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Abstract
This work introduces panoptic captioning, a novel task striving to seek the mini-
mum text equivalent of images, which has broad potential applications. We take
the first step towards panoptic captioning by formulating it as a task of gener-
ating a comprehensive textual description for an image, which encapsulates all
entities, their respective locations and attributes, relationships among entities, as
well as global image state. Through an extensive evaluation, our work reveals
that state-of-the-art Multi-modal Large Language Models (MLLMs) have lim-
ited performance in solving panoptic captioning. To address this, we propose
an effective data engine named PancapEngine to produce high-quality data and
a novel method named PancapChain to improve panoptic captioning. Specifi-
cally, our PancapEngine first detects diverse categories of entities in images by
an elaborate detection suite, and then generates required panoptic captions using
entity-aware prompts. Additionally, our PancapChain explicitly decouples the
challenging panoptic captioning task into multiple stages and generates panoptic
captions step by step. More importantly, we contribute a comprehensive metric
named PancapScore and a human-curated test set for reliable model evaluation.
Experiments show that our PancapChain-13B model can beat state-of-the-art open-
source MLLMs like InternVL-2.5-78B and even surpass proprietary models like
GPT-4o and Gemini-2.0-Pro, demonstrating the effectiveness of our data engine
and method. Project page: https://visual-ai.github.io/pancap/

1 Introduction
Representing images by textual descriptions is a fundamental topic in computer vision and natural
language processing fields [1, 2], which benifits various applications, e.g., cross-modal retrieval [3, 4],
multi-modal learning [5, 6, 7, 8, 9, 10], safe content generation [11, 12]. While prior works have
explored various image caption formats, identifying the most effective format remains an open
challenge. The most concise captions, which describe only primary entity categories, often sacrifice
critical details like entity attributes. Conversely, highly detailed representations, such as paragraphs
detailing all pixel-level semantics and their interrelations, are computationally burdensome due to
their length. Inspired by these considerations, this work conceives of finding the minimum text
equivalent of an image, an ambitious yet challenging goal, which aims to develop a concise textual
description that comprehensively captures its essential semantic elements. Conceptually, achieving
minimal text equivalence for images can be seen as aligning images and text in the data space, while
existing image-text alignment models like CLIP [13] perform this in the embedding space. Such
text representations would maximize the utility of image information for learning and downstream
applications.

This work introduces the task of panoptic captioning, which strives to seek the minimum text
equivalent of images. Our work serves as the initial effort towards this challenging task. To make the
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Panoptic Caption: The image shows a husky dog sitting on the ground outdoors. It is a sunny day, 
with the light being even and bright, casting soft shadows, and the scene appears to be during 
the daytime. In the foreground, a dog, positioned at [115, 334, 1288, 2039], wears a t-shirt and a 
piece of fabric draped around its lower back. The dog is mostly white and gray with some black 
markings. It has a red and white headband around its head, and this headband is located at [850, 
442, 990, 630]. Its ears are perked up, and it is looking slightly to the right. It is wearing a white 
t-shirt with blue sleeves. The t-shirt is within the bounding box [410, 964, 1169, 1648]. The t-
shirt has writing on the front of it, which is composed of two lines of texts. The text

InternVL-2.5-78B Gemini-2.0-Pro

Llama-3.2-90B PancapChain-13B

BLIP-2’s Short 
Caption: 
A dog wearing a 
russian olympic 
t-shirt. 

ShareGPT4V’s 
Detailed Caption: 
In this image, a dog is 
sitting on the ground in 
front of a blue boat. 
The dog's fur is …

PancapChain’s Panoptic 
Caption (Ours): 
This image shows a dog 
<box>[[120, 300, 1290, 
2000]]</box> sitting on the 
ground in front of a blue …

"CONFEDERATIONS CUP“ appears on the t-shirt in a curved line above the 
text "RUSSIA 2017" in larger font. The writing’s bounding box is [674, 1067, 
1100, 1248]. A red fabric, positioned at [337, 1519, 1071, 1912], is possibly a 
makeshift pair of pants or skirt. To the right of the dog, part of a person's 
leg is visible, wearing orange pants, and its bounding box is [1326, 740, 1495, 
1694]. The person’s feet is wearing a yellow sock with a brown sandal. Only 
the lower leg, from just below the knee down, is visible. In the background, a 
part of a blue car can be seen with a bit of dark space under the vehicle. The 
bounding box of the car is [0, 0, 1500, 941]. The ground, positioned at [0, 720, 
1500, 2254], is a gray asphalt surface. Towards the bottom-right of the 
image, there are white zebra markings painted on the asphalt. The markings' 
bounding box is [765, 2019, 1497, 2254].

Reconstructed 
Images from 

Different Types of 
Captions

Figure 1: Top Left: An example to demonstrate our proposed panoptic captioning task, which
is formulated as generating a comprehensive textual description encapsulating all entities, their
respective locations and attributes, relationships among entities, as well as global image state for
a given image. Top Right: We report several models’ performance on four distinct dimensions on
the validation and test sets of our SA-Pancap benchmark. The figure shows that three state-of-the-
art Multi-modal Large Language Models (MLLMs) struggle with panoptic captioning, while our
proposed PancapChain performs generally better with a significantly smaller model size. Bottom:
Image “reconstruction” by the text-to-image model PixArt-Σ [14] with different types of captions.
Best viewed in color.

problem tractable, we formulate panoptic captioning as the task of generating a comprehensive textual
description for an image, which captures all entity instances, their respective locations and attributes,
relationships among entity instances, as well as global image state (see Figure 1 (top left)). This
formulation serves as a reasonable approximation to our conceptual “minimum text equivalence”,
which captures basic semantic elements (e.g., center dog) for comprehensiveness while excluding less
critical or subtle details (e.g., tiny particles on the ground) for conciseness. In contrast to prevailing
captioning works that vaguely specify locations by pure words [15, 1, 2, 4, 16, 17, 5], e.g., BLIP-2’s
brief captions and ShareGPT4V’s detailed captions, our panoptic captioning stands out for its text
comprehensiveness. By accurately localizing entity instances using bounding boxes, it offers an
effective and efficient way to describe position and occupied region of an entity instance with only
several coordinate numbers. Figure 1 (bottom) shows our panoptic captioner performs better image
“reconstruction” from captions due to better comprehensiveness.

Due to the fundamental formulation differences from existing captioning works, their metrics cannot
effectively evaluate model performance in panoptic captioning. To this end, we propose a new
metric named PancapScore, which groups semantic content into distinct dimensions based on task
formulation and then conducts evaluation on each dimension. PancapScore first evaluates semantic
tagging and instance localization by entity instance matching, and then assesses attribute, relation and
global state in a flexible question-answering manner. Our experiments demonstrate that PancapScore
aligns closely with human judgement. Based on PancapScore, we conduct a thorough evaluation on
state-of-the-art Multi-modal Large Language Models (MLLMs). As shown in Figure 1 (top right),
existing MLLMs have limited performance in panoptic captioning, revealing its challenging nature.

To address this new and challenging task, we propose an effective data engine named PancapEngine
to produce high-quality data in a detect-then-caption manner. Specifically, we first detect diverse
categories of entities in images, by associating class-agnostic detection with image tagging. We then
employ state-of-the-art MLLMs to generate comprehensive panoptic captions using entity-aware
prompts, while ensuring data quality by caption consistency across MLLMs. Based on PancapEngine,
we contribute a new SA-Pancap benchmark composed of high-quality auto-generated data for training
and validation, and additionally provide a human-curated test set for reliable evaluation.

Furthermore, we propose a novel method named PancapChain to improve panoptic captioning.
The key idea is to decouple the challenging panoptic captioning task into multiple stages and train
the model to generate panoptic captions step by step. PancapChain first localizes entity instances,
then assigns semantic tags to instances, and finally generates panoptic captions. Surprisingly, our
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PancapChain-13B model beats state-of-the-art large open-source MLLMs like InternVL-2.5-78B,
and even surpasses proprietary models like GPT-4o and Gemini-2.0-Pro. Additionally, our model can
facilitate downstream image-text retrieval tasks by transforming images into captions and performing
text retrieval. Table 1 shows that our model achieves superior performance on the challenging DOCCI
dataset, which outperforms a state-of-the-art image-text alignment model ALIGN without specialized
training data and module designs, and beats the state-of-the-art detailed captioner ShareGPT4V. These

Table 1: Image-text retrieval re-
sults on DOCCI [4] in Recall@1.

Models Model Type R@1
ALIGN [18] Image-Text 59.9
BLIP [15] Text-Text 47.3

ShareGPT4V [5] Text-Text 59.6
PancapChain Text-Text 61.9

experiments in panoptic captioning and downstream image-text
retrieval demonstrates the effectiveness and application value of
our task and model.

Our contributions are summarized as follows: First, we introduce
the novel panoptic captioning task, which strives to seek the min-
imum text equivalent of an image—an ambitious yet challenging
goal. We formulate it as the task of generating a comprehensive
textual description composed of five distinct dimensions, and con-
tribute a comprehensive PancapScore metric for reliable evaluation. Second, we propose an effective
data engine named PancapEngine to produce high-quality data. We also contribute the SA-Pancap
benchmark for model training and evaluation, which includes a high-quality validation set and a
human-curated test set for reliable evaluation. Third, we propose a simple yet effective method named
PancapChain to improve panoptic captioning, which decouples the challenging panoptic captioning
task into multiple subtasks. Extensive experiments demonstrate the effectiveness and value of our
task and model.

2 Related Work

Image Captioning. Image captioning is a fundamental topic in computer vision and nature language
processing fields [1, 2]. It aims to describe the visual content of an image using meaningful and
syntactically correct sentences. In early years, many methods have been proposed to address
image captioning, mainly based on RNNs and Transformers [19, 20, 21, 22, 23, 24, 25, 26, 27,
28]. Traditional image captioning adopts evaluation metrics like BLEU [29], METEOR [30] and
CIDEr [31], which leverage N-gram and lexical similarity with human-annotated captions. Above
early works focus on short captions lacking details. Additionally, scene-graph-based captioning
methods [32] first generate scene graphs and then produce captions. However, these methods are
restricted to fixed, predefined categories of objects and relationships, and their performance is limited
by the subsequent caption integration process and the need for additional models. Recently, owing to
the development of vision-language pre-training, Multi-modal Large Language Models (MLLMs)
have been equipped with the capabilities of generating detailed image captions [15, 33, 34, 35, 17].
These detailed captioning works also promote the development of MLLMs, e.g., using detailed
captions in pre-training boosts performance on downstream tasks [5, 6]. Due to the unstructured
nature and rich semantic complexity of detailed captions, evaluating model performance in detailed
captioning presents significant challenges. Recent works have developed various types of metrics to
evaluate long captions [36, 37, 38, 39, 40, 41, 42, 43, 44].

Previous captioning works vaguely specify entity locations by pure words. Unlike these works,
our panoptic captioning introduces a more comprehensive and economic caption format, which
accurately localizes entity instances using bounding box coordinates. This enables better descriptions
for the positions and occupied regions of entity instances, and helps distinguishing instances with
similar attributes. Accordingly, we propose a new PancapScore metric for comprehensive evaluation.
Another related task is dense captioning [22, 45], which generates short captions for individual
regions in an image. Typically, this task focuses on a limited set of entity categories and does not
account for the relationships between entities. Some recent Grounded MLLM works have explored
the joint task of image captioning and visual grounding [46, 47, 48]. However, they rely on additional
specialized modules to achieve localization capabilities, and they usually generate brief captions
lacking details for a whole image (e.g., GLaMM [46]). In contrast, our work integrates localization
capabilities into detailed captioning through pure textual descriptions using a unified LLM, taking an
initial step to explore the minimum text equivalent of images.

Vision-Language Models. Recently, significant advancements have been made in Vision-Language
Models (VLMs). A typical type of VLMs is based on image-text matching [13, 18, 49, 50, 51, 52, 53,
54], which achieves remarkable zero-shot image understanding performance and initiates the era of
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open-world understanding [55, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65, 66, 67, 68, 69]. Another type of
VLMs is called Multi-modal Large Language Models (MLLMs) [34, 35, 70, 71, 72, 73, 74, 75, 70, 76],
which is motivated by the remarkable success of Large Language Models (LLMs) [77, 78, 79, 80]
in instruction following [81], in-context learning [82] and reasoning [83]. MLLMs propose to
integrate the power of LLMs with multi-modal perception and comprehension, which enables
multifunctional visual understanding and shows remarkable performance in various tasks. In addition,
recent Grounded MLLMs explore integrating location-aware understanding abilities into MLLMs,
enabling region-aware downstream tasks [84, 85, 86, 87, 46, 88, 89, 90, 91, 47, 48]. Although
significant efforts have been devoted to advance MLLMs, our work reveals that state-of-the-art
MLLMs exhibit limited performance in panoptic captioning, which is fundamental for image and
multi-modal understanding.

3 Panoptic Captioning

3.1 Task Definition

In this work, we formulate panoptic captioning as the task of generating a comprehensive textual
description for an given image, which encapsulates all entity instances, their respective locations and
attributes, relationships among instances, as well as global image state. Specifically, we group the
semantic content in panoptic captions into five dimensions, which are detailed as follows:
Semantic tag refers to the category label assigned to each entity instance in an image. Panoptic
captioning requires identifying all entity instances and assigning category label to each instance.
Following Kirillov et al. [92], we define “entities” as both countable objects (things) such as people
and animals, and amorphous regions (stuff) such as grass, sky, and road.
Location refers to the spatial positions of entity instances, which are represented in terms of bounding
boxes. Specifically, following previous detection works [93], the bounding box of an entity instance is
denoted by px1, y1, x2, y2q, where px1, y1q and px2, y2q denote the top-left and bottom-right corners
of the box, respectively. By introducing bounding boxes, panoptic captions can more accurately
describe the locations and occupied regions of entity instances, which also helps distinguishing entity
instances with similar attributes more easily.
Attribute refers to characteristics or properties that describe an entity instance’s appearance, state
or quality. The attribute dimension encompasses a wide range of semantic content types, e.g., color,
shape, material, texture, type, text rendering. Describing attributes can provide a detailed understand-
ing for an entity instance, enabling accurate entity identification and image analysis [94, 41, 43].
Relation refers to connections or interactions between different entity instances within an image. The
relation dimension encompasses a wide range of semantic content types, such as position relation
(e.g., A is behind B), part-whole relation (e.g., A is a part of B) and action relation (e.g., A kicks B).
Describing the relations between entities is crucial for understanding the image’s structure, context,
and dynamics [94, 41, 43].
Global image state refers to the overall characteristics of an image that provide a holistic understand-
ing of its content, without focusing on specific entity instances within the image [94]. For example,
global image state includes lighting conditions and color palette.

Figure 1 (top left) demonstrates an example for the task definition. Overall, by considering the above
five distinct dimensions, panoptic captioning leads to a comprehensive textual representation by
capturing all basic semantic elements. It should be noted that our proposed panoptic captioning differs
from conventional captioning works [15, 5, 4, 16, 17] mainly in text comprehensiveness. Instead of
vaguely specifying entity locations by pure words, panoptic captioning requires models to accurately
localize entity instances using bounding boxes, which enables better descriptions for positions and
occupied regions of instances and helps distinguishing instances with similar attributes more easily.

3.2 The PancapScore Metric

Prior works in detailed captioning [43, 41] have demonstrated that evaluating the quality of detailed
captions presents significant challenges due to their free-form nature and rich content. Evaluating
models in panoptic captioning becomes even more complex, as it requires an additional assessment
of bounding box accuracy. To address this challenge, we propose a new metric named PancapScore
for comprehensive and reliable evaluation. PancapScore systematically categorizes the content in a
panoptic caption into five distinct dimensions and evaluate model performance on each dimension
separately, faithfully aligning with the task objective.
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The image shows a husky 
dog sitting on the ground 
outdoors. It is a sunny day, 
with the light being even 
and bright, casting soft 
shadows, and …

The image features a dog 
dressed in a shirt and 
sitting on a paved surface. 
The overall environment is 
bright, with clear lighting 
conditions, …

Reference Caption

Generated Caption

1. dog: [115, 334, 1288, 2039]

9. ground, [0, 720, 1500,2254]

Attribute: ID 1 is mostly white ... 

···

Relation: ID 1 is sitting on ID 9. 

···

Global: It is a sunny day, with the …

2. leg: [1326, 740, 1495, 1694]

···

1. leg: [980, 1355, 1485, 2213]

5. vehicle, [0, 10, 1500,2154]

Attribute: ID 1 is wearing yellow ... 

···

Relation: ID 2 is to the left of ID 1

···

Global: The overall environment is ...

2. dog: [405, 551, 1088, 1807]

···

Semantic Content Extraction

1. dog

3. car

2. leg

···

1. leg

5. vehicle

2. dog

9. ground

Entity Instance Matching

Attribute: Is ID 2 wearing ye… ? 

Relation: Is ID 1 behind ID 2? 

Global: Is the overall environm… ?

···
···

···

3. t-shirt

Instance-aware QA

Figure 2: An overview of our proposed PancapScore metric. PancapScore first extracts semantic
content from captions, and then evaluates model performance by entity instance matching and
instance-aware question answering (QA).

Specifically, given an image, PancapScore evaluates the quality of a generated panoptic caption using
the ground-truth caption as the reference. PancapScore first extracts all semantic content from captions
and groups them into five dimensions. Based on extracted semantic content, PancapScore evaluates
semantic tagging and instance localization based on entity instance matching. Then, PancapScore
evaluates attribute, relation and global state in a question-answer manner, and finally obtains the
overall score considering all five dimensions. An overview of our proposed PancapScore metric is
given in Figure 2.

Semantic Content Extraction. First of all, we propose to extract all the semantic content from
a generated caption and group these content into five dimensions, namely semantic tag, location,
attribute, relation and global state. The content extraction is implemented using state-of-the-art Large
Language Models (LLMs), as they have strong understanding capabilities on textual descriptions and
instructions. To facilitate the understanding of LLMs, we carefully design prompts with in-context
text examples included.

Figure 2 includes an example of the extracted semantic content. Specifically, the extracted semantic
content is organized item by item, and each item is a basic unit of semantic information. The leading
items specify the semantic tags and locations of entity instances. Each entity instance is associated
with a unique semantic-tag item with a unique instance ID. The following items describe attribute
and relation information. Each of these items is associated with an instance ID, indicating that it
describes the attribute or relation of the corresponding instance. The last items describe the global
state, and these items are not tied to specific instances. During evaluation, we will separately extract
semantic content from the generated and reference captions.

Entity Instance Matching. After extracting semantic content, we conduct an instance matching
between the generated and reference captions to evaluate semantic tagging and instance localiza-
tion. Formally, the ground-truth and predicted entity instance sets are denoted by tpti, biquni“1

and tpt̂j , b̂jqumj“1. pti, biq/pt̂i, b̂iq denote the semantic tag and bounding box of the i-th ground-
truth/predicted instance. n and m denote the total number of instances. Accordingly, the entity
instance matching is formulated as an optimal one-to-one matching problem as follows:

O “ argmaxOi,j

ÿn

i“1

ÿm

j“1
pµ ¨ si,j ` ioupbi, b̂jqq ¨ Oi,j ,

where O is an assignment matrix and Oi,j P t0, 1u indicates if pti, biq and pt̂j , b̂jq are matched
(i.e., Oi,j “ 1 indicates that the i-th ground-truth instance matches the j-th predicted instance).
si,j denotes the similarity between ti and t̂j , which considers synonyms and embedding similarity.
ioupbi, b̂jq denotes the box IoU, and µ “ 10 is a weight coefficient to raise the priority of tagging.

Based on the entity instance matching, we measure the model performance in semantic tagging
and instance localization. First, we consider two matched instances to be semantically consistent if
their tags share synonymous nouns or have similar text embeddings, i.e., si,j ě δt. By considering
all entity instances, we compute precision and recall in semantic tagging. Precision measures the
proportion of correctly predicted tags among all predictions, while recall measures the proportion of
correctly identified ground-truth instances. Based on precision and recall, we compute the F-score for
an overall measurement for semantic tagging. Besides, we consider two semantic-consistent instances
to be location-consistent if ioupbi, b̂jq ě δl. Following a similar way in semantic tagging, we obtain
F-score for instance localization by localization consistency. Please see Appendix for more details.
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Instance-aware Question Answering. Based on entity instance matching, we evaluate models’
performance in attribute, relation and global state in a flexible question-answering manner. First,
we generate questions based on the semantic content of the generated caption, where each question
verifies whether an attribute/relation/global state item is described in the reference caption. For
each attribute/relation item, the associated instance ID in the generated caption is mapped to their
corresponding instance ID in the reference caption. For example, if the generated caption contains an
item “ID 2 is red” and the “ID 2” corresponds to the “ID 3” in the reference caption, we generate a
question like “Is ID 3 red?”. To enable robust evaluation, we generate a pair of questions for each
semantic item: one with a “Yes” answer and the other with a “No” answer.

We employ a state-of-the-art LLM to answer questions according to the reference caption. In this
process, we instruct the employed LLM with a carefully designed prompt, where in-context text
examples are included. If the LLM outputs the same answers as the preset ones, we consider the cor-
responding semantic item to be a correct prediction. We measure precision in attribute/relation/global
state by computing how many questions are correctly answered. Additionally, we measure recall
by generating questions from the reference caption and evaluate the LLM’s answers based on the
generated caption. Based on precision and recall, we obtain F-scores for an overall measurement in
attribute, relation and global state.

Overall, our PancapScore metric includes five F1-scores from dimensions of tagging, localization,
attribute, relation and global state. The five scores are denoted by st, sl, sa, sr and sg, respectively.
Based on these scores, the overall score of our metric is formulated as: s “ st ` sl ` sa ` sr ` λgsg .
Since an image usually has much fewer global state items compared with other dimensions (i.e.,
usually one or two items), we introduce the coefficient λg “ 0.1 to downweight the global state’s
score. Experiments in Appendix show that PancapScore aligns closely with human judgement.

4 Data Engine and Benchmark
4.1 PancapEngine

To address this new and challenging task, our work proposes an effective automated data engine
named PancapEngine to produce high-quality data. Our PancapEngine first detects diverse categories
of entities in images using an elaborate entity detection suite. We then employ state-of-the-art
MLLMs to generate comprehensive panoptic captions using entity-aware prompts, ensuring the data
quality by caption consistency across different MLLMs.

Entity Detection Suite. Existing detection or segmentation datasets are often limited to a small
number of predefined categories1, thus directly using these datasets will limit the entity diversity
of panoptic captioning data. To improve entity diversity, we propose to associate class-agnostic
detection with image tagging for detecting diverse categories of entities in a given image. Specifically,
we first detect entity instances using a state-of-the-art class-agnostic detector OLN [95], and the
resulting set of regions is denoted by R. We then assign semantic tags to regions by a state-of-the-art
image tagging model RAM [96]. For each region in R, we crop the region from the image and feed it
into RAM to obtain its semantic tag. RAM can recognize 6,400+ common entity categories, which is
much more diverse than existing detection datasets. In addition, we integrate two specialized class-
aware detectors, namely Grounding-DINO [99] and OW-DETR [100], to identify instances missed
by OLN. We aggregate all entity categories from OLN’s detected regions and utilize this aggregated
category set as input prompts for Grounding-DINO and OW-DETR to enable class-aware detection.
The resulting region set from class-aware detectors is denoted by R1. We then merge the two sets R
and R1, and remove redundant regions based on IoU. In this case, we will add a region from R1 to R,
if this region has low IoUs with all the regions in R. We do not use non-maximum suppression to
remove redundant proposals as different detectors produce confidence scores in varying ranges. With
a comprehensive set of detected entity instances, we proceed to produce detailed panoptic captions.

Entity-aware Caption Generation. Based on detected entity instances in images, we construct
entity-aware prompts and instruct state-of-the-art MLLMs to generate panoptic captions. An entity-
aware prompt includes all detected entity instances in the query image, associated with semantic
tags and locations. In addition, the prompt explicitly specifies attribute, relation and global state
types to help MLLMs discover more semantic content. In-context examples are also included in
the prompt for better instruction following. We employ Gemini-Exp-1121 and Qwen2-VL-72B

1For example, COCO [93, 97] includes 80 objects and 91 stuff, and Object365 [98] includes 365 objects.
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to generate required captions due to their strong image understanding and instruction-following
capabilities. Specifically, we first employ Gemini-Exp-1121 to generate required captions using
entity-aware prompts. Similarly, we employ Qwen2-VL-72B to generate required captions and
conduct quality verification by caption consistency. We drop a caption generated by Gemini-Exp-
1121, if it has low consistency with the corresponding Qwen-generated caption. We adopt our
PancapScore metric to measure caption consistency, without considering the location dimension.
This is because we empirically find that Qwen2-VL-72B has much weaker localization capabilities
than Gemini-Exp-1121 when entity-aware prompts are given. Overall, by entity-aware generation
and quality verification, our PancapEngine can generate high-quality panoptic captions.

4.2 The Proposed SA-Pancap Benchmark

Based on our PancapEngine, we contribute a new SA-Pancap benchmark for the panoptic captioning
task. We select SA-1B [101] as the data source due to its high image quality and data diversity.
Overall, our SA-Pancap benchmark consists of 9,000 training and 500 validation images paired with
auto-generated panoptic captions, and 130 test images paired with human-curated panoptic captions.

Our validation and test sets consist of diverse images, paired with high-quality panoptic captions.
Specifically, based on PancapScore, we select the images paired with the most high-quality panoptic
captions to construct the validation set. Additionally, we ask human labors to refine model-generated
panoptic captions of the test set, following a rigorous curation process. To ensure the data diversity of
the validation and test sets, we leverage DINOv2 [102] to select distinctive images. Specifically, we

Table 2: Compared with previous benchmarks,
our SA-Pancap provides more comprehensive cap-
tions, associated with diverse entity instances and
accurate location annotations.

Benchmarks Location Instance Category Sample Token
DCI [103] ✗ - - 7.8K 148.0
DOCCI [4] ✗ - - 14.6K 135.7

IIW [16] ✗ - - 9.0K 217.2
SG4V [5] ✗ - - 1.2M 192.0
DenFu [6] ✗ - - 1.0M 254.7
GCG [46] ✓ 2.9 1329 56.9K 27.2
SA-Pancap ✓ 6.9 2429 9.6K 345.5

enforce a DINOv2 feature similarity threshold
of 0.2 between any two images within these sets,
thereby preserving a high degree of visual vari-
ability. Additionally, we enforce a DINOv2 fea-
ture similarity threshold of 0.5 between training
images and validation/test images.

In summary, SA-Pancap consists of high-quality
panoptic captions, which comprehensively covers
diverse categories of entities and rich semantic
content in location, attribute, relation and global
state dimensions. Table 2 shows a comparison
between our SA-Pancap with previous captioning
benchmarks. Compared with detailed captioning
benchmarks, our SA-Pancap has more detailed captions with more tokens and associates entity
instances in captions with location annotations. Compared with GCG [46] involving short captions,
SA-Pancap provides much more comprehensive captions with diverse categories of entities and more
instances per image.

5 PancapChain

To improve panoptic captioning, we propose a novel method named PancapChain. Our key idea
is to decouple the challenging panoptic captioning task into multiple stages and train the model to
generate panoptic captions step by step, as an image contains rich semantic elements. This is inspired
by cognitive science works [104, 105], which has demonstrated that humans struggle to perceive and
comprehend all elements within an complex scene simultaneously. Accordingly, given an image Qv ,
our PancapChain proposes to generate a panoptic caption Â by four stages, namely, entity instance
localization, semantic tag assignment, extra instance discovery, panoptic caption generation, denoted
as S{Loc, Tag, Disc, Cap}. We show an overview of PancapChain in Figure 3 and detail it as follows.

Entity Instance Localization (SLoc). In the first stage, we propose to localize entity instances, as
entity instances are the foundation for describing images. To this end, for the image Qv, we extract
the bounding boxes of instances from the ground-truth caption A, and construct an image-text pair
tQv,ALu for training. AL is the localization text consisting of bounding boxes of all instances,
which are concatenated by commas. Following ASMv2 [85], each bounding box is represented by
the text in the format of “<box>[[x1, y1, x2, y2]]</box>”, where px1, y1q and px2, y2q denote the
top-left and bottom-right corners of the box. All bounding boxes are normalized to integer values
within r0, 1000q, and images are resized to a fixed size.
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dog

t-shirt

leg

ground

fabric

Entity Instance Localization

<box>[[115,334,1288,2039]</box>,

<box>[[410,964,1169,1648]</box>,

<box>[[337,1519,1071,1912]</box>,

<box>[[1326,740,1495,1694]</box>

Prompt: Localize all entities in 
this image                                             

···

Semantic Tag Assignment

Prompt: Specify the semantic tags of all 
entities based on their bounding boxes 

dog<box>[[115,334,1288,2039]</box>,

t-shift<box>[[410,964,1169,1648]</box>,

fabric<box>[[337,1519,1071,1912]</box>,

leg<box>[[1326,740,1495,1694]</box>···

Extra Instance Discovery

Prompt: Specify the missing entities and 
their locations in this image, based on the 
entities that have been identified

headband<box>[[850,442,990,630]</box>,

text <box>[[674,1067,1100,1248]</box>,

car<box>[[0,0,1500,941]</box>···

headband

text

car

Panoptic Caption Generation

In the foreground, a dog is positioned at 
[115, 334, 1288, 2039]. It has a red and 
white headband around its head, and this 
headband is located at [850, 442, 990, 630]. 
It is wearing a white t-shirt with blue 
sleeves. The t-shirt is within the bounding 
box [410, 964, 1169, 1648]. The t-shirt has a 
text on the front of it. The text’s bounding 
box is [674, 1067, 1100, 1248], and it reads 
“RUSSIA 2017”. A red fabric, positioned at 
[337, 1519, 1071, 1912] is draped around the 
dog’s lowerback. To the right of the dog, 
part of a person's leg is visible, …

Prompt: Provide a hyper-detailed description 
for this image, including all entities, their 
locations, attributes, and relationships, as 
well as the global image state

Blend

Tagging

Localization

Discovery

Input Image

Figure 3: An overview of our proposed PancapChain method. PancapChain explicitly decouples the
challenging panoptic captioning task into four stages, namely entity instance localization, semantic
tag assignment, extra instance discovery and panoptic caption generation.

Semantic Tag Assignment (STag). In the second stage, based on the localization text, we propose
to assign semantic tags to the localized entity instances. To this end, we extract the semantic tags
of instances from the ground-truth caption, with each associated with one bounding box, and then
construct an image-text tuple tQv,AL,AIu for training. AI is the instance text consisting of seman-
tic tags and bounding boxes of all instances, which are concatenated by commas. Specifically, each
entity instance is represented by the text in the format of “tag <box>[[x1, y1, x2, y2]]</box>”,
where “tag” denotes the ground-truth semantic tag. For example, “dog <box>[[100, 200, 500,
600]]</box>” means there is a dog located within the box [100, 200, 500, 600]. In this stage,
AL is introduced in the textual prompt to instruct model training. During inference, the predicted
location text ÂL is included in the prompt.

Extra Instance Discovery (SDisc). Since an image contains numerous entity instances, it is not
trivial to identify all instances at once. Therefore, we introduce an additional stage to detect instances
that are missed in the first two stages. Specifically, for the image Qv, we construct an image-text
tuple tQv,AI

1,A
I
2u for training, where AI

1 is included in the textual prompt and AI
2 is used as

the ground-truth for supervision. We randomly split the ground-truth instance set into two parts,
and construct two instance text namely AI

1 and AI
2. The text AI

1 contains boxes and tags of those
instances that have been discovered, while AI

2 indicates the other instances to be discovered. In our
design, AI

2 contains fewer instances than AI
1 to simulate the discovery of previously missed instances.

During inference, we include the predicted instance text ÂI in the prompt and then predict the extra
instance text ÂE .

Panoptic Caption Generation (SCap). Finally in the fourth stage, we generate panoptic captions
based on identified entity instances in early stages. Formally, we construct an image-text tuple
tQv,AI ,Au for training, where A is the ground-truth panoptic caption of the image. The bounding
boxes in A will be transformed into the same format as those in entity instance localization. The
instance text AI is included in the textual prompt for training. During inference, we should first
aggregate the initial instance text ÂI and extra instance text ÂE , and include the aggregated instance
text in the prompt to predict caption Â.

Overall, the training loss of our PancapChain is formulated as: LpÂL,ALq ` LpÂI ,AIq `

LpÂE ,AI
2q`LpÂ,Aq, where Lp¨, ¨q denotes the standard auto-regressive loss following LLaVA [34].

Different prompts are used in these four stages to instruct model training. During inference, our
model generates captions stage by stage, according to the guidance of prompts.

6 Experiments

Implementation Details. Our model adopts the general LLaVA architecture [34], and it is initialized
using the pre-trained ASMv2-13B [85] checkpoint due to its good grounding capabilities. We finetune
our model on the training set of our SA-Pancap for two epochs using LoRA. For PancapScore, we
use Qwen2.5-14B [106] as the LLM for semantic content extraction and question answering. The
thresholds are set as δt “ 0.5 and δl “ 0.5. Please see Appendix for more details.
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Table 3: Comparison with state-of-the-art MLLMs on the validation and test sets of SA-Pancap.
Performance are measured by PancapScore, and we report the scores in tagging (Tag), location (Loc),
attribute (Att), relation (Rel), global state (Glo), and the overall score (All). Bold/underlined indicates
the best/second-best. We prioritize the overall score as the primary metric in model comparison.

Models Scale
Validation Test

Tag Loc Att Rel Glo All Tag Loc Att Rel Glo All

Molmo [108] 72B 52.06 10.03 36.88 25.90 76.78 132.53 50.92 14.00 38.10 19.96 68.49 130.55

LLaVA-OV [109] 72B 54.20 13.79 38.94 27.80 85.52 143.28 53.62 15.16 41.52 25.63 82.39 144.17

Qwen2-VL [107] 72B 49.85 12.92 37.83 24.71 86.30 133.96 48.19 12.90 38.48 20.44 84.13 128.42

Qwen2.5-VL [86] 72B 54.08 19.70 40.00 27.24 85.34 149.54 54.42 25.11 42.33 26.32 87.12 156.89

NVLM [110] 72B 54.69 10.78 42.49 30.40 86.21 146.97 57.79 11.53 46.48 29.48 78.60 153.14

InternVL-2.5 [111] 78B 54.68 15.05 41.81 27.41 88.37 147.79 55.90 18.26 43.63 28.72 81.46 154.66

Llama-3.2 [35] 90B 52.87 20.73 39.94 27.09 83.40 148.98 51.64 21.88 40.55 25.33 79.55 147.35

GPT-4o [78] Proprietary 50.89 10.12 40.54 25.40 88.85 135.83 53.51 14.55 43.86 27.38 87.08 148.01

Gemini-2.0-Pro [112] Proprietary 53.79 16.66 43.14 28.52 86.50 150.75 53.89 21.59 45.62 27.99 87.91 157.88

LLaVA-1.5 [74] 13B-Tuned 54.92 27.76 41.27 28.69 81.94 161.84 54.33 30.57 41.81 30.62 75.73 164.92

ShareGPT4V [5] 13B-Tuned 55.02 23.81 40.53 29.13 82.16 156.70 52.94 25.56 39.56 25.11 80.36 151.21

PancapChain (Ours) 13B-Tuned 57.56 30.34 44.78 34.61 84.59 175.75 56.45 31.76 44.46 32.54 79.85 173.19

Comparison with State-of-the-Arts. Table 3 summarizes the comparison results between our
proposed PancapChain and current state-of-the-art MLLMs on SA-Pancap. In this experiment,
we carefully design prompts for these MLLMs to unleash their panoptic captioning power, where
in-context examples are introduced for better instruct-following. From the table, we find that current
MLLMs struggle with panoptic captioning, except the global state dimension. This is attributed
to the challenging nature of the task, which requires models to comprehensively capture semantic
content on five dimensions in images. We find that grounding capabilities are important for panoptic
captioning, as Qwen2.5-VL [86] significantly outperforms Qwen2-VL [107]. By finetuning on our
training set, our PancapChain-13B model significantly outperforms all state-of-the-art MLLMs in
terms of the overall PancapScore metric. Also, except the global state, our PancapChain-13B usually
achieves the best or second-best on each individual dimension. More importantly, our model is much
smaller than state-of-the-art MLLMs, which demonstrates the effectiveness of our proposed data
engine and model design. By directly finetuning on the training set, LLaVA-1.5 can also obtain good
results, which demonstrates the high quality of our training data. Furthermore, our PancapChain still
outperforms the tuned LLaVA-1.5 model, which demonstrates the effectiveness of our design.

Ablation Study. We use a one-stage model as our baseline, which is directly finetuned on the training
set of SA-Pancap without specific designs. To improve panoptic captioning, we first introduce an extra
instance discovery stage based on the baseline. This model variant first predicts semantic tags and
locations of instances for an input image and then generates panoptic captions based on predicted tags
and locations. Table 4 shows introducing this instance discovery stage improves the performance on

Table 4: Ablation study on the validation set of SA-
Pancap. SLoc, Tag, Disc refer to our entity instance local-
ization, semantic tag assignment and extra instance
discovery stages, respectively. The caption generation
stage SCap is required in all cases.

Models Tagging Location Attribute Relation
Baseline 56.38 29.30 43.06 31.64

w/ Instance Discovery 56.47 29.61 43.71 32.62
w/ S{Loc, Tag} 57.04 29.83 43.76 33.69

Full (w/ S{Loc, Tag, Disc}) 57.56 30.34 44.78 34.61

attribute and relation dimensions, since
we decouple the challenging task into two
relatively easier subtasks. Next, we de-
couple the instance discovery stage into
entity instance localization and semantic
tag assignment stages, as introduced in
Sec. 5. As shown by “w/ S{Loc, Tag}”, this
variant obtains notable improvement in se-
mantic tagging. As shown by “Full (w/
S{Loc, Tag, Disc})”, by further introducing the
proposed extra instance discovery stage, our
model obtains notable overall improvement.
This is because that our model accurately identifies more entity instances and accordingly boosts the
prediction on attribute and relation dimensions. In summary, our full model improves the baseline by
6.5+% in terms of the overall score.

Image Reconstruction. To qualitatively demonstrate the effectiveness of our model, we conduct an
image reconstruction experiment by associating captioners with text-to-image generation models.
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Original Image PancapChain BLIP-2Qwen2.5-VL ShareGPT4V

Figure 4: Image reconstruction using PixArt-Σ [14]. Compared with baseline models, our Pan-
capChain can better capture image details, and thus lead to better image reconstruction.

This experiment serves as a proxy for evaluating the completeness of image descriptions, i.e., if a
caption captures all essential visual elements, a text-to-image model would be able to reconstruct
an image similar to the original one. Specifically, we generate a caption for an input image using
a captioner, and then adopt a text-to-image generation model PixArt-Σ [14] to generate a new
image. As shown in Figure 4, PixArt-Σ associated with our PancapChain model can generate more
similar images to the original images than baseline models, which demonstrates the effectiveness
of our model in comprehensively capturing image details. Please refer to the Appendix for more
implementation details, results and discussions.

For more experiment results, e.g., image-text retrieval and ablation study, please refer to the Appendix.

7 Conclusion and Discussion

This work introduces panoptic captioning, a novel task striving to seek the minimum text equivalent
of an image—an ambitious yet challenging goal. We take the first step towards panoptic captioning
by formulating it as a task of generating a comprehensive textual description composed of five
dimensions. To study this task, we proposed a comprehensive metric for reliable evaluation, designed
an effective data engine to produce high-quality data, and established a benchmark for model training
and evaluation. To address this task, we proposed a decoupled learning method to generate captions
step by step. Extensive experiments demonstrated the effectiveness and value of our task and model.

Our work reals that, despite remarkable progress in generating detailed textual descriptions, existing
MLLMs still struggle with panoptic captioning, demonstrating their limitations in bridging image and
text modalities. Also, our evaluation provides insights into the performance gap between open-source
and proprietary models. By finetuning on high-quality data, our PancapChain-13B model beats state-
of-the-art MLLMs, e.g., InternVL-2.5-78B and Gemini-2.0-Pro, highlighting the potential of our task
and model in bridging image and text modalities. Additionally, when paired with a text retriever, our
model achieves superior performance in downstream image-text retrieval, demonstrating the practical
utility of panoptic captioners. We believe that, developing more powerful panoptic captioners benifits
various downstream applications or learning tasks, e.g., multi-modal understanding.

Despite our efforts, panoptic captioning still faces numerous unresolved challenges, and our task
formulation remains an approximation, not yet fully achieving our ultimate conceptual goal of
“minimum text equivalence”. Nevertheless, our work lays a solid foundation for future development,
and will act as a catalyst to accelerate the progress of developing textual representations for images.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: In Conclusion and Appendix sections, we discuss the limitations of this work.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: The paper does not include theoretical results.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We disclose all the information needed to reproduce the main experimental
results of the paper in the Method, Experiment and Appendix sections. We will release the
code and data upon acceptance of the paper.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Readers can access our code and data via the link to our project page.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper specifies all the training and test details necessary to understand the
results.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: Error bars are not reported because it would be too computationally expensive.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper provides sufficient information on the computer resources in Ap-
pendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms with the NeurIPS Code of
Ethics in every respect.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper discusses potential societal impacts of the paper in Appendix.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper does not involve data or models that have a high risk for misuse.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The paper properly credits the creators or original owners of all used assets,
and properly respects the license and terms of use.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: Our benchmark is built upon the existing SA-1B dataset, and we provide details
about our benchmark in the Benchmark and Appendix sections. Our model is built upon
the ASMv2-13B model, and we provide details about training and evaluation in Method,
Experiment and Appendix sections. We will release our benchmark and models upon
acceptance of the paper.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: We involve human labors in anontating test data and rating generated captions,
and we include the instruction details for these two parts in Appendix.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: There are no risks to human participants, and no risk disclosure or IRB approval
is required.
Guidelines:
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• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Appendix

A Image-Text Retrieval Experiments

To demonstrate the application potential of our task and model, we apply our model to the downstream
image-text retrieval task. In this experiment, we compare with two types of methods, namely image-
text retrieval methods and captioner-based text-text retrieval methods. Specifically, for captioner-

Table A1: Image-text retrieval results on DOCCI [4] in terms
of Recall@1 and Capture metrics [41]. We report the similarity
between generated and retrieved descriptions on the dimensions
of object, attribute and relation using Capture. The bold num-
bers indicate the best results.

Models Type R@1 Object Attribute Relation
CLIP [13] Image-Text 16.9 - - -

ALIGN [18] Image-Text 59.9 - - -
BLIP [15] Image-Text 54.7 - - -

LongCLIP [113] Image-Text 38.6 - - -
MATE [3] Image-Text 62.9 - - -
GIT [114] Text-Text 16.7 32.9 14.9 24.6
BLIP [15] Text-Text 47.3 43.3 15.4 40.5

LLaVA-1.5 [74] Text-Text 55.4 58.8 46.8 52.4
ShareGPT4V [5] Text-Text 59.6 62.0 56.8 51.4

PancapChain (Ours) Text-Text 61.9 65.2 60.3 53.6

based methods, we first employ
image captioners to generate the
description for a given query im-
age, followed by retrieving similar
descriptions using the NV-Embed-
v2 text embedding model [115].
For models producing panoptic
captions, we ask Qwen2.5-14B to
transform panoptic captions into
detailed natural-language captions
without bounding boxes, as NV-
Embed-v2 exhibits superior perfor-
mance on such descriptions. As
shown in Table A1, on the chal-
lenging DOCCI dataset, our Pan-
capChain can achieve comparable
performance with the state-of-the-
art MATE model [3], despite using
no image-text retrieval training data or specialized module designs. Our PancapChain also out-
performs state-of-the-art image captioners (e.g., ShareGPT4V), demonstrating its effectiveness in
capturing image details. In addition, using the Capture metrics [41], we demonstrate that PancapChain
retrieves descriptions from the text corpus that are more semantically aligned with ground-truth de-
scriptions, excelling on the dimensions of object, attribute, and relation. In summary, this experiment
highlights the powerful application potential of our panoptic captioning model, as its straightforward
integration with a text embedding model yields an effective image-text retrieval solution.

B Image Reconstruction Experiments

To qualitatively demonstrate the effectiveness of our model, we conduct an image reconstruction
experiment by associating captioners with text-to-image generation models. This experiment serves
as a proxy for evaluating the completeness of image descriptions, i.e., if a caption captures all essential
visual elements, a text-to-image model would be able to reconstruct an image similar to the original
one. In this experiment, we compare our PancapChain-13B model with three baselines, namely
Qwen2.5-VL-72B [86], ShareGPT4V-13B [5] and BLIP-2 [15]. Specifically, our PancapChain and
Qwen2.5-VL are instructed to generate panoptic captions, ShareGPT4V generates conventional
detailed captions, and BLIP-2 generates brief captions. Based on a generated caption for an input
image, we adopt the text-to-image generation model PixArt-Σ [14] to generate a new image. Figure A1
shows image reconstruction results using different captioners. As shown in the figure, PixArt-Σ
associated with our PancapChain model can generate more similar images to the original images,
compared with other baseline models. For example, our model more accurately captures the person’s
leg in the first sample, and it more accurately identifies the dog’s location in the second sample.
Similarly in other examples, our model shows superiority in describing locations and attributes of
primary entity instances in images, i.e., the boy riding a bike in the third sample, the monk and cars in
the fourth sample, and the men and horses in the fifth sample. Overall, this experiment demonstrates
the effectiveness of our model in comprehensively capturing image details.

C More Details about PancapScore

C.1 More Implementation Details

To evaluate models’ performance in panoptic captioning, we propose a new metric named Pancap-
Score, which comprehensively considers five dimensions of semantic content in panoptic captions.
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Original Image PancapChain BLIP-2Qwen2.5-VL ShareGPT4V

Figure A1: Image reconstruction using PixArt-Σ [14]. Compared with previous models, our
PancapChain can better capture image details, and thus lead to better image reconstruction. Best
viewed in color.

PancapScore consists of three steps, namely semantic content extraction, entity instance matching
and instance-aware question-answering. In this part, we introduce more details about entity instance
matching and instance-aware question answering.

Entity Instance Matching. After extracting semantic content, we conduct an entity instance matching
between the generated caption and reference caption to measure the performance in semantic tagging
and instance localization. To find an optimal one-to-one matching for entity instances in the two
captions, we should assign a semantic similarity score to each pair of predicted entity instance and
ground-truth entity instance. Formally, the semantic similarity score is given as follows:

si,j “ µ2 ¨ seqpti, t̂jq ` µ ¨ ssypti, t̂jq ` cospti, t̂jq, (A1)

where µ “ 10 is a weight coefficient to raise the priority as mentioned in our main manuscript. In
Eq. (A1), seqpti, t̂jq is a function that measures whether two tags are the same, i.e., seqpti, t̂jq “ 1

if ti and t̂j use the same words. ssypti, t̂jq is a function that measures whether two tags share
synonymous nouns, where we use WordNet [116] to get the synonym set of semantic tags for
measurement. cospti, t̂jq denotes the cosine similarity between the two tags’ text embeddings, where
we encode the semantic tags using SentenceBERT [117]. We prioritize matching tags first by exact
word matches, then by synonyms, and finally by embedding similarity, weighted by coefficient µ.
Based on the assigned semantic similarity scores, we can obtain the optimal one-to-one matching

25



between two sets of entity instances. Since this entity instance matching is a bipartite graph matching
problem, we solve it using the Hungarian algorithm.

Based on the entity instance matching, we measure the model performance in semantic tagging and
instance localization. First, we focus on evaluating semantic tagging based on semantic consistency.
Specifically, we consider two matched instances to be semantically consistent if their semantic tags
use the same words, or have synonym nouns, or have similar text embeddings, i.e., si,j ě δt. By
considering all entity instances, we compute precision and recall in semantic tagging. Precision
measures how many predicted instances have consistent tags according to the ground-truth instances
in the reference caption, while recall measures how many ground-truth instances are accurately
recognized in the generated caption. Based on precision and recall, we compute the F-score for an
overall measurement for semantic tagging.

Additionally, we evaluate the performance of entity instance localization based on location consistency.
Specifically, we consider two matched instances to be consistent in location, if they have consistent
semantic tags and their bounding boxes have an IoU higher than a preset threshold, i.e., si,j ě δt
and ioupbi, b̂jq ě δl. Similar to semantic tagging, we compute precision and recall in instance
localization. Precision measures how many predicted instances have consistent locations according
to the ground-truth instances in the reference caption, while recall measures how many ground-truth
instances are accurately localized in the generated caption. Finally, based on precision and recall, we
obtain F-score in entity instance localization.

Overall, the proposed entity instance matching enables instance-level evaluation in semantic tagging
and instance localization. It is important to highlight that some previous metrics in conventional image
captioning fail to distinguish different entity instances with identical semantic tags, or they attempt
to distinguish them based on entity attributes [41]. Such solutions would easily cause inaccurate
assessment of semantic tagging capabilities, as there may be numerous instances of the same tag
in one image. Unlike these works, our PancapScore metric distinguishes entity instances by spatial
locations, which is a more straightforward and accurate way.

Instance-aware Question Answering. Based on entity instance matching, we evaluate models’
performance in attribute, relation and global state in a question-answering manner. While entity
instance matching provides a foundation for evaluating semantic tagging and localization, the question-
answering approach offers a more flexible framework to assess the more nuanced dimensions of
attributes, relations, and global state. First, we generate questions based on the semantic content of
the generated caption, where each question verifies whether an attribute/relation/global state item is
described in the reference caption. As each semantic item is associated with a unique entity instance,
each instance ID in the generated caption should be mapped to the corresponding instance ID in the
reference caption, as different captions assign different IDs to the same instance. For example, if
the generated caption contains an item “ID 2 is red” and the “ID 2” corresponds to the “ID 3” in
the reference caption, we generate a question like “Is ID 3 red?”. To improve the robustness of the
evaluation, we generate a pair of questions for each semantic item: one with a “Yes” answer and the
other with a “No” answer.

We employ a state-of-the-art LLM to answer questions according to the reference caption. In this
process, we instruct the employed LLM with a carefully designed prompt, and in-context text
examples are included in the prompt to facilitate better understanding of our instructions. If the
LLM outputs the same answer as the preset one, we consider the corresponding semantic item to
be a correct prediction. By computing how many questions are correctly answered, we can obtain
precision in predicting attributes, relations and global states. Similarly, we can measure recall on
dimensions of attribute, relation and global state, where we generate questions based on the semantic
content of the reference caption and instruct the employed LLM to answer questions based on the
generated caption. Finally, based on precision and recall, we obtain F-score on dimensions of attribute,
relation and global state.

C.2 Human Consistency Analysis

In this part, we conduct an analysis to demonstrate the reliability of our proposed PancapScore metric.
Following previous works [43, 41], we randomly sample 500 panoptic captions of test images in our
SA-Pancap benchmark, which are generated by different models. We then ask human annotators to
rate each caption, where ratings are given on all dimensions for each image-caption pair. Specifically,

26



Table A3: Statistics of the training, validation and test sets in our SA-Pancap benchmark. In the
table, “Word”, “Instance”, “Attribute”, “Relation” and “Global” denote the number of words, the
number of instances, the number of attribute items, the number of relation items and the number of
global state items mentioned in a caption on average. “Category” denotes the total number of entity
categories in the whole set.

Word Category Instance Attribute Relation Global

Train 257.5 2429 6.9 12.7 8.7 1.5
Validation 275.9 729 6.9 11.9 8.2 1.4

Test 309.6 306 9.9 13.4 12.4 1.9

we ask human annotators to follow a clear and strict scoring process, designed according to our task
formulation. First, we employ Qwen2.5-14B to extract semantic elements from models’ panoptic
captions. Then, human annotators score each caption across all five dimensions, by leveraging the
ground-truth panoptic caption as reference. For each dimension in a generated caption, they carefully
check every element. If a caption correctly identifies an ground-truth element in the reference, it gets
a point. If it misses or gets an element wrong, it loses a point. In the end, human annotators combine
the scores from all five dimensions to obtain an overall score for the caption.

After the human rating process, we compute the statistical correlation to compare the proposed

Table A2: Correlation between panoptic caption-
ing evaluation metrics and human judgements. The
bold number indicates the highest human consis-
tency among all caption metrics.

Metrics PCC (ρ) Ò 1-R2 Ó Kd τ Ò

BELU [29]+BoxScore 0.02 16.03 0.02
ROUGE [118]+BoxScore 0.04 15.42 0.03

CIDEr [31]+BoxScore 0.01 16.30 0.02

Capture [41]+BoxScore 0.17 80.29 0.12
PancapScore 0.60 9.07 0.40

PancapScore with human ratings. We use
three metrics to measuring the correlation,
including the Pearson correlation coefficient
(PCC) ρ, coefficient of determination R2 and
Kendall’s τ (Kd τ ). For comparisons, we se-
lect three conventional captioning metrics (i.e.,
BELU, ROUGE and CIDEr) and one state-of-
the-art open-source detailed captioning metric
to construct baseline metrics, as panoptic cap-
tioning is a new task. Specifically, we first ask
Qwen2.5-14B to decouple a panoptic caption
into two parts, namely a detailed textual de-
scription without bounding boxes and a set of bounding boxes. Then, we evaluate the caption quality
using these metrics and the localization capabilities by IoU-based score. As a result, we can obtain
four baseline metrics for panoptic captioning. As shown in Table A2, these baseline metrics exhibit
limited effectiveness in human consistency. The performance of Capture, which depends on a text
scene graph parsing model [119] for semantic content extraction, is notably restricted in achieving
human consistency and fails to fully account for all facets of semantic content, such as the global state.
Conversely, our PancapScore metric obtains a substantial improvement over the baseline metrics in
human consistency, underscoring its enhanced reliability.

D More Details about SA-Pancap

Based on our proposed PancapEngine, we contribute a new SA-Pancap benchmark for the panoptic
captioning task. We select the SA-1B dataset [101] as the data source due to its high image quality
and data diversity. Overall, our SA-Pancap benchmark comprises 9,000 training and 500 validation
images paired with auto-generated panoptic captions, and 130 test images paired with human-curated
panoptic captions. Due to the challenging nature of panoptic captioning, we strategically select
images containing fewer than 10 entity instances for the construction of SA-Pancap. Note that our
PancapEngine has the capability to generate panoptic captions for images with a higher density of
entity instances. As shown in Table A3, our SA-Pancap demonstrates substantial diversity in entity
category, and contains rich semantic content and high-quality comprehensive panoptic captions.

For the test set, we ask human annotators to refine model-generated panoptic captions, following
a rigorous curation process. Specifically, the curation process begins with the localization and
identification of entity instances within a given image. Human annotators are first tasked with
carefully reviewing and refining the bounding boxes and semantic tags associated with each entity
instance. Following the refinement of entity instances, annotators proceed to enhance the descriptive
details of each instance by refining their attribute and relation information. This involves a thorough
examination and correction of the model-generated attributes (e.g., color and material) and the
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relationships between different instances (e.g., action relation and part-whole relation). Next, the
annotators proceed to refine the global state information of the image. Finally, through the systematic
integration of semantic information from all five dimensions, we derive high-quality panoptic captions
that accurately and comprehensively describe the visual content. According to our entity detection
suite, our entity instance annotation adopts a second-level entity granularity. For instance, as shown
in Figure 1 in our main manuscript, the t-shirt is treated as a single entity, and the text on the t-shirt is
also recognized as a distinct entity. However, we do not further decompose the text into individual
characters, avoiding recursive subdivision beyond this level.

E Experiment Setups
E.1 Implementation Details

In this part, we present more details of our PancapChain model. Specifically, our model decouples
the task into four stages, and constructs four types of image-prompt-text tuples for each image for
training based on the ground-truth panoptic caption. We mix these four types of tuples together for
training models, and we generate panoptic captions stage-by-stage during inference. The training
loss is the standard auto-regressive loss (i.e., next token prediction) following LLaVA [34]. The data
requirements and prompts of four model stages are as follows:

Entity Instance Localization: Each training tuple in this part consists of an image, a prompt, and a
localization text. The localization text is in the format of

“<box>[x1
1, y11, x1

2, y12]</box>, <box>[x2
1, y21, x2

2, y22]</box>,... <box>[xn
1, yn1 ,

xn
2, yn2 ]</box>”,

where pxi
1, y

i
1q and pxi

2, y
i
2q denote the top-left and bottom-right corners of the bounding box of the

i-th ground-truth entity in the image. The prompt template for these data is “Please localize
all entities in this image”.

Semantic Tag Assignment: Each training tuple in this part consists of an image, a sample-specific
prompt, and an instance text. The instance text is in the format of

“t1 <box>[x1
1, y11, x1

2, y12]</box>, t2 <box>[x2
1, y21, x2

2, y22]</box>,... tn

<box>[xn
1, yn1 , xn

2, yn2 ]</box>”,

where ti is a text describing the ground-truth semantic tag of the i-th entity in the image. The prompt
template for these data is “Please specify the semantic tags of all entities based
on their bounding boxes: {...}”, where “{...}” includes the localization text in the first
stage, e.g., “<box>[100, 100, 200, 200]</box>, <box>[50, 100, 150, 300]</box>,...
<box>[90, 75, 500, 300]</box>”.

Extra Instance Discovery: Each training tuple in this part consists of an image, a sample-specific
prompt, and an extra instance text. During training, we randomly split the ground-truth instance set
into two parts for an image. As a result, we can split the instance text into two texts, namely

“t1 <box>[x1
1, y11, x1

2, y12]</box>, t2 <box>[x2
1, y21, x2

2, y22]</box>,... tn1

<box>[xn1
1 , yn1

1 , xn1
2 , yn1

2 ]</box>”

and

“t1 <box>[x1
1, y11, x1

2, y12]</box>, t2 <box>[x2
1, y21, x2

2, y22]</box>,... tn2

<box>[xn2
1 , yn2

1 , xn2
2 , yn2

2 ]</box>”

where n1 ` n2 “ n. We use the first text as the extra instance text as output (for su-
pervision), and use the second text to construct the input prompt. The prompt template
for these data is “Please specify missing entities and their locations for this
image based on these specified entities: {...}”, where “{...}” is filled in with the
second text.

Panoptic Caption Generation: Each training tuple in this part consists of an image, a sample-specific
prompt, and a ground-truth panoptic caption. The ground-truth panoptic caption is from our data
engine. The prompt for these data is “Please provide a hyper-detailed description
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Table A4: Ablation study results on the validation and test sets of SA-Pancap. SLoc, Tag, Disc refer
to our entity instance localization, semantic tag assignment and extra instance discovery stages,
respectively. The caption generation stage SCap is required in all cases.

Models
Validation Test

Tag Loc Att Rel Glo All Tag Loc Att Rel Glo All

Baseline 56.38 29.30 43.06 31.64 82.47 168.63 55.12 30.00 43.09 28.88 78.91 164.98

w/ Instance Discovery 56.47 29.61 43.71 32.62 82.33 170.64 55.32 30.34 43.67 30.55 79.45 167.83

w/ S{Loc, Tag} 57.04 29.83 43.76 33.69 84.16 172.74 55.92 30.82 43.99 31.87 79.23 170.52

Full (w/ S{Loc, Tag, Disc}) 57.56 30.34 44.78 34.61 84.59 175.75 56.45 31.76 44.46 32.54 79.85 173.19

for this image, including all entities, their locations, attributes, and
relationships, as well as the global image state, based on boxes and tags:
{...}”, where “{...}” is filled in with the complete instance text in the second stage.

Our model adopts the general LLaVA architecture [34], and it is initialized using the pre-trained
ASMv2-13B [85] checkpoint, as it has good grounding capabilities. We finetune our model using
LoRA (rank r “ 128 and α “ 256), and optimize using AdamW (batch size 128, learning rate
2e-4). During inference, our model employs greedy decoding for caption generation. We train our
model on the training set of our SA-Pancap for two epochs, and conduct evaluation on the validation
and test sets. For our PancapScore metric, we use Qwen2.5-14B [106] as the LLM for semantic
content extraction and question answering. The threshold for measuring semantic consistency is set
as δt “ 0.5, the threshold for location consistency is set as δl “ 0.5, and the weight coefficient λg is
set as 0.1. All experiments are implemented using 4 NVIDIA RTX A6000 GPUs.

E.2 Baseline Setups

In our comparison experiments, we select nine state-of-the-art MLLMs as baselines, including
seven open-source large-scale MLLMs and two proprietary MLLMs. These models include Molmo-
72B [108], LLaVA-OneVision-72B [109], Qwen2-VL-72B [107], Qwen2.5-VL-72B [86], NVLM-
72B [110], InternVL-2.5-78B [111], Llama-3.2-90B [35]2, GPT-4o [78]3 and Gemini-2.0-Pro[112]4.
The cutoff date for our model comparisons is set as February 7th, 2025. We carefully design
prompts for these MLLMs to unleash their panoptic captioning power, where in-context examples
are introduced for better instruct-following. For a fair comparison, these prompts explicitly specify
attribute, relation and global state types, which are the same as that in caption generation of our
PancapEngine. In addition, we use two finetuned MLLMs as baselines for panoptic captioning, which
is finetuned on our training set. We select LLaVA-1.5-13B [74] and ShareGPT4V-13B [5] here, since
they have good performance in previous detailed captioning works and have the same parameter scale
and architecture as our model.

F More Ablation Study Results

In this part, we present more results of ablation study on both validation and test sets of SA-Pancap.
As shown in Table A4, model performance gets gradually better with the addition of more stages, as
discussed in our main manuscript. Additionally, the findings on validation and test sets are consistent.
However, additional stages do not always improve performance in the global state dimension, which
relies on the overall image characteristics rather than specific entity instances. Since our proposed
task decoupling approach primarily focuses on separating semantic tags, locations and other details
of each entity instance, it results in modest improvements in the global state dimension. Overall, the
results in the table demonstrate the effectiveness of our designs, and show that our work establishes a
strong baseline for panoptic captioning to drive further advancements.

G Can Panoptic Captions Improve MLLMs?

To further demonstrate the effectiveness of our panoptic captions, in this part, we made an attempt
to introduce panoptic captions in improving MLLMs. Specifically, we generate panoptic captions

2www.llama.com/docs/model-cards-and-prompt-formats/llama3_2/
3openai.com/index/gpt-4o-system-card/
4deepmind.google/technologies/gemini/pro/
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Table A5: Results of LLaVA-1.5 by introducing panoptic captions in the pretraining stage. The
results demonstrate the effectiveness of our panoptic captions in improving MLLM pretraining.

Models Pretraining Data (# of Samples) Instruction Tuning Data VizWiz ScienceQA

llava-1.5-7b-lora LLaVA-1.5 (558K) LLaVA-1.5 47.8 68.4
llava-1.5-7b-lora (Ours) LLaVA-1.5 (464K) + Ours (94K) LLaVA-1.5 49.4 70.2
llava-1.5-7b-lora (Ours) LLaVA-1.5 (558K) + Ours (94K) LLaVA-1.5 51.2 70.7

using our PancapChain-13B model for MLLM pretraining and demonstrate its effectiveness on
downstream image question answering benchmarks. First of all, we apply our model on SAM and
COCO datasets to generate panoptic captions, and we obtain 94K image-caption pairs. We mix
these 94K data with LLaVA-1.5’s pretraining data (about 558K) and construct a dataset to pretrain
LLaVA-1.5 model. Following the same pipeline as LLaVA-1.5 [74], we pretrain the model and
then finetune it using LLaVA-1.5’s instruction data based on LoRA. Following LLaVA-1.5, we
evaluate our finetuned model on two image question answering benchmarks, i.e., VizWiz [120] and
ScienceQA [121], and the results are summarized in Table A5. As shown in the table, our model can
obtain notable performance improvements of 3.4% and 2.3% on VizWiz and ScienceQA respectively,
which demonstrates the effectiveness and superiority of our panoptic captions.

We further demonstrate that, when using the same amount of training data in pretraining as that in
LLaVA-1.5, our generated panoptic captions can also benefit downstream VQA tasks. In this case,
we randomly sample 464K data from LLaVA-1.5’s full pretraining data (558K) and construct a new
dataset consisting of 558K data (464K LLaVA-1.5’s data plus 94K ours) to pretrain LLaVA-1.5
model. This new dataset has the same amount of data as that of LLaVA-1.5. As shown in Table A5,
our model can obtain performance improvements of 1.6% and 1.8% on VizWiz and ScienceQA,
respectively. These results demonstrate the effectiveness of our panoptic captions and confirm that
our performance improvement does not merely stem from an increase in the amount of pre-training
data. We believe our panoptic captions can lead to larger improvements with more data.

H Prompt Analysis for MLLMs
In this part, we conduct an analysis of the employed prompts for Qwen2-VL-72B [107]. Specifically,
in this experiment, we use three types of prompts to instruct Qwen2-VL-72B for generating panoptic
captions, as shown in Figure A2. The results of the model using different prompts are summarized in
Table A6. As shown in the table, Qwen2-VL-72B obtains limited performance in solving panoptic

Prompt-A: Please provide a description for this image. You should specify the spatial locations of entities by the bounding box coordinates in     
the format of “[[x1, y1, x2, y2]]”. The (x1, y1) and (x2, y2) indicate the top-left and bottom-right coordinates respectively, and the values of “x1”, 
“y1”, “x2” and “y2” should be in the range of [0, 1]. We require that the coordinate valued (0, 0) should be the top-left of the image and the 
coordinate valued (1, 1) should be the bottom-right of the image.

Prompt-B: Please provide a very detailed description for this image. The description should contain all areas and entities, their spatial locations, 
their attributes, and the relationships between each pair of entities. The attributes include, but are not limited to, an entity's color, shape, state, 
type, material, texture, and text rendering. The relationships include, but are not limited to, spatial, action, part-whole relationships of a pair of 
entities. In addition, please describe the overall environment in the image, including but not limited to the lighting conditions, mood, shadows, 
brightness, time of day, and any other notable elements in the scene. Note that your output description should only consist of contents visibly 
presented in the image, and you should avoid including any subjective interpretations, guesses, or inferences about the context or intent associated 
with the content. For spatial locations, you must specify the bounding box coordinates in the format of "[[x1, y1, x2, y2]]". The (x1, y1) and (x2, y2) 
indicate the top-left and bottom-right coordinates respectively, and the values of "x1", "y1", "x2" and "y2" should be in the range of [0, 1]. We 
require that the coordinate valued (0, 0) should be the top-left of the image and the coordinate valued (1, 1) should be the bottom-right of the 
image. 

Here I provide you one text example for you to formalize the output format. This text example is not related to the input image at all. Please 
produce your description following the format of this example: {……}

Please output the detailed description of this image following the above requirements.

Prompt-C: Please first identify all semantic elements in this image, and then provide a very detailed description for this image. 
These semantic elements should contain all areas and entities, their spatial locations, their attributes, and the relationships between each pair of 
entities. The attributes include, but are not limited to, an entity's color, shape, state, type, material, texture, and text rendering. The 
relationships include, but are not limited to, spatial, action, part-whole relationships of a pair of entities. In addition, please describe the overall 
environment in the image, including but not limited to the lighting conditions, mood, shadows, brightness, time of day, and any other notable 
elements in the scene. For spatial locations, you must specify the bounding box coordinates in the format of "[[x1, y1, x2, y2]]". The (x1, y1) and (x2, 
y2) indicate the top-left and bottom-right coordinates respectively, and the values of "x1", "y1", "x2" and "y2" should be in the range of [0, 1]. We 
require that the coordinate valued (0, 0) should be the top-left of the image and the coordinate valued (1, 1) should be the bottom-right of the 
image. Note that your output description should only consist of contents visibly presented in the image, and you should avoid including any 
subjective interpretations, guesses, or inferences about the context or intent associated with the content. 

Based on the semantic elements you have identified, please output a very detailed description for this image. 
Here I provide you one text example for you to formalize the output format. This text example is not related to the input image at all. Please 
produce your description following the format of this example: {……}

Please directly output the detailed description of this image following the above requirements.

Figure A2: Three types of prompts for instructing Qwen2-VL-72B to generate panoptic captions.
As shown in the figure, in-context examples are included in Prompt-B and Prompt-C.

30



Table A6: Results of Qwen2-VL-72B using different prompts on the validation set of SA-Pancap.
In this table, Qwen-A/B/C denotes the result of Qwen2-VL-72B using Prompt-A/B/C (as shown in
Figure A2). We also include the results of combining Qwen2-VL-72B with our proposed PancapChain
(i.e., Qwen2-VL-72B-Chain) and our PancapChain-13B model for comparison.

Models Tagging Location Attribute Relation Global Overall

Qwen2-VL-72B-A 48.37 10.25 34.22 21.29 82.42 122.37
Qwen2-VL-72B-B 50.28 11.56 36.68 24.66 86.50 131.82
Qwen2-VL-72B-C 49.85 12.92 37.83 24.71 86.30 133.96

Qwen2-VL-72B-Chain 52.17 15.40 37.90 25.83 85.62 139.88

PancapChain-13B 57.56 30.34 44.78 34.61 84.59 175.75

captioning, across all three cases. This demonstrates the limitations of current Multi-modal Large
Language Models (MLLMs) in solving panoptic captioning tasks, as they cannot achieve satisfactory
performance through simply prompt engineering. Additionally, we integrate Qwen2-VL-72B with our
proposed PancapChain methodology by decoupling the caption generation process into multiple stages
during Qwen2-VL-72B’s inference. As shown in Table A6, applying our method into Qwen2-VL-72B
achieves substantial improvement over the model with alternative prompts, which demonstrates the
effectiveness of our idea. Our PancapChain-13B model still outperforms Qwen2-VL-72B equipped
with our idea, demonstrating the superiority of our proposed model and data engine.

I Examples

In this part, we show some examples to demonstrate the panoptic captioning capabilities of our
PancapChain model. As shown in Figure A3, our model generates panoptic captions that are largely
accurate and satisfactory.

PancapChain-13B: This image shows a close-up view of three apples resting on a clear glass plate. The 
apples are the main focus, positioned in the center of the frame.

The apple on the left <box>[[152, 328, 436, 609]]</box> is a deep red color with a slightly lighter red spot 
near the top. The apple in the center <box>[[396, 412, 696, 684]]</box> is a mix of red and green, with the 
red dominating the top half and the green on the bottom half. The apple on the right <box>[[460, 273, 740, 
477]]</box> is a solid red color.

The glass plate <box>[[15, 273, 984, 741]]</box> they rest on is clear and has a slightly textured surface. 
The plate is placed on a dark brown wooden surface, which forms the background of the image. The lighting 
is soft and diffused, creating a warm and inviting atmosphere. There are no harsh shadows, and the overall 
brightness is moderate. The time of day appears to be either early morning or late afternoon, given the 
softness of the light. The mood of the image is calm and serene, with the focus being on the natural beauty 
of the apples. 

PancapChain-13B: This image captures a brown and white cow standing in a grassy field. The cow, located 
at <box>[[248, 381, 680, 624]]</box>, is the central focus of the image. It has a brown body with white 
patches on its hindquarters and a white face. The cow's horns are visible, and it is looking towards the left 
side of the frame.

The field, located at <box>[[0, 472, 997, 831]]</box>, is covered in green grass with patches of dirt and mud. 
A black bucket is visible in the bottom right corner of the frame, positioned at <box>[[784, 756, 920, 
832]]</box>.

In the background, there are several trees. One large tree is located on the left side of the frame, 
positioned at <box>[[112, 189, 388, 481]]</box>, and another is on the right side, positioned at <box>[[612, 
167, 996, 481]]</box>. The trees have green leaves and are partially obscured by the cow. A tree stump is 
visible near the fence, positioned at <box>[[824, 532, 884, 565]]</box>.

A wooden fence runs along the right side of the frame, positioned at <box>[[680, 465, 996, 564]]</box>. The 
fence is made of vertical wooden posts and horizontal wooden rails.

The sky is visible in the top left corner of the frame and is a light blue color. The lighting in the image is 
bright and even, suggesting that it is daytime. There are no visible shadows. The overall mood of the image 
is peaceful and serene.

PancapChain-13B: This image captures a close-up view of two baby turtles navigating a sandy beach. 

The turtle in the foreground <box>[[166, 409, 605, 653]]</box> is positioned on the left side of the frame, 
its body angled slightly towards the right. Its shell is a light brown color with darker brown markings, and 
its flippers are a darker shade of brown. The turtle's head is visible, facing the right side of the frame. 
The second turtle <box>[[533, 259, 831, 421]]</box> is located in the background on the right side of the 
frame, slightly out of focus. It is positioned further up the beach, closer to the top of the frame. This 
turtle is also facing the right side of the frame, and its shell and flippers are similar in color to the first 
turtle.

The sand <box>[[166, 1, 832, 996]]</box> is a light beige color, with small grains and texture visible 
throughout the image. The sand is uneven, with small mounds and dips creating a textured surface. The 
lighting in the image is bright and even, suggesting it was taken during the daytime. There are no harsh 
shadows, and the overall mood of the image is calm and serene. The brightness of the image is high, 
contributing to the clear visibility of the turtles and the sand.

Figure A3: Example outputs of our PancapChain-13B models. For clarity, we visualize the bounding
boxes and semantic tags of identified entity instances for each image.
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J Discussions and Broader Impacts

This work introduces panoptic captioning, a novel task striving to seek the minimum text equivalent
of images – an ambitious yet challenging goal. We take the first step towards panoptic captioning
by formulating it as a task of generating a comprehensive textual description composed of five
dimensions for a given image. To study this task, we contributed a evaluation metric, an effective
data engine, a high-quality benchmark, and a novel decoupled learning method.

Our work reals that, despite remarkable progress in generating detailed textual descriptions for images,
existing MLLMs still struggle with panoptic captioning, demonstrating their limitations in bridging
image and text modalities. Also, our evaluation provides insights into the performance gap between
open-source and proprietary models. By finetuning on high-quality data, our PancapChain-13B
model beats state-of-the-art MLLMs, e.g., InternVL-2.5-78B and Gemini-2.0-Pro, highlighting the
potential of our task and model in bridging image and text modalities. Additionally, when paired
with a text retriever, our model achieves superior performance in downstream image-text retrieval,
demonstrating the practical utility of panoptic captioners. We believe that, developing more powerful
panoptic captioners can benifit various downstream applications or learning tasks, e.g., image-text
alignment and multi-modal understanding.

Despite our efforts, panoptic captioning still faces numerous unresolved challenges, and our current
task formulation remains an approximation, not yet fully achieving our ultimate conceptual goal of
“minimum text equivalence”. While our formulation is not the optimal one, it offers a straightforward
and reasonable starting point. Alternative formulations for achieving minimum text equivalence,
e.g., using multiple bounding boxes with pose vectors to describe entity locations and states, remain
underexplored and are left for future research. Nevertheless, our work is an important step towards the
conceptual “minimum text equivalence” and provides a solid foundation for future development. We
believe our work will act as a catalyst to accelerate the progress of developing textual representations
for images.

Broader Impacts. First, we do not manually check every caption, so there may be some socially
biased content. However, our captions are generated by advanced MLLMs designed to align with
human values, significantly reducing the presence of socially biased content. Second, our work uses
image data from the SA-1B dataset to establish our benchmark, inheriting certain societal impacts,
such as privacy concerns. The SA-1B dataset masks most human faces in images, offering a degree
of privacy protection. Users of our benchmark must adhere to the terms and conditions of the original
data sources. Lastly, like many existing MLLMs, our model could be manipulated or “jailbroken”
to produce unfair or inappropriate captions. This risk underscores the need to enhance MLLMs’
robustness and ethical alignment, which will ensure positive impacts across diverse applications.

32


	Introduction
	Related Work
	Panoptic Captioning
	Task Definition
	The PancapScore Metric

	Data Engine and Benchmark
	PancapEngine
	The Proposed SA-Pancap Benchmark

	PancapChain
	Experiments
	Conclusion and Discussion
	Image-Text Retrieval Experiments
	Image Reconstruction Experiments
	More Details about PancapScore
	More Implementation Details
	Human Consistency Analysis

	More Details about SA-Pancap
	Experiment Setups
	Implementation Details
	Baseline Setups

	More Ablation Study Results
	Can Panoptic Captions Improve MLLMs?
	Prompt Analysis for MLLMs
	Examples
	Discussions and Broader Impacts

