheless, the limitations of the current ap-
proach become evident in more challenging scenarios. As
shown in Figure 3, the method struggles with rapid motion
and fine-grained object discrimination. In the first exam-
ple, fast-moving objects such as motorcycles exhibit motion
blur and large frame-to-frame variation, which disrupt the
model’s ability to consistently retain relevant tokens. In the
second example, dense scenes involving multiple, visually
similar objects (e.g., fish) pose difficulty for token selection
strategies that prioritize spatial coverage over semantic dis-
tinctiveness.

These observations suggest that future pruning strate-
gies should move beyond static heuristics and incorpo-
rate temporal dynamics, motion sensitivity, and object-level
saliency into the selection process. Learning-based token
prioritization mechanisms, possibly informed by task ob-
jectives or attention distributions, may offer a more adaptive
and effective approach for maintaining segmentation perfor-
mance under constrained token budgets.

B.3. Dataset Comparison: DAVIS vs. YouTube-
VOS

Our main experiments (main manuscript) reveal that prun-
ing leads to a larger performance drop on Refer-DAVIS17
compared to Refer-YouTube-VOS, even under the same to-
ken retention ratio. To better understand this discrepancy,
we summarize key dataset statistics in Table 6, focusing
on factors that may influence pruning robustness. Refer-
DAVIS17 features shorter sequences with dense frame-level
annotations and highly focused object categories. Each ob-



Table 3. Comparison of Refer-DAVIS17 and Refer-YouTube-VOS
datasets.

Statistic Refer-DAVIS17 Refer-YouTube-VOS

Number of Videos 90 3975
Number of Objects 205 7451
Number of Expressions 1544 27899
Avg. Objects per Video 2.3 1.87
Avg. Expressions per Object 7.53 3.74
Avg. Frames per Sequence 67.4 126.0
Annotation Density Dense (every frame) Sparse (5 fps)
Category Diversity Low (e.g., people, dogs) High (animals, vehicles, tools)

ject is described by multiple referring expressions and seg-
mented in every frame, making fine-grained localization
critical. Consequently, pruning even a small number of im-
portant tokens can noticeably affect segmentation bound-
aries or object completeness. In contrast, Refer-YouTube-
VOS consists of longer, more diverse videos with sparser
annotations and greater temporal redundancy. This struc-
ture provides the model with more contextual support across
frames, allowing it to compensate for missing details caused
by pruning. These properties make YouTube-VOS more re-
silient to token reduction.

Overall, the differences in temporal structure, annota-
tion density, and content diversity help explain the dataset-
specific behavior observed in our experiments. These in-
sights also motivate future work on dataset-aware pruning
strategies that can adapt to the demands of different video
understanding tasks.

C. Implementation Details

C.1. Baseline Model: InstructSeg

We adopt InstructSeg [9] as the baseline model through-
out our experiments. It is a modular multi-modal architec-
ture designed for instruction-driven segmentation tasks over
both images and videos, supporting various scenarios such
as referring expression segmentation and reasoning-based
segmentation. The model consists of a set of fixed pre-
trained components, each responsible for a distinct stage
of visual-language processing, including visual encoding,
token fusion, temporal reasoning, and mask decoding. No
modules are fine-tuned during inference.

Language Model. The core reasoning component is a
2.7B-parameter PHI-2 [6] language model. It receives tok-
enized inputs including text instructions, visual tokens, ref-
erence frame tokens (for videos), and learnable mask to-
kens. These are concatenated and processed jointly to pro-
duce contextualized embeddings that guide the subsequent
segmentation modules. The language model is adapted us-
ing Low-Rank Adaptation (LoRA) with a rank of 8. We di-
rectly use the publicly released LoRA-tuned weights with-
out further training.

Visual Encoders and Token Pruning. InstructSeg em-
ploys two vision backbones. First, a SIGLIP encoder [11]
is used to extract global visual tokens from each input image
or frame. These tokens are aligned with text tokens through
the language model. To reduce computational overhead and
redundancy, we apply several token pruning methods di-
rectly to the SigLIP output. This approach retains important
semantic information while reducing the number of visual
tokens passed into the language model, leading to more ef-
ficient inference. In addition, a SWIN-B transformer [8] is
used to extract high-resolution spatial features. These fea-
tures are not pruned and are passed directly to the segmen-
tation decoder to support fine-grained mask prediction.

Segmentation Decoder. For generating pixel-level pre-
dictions, we use a pre-trained MASK2FORMER [5] decoder.
It combines a pixel decoder with a transformer-based in-
stance decoder to predict N mask proposals. Each proposal
is associated with an embedding and a confidence score.
The most relevant masks are selected by computing the sim-
ilarity between predicted mask embeddings and instruction-
guided features.

Object-aware Video Perceiver. To support temporal rea-
soning in video tasks, the model includes an Object-aware
Video Perceiver (OVP) module. This component processes
a sequence of Tr = 4 reference frames alongside the in-
struction tokens. Cross-attention and N1 = 3 transformer
layers are used to extract compressed reference tokens that
encode object-specific dynamics over time. These tokens
are integrated into the language model to provide temporal
context for segmentation.

Vision-guided Text Fusion. To better connect the in-
struction semantics with the visual scene, a Vision-guided
Multi-granularity Text Fusion (VMTF) module is used af-
ter the language model. It fuses coarse and fine-grained
instruction embeddings with spatial visual features using
N2 = 3 cross-attention layers. The resulting embeddings
act as dynamic classifiers for the segmentation decoder.

Inference Pipeline. During inference, the model receives
an image or key frame V ∈ RH×W×3, an optional refer-
ence sequence Vr (for videos), and a natural language in-
struction E . Visual and reference tokens are extracted and
pruned (when applicable), then combined with instruction
and mask tokens and passed through the language model.
Refined embeddings from VMTF are used to produce fi-
nal segmentation masks. All components are pre-trained
and remain fixed. Architectural hyperparameters such as
the number of queries or attention layers follow the default
configuration in the original implementation.



InstructSeg provides a strong and flexible baseline for
instruction-conditioned segmentation. Its modular design
and compatibility with pruning make it a suitable testbed
for analyzing token efficiency in visual-language models.

C.2. TFLOPs Estimation Setup

To estimate computational cost, we implement a FLOPs
calculator that evaluates the number of floating-point op-
erations (FLOPs) for each major component in Instruct-
Seg. We measure total TFLOPs (in units of 1012 FLOPs)
for a single forward pass. The analysis includes the lan-
guage model, visual encoder, token pruning module, mask
decoder, temporal reasoning layers, and the fusion module
(VMTF).

Dataset Inputs. We evaluate FLOPs on both image-based
and video-based segmentation datasets. For each dataset,
we define the number of text tokens T , visual tokens per
frame V , and the number of frames F . Table 4 summarizes
the token configuration for each benchmark:

Table 4. Input configurations for FLOPs estimation.

Dataset Text Tokens (T ) Visual Tokens (V ) Frames (F )

RefCOCO 15 729 1
RefCOCO+ 15 729 1
RefCOCOg 23 729 1
MM-Conv 50 729 1
ReasonSeg 80 729 1
RefYouTube 20 729 4
RefDAVIS 18 729 4
ReVOS 25 729 4

Token Pruning and Fixed Tokens. To evaluate the im-
pact of token pruning, we test four pruning settings with
V ′ ∈ {729, 146, 73, 36} visual tokens retained per frame,
corresponding to pruning ratios from 0% to 95%. For video
data, the total number of visual tokens is V ′ × F . Each
input also includes a fixed set of Tfixed = 100 auxiliary to-
kens (e.g., prompts, [MASK], [CLS]), resulting in a total
sequence length:

S = T + Tfixed + V ′.

FLOPs Computation. We compute FLOPs for each
component using closed-form expressions based on trans-
former operations. Nonlinear activations, biases, and nor-
malization layers are omitted for simplicity. The estimates
are as follows:

• Language model: For L layers, hidden size d, and inter-
mediate FFN dimension dint:

FLOPsattn = 3Sd2 + 2S2d+ Sd2,

FLOPsffn = 2Sd · dint,
FLOPsLM = L(attn + ffn) + Sd|V|.

• Vision encoder: Given N patches, hidden size dv , and
Lv layers:

FLOPsvision =

Lv∑
ℓ=1

(
6Nd2v + 2N2dv

)
+Ndvd.

• Token pruning: For input V and pruned V ′ tokens:

FLOPsprune = 2V d+
V V ′d

10
+ V ′d.

• Mask decoder: Using Q object queries, hidden dim dm,
and Ld layers:

FLOPsmask = Ld · (12Qd2m + 2Q2dm + 2QV ′dm)

+QdmV ′.

• Temporal reasoning: With Qt temporal queries, F
frames, and Lt layers:

FLOPstemporal = Lt(QtFd2 + 4Qtd
2).

• VMTF fusion: For fusion dim df and Lf layers:

FLOPsvmtf = Lf (Teffddf + V ′dvdf + 2TeffV
′df ).

Each value corresponds to a single forward pass. For ev-
ery configuration, we compute FLOPs under both unpruned
(V ′ = V ) and pruned settings, and report the reduction per-
centage.

Model Hyperparameters. All FLOPs estimates are
based on the default InstructSeg configuration:
• Language model: d = 2560, dint = 10240, L = 32

layers, vocabulary size |V| = 51200.
• Vision encoder: dv = 1152, N = 729 patches from
384× 384 input, Lv = 27 layers.

• Mask decoder: Q = 100 queries, dm = 256, Ld = 9
layers.

• Temporal module: Qt = 128 queries, Lt = 3 layers,
F = 4 reference frames.

• VMTF fusion: df = 1024, Lf = 3 layers.
• Token pruning: Hidden dim d = 2560.
• Fixed tokens: Tfixed = 100.

These settings are used consistently across all datasets
without per-task tuning.



Table 5. Task-specific language instructions used for each instructed segmentation task.

Task Visual Type Dataset Instruction
Template

Example Text
Prompt

Referring Expression Segmentation Image RefCOCO / + / g You need to
perform Refer-
ring Expression
Segmentation
on the image
according to the
Text Prompt.

”A baseball
catcher with an
open mitt”

Reasoning Segmentation Image ReasonSeg You need to per-
form Reasoning
Segmentation on
the image ac-
cording to the
Text Prompt.

”The person
who appears to
have already
won in the bat-
tle”

Referring Video Object Segmentation Video Ref-YouTube-VOS, etc. You need to per-
form Referring
Video Object
Segmentation
on the video
according to the
Text Prompt.

”A duck is held
by a person with
her both hands”

Reasoning Video Object Segmentation Video ReVOS You need to per-
form Reasoning
Video Object
Segmentation
on the video
according to the
Text Prompt.

”Which person
is in the leading
position?”

C.3. Instruction Templates and Dataset Construc-
tion

Following InstructSeg [9], we use task-specific instruction
templates to construct language prompts. Each segmenta-
tion task is paired with a distinct instruction format based
on its modality and reasoning type. These templates remain
consistent across training and evaluation. Table 5 summa-
rizes the instruction settings and representative examples.

Baseline Pruning Methods

We compare with several state-of-the-art token prun-
ing methods designed for general-purpose vision-language
models. Specifically, we include ToM [2], VisionZip [10],
VisPruner [12], and DivPrune [1], all of which are compat-
ible with frozen architectures and do not require retraining.

To ensure fair comparison, we unify the application point

for all methods: visual token pruning is applied at the out-
put of the SigLIP encoder. This allows consistent input rep-
resentation into the language model. For attention-based
methods (e.g., VisionZip), we extract attention weights di-
rectly from SigLIP. This differs slightly from the original
setup, which typically relies on CLIP, but preserves each al-
gorithm core mechanism. Since these pruning method were
originally designed for Visual understanding tasks such as
VQA and used primarily in LLaVA or LLama architecture
MLLM, minor adaptation is necessary to evaluate them in
the IVS based on MLLMs setting. We exclude other prun-
ing baseline methods for several reasons:
• Retraining-dependent methods, such as Token-

Packer [7] and M3 [3], require end-to-end optimization
and introduce structural changes, which are incompatible
with frozen models.

• Temporal-incompatible designs, such as FastV [4], as-



Dogs use their mouths to 
perform various tasks, 

including eating and 
vocalizing. What part of 

the dog's body is primarily 
responsible for these 

actions?

The person who is 
shooting a free throw

The friend of humans

something that avoids 
falling down

The men who seem to lose

the dog that puts its 
tongue out

Prompt      Our with 20% token   Original with 100% token

Figure 1. Qualitative results under 20% visual token pruning and comparing with using original 100% visual token. Blue prompt boxes
indicate successful cases where segmentation closely matches the full-token model. Orange-yellow boxes denote partial successes where
overall object segmentation is preserved but fine-grained details are lost or imprecise. Red boxes represent failure cases, often involving
multiple objects or complex spatial layouts, where the model fails to accurately localize or identify the target object.

sume architectures tailored to video encoders, which dif-
fer significantly from our setup.

In summary, we focus on general, transferable, one-shot
pruning methods that can be fairly applied to the unified
visual token stream without requiring architecture-specific
or fine-tuning.

D. Visualization and Experiment Result Anal-
ysis

D.1. Image-Based IVS Pruning Analysis
To better understand how token pruning affects segmenta-
tion quality in practice, we examine qualitative results using
only 20% of the visual tokens. As shown in Figure 1, we



a black bike and a boy 
wearing a white t shirt

Our pruning method 

with 20% visual tokens

Original with 100% 

visual token

Women on the left in 
yellow, middle in red, 
and right in black (with 
pink, carrying a 
shopping bag).

Our pruning method 

with 20% visual tokens

Original with 100% 

visual token

Figure 2. Video segmentation results using 20% visual token pruning. Each example compares our pruned model (top row in each pair)
with the original model using 100% tokens (bottom row). In the first sequence, showing a person and a bicycle, pruning reduces clutter
and leads to better segmentation in some frames. In the second sequence, which includes multiple people in a crowd, the pruned model
produces better spatial separation between foreground and background.

compare outputs from our pruned model with those gener-
ated using the full token set across a range of visual inputs
and prompts. In the top examples with blue prompt bub-
bles, the model performs well despite heavy pruning. For
instance, in the basketball image, the player is clearly seg-
mented with accurate boundaries. Similarly, in both dog-
related prompts, the model correctly identifies the dog with
limited information. These results suggest that when ob-
jects are visually prominent and well separated from the
background, a small number of well-distributed tokens is
often enough to support good segmentation. In the mid-
dle group, marked with orange bubbles, the segmentation
is generally correct but misses some details. For exam-
ple, in the subway handle image, several handles are not
segmented. In the wrestling example, parts of the bod-
ies are either incomplete or blurred. These cases indicate

that while the model still captures the main object, it strug-
gles with fine structures when fewer tokens are available.
The last row, highlighted in red, shows a failure case. The
prompt asks for a “dog with its mouth open,” but the model
only segments the larger black dog, completely missing the
smaller beige dog that more closely matches the prompt.
This likely results from insufficient token coverage in that
region, suggesting that static selection may not adapt well
to scenes with multiple similar objects or complex layouts.

Future pruning method could benefit from combining
spatial coverage with semantic information, such as atten-
tion or uncertainty signals, to better identify which regions
matter. Adapting the token budget based on input com-
plexity or using multi-scale sampling might also help re-
tain more useful information. Overall, while static pruning
works well in many settings, more adaptive methods may be



A Black man holding a 
black rifle is hanging 

onto a rope.

Our pruning method 

with 20% visual tokens

Original with 100% 

visual token

The largest goldfish is at 
the top right, a striped 
one is in the center, the 
smallest is swimming 
down-right; one small 
fish is at the top 
swimming up-right, and 
another is at the bottom, 
partially out of frame, 
swimming down-right.

Our pruning method 

with 20% visual tokens

Original with 100% 

visual token

Figure 3. Failure cases of our visual token pruning method under 20% token budget. In the top sequence, involving fast-moving motor-
cycles, the model fails to consistently segment both the rider and the vehicle, likely due to motion blur and temporal misalignment. In
the bottom sequence, the scene contains multiple fish with highly similar appearances. The pruned model struggles to preserve instance
separation and fails to segment all targets accurately. These examples illustrate that pruning method can underperform in cases of rapid
motion or when many visually similar objects appear in the same frame.

needed for robust performance across diverse visual inputs.

D.2. Video-Based IVS Pruning Analysis

From previous experiment(Refer to table 2 and 3 in main
manuscript), we find that pruning visual tokens to 20%
introduces relatively minor performance degradation in
video-based IVS comparing to image-based IVS. This ob-
servation prompts a closer examination of the underlying
factors contributing to this robustness. To this end, we ana-
lyze qualitative results in Figure 2, comparing segmentation
outputs from models using full and pruned token sets across
representative video frames. Our findings suggest that the
pruned model preserves segmentation quality despite the
significant reduction in token count. In certain instances,
pruning even improves boundary sharpness by suppressing
irrelevant or redundant visual information and also shown

better segmentation performance. This effect is particularly
noticeable in scenes characterized by static backgrounds or
repetitive textures, where token reduction helps eliminate
noise that may otherwise interfere with accurate segmenta-
tion. A key factor contributing to this resilience is the high
degree of temporal redundancy inherent in video data. Con-
secutive frames often share similar visual content, enabling
the model to leverage temporal continuity to maintain spa-
tial coherence and semantic consistency across frames. As
a result, the model can tolerate missing or reduced spatial
cues in individual frames by drawing upon context from
neighboring frames. This temporal smoothing effect miti-
gates the negative impact of token pruning and makes video
a particularly suitable modality for token pruning-efficient
modeling. Nevertheless, the limitations of the current ap-
proach become evident in more challenging scenarios. As



Table 6. Comparison of Refer-DAVIS17 and Refer-YouTube-VOS
datasets.

Statistic Refer-DAVIS17 Refer-YouTube-VOS

Number of Videos 90 3975
Number of Objects 205 7451
Number of Expressions 1544 27899
Avg. Objects per Video 2.3 1.87
Avg. Expressions per Object 7.53 3.74
Avg. Frames per Sequence 67.4 126.0
Annotation Density Dense (every frame) Sparse (5 fps)
Category Diversity Low (e.g., people, dogs) High (animals, vehicles, tools)

shown in Figure 3, the method struggles with rapid motion
and fine-grained object discrimination. In the first exam-
ple, fast-moving objects such as motorcycles exhibit motion
blur and large frame-to-frame variation, which disrupt the
model’s ability to consistently retain relevant tokens. In the
second example, dense scenes involving multiple, visually
similar objects (e.g., fish) pose difficulty for token selection
strategies that prioritize spatial coverage over semantic dis-
tinctiveness.

These observations suggest that future pruning strate-
gies should move beyond static heuristics and incorpo-
rate temporal dynamics, motion sensitivity, and object-level
saliency into the selection process. Learning-based token
prioritization mechanisms, possibly informed by task ob-
jectives or attention distributions, may offer a more adaptive
and effective approach for maintaining segmentation perfor-
mance under constrained token budgets.

D.3. Dataset Comparison: DAVIS vs. YouTube-
VOS

Our main experiments (main manuscript) reveal that prun-
ing leads to a larger performance drop on Refer-DAVIS17
compared to Refer-YouTube-VOS, even under the same to-
ken retention ratio. To better understand this discrepancy,
we summarize key dataset statistics in Table 6, focusing
on factors that may influence pruning robustness. Refer-
DAVIS17 features shorter sequences with dense frame-level
annotations and highly focused object categories. Each ob-
ject is described by multiple referring expressions and seg-
mented in every frame, making fine-grained localization
critical. Consequently, pruning even a small number of im-
portant tokens can noticeably affect segmentation bound-
aries or object completeness. In contrast, Refer-YouTube-
VOS consists of longer, more diverse videos with sparser
annotations and greater temporal redundancy. This struc-
ture provides the model with more contextual support across
frames, allowing it to compensate for missing details caused
by pruning. These properties make YouTube-VOS more re-
silient to token reduction.

Overall, the differences in temporal structure, annota-
tion density, and content diversity help explain the dataset-
specific behavior observed in our experiments. These in-
sights also motivate future work on dataset-aware pruning

strategies that can adapt to the demands of different video
understanding tasks.
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