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® Label: Aluminum alloy ladder |

“\l Definition & Functionality: ;g
| An aluminum alloy ladder is a

1 lightweight, durable ladder

1 made from aluminum alloy,

| often used for various tasks

| that require reaching heights.

i In this context, the aluminum '

i alloy worker ladder is being
used by a man to access the

| window of a building, likely for 8

! cleaning or repair work. i 3

Caption: A white aluminum

. extension ladder with i

| cylindrical rungs and parallel

| side rails, featuring a slight

! taper towards the top. =

abel: Hang Tag

efinition & Functionality:
tag is a small piece of paper
r plastic attached to an object,
pically bearing information
bout the object or its owner.
this context, the tag likely
ontains the cat’s name,
roviding essential information
T potential rescues or
doptions.

aption: A yellow, teardrop-

! shaped tag with a hole at the

I top. The tag has black text that
ads “Tommy” and “Boy”.

| This tag is worn on a cat’s

| neck as an identifier.

Definition & Functionality:
A taxi, also known as a yellow
cab, is a vehicle designed for
ransporting passengers. In
is context, the taxi is captured |
n motion on a city street, likely |
serving its primary purpose of |
providing transportation to
individuals in need.

tion: A yellow taxi with a
| visible front windshield. The
| taxi has a sleek, modern design ;

Promptable Video Caption: The boy is wearing a blue hooded top, seating at a wooden table. In the video, he is holding a dark-colored
plaything, which he appears pretending to shoot something or is very focused on an object in that direction. He is looking remain fairly
consistent, with movements of his head and body as if tracking a target or adjusting his aim. He then hid behind a chair.

Promptable Video Caption: The large house in the center of the background is cartoon-style building. The main structure and roof appear to
be predominantly blue; It is set in a colorful environment with what looks like a grassy or sandy foreground, surrounded by stylized trees or
tall plants and other smaller objects or structures.

Promptable The female is actively presenting, with changes in her She is not visually present lwithin the§e scenes of the game. At the
Streaming : hand gestures and facial expressions. She has dark hair. video's end, she reappears in the studio, apparently to discuss the
soccer match.

Figure 1: Perceive Anything Model (PAM): PAM accepts various visual prompts (such as clicks,
boxes, and masks) to produce region-specific information for images and videos, including masks,
category, label definition, contextual function, and detailed captions. The model also handles
demanding region-level streaming video captioning.

Abstract

We present Perceive Anything Model (PAM), a conceptually straightforward and
efficient framework for comprehensive region-level visual understanding in im-
ages and videos. Our approach extends the powerful segmentation model SAM
2 by integrating Large Language Models (LLMs), enabling simultaneous object
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segmentation with the generation of diverse, region-specific semantic outputs, in-
cluding categories, label definition, functional explanations, and detailed captions.
A key component, Semantic Perceiver, is introduced to efficiently transform SAM
2’s rich visual features, which inherently carry general vision, localization, and
semantic priors into multi-modal tokens for LLM comprehension. To support ro-
bust multi-granularity understanding, we also develop a dedicated data refinement
and augmentation pipeline, yielding a high-quality dataset of 1.5M image and
0.6M video region-semantic annotations, including novel region-level streaming
video caption data. PAM is designed for lightweightness and efficiency, while
also demonstrates strong performance across a diverse range of region under-
standing tasks. It runs 1.2 2.4 faster and consumes less GPU memory than
prior approaches, offering a practical solution for real-world applications. We
believe that our effective approach will serve as a strong baseline for future re-
search in region-level visual understanding. Code, model and data are available at:
https://Perceive-Anything.github.io

1 Introduction

The vision community has rapidly witnessed advances in vision foundation models, such as SAM [34]
and SAM 2 [52], which have dramatically improved interactive object segmentation performance in
images and videos. These models offer remarkable precision in localizing arbitrary objects based on
various visual prompts. However, they typically lack deep semantic understanding of the segmented
regions, elucidating what these regions mean or how they function in context remains a challenging
problem.

Recent studies seek to endow Vision—-Language Models (VLMs) with region-level understanding
capability through visual prompts. As illustrated in Fig. 2, current methods can be grouped into three
paradigms: (1) textual encoding [63, 78, 86, 44], which encode 2-D bounding-box coordinates as
natural-language strings inside the prompt, thereby supplying no explicit region prior; (2) visual-
prompt encoding (VPE) [41, 51], which introduce extra module to embed regional image features
and positional features; (3) Rol/segmentation-based encoding [38, 77, 83, 80, 29], which utilize
an external mask generator to concatenate image embedding and mask embedding. While these
methods show promise, they often present several limitations: (i) they usually generate only limited
semantic outputs—often just category labels or short captions [26, 88, 69, 67]; (ii) their designs
are modality-specificl, focusing on one single visual modality (image or video), offering limited
generality [63, 78, 77, 80, 81]. (iii) they rely on external segmentation models to supply masks, a
serial design that adds computational overhead and makes overall performance sensitive to mask
quality [80, 81, 38].

To address these challenges, we introduce the Perceive Anything Model (PAM), an end-to-end
region-level vision-language model designed for fast and comprehensive fine-grained visual under-
standing across both images and videos, encompassing capabilities such as predicting categories,
explaining the definition and contextual function of identified regional elements, and generating
detailed descriptions of specific regions. Rather than redesigning model architecture from scratch, our
approach efficiently extends the SAM 2 framework with Large Language Models (LLMs) to support
semantic understanding. Specifically, we introduce a Semantic Perceiver that acts as a essential
bridge, effectively leveraging rich intermediate visual features from the SAM 2 backbone to integrate
general vision, localization, and semantic priors into visual tokens. These tokens are subsequently
processed by the LLM to generate a diverse semantic outputs. Furthermore, PAM features a parallel
design for its mask and semantic decoders, enabling simultaneous generation of region masks and
semantic content, thereby improving computational efficiency.

To ensure PAM’s robustness in understanding region-level multi-dimensional semantic granularity,
high-quality training data is an essential component. While multiple existing datasets [6, 32, 36, 43,
29, 68] provide region-semantics annotations, we noticed that they are often overly coarse, limiting
their utility for fine-grained understanding tasks. Therefore, to construct high-quality training data,
we develop an advanced data refinement and augmentation pipeline that leverages leading VLMs
(e.g., GPT-40 [27]) and human expert validation to refine and augment existing region-level annotated
datasets. For images, we generate annotations at multiple distinct semantic granularities for each
specific region: a fine-grained category label, a context-aware definition that clarifies the region’s role


https://Perceive-Anything.github.io

Figure 2:Previous Paradigms vs. Our Paradigm (PAM).(a & b) Textual/\VPE methods provide

region understanding using positional embeddings but typically lack simultaneous object masks.
(c) Rol/Segmentation-based methods use external segmenter for object masks, subsequently fusing
image and mask embeddings. (d) In contrast to previous paradigms, our method directly treats the
Seg. model as vision encoder. It effectively leverages the rich visual embeddings from the robust
segmentation model and features a parallel design for its mask and semantic decoders.

or function within the scene, and detailed descriptions. For videos, we re ned original coarse-level
annotations from referring video detection and segmentation datasétd, 18, 71, 17] into detailed,
temporally-aware region-level captions. Furthermore, we pioneered the development of event-based,
region-level streaming video caption data. To the best of our knowledge, this is the rst work to
construct such a dataset, enabling the model to support streaming video region captioning. Notably,
we also generate bilingual (English and Chinese) versions of each data annotation to equip the model
with multilingual response capabilities. This process yields a nal high-quality dataset comprising
1.5M image-region-semantics triples and 0.6M video-region-semantics triples.

Our experimental results demonstrate that PAM delivers robust performance across a diverse range
of regional understanding tasks for both images and videos, while operating:4.2faster and
consuming less GPU memory compared to prior models. We believe our model, dataset, and insights
will signi cantly advance research in this domain and broadly bene t the vision-language community.

2 Related Work

Interactive Image and Video Object Segmentation. Interactive object segmentation has pro-
gressed rapidly in recent years. Early methods—such as GraphoCand Active Contours
[9]—relied on manual annotations (e.g., foreground/background clicks). Inspired by the paradigm of
pre-training autoregressive Transformer architectures on large-scale data in language modeling, the
Segment Anything Model (SAM)34] revolutionized user—-model interaction by ingesting multiple
visual prompts and segmenting arbitrary objects in a class-agnostic manner. SAMeRtEnded

this capability to video, enabling real-time processing of arbitrarily long sequences with strong
generalization. Subsequent researeh) B2, 87, 54, 13, 74], while retaining the core architecture,

has further improved the accuracy and ef ciency of this model family.

Region-level Vision-Language Models (VLMs). Region-level understanding tasks, such as region
classi cation and captioning, are fundamental in computer vision. Regarding image-based VLMs,
recent researchesf, 12, 70, 84, 77, 80, 8, 41, 1] have demonstrated a notable trend towards enabling
region-level understanding capabilities through spatial visual prompts. Furthermore, research has
extended regional understanding to the video dométings, 81, 48], focusing on identifying and
interpreting user-speci ed regions across temporal intervals. However, these approaches typically
operate within a single modality (either image or video), and more complex tasks, such as region-level
streaming video captioning—which requires continuously generating textual descriptions for speci c
regions as a video progresses—remain largely unaddressed.

Streaming Video Captioning. Streaming video captioning demands per-frame processing and rapid
response times. Recent online video understanding matigl&(] aim to identify the current action

at each timestamp. Streaming video capti®# propose to incorporate memory modules and develop
specialized streaming decoding algorithms to support streaming captioning. VideoLLM online [11]



Figure 3: Overall Architecture of PAM.

further pioneered the use of LLMs to achieve free-form dialogue synchronized with the online video
stream. However, these approaches predominantly focus on general event comprehension, leaving
the continuous tracking and description of speci ¢ regions within a video stream as a signi cant
unresolved challenge.

3 Perceive Anything Model (PAM)

Given visual prompts such as points, boxes, or masks to specify a region of inResstjve
Anything Model (PAM) can simultaneously(1l) SegmentGenerate precise segmentation masks for
the indicated region within an image or throughout a vid@p Recognizeldentify the category of
the designated region or obje¢8) Explain: Provide clear explanations of the region's or object's
de nition, attributes, and functionality within its given context) Caption: Generate concise or
detailed captions for the region within images, videos, and video streams.

3.1 Model Architecture

As illustrated in Fig. 3, our PAM can be divided into two parts. The rst partis the SAM 2 framework,
which comprises an image encoder, a prompt encoder, memory modules, and a mask decoder. This
framework provides robust spatio-temporal visual feature extraction and segmentation capabilities.
The second part is a semantic decoder, which is based on a large language model (LLM). Crucially,
our proposed Semantic Perceiver acts as a bridge, effectively leverages intermediate visual features
from the SAM 2 backbone and results in visual tokens. These tokens are subsequently processed by
the LLM to generate diverse semantic outputs. For decoding, PAM features a parallel design for its
mask and semantic decoders, enabling the simultaneous segmentation of objects while generating
diverse semantic outputs of them. The design of components and training process are detailed below.

Semantic Perceiver. As shown in Fig. 3(b) and Fig. 4, the architecture of Semantic Perceiver
mirrors the SAM 2 Feature Fusing module (S2-FFM), employing a lightweight two-layer transformer
with self-attention, cross-attention, and a point-wise MLP. Speci cally, it receives two primary inputs:
enhanced mask tokens from S2-FFM, which incorporate loU and prompt tokens information and
serve as unique identi ers for precise mask generation; and updated image embeddings after S2-FFM,
capturing general visual context and implicit features enriched through interaction with mask tokens.
Next, following [26, 28], we concatenatdls learnable semantic tokens with the enhanced mask
tokens. Finally, through further attention mechanisms within the Semantic Perceiver, we can fetch
visual tokens rich in both general visual and object-level localization information. Given an input of
N frames (where N=1 for a single image), Semantic Perceiver outputs two sets of 256-dimensional
vectors:64° N visual tokens antils N semantic tokensNs = 16 by default).

Projector. The projector preceding the LLM comprises two layers: a pixel shuf e operation and
an MLP projector. For image inputs, we apply the pixel shuf e operation over adjacehfeature
patches to downsample the number of visual tokens. For video inputs, the prompted frame is
processed similarly with single image, while the remaining frames in the video clip undergo a more
aggressive 44 pixel shuf e operation to signi cantly reduce visual tokens and further improve
processing ef ciency for semantic decoder. Subsequently, we use two distinct MLPs [45] to project
visual and semantic tokens separately.



Figure 4:Detailed illustration of our PAM work ow. Semantic Perceiver rst receives enhanced
image embeddings and mask tokens from the S2-FFM and outputs enriched visual tokens and
semantic tokens. These are subsequently fed into the semantic decoder for decoding.

Semantic Decoder. We adopt the pre-trained Qwen2.5 LLMZ] as our semantic decoder, lever-

aging its strong language processing capabilities. This decoder is responsible for interpreting the
processed visual tokens and semantic tokens alongside task instructions to generate the desired
semantic outputs.

Streaming Video Encode and Decode. Building upon the progressive introduction of historical
information per frame via memory modules in SAM 2, we propose a straightforward strategy for
region-level streaming video captioning without adding complex components. Speci cally, an
additional 2 2 pixel shuf e operation is applied to the last frame of each video clip. This leads to a
greater density of visual tokens, improving the preservation of historical visual information. These
tokens subsequently act as the initial frame for the next video clip and are processed by the LLM
together with the remaining frames of that clip. This approach ensures that each clip is processed
consistently and effectively passes crucial historical information from the previous clip into the
next video clip. Additionally, we incorporate the previous textual description into the prompt to
further augment contextual history, enhancing the model's comprehension and descriptive accuracy
for ongoing events. In practice, our framework allows users to exibly specify decode timestamps.
Upon reaching a designated timestamp, the model describes the speci ed region within the temporal
interval between the current timestamp and the previous one.

Training Strategies. We structure our training process using a three-stage curriculum learning
approach, progressively enhancing the PAM's region-level visual understanding capabilities from
images to video. In all training stage, the parameters of SAM 2 are frozen. The hyper-parameters for
each training stage are summarized in Appendix A.

e Stage 1: Image Pretraining and Alignmefhe initial training stage focuses on establishing robust
alignment among visual tokens, semantic tokens and the language model's embedding space. The
primary objective is to enable the model to effectively understand region-level image content. To this
end, we utilize a large dataset of region-level image classi cation and captioning. During this stage,
only the semantic perceiver and the projector are trained.

e Stage 1.5: Video-Enhanced Pretraining and Alignmémnthis stage, we extend the initial image-
based training by incorporating region-level video captions. This inclusion enables the model to
comprehend dynamic scenes through the integration of spatio-temporal visual information. The
trainable modules are the same as in Stage 1.

e Stage 2: Multimodal Fine-Tunindhe nal stage employs supervised ne-tuning (SFT) to enable

the model to perform diverse tasks and generate desired responses. This stage utilizes a high-quality
dataset, which has been re ned and augmented via our pipeline (Sec. 4). Training in this phase jointly
involves the semantic perceiver, the projector, and the semantic decoder.

4 Data

To enhance PAM's comprehensive visual perception capabilities, we develop a robust data re nement
and augmentation pipeline to curate a high-quality training dataset. This dataset is distinguished by
three key featureq1) Broad-ranging Semantic Granularitiek.provides diverse visual semantic



Figure 5:lllustrative examples of our dataset construction pipeline.The left panel displays image
annotations; the right panel details annotations for non-streaming and streaming video.

annotations spanning from coarse-level (categories, de nitions, contextual functionalities) to ne-
grained (detailed descriptions) (Sec. 4.(@) Regional Streaming Caption Annotatiofie rst
dataset to curate annotations speci cally for streaming video region captioning (Sec.(3)2).
Bilingual Annotationssupporting both English and Chinese (App. B.2). The pipeline is detailed
below, and additional information are available in Appendix B.

4.1 Image Dataset

Regional Recognition, Explanation, and Caption. For regional recognition, we utilize multiple
instance detection and segmentation dataséts3p, 40, 23, 50, 66], along with scene text recognition
datasets6, 31, 30, 19, 24, 14, 76, 57, 4]. In this context, the bounding box or mask serves as the
visual prompt input, and the label is treated as the output.

To achieve deep, ne-grained visual understanding beyond simple classi cation, we propose an
enhanced pipeline that generates: clear conceptual explanations, contextual functional roles, and
detailed descriptions for each speci c region. This multi-dimensional information aims to signi cantly
improve user comprehension, particularly for uncommon terms or unfamiliar subjects. To implement
this, we utilize the latest VLMs for their extensive world knowledge and powerful visual understanding
capabilities to assist re nement. Speci cally, we apply the Set of Mask (SoM) mefthgdq identify

regions of interest, and use original annotations as context to guide models to produce desired
responses, which then undergo manual quality assurance. An illustrative example is presented in
Fig. 5(left). We present more details in Appendix B.1.

4.2 Video Dataset

Region-level Video Caption. To extend the model's regional captioning capabilities to video, we
collected and analyzed several existing video datasets, including referring detection and segmentation
datasetsT1, 47, 18, 62, 58, 17, 85, 64], as well as the recent Sa2VAJ] annotations for the SA-

V [53] dataset. These datasets, designed for detecting, segmenting, and captioning speci ¢ objects
in videos based on textual descriptions, often contain descriptions that are overly coarse, simplistic,
inaccurate, or predominantly static, neglecting essential temporal details such as object motion,
interactions, and state changes throughout the video.

To address the existing limitations, we proposestweyboard-driven caption expansionmethod.

This process involves several key stagélb: Keyframe SamplingSix keyframes are uniformly
extracted from each videq2) Storyboard SynthesisThese extracted keyframes are combined

to form a high-resolution composite image, presented in a storyboard format (as illustrated in
Fig. 5). (3) Object-Centric Highlighting Within this composite image, each individual frame
speci cally highlights the target object using a colored bounding box or mask, implemented by



Model Classi cation OCR

LVIS PACO COCO Text Total-Text
Semantic Sim.  Semantic loU Semantic Sim. Semantic loU  Acc.(%) Acc.(%)

Shikra-7B [12] 49.7 19.8 43.6 11.4 - -
GPT4Rol-7B [84] 51.3 12.0 48.0 12.1 - -
Osprey-7B [80] 65.2 38.2 73.1 52.7 - -
Ferret-13B [77] 65.0 37.8 - - - -
VP-LLAVA-8B [41] 86.7 61.5 75.7 50.0 _44.8 46.9
VP-SPHINX-13B [41] 87.1 62.9 76.8 51.3 5.4 48.8
DAM-8B [38] 89.0 7.7 84.2 73.2 - -
PAM-1.5B (Ours) 87.4 76.5 85.1 73.5 39.4 48.6
PAM-3B (Ours) 88.6 78.3 87.4 74.9 42.2 52.3

Table 1: Results of region-level image recognition on LVIS, PACO, COCO Text, and Total-Text.

Model VG Refcocog Ref-L4 Ferret Bench  MDVP Bench
METEOR CIDEr METEOR CIDEr ROUGE-L METEOR CIDEr Refer. Desc. Avg.
GLaMM-7B [51] 17.0 127.0 15.7 104.0 23.8 10.1 51.1 - -
Osprey-7B [80] - - 16.6 108.3 - - 72.2 44.3
Ferret-7B [77] - - 22.3 10.7 39.7 68.7 47.6
VP-LLaVA-8B [41] - - 22.4 153.6 - - - 75.2 70.6
VP-SPHINX-13B [41] 20.6 141.8 23.9 162.5 22.6 10.7 32.4 77.4 74.3
Omni-RGPT-7B [25] 17.0 139.3 17.0 109.7 - - - -
RegionGPT-7B [21] 17.0 145.6 16.9 109.9 25.3 12.2 42.0
DAM-8B [38] - - - 37.1 19.4 70.0 -
PAM-1.5B (Ours) 19.2 132.9 24.7 135.0 29.6 15.9 55.8 75.4 69.4
PAM-3B (Ours) 20.8 142.3 269 1431 313 17.2 59.7 78.3 72.2

Table 2: Performance comparison on region-level image captioning across multiple benchmarks.

SoM. (4) LLM-Powered ElaborationThen, using the original annotations as condition, we prompt
GPT-40 to generate descriptions that are both re ned, detailed and temporally aware. This multi-
frame consolidation is critical as it enhances GPT-40's contextual comprehension, yielding superior
descriptions compared to individual frame analysis.

Region-level Streaming Video Caption. Beyond describing the entire video, we aim to extend the
model's capabilities to a streaming manner. To achieve this, we perform additional augmentation on
our re ned region-level video caption data. Speci cally, we rst employ the TRACE-Uni modéd] [

to segment the input video into multiple distinct events, each demarcated by its temporal boundaries.
Subsequently, for each segmented video clip, we apply the same “storyboard-driven' processing
method. To generate precise and continuous event descriptions, the GPT-40 input prompt was
redesigned to iteratively incorporate the description from the preceding video clip as contextual
information for processing the current clip. The entire work ow is illustrated in Fig. 5(right).

5 Experiments

5.1 Implementation Details

We employ Qwen2.5-1.5B/3B/P] as our semantic decoder, and utilize the pre-trained hierarchical
SAM 2-Large as the base vision foundation model. By default, we use 16 learnable semantic tokens
and uniformly sample 16 frames per video clip. All training is conducted on 8 NVIDIA A100 GPUs
with 80GB. For all evaluation experiments, we adopt a zero-shot test manner without ne-tuning on
speci ¢ datasets. The best and the second best results are indicaigd end with_underline

5.2 Image Benchmarks

Regional Recognition and Explanation. This task requires the model to identify either the object
category or scene text within a speci ed image region. Recognition performance is assessed on
the validation sets of the LVIS (object-leveBJ] and PACO (part-level)q0] datasets, alongside

the test sets of COCO-Texi]] and Total-Text [4]. Standard evaluation metrics include Semantic
Similarity [80], Semantic Intersection over Union (Sem. loU) [15], and accuracy.

3https://dl.fbaipublic les.com/segment_anything_2/092824/sam2.1_hiera_large.pt



Figure 6: PAM provides various semantic granularities informantion and support bilingual outputs.

As shown in Table 1, both our PAM-1.5B and PAM-3B demonstrate strong performance. Notably,
PAM-3B signi cantly outperforms other competing methods. It achieves optimal performance on the
PACO benchmark, exceeding the previous best model by over 3.2%, and surpasses the current SOTA
model, DAM-8B, on the LVIS benchmark in terms of semantic loU. Furthermore, as indicated in the
right column of Table 1, our PAM-3B outperforms VP-SPHINX-13B by over 3.5% on Total-Text
and achieves comparable performance on COCO-Text. These results demonstrate its promising
capabilities in scene text recognition. We further showcase qualitative visualizations in Fig. 6,
illustrating PAM's effectiveness in generating insightful explanations that cover both the general
de nition and the contextual role of prompted objects.

Regional Caption. We evaluate the model's capability to generate both concise and detailed
region descriptions on multiple benchmarks. For concise region captioning, we evaluate on the
validation splits of RefCOCOd3[] and Visual Genome (VG}6]. For more expressive descriptions,
assessments are conducted on the challenging RéfJ] dataset. Caption quality is measured using
ROUGE-L [39], METEOR (3], and CIDEr p0]. Additionally, we benchmark referring descriptions

via Ferret-Bench{7] and MDVP-Bench {1], where GPT-40 is employed to gauge the quality of the
generated responses.

As the results shown in Table 2, PAM-3B surpasses existing methods on the VG, RefCOCOg,
and Ferret benchmarks. On MDVP-Bench, it achieves performance comparable to the current
SOTA method, VP-SPHINX-13B. Furthermore, on the Ref-L4 benchmark, PAM-3B demonstrates
outstanding performance, surpassing all models except the top-performing DAM-8B. Notably, these
competitive results are achieved with fewer parameters and reduced computational cost, highlighting
PAM's excellent balance of performance and ef ciency.

5.3 Video Benchmarks

Model Elysium BensMOT HC-STVG VideoRefer-Bench-D Model ActivityNet

METEOR METEOR CIDEr SC AD TD HD Avg. CIDEr METEOR G-STDC
Elysium-7B [63] 191 11 - - 235 030 002 350 15)deoRelerIB[3I] 221 147 173
Merlin-7B [78] - z 11.3 05 oo 0 T T I7DAM-3B [38] 11.3 14.8 0.94
Omni-RGPT-7B[25] 9.3 14.6 - - - - - - _ GIT [65] 29.8 7.8 -
Artemis-7B [49] _ _ 18.0 532 342 134 139 290 2.28id2Seq [73] 30.2 85 -
VideoRefer-7B [31] - - 18.7 68.6 4.44 327 310 3.04 3.4gtreamingVid2Seq[73] 37.8 10.0 -
DAM-8B [38] - - 21.0 91.0 469 361 3.34 309 3.68PAM-1.5B (ours) 28.6 24.8 2.43
PAM-1.5B (ours) 22.7 20.1 19.8 65.9 373 275 277 2.89 3.08AM-3B (ours) 30.1 27.3 2.67
PAM-3B (ours) 24.3 21.6 233 703 392 284 288 294 3.14

] ] ] ~ Table 4. Performance for streaming

Video Region Caption. This task requires the model to generate an accurate and temporally-aware
description for a prompted region within the video's context. We primarily evaluate on four public
benchmarks: Elysiumg], BensMOT B7], HC-STVG [59], and VideoRefer-Bench-D8[l]. As

shown in Table 3, our PAM-1.5B and PAM-3B achieve the SOTA performance on both the Elysium
and BensMOT benchmarks. Furthermore, our PAM-3B surpasses the current SOTA method, DAM-
8B, by 2.3% in terms of METEOR on the HC-STVG benchmark. On the VideoRefer-Bench, our



Figure 7: Qualitative visualization examples of PAM for region-level non-streaming and streaming
video caption.

models exhibit marginally lower performance compared to VideoRefer-7B and DAM-8B, indicating
potential for further improvement.

Streaming Video Region Caption. This task requires the model to generate continuous descriptions
for a prompted region in a streaming manner. For evaluation, we primarily utilize the validation
set of the ActivityNet datase?]. To ensure a fair comparison and to accurately assess region-level
streaming captioning capabilities, we manually curated a subset of 400 samples. This selection
process adhered to two key criteria:

(1) each annotated event within a

given video is temporally continu-

ous and non-overlapping, a2

all annotated event descriptions

for that video pertain to the same

subject. Subsequently, we manu-

ally annotated bounding boxes for

the target subject in each selected

video. We initially employ two

standard dense captioning metrics

for evaluation: CIDEr and ME-

TEOR. To further assess the con-

tinuity and entity consistency ofFigure 8: Comparison of GPU memory usage and inference
descriptions for sequential eventsf ciency on an A6000 GPU.

we propose a new metric: the

GPT-40-evaluated Spatio-Temporal Description Continuity Score (G-STDC), which ranges from 0 to
5. (Details in App. C). The results in Table 4 indicate that recent region-level video caption models,
including VideoRefer and DAM, exhibit limited capability in the streaming caption task. Compared
to general streaming caption approaches such as Streaming Vid2Seq, our PAM-3B outperforms it on
the METEOR metric. Furthermore, PAM-3B achieves optimal performance on G-STDC, indicating
its excellent spatio-temporal continuity and ability to maintain consistent subject descriptions.

5.4 Efciency
As shown in Fig. 8, compared to existing works, our PAM demonstrates superior inference ef ciency

and requires less GPU memory for both image and video processing, highlighting its suitability for
ef cient deployment in real-world applications.

5.5 Ablations

We study the effectiveness of the proposed key techniques as below.



