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Abstract

Recent advances in multimodal large language models
(MLLMs) have expanded research in video understanding,
primarily focusing on high-level tasks such as video cap-
tioning and question-answering. Meanwhile, a smaller
body of work addresses dense, pixel-precise segmentation
tasks, which typically involve category-guided or referral-
based object segmentation. Although both directions are es-
sential for developing models with human-level video com-
prehension, they have largely evolved separately, with dis-
tinct benchmarks and architectures. This paper aims to
unify these efforts by introducing ViCaS, a new dataset
containing thousands of challenging videos, each anno-
tated with detailed, human-written captions and tempo-
rally consistent, pixel-accurate masks for multiple objects
with phrase grounding. Our benchmark evaluates mod-
els on both holistic/high-level understanding and language-
guided, pixel-precise segmentation. We also present care-
fully validated evaluation measures and propose an effec-
tive model architecture that can tackle our benchmark.

1. Introduction

The emergence of open-source large lauguage models
(LLMs) [9, 32, 96], coupled with progress in aligning vision
and language feature spaces [55, 58, 83], has enabled signif-
icant research into vision-language models that can jointly
reason over visual and language inputs. Earlier advances in
image-language models [8, 56, 66] have spurred develop-
ment of multimodal LLMs capable of reasoning over other
modalities such as videos [63] and 3D point-clouds [128].

In the field of video-language models, research has
mainly focused on holistic video understanding tasks such
as video captioning and question-answering [63, 67, 72, 73,
113, 127], with a particular emphasis on generating tem-
porally dense text output for long video sequences [18,

Figure 1. ViCaS Dataset/Benchmark. Our dataset contains de-
tailed video captions with phrase-level grounding for accurate ob-
ject segmentation masks. The benchmark comprises two tasks to
evaluate holistic and pixel-level video understanding, respectively.

62, 92, 118, 132]. By contrast, comparatively less atten-
tion has been given to predicting spatially dense outputs
— such as bounding boxes or segmentation masks — that
can localize key objects and actors in videos based on text
prompts, even though this has important practical applica-
tions, e.g., autonomous robots and video editing. Although
recent language-driven benchmarks [29, 47, 89, 117] in the
video segmentation community have made progress in this
area, these datasets are largely object-centric and lack eval-
uation of high-level, holistic video understanding.

In this paper, we seek to bridge the gap between bench-
marks that evaluate holistic video understanding and those
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focused on pixel-level localization. We introduce ViCaS, a
new video dataset and benchmark containing thousands of
videos with detailed, human-annotated captions. In these
captions, words and phrases corresponding to key objects
are grounded in human-drawn, pixel-precise segmentation
masks that span the entire video duration. To the best of our
knowledge, this is the first video dataset to offer human-
labeled annotations of this kind.

Our benchmark comprises two tasks: (1) Video Cap-
tioning, which requires describing the video events and
objects in detail, and (2) our newly proposed Language-
Guided Video Instance Segmentation (LG-VIS) task,
which requires predicting temporally-consistent segmenta-
tion masks for multiple objects based on a text prompt. An
example of our dataset annotations and tasks is given in
Fig. 1. To effectively evaluate Video Captioning, we con-
duct a comprehensive user study to validate the evaluation
measures used for open-ended text similarity by comparing
several existing approaches. Finally, we introduce Video-
LLaVA-Seg, an end-to-end architecture designed to effec-
tively tackle our benchmark by integrating insights from
recent vision-language models [63, 67] and prompt-based
video segmentation approaches [53, 86]. In summary, our
contributions are as follows:
• We introduce a large, human-annotated video dataset with

detailed text captions with phrase-level grounding for ob-
jects, accompanied by pixel-precise segmentation masks.
This dataset enables the evaluation of both holistic and
pixel-level video understanding.

• We propose accurate, reproducible evaluation measures
for open-ended text similarity which are verified by a
comprehensive user study.

• We present Video-LLaVA-Seg, an effective, end-to-end
trained architecture that can tackle our benchmark.

2. Related Work
Although video understanding is a well-researched topic in
computer vision, researchers have traditionally approached
holistic and pixel-level video understanding as separate
streams, each with its own datasets and benchmarks. Be-
low, we review related work in these areas.

2.1. Holistic Video Understanding

Video Classification. This is one of the earliest tasks
in video understanding, popularized by activity recogni-
tion datasets [52, 93, 125], and later expanded by larger
datasets [37, 38, 91], e.g., Kinetics [46]. Early deep learning
approaches employed 3D CNNs [39, 45, 97–99] to capture
spatio-temporal information. With the popularization of
transformers [100], attention-based architectures [4, 68, 79]
emerged, offering improved performance. Although these
datasets and architectures have greatly advanced video un-
derstanding, they are limited from a language perspective,

typically assigning a single, predefined label to each video.

Video Captioning and Question-Answering. Alongside
classification, language-oriented tasks such as video cap-
tioning and question-answering (Q/A) have gained research
attention. Early datasets like MSVD [17], MSR-VTT [111],
and TGIF-QA [61] laid the groundwork for video caption-
ing and were later adapted as Q/A benchmarks [110]. Initial
approaches [31, 112] combined CNNs for visual reasoning
with RNNs for text generation. As transformers gained pop-
ularity, architectures like VideoBERT [94] and UniVL [71]
were among the first to unify vision and language by learn-
ing shared representations for both modalities.

Multimodal Large Language Models (MLLMs). The
recent popularization of LLMs [9, 24, 32, 96] has enabled
research on multimodal models which extend LLMs to pro-
cess visual inputs such as images [14, 19, 28, 66, 124] and
videos [18, 62, 63, 72, 73, 92]. This research has been sup-
ported by large-scale video captioning datasets [11, 20, 116]
and multi-task video understanding benchmarks [25, 57].

Overall, the datasets and models discussed above focus
primarily on high-level, holistic video understanding and do
not address finegrained, pixel-level localization.

2.2. Pixel-level Video Understanding

Object Tracking and Segmentation. Object localization
and tracking is a deeply studied problem, even prior to the
deep learning era [2, 78]. This research has been propelled
by several datasets, with early efforts focused on bounding-
box-level object tracking [26, 27, 34, 36, 44, 51, 122].
As model architectures advanced, benchmarks for pixel-
precise video segmentation emerged, covering tasks such as
object segmentation based on predefined categories [7, 48,
74, 75, 81, 82, 102, 108, 119] or segmenting specific objects
given their first-frame ground-truth masks [30, 80, 115] or
points [7, 43, 133]. Popular approaches have evolved from
tracking-by-detection methods [16, 69, 95, 102] to end-to-
end trainable transformer-based [6, 40, 42, 49, 90, 107, 109,
130], and object-level attention-based architectures [5, 21–
23, 76]. Despite substantial progress, these works focus
solely on tracking and segmentation, without addressing
holistic video understanding.

Language-Guided Segmentation. Recent progress in
vision-language models has motivated multiple language-
guided video segmentation datasets [103]. These include
“open-vocabulary” datasets [104, 105] that cover a large
set of object classes, and referral-based video segmentation
benchmarks [29, 47, 89], which require segmenting objects
based on text prompts. Although more language-oriented,
these datasets are still object-centric and do not involve pre-
dicting a high-level description of the entire video.

Some approaches [29, 41, 123] for these tasks use text
and image backbones to encode the text prompt and video
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A grey cat on a bed hits a brown 
dog that is sleeping in front of it 
twice. The dog wakes up and looks 
to the right for a moment before 
going back to sleep.

A woman in blue rides her 
skateboard down a ramp, but falls 
and ends up lying on her side. 
Another woman in red riding her 
skateboard rushes over to assist 
her. The two skateboards continue 
to roll around on the ground. 

A white cat sniffs a purple cup on 
the desk in an indoor room. It 
then knocks the purple cup onto 
the floor, which causes the three 
yellow balls inside it to fall out. 

A man in green riding skis in the 
backdrop of snowy trees turns to 
the left before sharply turning 
right. This kicks up a shower of 
snow onto another person on a 
snowboard who is kneeling on the 
ground.

A black car is driving in front on a 
two-way road. A white car drives 
by on the left. Then, the car in 
front speeds up while a second 
white car drives by and a silver 
car very dangerously overtakes it.

A man pushes a toy car with a 
child sitting inside down a ramp in 
a garden. The toy car veers to the 
left and collides with a plant in a 
puddle. The child falls into the 
puddle but then stands back up. A 
swing can be seen in the 
background. 

Figure 2. ViCaS Examples. Our dataset showcases diverse scenes with a variety of objects and video events, along with detailed captions.
Phrases referring to multiple objects are written with multiple colors, e.g., “three yellow balls” in row 2 references three different objects.

frames, followed by a transformer decoder and segmen-
tation head to generate masks. Meanwhile, recent LLM-
based approaches [10, 117] use a special SEG vocabulary
token in conjunction with a segmentation network to predict
the target masks. These approaches typically utilize several
image-level and video segmentation datasets for training,
and utilize other models [13, 62] for dynamic frame selec-
tion or temporal mask propagation.

In contrast to these two categories of works, we propose
a unified dataset that provides the annotations as well as
benchmark tasks to evaluate both holistic/high-level, and
pixel-level video understanding. Additionally, we propose a
baseline architecture that is end-to-end trainable, and can be
effectively trained for segmentation using only our dataset,
thereby making it easy to setup and extend.

3. ViCaS Dataset
Our dataset is designed to evaluate both holistic as well
as pixel-level video understanding. To this end, we
annotate 20,416 videos with detailed captions in which
words/phrases referencing salient objects are grounded with
temporally consistent segmentation masks. All annotations
are done by professional human annotators.

3.1. Video Source

For our objective, it is crucial to annotate videos which con-
tain meaningful events that can only be explained through
effective temporal reasoning. At the same time, to effec-
tively evaluate pixel-level understanding, the videos should
feature challenging scenes with multiple moving objects.

To meet these requirements, we annotate videos from
three sources: (1) Oops dataset [33], a collection of ‘fail
videos’ from the internet, (2) Unidentified Video Object
(UVO) [105], which is a video segmentation dataset, and

(3) Kinetics-700 [46], a popular human action recognition
dataset. These sources are suitable for our dataset since they
contain in-the-wild videos with diverse objects and back-
grounds. Moreover, they contain videos with multiple ob-
jects undergoing appearance and shape changes, and fast
motion. This combination of attributes makes the videos
challenging both in captioning and in segmentation.

We annotate 20,416 videos with durations ranging from
4 to 30 seconds (distribution illustrated in Fig. 3c). Note
that we use only the raw videos from these Oops dataset and
disregard their annotations. More details on video selection
are given in supplementary.

3.2. Annotation Process

The annotation process consists of two main steps: first,
a detailed caption is written (Step 1a) in which objects se-
lected for segmentation masks are identified and marked us-
ing a specific syntax (Step 1b). In the second step, a differ-
ent annotator reviews the video and its text, and draws the
corresponding segmentation masks (Step 2). The process is
illustrated in Fig. 4. Further details are given below.

Step 1a: Text Captions. Professional annotators fluent
in English were tasked with writing a detailed caption cov-
ering the events in each video. To ensure consistency in
the level of detail and writing style, they received com-
prehensive guidelines with several examples. Annotators
were advised to think as if they have ∼30 seconds to con-
vey the video content in as much detail as possible over
an audio call. They were instructed to describe the ‘fail’
event [33], the actions and movements of objects, as well
as the background scene and any additional, interesting el-
ements. Since our dataset is video-centric, annotators were
explicitly guided to include temporal information, with the
instruction: “Focus on details that require watching the en-
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Figure 3. ViCaS Dataset. (a): Word cloud for nouns in grounding phrases. (b), (c): Histograms for caption length and video duration,
respectively. Since these distribution are long-tailed, the right-most bar labeled ‘n+’ captures all values ≥ n to prevent visual distortion.

[A shirtless man]<mask_1> is facing the ground while hanging from [two rings]<mask_2,3> 
suspended from the ceiling by ropes in an indoor room. Suddenly, he lets his left hand go, 
causing the right rope to fail under his weight, and he falls to the ground. He then stands 

up, points forward, and laughs.
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Figure 4. Annotation Process. Our annotation process consists
of two steps. Step 1: A detailed video caption is written by human
annotators. Salient objects are identified and marked using a spe-
cial syntax (highlighted in blue). Step 2: Segmentation masks are
drawn for the salient objects throughout the video.

tire video and cannot be inferred from a few frames.”

Step 1b: Phrase Grounding. Alongside writing the
text caption, annotators were instructed to identify salient
objects/actors in the video, and mark the corresponding
phrases or words using a specific syntax, as illustrated in
Fig. 4. This syntax is programmatically parsable to ex-
tract object IDs that can be removed to produce a standard,
human-readable caption. To streamline the mask-drawing
process, annotators were advised to mark no more than 10
objects per video.

Step 2: Segmentation Masks. In the second step, a differ-
ent annotator reviews the video and its caption, and uses a
polygon tool to draw segmentation masks for each marked
object. The annotators were instructed to read the text care-
fully and watch the video multiple times to ensure that cor-
rect masks were drawn for the each grounding phrase. To
balance annotation accuracy and cost, we annotate masks
at 1 frame-per-second (fps) and then use an off-the-shelf
SAM2 [86] model to propagate these masks to adjacent
frames, producing temporally dense mask annotations at 30

fps. A similar approach has been successfully applied in
other video segmentation datasets [7, 105].

Annotation Statistics and Quality Control. For Step 1,
we employed 24 annotators and 4 quality inspectors who re-
viewed/corrected the text captions and language grounding.
On average, each video required 9 minutes for annotation
and quality checking. For Step 2, we hired 40 annotators
and 5 quality inspectors, with each video frame requiring
an average of 7 minutes to annotate.

3.3. Benchmark Design and Evaluation Tasks

Leveraging our annotations, we create a benchmark to eval-
uate both high-level video understanding and pixel-precise
segmentation. Consequently, it includes two tasks:

1) Video Captioning. In this task, the model is expected
to produce an open-ended text summary that explains the
events in the video, including descriptions of salient objects
and background elements.

2) Language-Guided Video Instance Segmentation (LG-
VIS). For this task, the model receives a text prompt de-
scribing a specific set of objects, e.g., ‘Where is the per-
son who walks from left to right?’, and is expected to pre-
dict segmentation masks for the corresponding objects. For
cases where multiple objects are referenced, e.g., ‘Where
is the group of kittens that are playing?’, a separate mask
is required for each object. This is in contrast to Referral
Video Object Segmentation [29, 47, 89], where only a sin-
gle, binary mask covering all target objects is required.

From a vision-language perspective, both tasks are forms
of Video Question-Answering. For Video Captioning, the
question asks for a video description, with the answer pro-
vided as open-ended text. For LG-VIS, the question is a
‘Where is?’ query regarding specific objects, and the an-
swer is a video-length segmentation mask for each object.

Converting Grounded Captions to LG-VIS Prompts. As
outlined in Sec. 3.2, our annotations contain phrase ground-
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Type Dataset Name Year
Human
Ann.

Videos
Duration

(sec)
Caption
(words)

Object
Classes

Object
Tracks

Object
Masks

C
ap

tio
ni

ng
an

d
Q

/A

MSVD [17] 2011 ✓ 2K 9.7 8.7 - - -
MSR-VTT [110] 2016 ✓ 10K 15.0 9.3 - - -
ActivityNet [125] 2017 ✓ 20K / 100K 36.0 13.5 - - -
YouCook2 [131] 2018 ✓ 2K / 14K 19.6 8.8 - - -
VATEX [106] 2019 ✓ 41K ∼10 15.2 - - -
DiDeMo [3] 2017 ✓ 10K / 27K 6.9 8.0 - - -
WebVid10M [11] 2021 ✗ 10M 17.2 14.2 - - -
Panda70M [20] 2024 ✗ 3.8M / 70.8M 8.5 13.2 - - -

R
ef

er
ra

l
V

O
S

A2D Sentence [35] 2018 ✓ 3,782 4.9 - - 4,825 58K
DAVIS-17 RVOS [47] 2019 ✓ 90 2.4 - 78 205 13.5K
Refer-Youtube-VOS [89] 2020 ✓ 3,978 5.5 - 94 7,451 131K
MeViS [29] 2023 ✓ 2,006 13.2 - - 8,171 443K
ReVOS [117] 2024 ✓ 1,042 8.6 - - 9,084 273K

C
la

ss
-g

ui
de

d
Se

gm
en

ta
tio

n YouTube-VIS [119] 2019 ✓ 2,883 5.6 - 40 4,883 131K
OVIS [81] 2021 ✓ 901 12.8 - 25 5,223 296K
UVO [105] 2021 ✓ 11,228 9.6 - 80 104,898 593K
BURST [7] 2023 ✓ 2,914 35.7 - 482 16,089 600K
LV-VIS [104] 2023 ✓ 4,828 4.6 - 1,196 25,588 544K

ViCaS (Ours) 2025 ✓ 20,416 9.1 39.0 11,492 65,588 18.3M

Table 1. Dataset Comparison. In the ‘Videos’ column, entries formatted as ‘X / Y’ indicate a total of X videos with Y labeled sub-clips,
with the average sub-clip duration being reported.

ing for labeled objects. We use GPT-4 [1] to convert these
grounded captions into ‘Where is?’ style questions, which
serve as text prompts for the LG-VIS task. Further details
about this process are provided in supplementary.

Dataset Splits. We split the 20,416 videos into train, val-
idation, and test sets with 14,516 videos for training, and
2,950 each for validation and testing. Statistics for each set
are given in supplementary.

3.4. Comparison with Related Datasets

Table 1 provides a quantitative comparison between ViCaS
and existing datasets, showing that ViCaS uniquely com-
bines text captions and pixel-precise segmentation masks.

Captioning and Q/A. For text descriptions, ViCaS priori-
tizes quality over quantity, offering detailed, high-quality,
human-written captions with phrase grounding for ob-
jects. Our captions average 39 words (distribution il-
lustrated in Fig. 3b), significantly longer than those in
other datasets. While ViCaS annotates more videos than
early datasets like MSVD [17] and MSR-VTT [111], later
datasets with temporally dense captions, such DiDeMo [3],
and YouCook2 [131], include more labeled video segments.
Recently, large-scale datasets such as WebVid10M [11] and
Panda70M [20] have emerged, containing millions of auto-
matically captioned videos sourced from the internet. While
useful for (pre-)training large models, these datasets offer
shorter, less detailed descriptions and have neither segmen-

tation masks nor phrase grounding.

Referral VOS. Compared to Referral Video Object Seg-
mentation (VOS) datasets, ViCaS stands out by provid-
ing holistic, video-level captions in addition to object-level
language expressions. With 20,416 annotated videos, Vi-
CaS is significantly larger than the second-largest Refer-
YouTubeVOS [89], which contains only 3,978 videos. Al-
though MeViS [29] features longer videos, averaging 13.2s
compared to our 9.1s, ViCaS offers significantly more an-
notated objects (65,588) compared to MeViS (8,171).

Class-Guided Segmentation. Compared to these datasets,
ViCaS provides more nuanced language labels, going be-
yond single-word category labels typical in Video Instance
Segmentation (VIS) [81, 119] datasets. Using NLTK [15],
we found that our object-grounding phrases contains 11,492
unique nouns/noun-phrases (illustrated in Fig. 3a), which is
significantly higher than the 1,196 object categories in LV-
VIS [104]. Furthermore, ViCaS contains more videos than
the others, and also contains more labeled object tracks than
all other datasets except UVO [105]. Lastly, ViCaS stands
out by providing detailed text captions in addition to the
segmentation masks.

4. Evaluation Measures
As outlined in Sec. 3.3, our benchmark comprises two
tasks: Video Captioning and LG-VIS. Evaluating the video
caption quality is challenging since it requires computing
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Evaluation Method Part 1 Part 2

r rmax ravg ∆PN

L
L

M

GPT4 [1] 58.9 62.1 67.3 37.6
Llama3-70B [32] 59.3 64.3 65.6 29.2
Llama3-8B [32] 31.3 - 45.9 2.4

E
m

be
dd

in
g

Si
m

. AnglE Lm2-7B [60] 50.5 50.0 50.3 3.3
STSB Roberta-L [87] 49.5 48.3 49.1 7.5
AnglE Lm2-13B [60] 45.6 47.4 46.4 4.5
AnglE UAE-L [60] 44.5 42.7 40.5 0.9
MPNet-B [87] 41.5 35.4 34.7 0.4
BERTScore [129] 22.1 22.9 26.2 -2.4

W
or

d
m

at
. METEOR [12] 22.3 23.9 22.8 -16.4

BLEU4 [77] 19.9 15.9 15.4 -27.6
ROUGE-L [64] 18.1 18.2 13.2 -23.7
CIDEr [101] 2.8 0.1 -0.8 -21.2

Table 2. Caption Scoring User Study. Results for Part 1 (Cor-
relation with Human Scores) and Part 2 (Robustness to Hard Pos-
itives/Negatives). r, rmax and ravg denote Pearson correlation
coefficients. ∆PN is the absolute difference in predicted scores.

the similarity between two open-ended text passages—the
human-written ground truth and the model’s prediction. To
address this, we first conduct a comprehensive user study
for scoring open-ended text similarity in Sec. 4.1, before
introducing the selected evaluation measures in Sec. 4.2.

4.1. User Study for Video Caption Scoring

To decide evaluation measures for video captioning, we
carried out a two-part user study comparing several scor-
ing methods which are categorized into three groups: (1)
classical text similarity metrics, e.g., METEOR [12] and
BLEU4 [77], which rely on word/phrase matching; (2) em-
bedding similarity-based measures, e.g., BERTScore [129]
and AnglE [60], which summarize the ground-truth and pre-
diction as an embedding using a language model, followed
by computing the cosine similarity between the two; and (3)
recent LLM-based scoring methods [73], where an LLM is
provided with the ground-truth and predicted captions along
with instructions for assessing similarity, and it outputs a
similarity score directly as text.

Part 1: Correlation with Human Scores. In this part, 20
participants rated the accuracy of various model-predicted
video captions on a scale of 0 to 10, with a minimum in-
terval of 0.5. Similar to the evaluation methods, partici-
pants could only read the ground-truth caption and could
not watch the video itself. They represented 10 different
nationalities and had either native, or professional English
proficiency. A total of 131 video captions were evaluated,
with each sample scored by two different individuals.

To filter samples with diverging human scores, we cal-
culated the difference ∆ between the two assigned scores
for each sample, discarding any with ∆ > α (i.e., outlier
removal). We used multiple thresholds {αi} ranging from

0.5 to 2.5 in steps of 0.5. For each αi and each method,
we calculated the Pearson correlation coefficient ri between
averaged human scores and the predicted scores. The final
correlation score r for each method was computed as the
mean of the set {ri}, and is reported in Table 2.

Results indicate that LLM-based scoring methods per-
formed best, with Llama3-70B [32] achieving r = 59.3%,
closely followed by GPT-4 [1] with 58.9%. Model size sig-
nificantly impacted performance, as evidenced by Llama3-
8B’s lower r = 31.3%. Among embedding-based meth-
ods, AnglE Llama2-7B [60] performed best at 50.5%, while
classical word/phrase matching metrics lagged behind, with
METEOR [12] achieving only r = 22.3%.

Pooling Scores Across Multiple Ground Truths. A com-
mon strategy to enhance robustness in text similarity eval-
uation is to compare predictions with multiple, synony-
mous ground-truths. Using GPT-4 [1], we generated four
rephrasings for each human-written caption, resulting in
five ground-truth variants per video. For each video, we cal-
culated the similarity between the prediction and all ground-
truths, followed by applying either average or maximum
pooling to obtain the final score. We report the resulting cor-
relations as ravg and rmax in Table 2. As shown in the table,
LLM-based scoring methods benefited most from average
pooling, with Llama3-70B improving from 59.3% to 65.6%
and GPT-4 from 58.9% to 67.3%. Embedding-based meth-
ods generally saw minimal improvements for both types of
pooling, with some, like MPNet-B and AnglE-UAE-L, ex-
periencing slight declines. Word/phrase matching metrics
similarly showed no substantial improvement.

Part 2: Robustness to Hard Positives/Negatives. Here,
participants watched videos from our dataset and read the
ground-truth captions (GT), and were then asked to write
a hard-positive (HP) and a hard-negative (HN) caption for
each video. For the HP, they rephrased the caption using
different wording and style while retaining all original in-
formation. For the HN, they altered critical details while
retaining most wording and sentence structure. Each of the
10 participants processed 5 videos, yielding 50 samples.

We computed the similarity between GT-HP and GT-HN
pairs for each video using different methods. The scores
were scaled to [0, 100]1 and the difference ∆PN between the
GT-HP and GT-HN pairs was calculated, and reported in
Table 2. Ideally, ∆PN should be high, indicating that meth-
ods assign higher similarity to GT-HP pairs and lower sim-
ilarity to GT-HN pairs. GPT-4 achieved the highest ∆PN
(37.6), followed by Llama3-70B (29.2). Most embedding-
based models showed low ∆PN, indicating similar scores for
GT-HP and GT-HN pairs, while word/phrase matching met-
rics performed worst, with negative ∆PN values suggesting
higher scores for GT-HN pairs than GT-HP pairs.

1Except CIDEr, which is not a normalized metric
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Figure 5. Video-LLaVA-Seg Architecture. The vision backbone and projection MLP encode the input video frames into a set of features
Fsf which are concatenated with the text embeddings and input to the LLM. For Video Captioning, the output Fo is decoded into text. For
LG-VIS, the <SEG> token in Fo is applied to the mask decoder along with multi-scale features from the segmentation backbone.

4.2. Selected Evaluation Measures
Video Captioning. Although GPT-4 achieved the highest
ravg and ∆PN in our study, it is proprietary and subject to
updates, which complicates reproducibility. Moreover, its
runtime can be slow due to token limits, and it incurs mon-
etary costs which effectively makes the benchmark ‘pay-to-
evaluate’. To support open-source, reproducible research,
we accept a slight performance trade-off and select Llama3-
70B as the evaluation measure for our video captioning task.
Since ravg is noticeably higher than r for Llama3-70B (Ta-
ble 2), we generate 4 reworded variants of each ground-truth
caption, and compute the final accuracy by averaging over
the prediction-GT scores for each video. This score lies in
[0, 5] and is abbreviated as CA (Caption Accuracy).

Language-Guided Video Instance Segmentation (LG-
VIS). Unlike text similarity, segmentation mask accu-
racy is a well-studied problem with several feasible met-
rics [59, 70, 119]. We select Track mean Average Preci-
sion (mAP) as our primary metric since it is widely used by
video segmentation benchmarks [81, 105, 119] and accom-
modates multi-object prediction.

5. Video-LLaVA-Seg Model
We propose an effective baseline called Video-LLaVA-Seg
that can tackle both Video Captioning and LG-VIS with a
single, end-to-end trained model.

5.1. Architecture

Video-LLaVA-Seg extends the popular LLaVA [65–67] ar-
chitecture with segmentation ability. It is illustrated in
Fig. 5 and comprises 3 main parts: (1) a multi-modal LLM,
(2), a vision backbone, and (3) a segmentation network.

Vision Features. We input T uniformly sampled frames
from the video to the vision backbone, yielding a set of
video features Fv ∈ RT×H×W×C . Next, we adopt the
workflow proposed by Xu et al. [114] and split Fv into two

sets of features, namely ‘slow’ features Fs
v ∈ RTs×H×W×C

and ‘fast features’ Ff
v ∈ RT×Hf×Wf×C . Fast features are

generated by aggressively downsampling the spatial dimen-
sions in Fv using adaptive average pooling, i.e. Hf << H
and Wf << W . Meanwhile, slow features are obtained by
uniformly sampling Ts < T frame features from Fv . These
two sets of features are then flattened and concatenated to
yield the set of ‘slow-fast’ video features Fsf ∈ RNv×C

where Nv = (T ×Hf ×Wf ) + (Ts ×H ×W ). The idea
is to retain finegrained information along both temporal and
spatial dimensions: the slow features are temporally dense
but spatially condensed, whereas the fast features are spa-
tially dense but temporally sparse. This reduces the number
of video tokens Nv input to the multimodal LLM.

Multi-modal LLM. The slow-fast video features are then
applied to a projection MLP, concatenated with the text
prompt embeddings, and then input to the LLM, which out-
puts a set of embeddings Fo. For the Video Captioning task,
Fo is decoded into text. For LG-VIS, the model is trained to
output a special <SEG> token which is used by the segmen-
tation network to regress the mask. Note that when the text
prompt references multiple objects, the model generates a
separate <SEG> token for each target object.

Segmentation Network. The video frames are encoded
at high resolution by a segmentation backbone to yield
multi-scale features which, together with <SEG> tokens,
are input to a mask decoder to obtain the final segmentation
masks. The mask decoder architecture is borrowed from
SAM2 [86] and consists of multiple layers of bi-directional
cross-attention between the <SEG> tokens and the segmen-
tation backbone features. Finally, the dot-product between
the two is computed to obtain the mask logits. We refer to
Ravi et al. [86] for more details. Our approach for mask
prediction using <SEG> tokens generated by an MLLM is
inspired from recent image segmentation [53, 85, 120, 126]
and video segmentation works [10, 117].
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Comparison to Existing Methods. Video-LLaVA-Seg
is a compact baseline model that is easy to setup and ex-
tend, unlike existing LLM-based video segmentation ap-
proaches [10, 117]: VISA [117] involves inference with a
pretrained Llama-Vid [62] to select key frames for their own
model, and both VISA and VideoLISA [10] rely on pre-
trained models [13, 21] to perform/improve temporal mask
propagation. Moreover, these approaches tackle only seg-
mentation tasks whereas our model is trained to tackle both
captioning and segmentation.

5.2. Implementation Details

We employ an AM-RADIO [84] ViT-H [50] model as the
vision backbone and Llama3-8B [32] as the LLM. The seg-
mentation backbone is a Hiera-Small [88] network which,
together with the mask decoder, is initialized with weights
from SAM2 [86]. We sample T = 32 frames and use
Ts = 8 slow frames. We train our model in three stages:
(1) a vision-language alignment stage to optimize the pro-
jection MLP, (2) a finetuning step to optimize the MLLM,
projection MLP and vision backbone for video captioning,
and finally (3) the entire model with the segmentation net-
work is fintuned for both tasks. For the first two stages,
we utilize a total of 3.5M video caption samples from We-
bVid10M [11] and Panda70M [20]. In stage 3, we finetune
the model on the ViCaS training set for both tasks. Train-
ing takes a total of ∼ 4 days on 32 A100 GPUs. Further
implementation details can be found in supplementary.

5.3. Ablation Studies

We report ablations in Table 3 and discuss them below.

# Vis Enc. Ts SF-Pool. Cap. Seg. CA mAP

1 AM-RAD. 1 ✗ ✓ ✓ 2.1 15.9
2 AM-RAD. 2 ✗ ✓ ✓ 2.4 17.0
3 AM-RAD. 4 ✗ ✓ ✓ 2.8 18.8
4 AM-RAD. 8 ✓ ✓ ✗ 3.0 -
5 AM-RAD. 8 ✓ ✗ ✓ - 18.5
6 CLIP 8 ✗ ✓ ✓ 2.9 19.9

AM-RAD. 8 ✓ ✓ ✓ 3.0 20.5

Table 3. Ablation experiments on the ViCaS validation set. CA:
Caption Accuracy. SF-Pool: Slow-Fast Pooling.

Input Frames. In rows 1-3, we train our model using
Ts = {1, 2, 4} frames instead of Ts = 8 in the final
setting. We see that using fewer frames strongly reduces
performance, especially for captioning, showing that our
dataset/benchmark is video-centric and requires temporal
context to effectively tackle.

Task Synergy. For rows 4 and 5, we train the model
for either one of our benchmark tasks. We see that the
model trained only for LG-VIS achieves 18.5 mAP which is

much worse than the 20.5 achieved by the multi-task model.
Meanwhile, the Caption Accuracy remains unchanged at
3.0. This indicates that pixel-level segmentation benefits
greatly from holistic video understanding.

LLaVA Baseline. Row 6 shows results for a LLaVA-NeXT
baseline trained with our recipe which uses a CLIP vision
encoder and no Slow-Fast Pooling. This achieves 19.9 mAP
and 2.9 CA, both of which are worse than our final setting.

5.4. Benchmark Results

Model CA mAP AP50 AP75 AP90

LLaVA-OV [54] (ZS) 2.9 - - - -
MiniCPM-o 2.6 (ZS) 3.0 - - - -
LMPM [29] - 8.4 17.1 7.7 1.8
DsHmp [41] - 13.3 27.6 11.6 2.9
VideoLISA [10] - 10.7 23.8 8.5 1.8

Video-LLaVA-Seg 3.0 20.5 38.6 19.0 5.1

Table 4. Benchmark Results on our validation set. Refer to sup-
plementary for test set results. CA: Caption Accuracy

Table 4 compares Video-LLaVA-Seg to other methods
on the validation set. For video captioning, we evaluate
off-the-shelf LLaVA-OneVision [54] and MiniCPM-o[121]
models which achieve 2.9 and 3.0 CA scores, respectively.
This is the same as Video-LLaVA-Seg, but these models are
trained on significantly more data and cannot tackle LG-
VIS. For LG-VIS, we evaluate multiple existing Referral-
VOS approaches. LMPM is an earlier transformer-based
approach which only achieves 8.4 mAP. DsHmp [41] per-
forms better with 13.3 mAP since the architecture decou-
ples static and motion cues to improve video segmentation
performance. Finally, VideoLISA [10] is a recent LLM-
based approach which only achieves 10.7 mAP when fine-
tuned on ViCaS. By contrast, Video-LLaVA-Seg achieves
20.5 mAP while tackling both captioning and LG-VIS. Fur-
thermore, unlike existing Referral-VOS approaches, it can
predict multiple segmentation masks for a single prompt.

6. Conclusion
We introduce ViCaS, a first-of-its-kind, human-annotated
dataset that provides detailed captions for videos along
with phrase-grounded segmentation masks for salient ob-
jects. Our associated benchmark comprises two tasks: (1)
Video Captioning, which evaluates high-level, holistic un-
derstanding, and (2) Language-Guided Video Instance Seg-
mentation (LG-VIS), which evaluates pixel-level under-
standing. We propose evaluation measures for open-ended
caption accuracy which are based on open-source models,
and are experimentally verified through a comprehensive
user study. Furthermore, we propose Video-LLaVA-Seg,
a compact baseline which effectively tackles both tasks.

Acknowledgements. We thank the participants of the user
study and all the annotation personnel for their effort.
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