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Figure 1: An example of image caption (left) and video caption (right) task. By analyzing the
components of captions, we conclude 12 dimensions (9 static dimensions and 4 dynamic dimensions
with object number shares on both static and dynamic), which all contribute to a detailed and
comprehensive caption. The static dimensions are shared in both images and videos. Video data has
additional dynamic dimensions that need to be judged with temporal relations.

Abstract

Visual captioning benchmarks have become outdated with the emergence of modern
multimodal large language models (MLLMs), as the brief ground-truth sentences
and traditional metrics fail to assess detailed captions effectively. While recent
benchmarks attempt to address this by focusing on keyword extraction or object-
centric evaluation, they remain limited to vague-view or object-view analyses and
incomplete visual element coverage. In this paper, we introduce CAPability, a
comprehensive multi-view benchmark for evaluating visual captioning across 12
dimensions spanning six critical views. We curate nearly 11K human-annotated
images and videos with visual element annotations to evaluate the generated
captions. CAPability stably assesses both the correctness and thoroughness of
captions with precision and hit metrics. By converting annotations to QA pairs,
we further introduce a heuristic metric, know but cannot tell (K'T'), indicating
a significant performance gap between QA and caption capabilities. Our work
provides a holistic analysis of MLLMs’ captioning abilities, as we identify their
strengths and weaknesses across various dimensions, guiding future research to
enhance specific aspects of their capabilities.
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Figure 2: The development of visual caption benchmarks. Many works compare the ground-truth
with generated sentences, which is vague. CompreCap [27] uses a scene graph to evaluate only object-
related information. Our CAPability considers multiple views with a comprehensive evaluation.

1 Introduction

Visual captioning, which translates visual content into textual descriptions, is a fundamental task
for both image and video understanding, affecting various downstream tasks [} [2,[3]]. The caption
capability directly reflects the modality alignment ability [4} 5], forms a significant basis for image and
video generation [6] [7, 18] |9]], and provides the precondition of synthesizing a large-scale multi-modal
understanding and reasoning dataset [10l [11]]. To assess the capabilities of this task, researchers
established several visual caption benchmarks in earlier years 12, [13} |14} [15]].

With the rapid development of recent MLLMs [[16} 17, 18}, 119} 20, 21} 22| 23| [24], these traditional
benchmarks have rapidly become outdated. This can be attributed to two main reasons: 1) The ground
truths of traditional benchmarks often contain short sentences, missing many details. In contrast,
recent MLLMSs can produce much more detailed and fine-grained captions. 2) Traditional benchmarks
use N-gram-based metrics (e.g., BLEU [25]], CIDER [26]) to directly compare the similarity between
sentences, making evaluations unreliable due to their high sensitivity to sentence style.

Recently, new visual caption benchmarks have been

introduced to update the outdated ones. As illus- ) )

trated in Fig. 2] Dream-1K [28]], DetailCaps [29] Table 1: Our designed views and more de-
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repeated extraction and comparison by LLMs. CompreCap [27]] extracts object-related annotations
from images (e.g., scene graph) without ground-truth captions, thereby focusing on evaluating the ob-
ject description capabilities of modern image MLLMs. We refer to this as object-view evaluation, as
it drops entire sentences as ground truth, and evaluates captions based on object representation. Com-
pared to traditional benchmarks, all these newly introduced approaches aim to provide more precise
ground truths and evaluation methods, enhancing the reliability and interpretability of benchmarking.

However, the evaluation of these benchmarks remains incomplete as they focus on a single aspect of
captions with limited visual elements, inadequately covering the full caption scope. For instance, they
often overlook aspects like scene, text, and style. We argue that a multi-view evaluation for visual
caption is essential. In this paper, we introduce a new comprehensive visual caption benchmark,
CAPability. Our approach uses complete visual elements rather than caption sentences as annotations
to evaluate both correctness and thoroughness for each dimension. The selection of dimensions is
motivated by existing visual generation benchmarks [31} 32} [33]], which is the inverse task of visual
captioning. They usually treat and evaluate the generated visual content from different aspects (e.g.,
objects, scene, style, camera, motion control). Similarly, we design 6 views and 12 dimensions
for CAPability by analyzing several visual captions, as illustrated in Tab.[T]and Fig.[I] We believe
these components contribute to a complete caption, as lacking any of them may align the caption
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Figure 3: Precision and hit comparison of SOTA MLLMs on our CAPability. Models perform more
variably on hif metric, which evaluates the thoroughness. GPT-40 performs the best on precision, and
Gemini-1.5-pro [20] performs the best on Ait.

with different visual content. There are 9 static and 4 dynamic dimensions, with object number
encompassing both static and dynamic aspects. Static dimensions apply to both images and videos,
while dynamic ones are exclusive to video. In our CAPability, we collect video data only for dynamic
dimensions and image data for static dimensions for simplicity. We then manually annotate 11K
images and videos for CAPability, providing sufficient samples.

In addition to multi-view annotation, we also focus on

improving the evaluation quality of captions. While most ] .
methods assess only the correctness, we argue that con- Table 2: Comparison of our CAPability
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framework for evaluating both correctness and thorough-
ness in MLLMs’ detailed captions. To our knowledge,
we are the first to heuristically highlight the gap in correctness and thoroughness capabilities of
MLLMs across multiple views, providing deeper insight into specific capabilities or limitations of a
model, thereby offering actionable guidance for further research and development, rather than just
an overall score. Representative results are shown in Fig. [3] leading to the following conclusions:
1) Models perform more variably on Ait, which evaluates the thoroughness and may be ignored by
previous research. 2) GPT-4o seems the best on precision. For hit, Gemini-1.5-pro [20] has a leading
advantage in many dimensions, followed by GPT-4o [34]]. 3) Gemini-1.5-pro demonstrates strong
object-counting abilities, while GPT-40 excels in identifying camera angles. 4) All models still strug-
gle with dimensions like object numbers, camera angle, camera movement, character identification,
and action. We hope our findings guide researchers to focus on improving these abilities in caption
tasks. Our main contributions are listed as follows:

* We introduce a new comprehensive visual caption benchmark, CAPability, featuring 6 views
and 12 dimensions. By collecting and human-annotating nearly 11K images and videos,
CAPability provides a novel and comprehensive methodology for caption benchmarking.
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Figure 4: The pipeline of our data annotation for each dimension.

* We emphasize that captions should be evaluated for both correctness and thoroughness.
Accordingly, we report precision and hit to combine correctness and thoroughness.

* We transform our annotations into a QA format to evaluate QA accuracy. Based on this
approach, we assess an additional capability via the K'T" metric, which indicates the perfor-
mance gap between QA and the captioning task.

2 Related Work

Multi-modal large language models. Based on the significant development of Large Language
Models (LLMs) among various linguistic tasks [35} 136} [37, [38]], many works try to extend the
powerful capabilities into multi-modal understanding [39} 140} 41]. By integrating image content into
LLMs, Multi-modal Large Language Models (MLLMs) also gain huge achievements [[16} 42,43 |17,
44] 145/ [18]]. Based on the pre-trained weights from image models, recent MLLMs also expand video
understanding capabilities [46 (19, 10} 147, 21} 22| 23] 24]. With rapid development, MLLMs are
powerful enough to describe both the image and video content in detail, which makes the traditional
benchmarks with short captions outdated. More and more methods even try to produce re-captioned
detailed descriptions by more powerful models rather than existing human-annotated short captions
to train their model [[19, [23]]. Therefore, it is urgent to propose a new visual caption benchmark that
adapts to modern MLLMs.

Visual caption benchmarks. Visual Caption is a fundamental task in computer vision. Early visual
caption benchmarks, such as MS-COCO [12], NoCaps [13], MSR-VTT [14], and VATEX [15]],
usually contain a short sentence with limited visual information as the ground truth. They also
use metrics like BLEU [25], CIDER [26], and METEOR [48] to calculate the matching score
directly between two sentences, which is easily affected by the sentence style. Recently, from the
annotation aspect, DetailCaps [29] extracts object-related information from the ground-truth caption,
Dream-1K [28] splits the ground truth and candidates sentences into events. VDC [30] also extracts
the object, background, and camera information from the video captions by question templates.
However, they still rely on the ground-truth caption with human-bias, and require existing LLMs to
extract and compare multiple times, thus increasing the cumulative error. CompreCap [27] explores
directly annotating the object-related information in image captions, making the benchmarking more
interpretable. On the contrary, we are the first time to propose a comprehensive visual caption
benchmark covering both image and video data with 6 views and 12 dimensions. For evaluation,
most methods only focus on correctness. Dream-1K [28]] and CompreCap [27] begin to focus on
thoroughness and calculate the recall of events or the object coverage in the segmentation map.
However, they still remain incomplete as they only evaluate one dimension and limited metrics. We
design metrics about both correctness and thoroughness, which may be ignored by previous work.
We summarize the comparison with other visual caption benchmarks in Tab. |2} and we are the most
holistic on all listed aspects.

3 CAPability

3.1 Multiple Dimension Data Annotation

The pipeline of our whole collection and annotation is shown in Fig. d] We first design 6 views
and split 12 dimensions, then collect nearly 1,000 images and videos for each dimension with low
overlap among dimensions. For the collected data, we conduct pre-annotations by SOTA MLLMs
and the following data balancing before the human annotation. After the human annotation of each
dimension, we filter bad cases during the annotation and finally complete the data of CAPability.

Dimension design. Motivated by visual generation benchmarks [31}132,|33]], we conclude 6 views
and split them into 12 dimensions based on the analysis of caption cases, as shown in Tab.[l| As
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Figure 5: The annotation distribution of each dimension. We statistic different dimensions with
different types. We count the frequency in object categories, character identification, and action as
most of the descriptions only appear one time. For spatial relation, we summarize 4 categories and
count their numbers. For style, camera angle, and camera movement, we count the samples of each
category. For others, we plot bar charts to count and show the most frequent samples.

shown in Fig. [T} we design 9 static dimensions for both video and image, and 4 dynamic dimensions
for video, covering most of what makes up a visual caption. We classify dimensions as dynamic or
static based on the following principle: descriptions obtainable from a single frame are static, those
requiring the entire video are dynamic, which are more related to temporal information. For the
object number dimension, the number can be counted statically in an image, and also dynamically
in a video, which is more challenging [49]. We also design the annotation type of each dimension
as two types: open-ended, and specific categories. Specifically, we define 9 categories for style, 4
categories for camera angle, and 7 categories for camera movement. The specific categories of each
dimension can be found in Fig.[5} See Appendix [A.T]for details of dimension design.

Data collection. For convenience and problem simplification, we only collect image data for static
dimensions and video data for dynamic dimensions. This is based on the common sense that the
video understanding capabilities for MLLMs are usually built upon sufficient image understanding
capabilities [46, 10, 23| 21]]. Since an image or a video cannot cover all these dimensions of
information, we directly collect data for each dimension independently and evaluate each dimension
separately. For static dimensions, we mainly collect images from SA-1B [50], COYO-700M [51]],
Wukong [52]], and Wikipaintings [53]], and we also crawl a considerable amount of data from multiple
public datasets and websites with CCO license by ourselves. We also borrow parts of the image data
and annotations from CompreCap [27] for the spatial relation dimension. For dynamic dimensions,
we crawl and cut videos for camera movement dimension, borrow videos from Dream-1K [28]] for
action and event dimensions, and borrow videos from VSI-Bench [49] for the dynamic object number
dimension. Fig.[6]shows our data sources for each dimension and their proportion, and Tab.[AT|shows
our data overlap among dimensions.

Pre-Annotation. The annotations may not be unique for different dimensions. For global-related,
camera-related, and knowledge-related views, the annotations tend to be unique as an image only
belongs to one kind of scene, style, efc. We directly pre-annotate them by extracting the metadata
(e.g., style for images in Wikipaintings [53]), or ask SOTA MLLMs to get a preliminary answer. For
object-related, text-related, and temporal-related views, there could be multiple objects, texts, or
actions in an image or video. However, it is extremely hard to annotate all objects or actions within an
image or a video, as the categories of objects can be divided by almost infinite granularity [54} 55}156].
Therefore, we do not pursue the most comprehensive annotation possible for each single sample,
but randomly select only one object from the visual content, and the same for other dimensions,
and reflect the accuracy and thoroughness through the evaluation of a large number of samples. We
name this strategy as One Represents All. According to the law of large numbers, the distribution of
randomly selection can approximate the expectation of covering different granularities of the entire
visual content with a large amount of samples, thus ensuring the unbiased nature of the benchmark.
Therefore, the key of this annotation strategy is to keep the selection as random as possible. To avoid
humans’ bias on selecting, we ask the three SOTA MLLMs, i.e., GPT-40 [34], Gemini-1.5-pro [20],
and Qwen-VL-Max [47] to list all objects and actions at the granularity they deem appropriate in an
image or video, ask PaddleOCR [57] to list all texts in an image. We finally use Qwen2.5-Max [37]]
to merge the results together and randomly select one from the merged list to obtain the pre-annotated
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Figure 6: The data source count and distribution of each dimension. We collect nearly 1,000
images/videos for each dimension, crawl parts of data by ourselves, and sample some data from
existing datasets to ensure diversity.

results. For further object-related dimensions, e.g., object number, object color, and spatial relation,
the object selection follows this strategy, then pre-annotate these attributes by MLLMs.

Data balance. Based on the pre-annotation results for each dimension, we conduct data balance
strategy to control the difficulty and diversity. For dimensions with specific categories, we try to
make the number of each category similar. For dimensions of open-ended descriptions, we count the
frequency of descriptions, suppress the long-tail distribution, keep low-frequency words, ensuring the
variety. See Appendix [A.4]for examples. The final annotation distribution is shown as Fig. [5]

Human annotation. For different dimensions, we design different tasks for human annotators. For
example, human annotators are asked to judge only right or wrong for object categories and actions
rather than changing the annotated descriptions since we need to keep randomness. For dimensions
with specific categories, we ask annotators to check the pre-annotated option and select the correct
option. As for other dimensions with open-ended descriptions, we ask annotators to check the
pre-annotations one by one and modify them based on pre-defined rules if there are any mistakes. We
also conduct human-validation of all annotations to ensure the accuracy of annotations is above 97%.

Data filtering. We finally conduct data filtering to drop harmful visual content and re-balance the
data since many of them are modified manually. The final distribution of each dimension is shown in
Fig.[5} Some benchmark examples are shown in Appendix [A.§]

3.2 Multiple Dimension Evaluation

Caption evaluation. As we collect and annotate the data of each dimension separately, we also
evaluate each dimension independently. Different from matching the similarity between the caption
and ground-truth sentences, our annotation drops the caption sentence, and we use GPT-4 Turbo [58]]
to take interpretable scores for each dimension. We use a similar prompt template for dimensions
with specific categories (i.e., style, camera angle, and camera movement), and use another similar
prompt template for other open-set dimensions. See Appendix for the details of the prompts.
Therefore, we can judge the caption into the following three situations: 1) MIS, which means the
caption does not mention the corresponding content about the dimension. 2) COR, which means the
caption mentions the corresponding content about the dimension, and describes it correctly compared
with the annotations. 3) INC, which means the caption mentions the corresponding content about the
dimension, but gives a wrong description compared with the annotations. As all data can be judged
into these three situations, we can then calculate two metrics: 1) Precision, which represents the
accuracy on all samples that the model has mentioned, and thus only considers the correctness. 2)
Hit, which represents the accuracy on all annotated samples, no matter whether the dimension is
described or missed in the caption, and thus also considers thoroughness. Our Hit is similar to recall,
see Appendixfor more discussions. Given the set of all samples as S(ALL), positive samples as
S(COR), negative samples as S(INC), missed samples as S(MIS), the metrics can be calculated by:

_|S(coR)|
Precision = 'S(COR) U S(INC)|" (D
. |S(COR)|
Hit= S @)



Table 3: The precision and hit of closed-source models and 72B open-source models on all dimensions.
The precision represents the accuracy of what the models have described. The Ait shows how many
visual elements in the image can be described correctly. For video inputs, we send the whole video
for Gemini, and uniformly sample 50 frames for GPT due to the API limitation of image number.

Obj. Obj. Obj. Spa. Cam. Cha. (D) Ob;. Cam.
Cate. Num. Color Rel. Scene Ang. OCR Style Iden. Num. Act. Mov.

LLaVA-OV-72B 804 70.1 86.8 885 962 536 839 839 845 875 427 177 902 747
Qwen2VL-72B 82.0 700 892 886 952 524 959 829 833 83.6 446 333 899 762

Methods Event Avg.

.g InternVL2.5-78B  80.1 683 89.2 879 964 484 925 828 583 800 364 190 86.8 712
S Qwen2.5VL-72B  83.7 66.7 855 883 957 542 953 847 721 913 458 351 879 759
& GPT-4o (0806) 873 674 88.0 904 959 67.0 935 900 802 964 549 267 921 792
Gemini-1.5-pro 898 724 88.0 888 953 564 941 914 540 920 568 346 915 773
Gemini-2.0-flash 859 78.6 904 89.0 96.1 574 953 869 820 942 506 354 89.0 793
LLaVA-OV-72B  77.0 24.6 547 479 840 499 666 835 93 273 39.6 122 286 46.6
Qwen2VL-72B 799 251 573 504 851 521 79.6 826 57 181 41.7 257 312 488
. InternVL2.5-78B 779 285 583 50.1 83.6 484 79.1 828 124 205 321 120 25.0 47.0
T Qwen25VL-72B 80.0 289 592 550 869 542 875 847 227 223 434 349 341 534

GPT-40 (0806) 83.8 300 647 557 846 67.0 830 900 28.1 283 513 266 41.0 565
Gemini-1.5-pro 863 40.0 67.7 61.3 839 564 86.1 914 365 450 514 346 445 604
Gemini-2.0-flash  82.5 30.6 60.8 51.8 840 574 888 868 379 287 466 352 39.7 562

Question-answer pairs evaluation. As we annotate each descriptive element for each dimension
rather than caption sentence, we can also convert our annotations to question-answer (QA) pair format
to evaluate the MLLMs’ general ability out of the horizon of caption only. See Appendix [A.8]for
examples of our CAPability-QA. Based on the QA accuracy, we introduce a new metric, know but
cannot tell (K'T'), which evaluates the situation when a model knows the answer (i.e., can answer
correctly when given it the related question), but cannot tell automatically in the caption without
specific question as prompt. This evaluation is significant to the caption task of MLLMs, but is
usually ignored by previous methods. Given the set of correct answers as Sq,(COR), KT can be
calculated as:

KT =

[Sqa(COR) N [S(INC) U S(MIS)]|

3
S, (COR)| )

4 Experiments

4.1 Experimental Setups

For comprehensively evaluating the state-of-the-art (SOTA) models, we both choose several pop-
ular open-source and closed-source MLLMs. For closed-source models, we evaluate GPT-40
(0806) [34]], Gemini-1.5-pro [20], and Gemini-2.0-flash [59]. For open-source models, we eval-
uate InternVL2.5 [21], LLaVA-OneVision [[19]], NVILA [22], VideoLLaMA3 [23]], Qwen2VL [47]]
and Qwen2.5VL [24] with their different LLM sizes. We use the same image prompt and video
prompt to infer all models, see Appendix [B.2]for the inference prompts. We use GPT-4 Turbo (1106-
preview) 58] to take scores for all generated captions to complete our evaluation. See Appendix [B.T]
for more implementation details.

4.2 Main Evaluation Results

Precision and hit of closed-source API and 72B models. We report the precision and hit of
closed-source and 72B models in Tab. [3] Gemini-2.0-flash and GPT-40 achieve the highest precision
(79.3% and 79.2%), which represents their captions are truthful and accurate. When it comes to the
hit metric, all results drop significantly as it is harder to cover as many visual elements as possible.
Gemini-1.5-pro achieves the best with 3.9% higher than second place, i.e., GPT-40, which means
it is better at identifying more elements correctly. Among 72B models, Qwen2.5VL achieves the
best hit, with notable precision. We note that the high precision but moderate hit for models like
GPT-40 suggests they tend to describe only what they are confident about and avoid parts they are less
certain of (line 245). This behavior results in high accuracy for described elements, but at the cost of
thoroughness and coverage. When we focus on each dimension, it is worth noting that these models
behave differently in different dimensions. Gemini-1.5-pro has a huge advantage in object counting
in both image and video, especially in thoroughness (10% better than the second place for image and
16.3% better than the second place for video in hit metric). GPT-40 excels at recognizing camera
angle, as it is 9.6% higher than the second place on both precision and hit. Qwen2.5-VL performs



Table 4: The precision and hit of 7B open-source models on all dimensions. We keep their default
settings for each model.

Methods Obj. Obj. Obj. Spa. Cam. Cha. (D) Obj'Act. Cam.

Cate. Num. Color Rel. Scene Ang. OCR Style Iden. Num. Mov.
LLaVA-OV-7B 795 678 873 887 953 419 877 844 909 928 389 202 873 74.0

Event Avg.

g Qwen2VL-7B 803 683 887 89.0 954 399 954 77.1 833 735 425 242 867 726
2 NVILA-8B 80.6 685 842 884 954 445 928 79.0 908 472 324 147 921 700
$ InternVL2.5-8B 76.1 603 858 893 951 425 89.0 819 483 844 379 202 845 689
A& VideoLLaMA3-7B 81.0 66.8 855 90.6 97.0 432 900 809 841 789 430 30.2 833 73.8
Qwen2.5VL-7B 82.0 735 880 886 958 47.7 938 820 80.8 924 43.7 268 865 755
LLaVA-OV-7B 76.8 230 530 485 827 334 645 834 46 320 358 126 270 444
Qwen2VL-7B 784 206 504 46.1 847 39.1 734 771 40 147 400 174 275 441
E NVILA-8B 782 235 546 466 813 379 69.1 775 67 104 261 72 19.8 415

InternVL2.5-8B 738 230 522 493 830 425 753 819 98 191 346 192 278 455
VideoLLaMA3-7B  77.0 227 534 511 83.0 402 672 796 42 73 415 251 305 448
Qwen2.5VL-7B 793 197 560 490 856 473 813 820 9.1 193 404 265 303 48.1

Table 5: The accuracy? (higher is better) of CAPability-QA and the KT | (lower is better) result.

Obj. Obj. Obj. Spa. Cam. Cha. (D) Obj. Cam.
Cate. Num. Color Rel. Scene Ang. OCR  Style Iden. Num. Act. Mov.

LLaVA-OV-72B 950 546 63.8 940 962 606 663 820 32.1 522 755 157 853 672
Qwen2VL-72B 947 561 686 90.7 940 650 824 86.6 313 489 73.0 341 727 69.1

Methods Event Avg.

§ InternVL2.5-78B 955 569 67.1 90.0 91.2 541 795 825 19.1 49.7 79.1 233 817 669
: Qwen2.5VL-72B 927 582 674 844 887 639 874 873 334 414 758 395 858 69.7
Qi GPT-40 (0806) 945 472 725 795 845 716 805 793 372 462 811 205 786 672
Gemini-1.5-pro 973 51.6 788 944 87.1 568 848 842 412 512 744 322 828 705
Gemini-2.0-flash  98.3 46.8 733 934 952 576 848 745 491 442 816 248 86.6 70.0
LLaVA-OV-72B 203 643 396 496 139 330 137 94 748 66.1 532 314 67.1 413
Qwen2VL-72B 16.7 62.1 370 46.0 126 354 102 104 847 783 47.6 53.1 604 426
i InternVL2.5-78B  19.1 57.8 354 452 114 214 11.0 470 82 73.0 624 68.1 699 408
i Qwen25VL-72B 153 607 335 372 9.1 243 59 85 474 662 493 382 611 351

GPT-40 (0806) 13.1 552 266 347 178 6.1 67 35 309 648 417 539 517 313
Gemini-1.5-pro 119 410 241 364 96 192 55 31 180 51.6 361 234 479 252
Gemini-2.0-flash 163 52.6 328 45.1 126 9.0 45 32 257 584 459 231 545 295

the best kit in the open-source models as it performs well on scene and camera movement. Object
category, scene, OCR, and style seem simple for these powerful models, as they all achieve well on
the F1-score. When it comes to the dimensions of object number, object color, spatial relation, style,
character identification, and events, all of them show relatively high precision but low hit, which
means they can describe these elements well when they are confident about them, but might miss
some instances and ignore the thoroughness. As for the action and two camera-related dimensions,
all models perform unsatisfactorily on both precision and hit. This phenomenon inspires researchers
to focus more on these aspects of the model’s capability. We acknowledge that this finding highlights
well-known open challenges for current MLLMs. For example, accurate object counting requires
fine-grained discrimination; some recent methods [60,61] leverage segmentation or external tools
to assist reasoning. Camera-related tasks demand a strong visual reasoning ability to infer subtle
contextual cues. Character identification relies heavily on high-quality training data to build related
knowledge. Action recognition is inherently challenging due to the temporal modeling.

Precision and hit of 7B models. The precision and hit of 7B models are shown in Tab.[d] Among
these 6 models, Qwen2.5VL-7B achieves the best precision (75.5%) and hit (48.1%), demonstrating
its awesome ability. Averagely, the 7B models perform a bit worse than 72B models, verifying
the scaling law. Among the dimensions, they follow a similar pattern as 72B and closed-source
models. Researchers should focus on the thoroughness of object number, object color, spatial relation,
style, character identification, and event, and try to improve the ability of the action and the two
camera-related dimensions.

QA-based evaluation and the KT metric. Due to the visual element annotation type, we can
easily convert our annotations to QA format, evaluate the accuracy of closed-source APIs and 72B
models, thus further calculating their K'T" metric, as shown in Tab.|5| We are surprised to find that
the difference in their QA accuracy is not significant, which means they can have a similar level
of understanding of the correct visual descriptions based on the specific questions. When it comes
to the K'T" metric, these models vary a lot. Gemini-1.5-pro performs the best with the lowest K'T'
(25.7%), but the KT of LLaVA-OneVision-72B, Qwen2VL-72B, and InternVL2.5-78B comes to
more than 40%, which means they are more likely knowing the answer but cannot tell automatically.
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Figure 8: Consistency comparison with other metrics, we calculate CIDER, BLEU_4, METEOR
metrics, and conduct direct GPT-4-Turbo evaluation. Our evaluation shows the highest consistency.

This phenomenon shows the performance gap between the strong instruction (QA) task and the weak
instruction (caption) task, which may be ignored by previous work.

4.3 Metric Analysis

Consistency with human evaluation. To demonstrate the reliability of our annotations and evaluation
pipeline, we build a human arena to manually compare the caption performance of closed-source
models and 72B open-sourced models for each dimension. Specifically, we randomly select SK
pair-wise caption samples for each dimension and require human annotators to select a better one
each time. The judging criteria include both the correctness and thoroughness for each dimension.
We count the model ranking of each dimension, and compare it with the harmonic mean of precision
and hit. The results are shown in Fig.[7} On the scene dimension, scores of all models are high and
close in our evaluation, which may cause slight inconsistencies. But for most dimensions, our ranking
shows high consistency with human results, leading to high reliability of final evaluation results.

Comparison with other metrics. We compare our metrics with other traditional metrics to demon-
strate the credibility of our CAPability. We randomly select 200 images or videos for each dimension,
and ask human annotators to annotate truthful and detailed captions as the ground truth. Then we
calculate traditional metrics (i.e., CIDER [26], BLEU_4 [23], and METEOR [48]]) between the
human-annotated and model-generated captions. Besides, we also use GPT-4-Turbo to directly
score the captions from 0 to 5 based on the ground truth. We further randomly select 200 inference
samples for each dimension and each model, and manually score them to get human evaluation
results as a reference. We report the harmonic mean for CAPability and linearly scale all results to
0-1 for easier comparison. The results are shown in Fig.[8] As our result shows high consistency with
human evaluation, all traditional metrics fail to align. The phenomenon shows that existing traditional
metrics cannot reliably and reasonably evaluate the detailed visual captions. The direct GPT4-Turbo
evaluation shows better consistency than traditional metrics, but still has gaps with CAPability, lacks



reasonable interpretability, and is too vague for evaluation. Our CAPability can give scores from
various aspects with clear judging criteria, thus obtaining an accurate and comprehensive evaluation.

5 Conclusion

In this work, we present CAPability, the first comprehensive visual caption benchmark through 6-view
and 12-dimensional analysis. Unlike existing benchmarks that rely on oversimplified metrics or
limited visual elements, CAPability introduces a correctness-thoroughness dual evaluation framework
based on precision, hit, and K'T'. Through this meticulous evaluation process, we uncover specific
areas needing improvement across leading models, such as their gap between precision and hit, the
challenges in aspects like camera angle detection, character identification, and action recognition. We
also indicate the "know but cannot tell" phenomenon of MLLMs, which may be ignored by previous
work. We believe that CAPability will play a pivotal role in advancing the field of visual captioning
by encouraging the development of models that holistically understand and describe visual content.
We open-source all our annotated data to facilitate future research.
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Justification: During the inference process, we set the temperature parameter of the MLLMs
to 0 to eliminate randomness and ensure the validity of the theoretical results derived. The
proposed metrics are discussed with proper reference in the appendix.
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* All the theorems, formulas, and proofs in the paper should be numbered and cross-
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* All assumptions should be clearly stated or referenced in the statement of any theorems.
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. 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]
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to make their results reproducible or verifiable.
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be necessary to either make it possible for others to replicate the model with the same
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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.

16



5. Open access to data and code
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Justification: We have provided open-accessed code and data link in the submission.
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* 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
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* 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.
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versions (if applicable).
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parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Detailed specifics are provided in the appendix.
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* 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: [Yes]

Justification: We report the results of repeating the experiment several times in the appendix
to verify the evaluation stability.
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* 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
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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.

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: We provide the computing resource we use in the appendix, though it is not
the matter we care about for proposing a benchmark.

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).

. 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 adheres to the NeurIPS Code of Ethics.
All experimental procedures, data handling, and reporting practices were conducted with
full compliance to ethical standards, ensuring transparency, integrity, and respect for all
stakeholders involved

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).

Broader impacts

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

Answer: [Yes]

Justification: We highlight some findings based on our evaluation results, which inspire
the researchers. We also discuss the potential positive and negative societal impacts in the
appendix.

Guidelines:
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» 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.

» 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).

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: [Yes]

Justification: As mentioned in the paper, we conduct human filtering when annotating every
image and video, ensuring there are no unsafe images or videos released.

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.

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 provides appropriate credits and references to the creators or original
owners of the assets used. We centrally state the licenses and copyright in the appendix.

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.
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* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o 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.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We have made our benchmark data publicly available, and the link and croissant
file are provided in the submission.

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.
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: [NA]

Justification: We ask outsourcing annotators to complete the benchmark construction, but it
does not involve crowdsourcing nor research with human subjects.

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.

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: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* 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 LLLM 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: [Yes]

Justification: We use LLMs for editing typos and formatting, and use LLMs for pre-
annotation, followed by human annotation. In our evaluation, we also employ LLM-as-judge
evaluation. However, the core motivation, method, and development do not involve LLM:s.

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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A More Details of CAPability

A.1 Details of Dimension Design

We argue that multi-dimensional evaluation is significant to visual caption evaluation and is more
comprehensive than previous work. So how to choose proper dimensions? We refer to existing VQA
benchmarks [62}[63] (64, [63]] and visual generation benchmarks [33]. VQA benchmarks usually
design various types of questions to include multi-dimensional evaluation and analysis of MLLMs.
For instance, MMBench [64]] defines 20 ability dimensions, including attribute recognition, attribute
comparison, action recognition, spatial relationship, physical property, OCR, object localization,
image style, image scene, identity reasoning, etc. MVBench [64] covers 20 challenging video
tasks including action, object, position, count, scene, pose, attribute, character, cognition, etc. Due
to the flexible design of questions, VQA benchmarks can be naturally built with comprehensive
dimensions. Different from the VQA task, the visual caption task does not require specific questions,
but inspects the alignment of visual and textual information. Visual generation is the inverse task of
visual captioning, as it requires models to generate specific visual content based on detailed textual
descriptions. GenEval designs 6 different tasks to evaluate text-to-image alignment, including
single object, two object, counting, colors, position, and attribute binding. VBench comprises
16 dimensions, including subject consistency, background consistency, object class, human action,
color, spatial relationship, scene, style, efc. We follow their explored dimensions to design proper
dimensions for visual captioning. Finally, we design 6 views, covering object, global, text, camera,
temporal, and knowledge. The object-related view includes object category, object color, object



number, and spatial relation, the global-related view includes scene and style, the text-related view
evaluates the OCR capability of captions, the camera-related view covers the camera angle and
movement, the temporal-related view contains action and event, and we also design a view to evaluate
the knowledge of MLLMs, i.e., character identification.

We believe these dimensions contribute to a comprehensive visual caption benchmarking. However,
it is undeniable that there may still be other dimensions that also contribute to caption evaluation.
This phenomenon exists in all multi-dimensional benchmarks, but the purpose of our design is to find
dimensions that are as comprehensive as possible and sufficient to differentiate model capabilities.
As we design 12 dimensions, the evaluation is strong enough to evaluate models from various aspects.
We also welcome the proposal of more constructive dimensions.

We explain each dimension in detail about what it represents here.

* Object category. This dimension measures the ability of whether models can give a correct
description of a specific object in the image. The object is randomly selected from the
image.

* Object number. Given a kind of randomly selected object existing in several numbers in
an image or a video, this dimension measures the ability of whether models can count the
object correctly. For videos, models should watch the whole video and dynamically count
the number based on the camera.

* Object color. Given a kind of randomly selected object in an image, this dimension measures
the ability of whether models can correctly describe the color.

» Spatial relation. Given two nearby objects in an image, this dimension measures the
ability of whether models can correctly describe the spatial relationship of the two objects.
We sample 500 images from our collected data, and sample another 500 images from
CompreCap [27], with their spatial relationship descriptions.

* Scene. Given an image, this dimension measures the ability of whether models can obtain
and tell the global scene of the image correctly.

* Camera angle. Given an image, this dimension measures the ability of whether models can
obtain and tell the camera angle correctly when shooting the image.

* OCR. Given an image, this dimension measures the ability of whether models can recognize
and tell the text appearing in the image correctly.

* Style. Given an image, this dimension measures the ability of whether models can obtain
and tell the global style of the image correctly.

* Character identification. Given an image, this dimension measures the ability of whether
models can recognize the character or the person in the image.

* Action. Given a video, this dimension measures the ability of whether models can recognize
the action in the video. We use the video data of Dream-1K [28] and re-annotate the action
from their annotations.

* Camera movement. Given a video, this dimension measures the ability of whether models
can obtain and tell the camera angle correctly when recording the video. We search videos by
ourselves and cut them into short clips, filtering complex movement composition. We only
have simple camera movement in our data, but existing models still perform unsatisfactorily.

* Event. Given a video, this dimension measures the ability of whether models can tell
a complete event in the video. We refer Dream-1K [28] to design this dimension, and
we extract the events from their annotations. Different from other dimensions with atom-
level elements, the event is usually composed of subjects and actions, which measures the
temporal summarization ability of the model.

A.2 Explanation for One Represents All Strategy

"One represents all" is designed for object selection for object-related dimensions, text for OCR
dimension, and action. We further build other dimensions related to attributes and relationships of
objects (object color, object number, spatial relation) based on the selected objects. By aggregating
results over a large number of samples with random pairing, we achieve statistical coverage across a
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Figure A1l: Two examples (object number and camera angle) of data distribution before data balance
(pre-annotated) and after data-balanced selection (final human-annotated).

broad spectrum of relationships, granularities, and contexts. Therefore, our design ensures that both
single-object properties and inter-object relationships are robustly evaluated at the benchmark level,
while providing a practical and scalable way to balance annotation cost and comprehensive coverage.

We focus on keeping the randomness of element selection, thus covering the whole visual content in
a statistical sense, based on the law of large numbers. Therefore, we can get the ability to evaluate the
thoroughness of the generated captions by calculating the hit. The details about our efforts to ensure
the randomness are as follows. 1) To minimize bias and keep randomness in the pre-annotation stage,
we utilize multiple SOTA models (GPT-40, Gemini-1.5-pro, Qwen-VL-Max) to generate candidate
objects and take the union of their outputs. We then use code (Python’s random library) to randomly
select one object from this union. 2) During manual annotation, as humans tend to select the most
obvious objects in the image, annotators are not allowed to reselect or change the target object if the
pre-annotation is incorrect, thus mitigating the bias; they are only permitted to judge correctness and
filter out incorrect samples. This ensures that neither model nor human bias influences which element
is selected for annotation, thus keeping randomness.

A.3 Details about Human Subjectivity Controlling

We acknowledge that differences in human annotator judgment can introduce subjectivity, particularly
in interpreting synonyms or resolving ambiguous cases. To reduce this, annotators are required to flag
any samples for which they have low confidence. All low-confidence samples are then independently
annotated by two additional annotators, and the final decision is determined by majority vote among
the three annotations. We also have a spot check and verification process. For each dimension, we
ask other annotators (or ourselves) to randomly select 20% of the samples for verification. If the
annotation accuracy falls below 97%, we hold a meeting to highlight the incorrect annotations, revise
all annotations for that dimension, and repeat this process until the annotation accuracy meets our
requirements.

A.4 Details of Data Balance and Final Distribution

The purpose of data balance is to suppress the long-tail distribution, thus ensuring there are a certain
number of samples of different difficulties in the benchmark. Fig.[AT]shows two examples of the
comparison of pre-annotated data distribution and final human-annotated data distribution. For
object number and camera angle dimension, we first randomly sample nearly 75K samples and
conduct model pre-annotation. The 75K samples consist of approximately 1/3 SA-1B [50], 1/3
COYO-100M [51], and 1/3 crawled from multiple public datasets and websites. For object number
dimension, we select all samples with counting from 2 to 16 same objects within an image. As
shown in Fig. [AT] (left upper), the counting follows the long-tail distribution, there are fewer images



Table Al: The overlap among each dimension.

Obj. Obj. Obj. Spa. Cam. Cha. (D) Obj. Cam.
Cate. Num. Color Rel. Scene Ang. OCR Style Iden. Num. Mov. Act./Event
11.3% 10.8% 10.5% 2.5% 4.6% 4.6% 26% 05% 0% 0% 0% 0%

with more objects within an image. Therefore, we conduct data-balanced sampling. Specifically,
we separately sample images for different counts, thus forcing the number of each count to be more
balanced after the human correcting and filtering process. For camera angle dimension, the dutch
angle data is rare, therefore we keep all dutch angle data, and sample the same number of the other
three categories. After the human correcting and filtering, the number of these categories varies
slightly. The situation in other dimensions is also similar.

As we consider the counts, categories, efc. For each dimension to conduct the data balance and
not consider the data source (i.e., from SA-1B, COYO-700M, or crawled by ourselves) during this
process, the final data source distribution for dimensions of object category, object number, object
color, scene, camera angle, OCR varies. For data of object-related dimensions (object category, object
number, object color, spatial relation), global-related dimensions (scene and style), and a small part of
camera angle and OCR dimensions, we collect the base data in a hybrid way. Our approach involves
first performing pre-annotation for these dimensions on a large pool P,;; of images (100K). We then
filter out those samples that are not suitable for the corresponding dimension independently, donated
as P,ip "¢ (nearly 40K - 80K), where i represents each dimension. After that, we conduct balanced
sampling and manual annotation, resulting in approximately 1K samples per dimension, donated as

P/l For spatial relation, we directly choose 1/2 CompreCap [27] and 1/2 SA-1B images as SA-1B
is more likely to contain high-resolution images with complex object relationship scenes. For style,
we choose all realistic images from SA-1B, and crawl animated, special effect, and old-fashioned
images by ourselves, all art-related images are from Wikipaintings [53]]. For character identification,
we use all images from the public dataset, i.e., Wukong-100M [52] rather than crawling to ensure
proper copyright. For dynamic object number, we directly use data from VSI-Bench [49]. For action
and event, we directly use videos from Dream-1K [28]. We crawl all videos for camera movement
dimension by ourselves, as there is little camera movement data in existing datasets. While there may

be some overlap among pre-annotated P, the average of overlapping samples in the final P
is 3.95%, as shown in Tab.[AT] We thank all public datasets and benchmarks, their excellent images,
videos, and annotations provide much convenience for building our CAPability.

A.5 Details about Annotators

We employed 24 outsourcing annotators to complete the annotation task, including 14 female
annotators and 10 male annotators. Their ages range from 24 to 30 years old, and all are from
mainland China. Each annotator holds at least an associate’s or bachelor’s degree, demonstrating
their expertise level. In total, the annotators labeled 23,824 samples, averaging approximately 993
samples per person. Among these, 3,323 samples were annotated by three different annotators, and
the final result was determined through voting.

We specifically instructed annotators on how to handle such cases during the annotation process for
each dimension. For example, in the color dimension, if the main object is primarily one color with
minor secondary colors (such as a white airplane with some painted markings), only the primary
color should be annotated. If the object exhibits multiple primary colors, annotators were asked to
label up to three colors if the object can be clearly described within this limit; otherwise, the sample
was filtered out. As a result, each object in our dataset is annotated with at most three colors.

A.6 Ethical Impact

The geographic and cultural backgrounds of the data are diverse. For data obtained from other
public datasets, the distribution of potential bias in our benchmark largely follows that of the original
datasets, as we performed random sampling. For the data we collected ourselves, there is a certain
degree of cultural bias towards mainland China and East Asian cultures, although mainstream Western
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Towards Right

Figure A2: Bad case examples of pre-annotation or metadata, human annotators filter or correct the
wrong pre-annotation or metadata one by one.

cultures are also represented to some extent. However, coverage of cultures from other regions is
relatively limited.

A.7 Discussion about the Designed Metrics

We define two metrics, precision and hit, to evaluate both the correctness and thoroughness. The hit
is similar to the meaning of recall, which measures how many visual elements in the image/video can
be described correctly. However, the recall is usually related to the TP/FP/FN/TN system [66]], which
is inconsistent with our evaluation situations. To avoid ambiguity and misunderstanding, we name
our metric as hit rather than recall.

We give the analysis from the TP/FP/FN/TN perspective here. The inconsistency comes from the
conflict of the situation definition. In our pipeline, there are three situations when evaluating: 1)
MIS, 2) COR, 3) INC, but the TP/FP/FN/TN system does not define the situation of MIS. In the
TP/FP/FN/TN system, the precision and recall are defined as:

TP
Precision = ———— Al
recision = 7 P’ (Al)
TP
Recall = ————. A2
T TPYFN (A2)

The existence of MIS leads to the ambiguity of the definition of F'N and F'P. If there is no existing
MIS, we can only calculate the accuracy without considering precision or recall. Now we try to
analyze with MIS. Based on the definition of 7'P, we can map our COR to T'P with no doubt, as it
correctly predicts the answer. If we want to calculate the precision, we can map our INC to F'P, as it
wrongly predicts the answer. Therefore, the precision can be calculated by Eq. 1 or Eq.[AT] which is
consistent. When we consider recall, TP+ F'N should be the number of all ground truths, as there are
no negative samples (7'N) in our annotation, which means TP+ FN = S(COR)US(INC)US(MIS).
This leads to S(INC) being included in both F'P and F'N. As the TP/FP/FN/TN system does not
define the MIS, the TP/FP/FN/TN-based precision and recall cause contradiction. Therefore, we name
our metric of S(COR)/(S(COR) U S(INC) U S(MIS)) as kit rather than recall to avoid ambiguity
as it does not fit the TP/FP/FN/TN-based definition.
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Figure A3: Examples of visual content and annotations for each dimension. We outline some visual
elements by the red box in the image or video to make them easier to identify.

In addition to the TP/FP/FN/TN system, there are also other ways to define precision and recall.
MUC-7 [67] defines the precision and recall with the situation of MIS. Apart from COR, INC, MIS,
which own the same meaning as ours, MUC-7 also defines SPU, which represents the number of
spurious, and equals O in our situation. MUC-7 defines the precision and recall as follows:

o S(COR)
Precision = 2/c6R) + S(INC) + S(SPU)’ (A3)
B S(COR)
Recall = S(COR) 1 S(INC) 1 S(MIS)’ (A9

Based on this kind of definition, our hit equals the "recall".

However, as the TP/FP/FN/TN system is too famous and standard to define the precision and
recall, we finally decide to use the "hit'' rather than "recall" to avoid misunderstanding.

A.8 Benchmark Examples

Examples of human annotation process. We show some visual cases of the human annotation
process in Fig.[AZ] All of examples are with wrong pre-annotation or metadata. Human annotators
check the pre-annotation/metadata one by one and filter/correct the mistakes for each dimension.
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Answer: A A blue and white
Dimensions: Scene
Image:
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Answer: A A

Figure A4: Examples of visual content and converted QA annotations for each dimension. The visual

content is the same as Fig.[A3] We outline some visual elements by the red box in the image or video
to make them easier to identify.

Examples of annotations. We show some visual cases with our annotations in Fig.[A3] We outline
some visual elements by the red box in the image or video to make them easier to identify. We collect

our data from various sources, and we crawled some visual content from the Internet by ourselves,
ensuring diversity.



[Image
IMAGE_PROMPT = "Please describe the image in detail. Your description should follow these
rules:\n"\
"a) You should describe each object in the image in detail, including its name, number, color,
and spatial relationship between objects.\n"\
"b) You should describe the scene of the image.\n"\
"c) You should describe the camera angle when shooting this image, such as level angle,
high angle, low angle, or dutch angle.\n"\
"d) You should describe the style of the image, such as realistic, animated, special-effect,
old-fashioned and so on.\n"\
"e) If there are any texts in the image, you should describe the text content.\n"\
"f) If you know the character in the image, you should tell his or her name.\n"\
"Directly output your detailed description in a elaborate paragraph, instead of itemizing them
in list form. Your description: "
Video
VIDEO_PROMPT = "Please describe the video in detail. Your description should follow these
rules:\n"\
"a) You should describe each events in the video in order, especially focusing on the behavior
and action of characters, including people, animals.\n"\
"b) You should describe each object in the video in detail, including its name, number, color,
and spatial relationship between objects.\n"\
"c) You should describe the scene of the video.\n"\
"d) You should describe the camera movement when shooting this video, especially the
direction, such as pan left, track right, tilt up, boom down, zoom in, dolly out, and so on.\n"\
"e) You should describe the style of the video, such as realistic, animated, special-effect, old-
fashioned and so on.\n"\
"f) If there are any texts in the video, you should describe the text content.\n"\
"g) If you know the character in the video, you should tell his or her name.\n"\
"Directly output your detailed description in a elaborate paragraph, instead of itemizing them
in list form. Your description: "

Figure AS: The image prompt and video prompt for all models when inferring captions.

Examples of converted QA pairs. As we directly annotate the visual elements in the image or
video rather than the caption sentence, we can easily convert our annotation into the format of
question-answer (QA) pairs, and we name it as CAPability-QA. We use CAPability-QA to evaluate
the QA accuracy and the know but cannot tell (K'T') metric. In Fig. we also show the same
visual cases as Fig.[A3|for each dimension with converted QA format. Most of the dimensions are
converted to the format of a multiple-choice QA task with several options, and the object color, OCR,
and character identification dimensions are designed as open-ended QA tasks.

B More Experimental Analysis

B.1 Implementation Details

We use 4x80G GPUs to run all open-sourced model inference. We use transformers to deploy
LLaVA-OneVision, InternVL2.5, VideoLLaMA3, and NVILA, use vLLM to deploy Qwen2VL and
Qwen2.5VL, as their official repositories suggested. For all our evaluated model, we follow their
official configurations to run the inference. We set the temperature of all open-source models to 0O,
while keeping the default for closed-source APIs. All maximum output token length is set to 8192.
We list the configurations as follows.

LLaVA-OneVision. We set anyres-max-9 for image, and uniformly sample 32 frames for video.

Qwen2VL and Qwen2.5VL. We keep the default minimum and maximum image pixels in package
qwen_v1_utils, which is 4 % 28 x 28, and 16384 * 28 * 28, respectively. We also keep default video
settings, the fps is set to 2.0, the maximum frames are 768, the minimum video pixel is 128 x 28 x 28,
and the maximum video pixel is 768 * 28 * 28.

InternVL2.5. We use the official video and image process function and uniformly sample 32 frames
for video.

VideoLLaMA3. We use image model for image dimensions and video model for video dimensions.
The fps is set to 1, and the maximum frames are 180 for videos.

NVILA. We use the official image and video process function in VILA repository, and uniformly
sample 8 frames for videos, as suggested in the official config.

GPT-40. Due to the maximum frame number limits of GPT API, we uniformly sample 50 frames for
videos, and keep the original spatial size of both images and videos, sending them to the API server.

Gemini-1.5-pro and Gemini-2.0-flash. As Gemini API supports video, we directly send the original
image and video to the API server. For very few videos with too large file size, we downsample the
fps to 3, and send the downsampled video to the API server for connection stability.



Object Number

object_number_user_prompt = "Given an image caption and the number of an object with format {object: number} as follows:\n"\

f'Image Caption: {caption}\n"\

f"Object Number: {{{object_category}: {object_number}}}\n"\

f'Please analyze the image caption. Determine whether the provided object number is correctly described in the caption, and explain why. You may need to count in the caption to
determine how many the provided objects it describes.\n"\

"Give score of 0 if the caption does not mention the specific number of provided object (including the use of words such as 'some' and 'various' in the caption rather than giving specific
numbers) or not mention the provided object. Give score of 1 if the caption describes the object number correctly. Give score only of -1 if the caption gives the wrong number.\n"\
"Output a JSON formed as:\n"\

"{\"object_number\": \"copy the provided {object: number} here\", \"score\": \"put your score here\", \"reason\": \"give your reason here\"}\n"\

"DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EXPLANATION. Only output the JSON. Do not add Markdown syntax. Output:”

Camera Movement

camera_movement_category_explains = [

"left: the camera angle swings left (pan left), or the camera moves left (track left)",

"right: the camera angle swings right (pan right), or the camera moves right (track right)",

"up: the camera angle swings up (tilt up), or the camera moves up (boom up)",

"down: the camera angle swings down (tilt down), or the camera moves down (boom down)",

"in: camera pushes toward the subject (dolly in), or enlarges the frame (zoom in)",

"out: camera moves away the subject (dolly out), or expands the visible area, makeing the subject appear smaller (zoom out)",
"fixed: camera is almost fixed and does not change",

camera_movement_categories = [c.split(":")[0] for c in camera_movement_category_explains]

camera_movement_user_prompt = "Given a video caption, your task is to determine which kind of camera movement is included in the caption.\n"\

f"Video Caption: {caption}\n"\

f"Please analyze the video caption and classify the descriptions of camera movement into the following categories: {camera_movement_categories}\n"\

f'Here are the explanations of each category: " + '\n'.join(camera_movement_category_explains) + "\n"\

"If the caption explicitly mentions one of the above camera movement categories, write the result of the category into the ‘pred' value of the json string. Note do not infer the camera
movement categories from the whole caption. You should only search the descriptions about the camera movement. If there is no description of the camera movement in the video
caption or the description does not belong to any of the above categories, write 'N/A' into the 'pred' value of the json string.\n"\

"Output a JSON formed as:\n"\

"{\"pred\": \"put your predicted category here\", \"reason\": \"give your reason here\"}\n"\

"DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EXPLANATION. Only output the JSON. Do not add Markdown syntax. Output:"

Figure A6: Two prompt examples for different types of evaluation sub-tasks. The example of object
number represents dimensions with open-ended descriptions, and the example of camera movement
represents the dimensions with specific categories.

Table A2: The referring ratio of all models, which only reflects the referring ratio of each dimension
without considering the accuracy.

Obj. Obj. Obj. Spa. Cam. Cha. (D) Obj. Cam.
Cate. Num. Color Rel. Scene Ang. OCR Style Iden. Num. Act. Mov.

LLaVA-OV-7B 96.6 339 60.8 547 86.7 797 73.6 988 50 345 922 624 309 623
Qwen2VL-7B 97.6 302 56.8 51.8 887 98.0 77.0 999 48 200 940 720 31.7 633
NVILA-8B 97.0 343 649 527 853 851 745 981 74 221 806 48.6 215 594
InternVL2.5-8B 97.0 381 609 552 873 1000 84.6 100.0 203 227 914 948 329 68.1
VideoLLaMA3-7B  95.1 340 625 564 856 931 747 985 50 92 965 831 345 637
Qwen2.5VL-7B 96.7 268 637 553 894 992 867 1000 11.3 209 925 98.6 350 674
LLaVA-OV-72B 958 352 631 541 874 933 749 995 11.0 312 926 69.0 31.7 645
Qwen2VL-72B 974 358 643 569 894 996 830 1000 6.8 21.6 935 77.1 347 66.2
InternVL2.5-78B 97.2 41.7 653 57.0 86.7 100.0 855 100.0 21.3 257 882 633 288 662
Qwen2.5VL-72B 956 433 692 623 90.7 1000 91.8 100.0 314 244 948 994 389 725
GPT-40 (0806) 96.0 445 735 61.6 882 100.0 888 100.0 351 294 934 994 445 734
Gemini-1.5-pro 96.1 553 770 69.0 881 999 914 1000 67.5 489 90.5 1000 48.6 794
Gemini-2.0-flash 96.1 390 672 582 875 1000 932 999 462 304 920 99.6 446 734

Methods Event Avg.

B.2 Prompts of Inference and Evaluation

Inference prompt. We use the same prompts for all models to produce the visual captions. The
image prompt and video prompt are shown in Fig.[A3] To decrease the inference difficulty, we prompt
the models to output the information of all our designed dimensions with a detailed caption. Despite
this, the models still show a huge difference in the hit rate of each dimension, which may be due to
the variety of training data related to the caption.

Evaluation prompt. As we divide the evaluation of dimensions into two types: 1) dimensions with
specific categories (i.e., style, camera angle, and camera movement), 2) dimensions with open-ended
descriptions. Therefore, we design two kinds of templates for evaluating, and fine-tune them within
each dimension. In Fig.[Af we take the object number dimension and camera movement dimension
as examples, to show our prompts for evaluation. For dimensions with specific categories, we ask
GPT-4-Turbo to extract the key information and classify the caption into our pre-defined categories or
the N/A’ class. The correct classification is considered positive, the wrong one as negative, and the
"N/A’ result is considered a miss. For dimensions with open-ended descriptions, we ask GPT-4-Turbo
to directly compare the annotations and the caption, and give out the result of positive, negative, or
miss with reasons.

B.3 More Experimental Results

Referring ratio among all models. Apart from the precision and hit, we can also report another
metric, referring ratio, which represents the referring ratio about the dimension in visual caption and



Table A3: The average metric of image dimensions and video dimensions.

Models LLaVA-OV-72B Qwen2VL-72B InternVL2.5-78B Qwen2.5VL-72B GPT-40 (0806) Gemini-1.5-pro Gemini-2.0-flash
image precision 81.4 82.2 78.2 80.7 84.4 81.1 84.6
video precision 59.5 62.9 55.6 65.0 67.6 68.7 67.3
image hit 55.3 57.5 579 62.1 65.2 67.7 64.5
video hit 26.9 29.2 224 33.7 36.8 439 37.6

Table A4: The PPL results of each generated caption by different models.

PPL models LLaVA-OV-72B Qwen2VL-72B InternVL2.5-78B Qwen2.5VL-72B GPT-40 (0806) Gemini-1.5-pro Gemini-2.0-flash

Qwen3 PPL 3.56 4.60 5.13 5.01 8.64 8.45 8.16
LLaMA3.1 PPL 4.89 6.70 7.75 7.54 11.29 10.76 10.68
Precision Hit
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Figure A7: The evaluation of repeating 5 times for Gemini-1.5-pro captions. We tag the fluctuation
range beside the data point.

can be calculated as:
|S(COR) U S(INC)|

|S(ALL)]|

This metric only considers the pure thoroughness of the caption in each dimension without considering
the accuracy.

Referring Ratio =

(AS5)

We report the referring ratio in Tab. For example, it is considered a reference if the caption
mentions any object for the object category dimension, or mentions any angle information for the
camera angle dimension, but for the object number or color dimension, it is only considered a
reference if the caption mentions any number or color information of the correct object. We find
the referring ratio seems to increase as the size of models increases, which may be due to more
knowledge and stronger instruction following ability for larger models. Among all dimensions, the
referring ratio of character identification performs the worst, the existing models prefer to keep silent
as they usually cannot recognize the person and character well. The closed-source models would be
more likely to reveal the names of characters, and we guess this may be due to stronger knowledge
and more diverse training data.

Metric analysis between different modalities. Tab. shows the metric analysis between image
dimensions and video dimensions. Across all models, performance on image dimensions is substan-
tially higher than on video dimensions, for both precision and hit metrics. Even the best-performing
models (GPT-40, Gemini series) show nearly 20% or greater drop in precision/hit from image to
video dimensions. For example, all models perform well on object category, scene, OCR, and style
for both precision and hit, but all models cannot achieve a satisfactory level on all video dimensions
for hit. This shows that time series modeling and multi-frame information integration are still the
main challenges of current MLLMs. It is true that some dimensions may be inherently more difficult
to represent in video than in pictures. This may be due to the following two reasons: 1) There is
more redundant content with more visual tokens input into MLLMs, handling the long sequence is
likely more difficult than a shorter one. 2) Temporal change and movement should be considered for
video dimensions, which may lead to confusion for models to recognize. Nevertheless, images can
also represent the strength of videos in this dimension to a certain extent (such as OCR), because
video understanding also requires a good spatial understanding ability as a prerequisite. The video
dimensions we designed are more focused on the challenge of temporality. In the future, we will
consider introducing more video data to fully evaluate the video’s ability in the spatial dimensions.

The naturalness and coherence analysis. In the current landscape of MLLMs, the naturalness and
coherence of generated captions are generally no longer a sufficient or even primary differentiator of
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Figure A8: The stability analysis with three different evaluation models on 7 MLLMSs’ captions. The
results on all metrics show a high degree of consistency.

model performance. Linguistic quality is more considered for NLP language models, and modern
LLMs consistently generate grammatically correct and fluent sentences [[68]. As MLLM:s are built
from LLMs, the main challenge and research focus of MLLMs has shifted toward evaluating the
factual accuracy and relevance of the generated captions, rather than their linguistic quality. For
example, the papers of MLLMs do not report any metrics about the naturalness and coherence, such
as PPL [19, 24]], modern benchmarks for MLLMs do not measure the naturalness and coherence
either [69,165]. To support the view that the naturalness and coherence of generated captions are not
the primary challenges, we also further calculate perplexity (PPL) of the generated captions of each
model. PPL is a fundamental metric for language models that gauges how “surprised” the model is
by a given text, thus reflecting their naturalness and fluency, the lower PPL means better coherence.
Specifically, we conduct qwen3-32B and LLaMA-3.1-8B-Instruct to calculate the PPL of generated
captions from these models, as shown in Tab.[A4] (There seems to be some gap between the closed-
source APIs and open-source models. This may be because the training data distribution among
open-source models is more similar to Qwen3 and LLaMA3.1 than closed-source APIs.) Among
closed-source APIs, the PPLs of them are similar to or lower than GPT-40. Among open-source
models, the PPLs of them are similar to or lower than Qwen2.5VL-72B. Based on the common sense
of GPT-40 and Qwen2.5VL-72B can generate coherent and human-like sentences, we can draw a
conclusion that the naturalness and coherence are not the main challenge for all these models.

Evaluation stability. To validate the stability and robustness of our GPT-4-Turbo-based evaluation
method, we take the inferred caption of Gemini-1.5-pro as the example, run our evaluation 5 times,
and the result is shown in Fig. @} We tag the fluctuation range, i.e., the difference between the
maximum and minimum scores, besides the data point. Fig. shows our strong stability, and
our average range of precision and recall are 1.1% and 1.0%, respectively. This demonstrates the
reliability and interpretability of our evaluation method, which matches annotated elements in the
generated captions. Moreover, we introduce three other models, Gemini-2.0-flash, Qwen2.5-Max,
and Claude3.7-Sonnet to replace the GPT-4-Turbo in our evaluation pipeline. All of them are the most
popular and powerful SOTA language models. We re-run the evaluation process with new evaluation
models with the same evaluation prompts. The average result of evaluations for closed-source models
and open-source 72B models is shown in Fig. Though the judgment criteria for each model may
be slightly different, leading to only a slight difference in the scores, the evaluation results show high
consistency as they keep the same rank of these MLLMs as GPT-4-Turbo. This further demonstrates
the high reliability, interpretability, and stability of our evaluation methods.

B.4 Visualization of Inference and Evaluation.

In Fig.[A9|and Fig.[AT0} we visualize the inferred caption of Gemini-1.5-pro, GPT-40 (0806), and
Qwen2.5VL-72B in object number dimension and camera angle dimension. In Fig.[A9] the annotation
of the given image is 7 pig trotters. Gemini-1.5-pro refers to the correct number of pig trotters, and
we thus give it a positive. GPT-40 recognizes the trotters in the image, but counts with a wrong
number, 6, and we thus give it a negative. As for Qwen2.5VL-72B, it says there are 7 chicken thighs
in the image, recognizing the wrong object category. However, this is the dimension of the object
number, and therefore we only evaluate the correctness and thoroughness of the number, without
considering the categories of objects. As Qwen2.5VL-72B does not mention the pig trotters, we give
it a miss. In Fig. the annotation of the given image is dutch angle, which means the lens has a
certain angle of deflection along the central axis, making the horizon crooked. Gemini-1.5-pro says
the image is taken from a medium-high angle, and we classify it into the high angle category, thus
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The image presents a high-angle, close-up view of several cooked

pig's feet, technically known as pork trotters, arranged on a piece of X
crumpled brown parchment paper inside a dark-colored, likely metallic, Evaluation
baking pan. There are seven trotters visible, each displaying a rich,
reddish-brown color indicative of roasting or baking. The skin of the
trotters appears crispy and glistening, likely due to rendered fat, and is
speckled with flecks of green herbs, possibly thyme or parsley. The
meaty portions show varying textures, some appearing more browned
and crisp, while others reveal a softer, paler interior. The trotters are
positioned somewhat haphazardly, overlapping in places and
- indicating they were placed in the pan without precise arrangement.
Gemini-1.5-pro | The parchment paper is wrinkled and stained with grease, further
suggesting the cooking process. The dark pan provides contrast to the
lighter-colored food and paper and enhances the visual appeal of the

dish. The image is realistic and evokes a sense of home-cooked, Q

Positive

The caption specifies there
are seven frotters visible,
which corresponds with the
provided object number.

hearty food. The lighting is even and illuminates the trotters effectively,
showcasing the textures and colors. There is no text present in the
image, and the focus remains solely on the food.

Object number

The image depicts a close-up view of several pieces of cooked pig
Image trotters, placed on a parchment-lined baking sheet or tray. There are

six pig trotters visible in the image, each with a distinct golden-brown Evaluation
color indicating they have been roasted or baked. The trotters are
seasoned with a sprinkling of herbs and spices, which appear as small
. green flakes on the surface, adding texture and color contrast. The
Caption setting suggests a preparation or final stage of cooking, likely The caption incorrectly
showcasing the dish before it is served. The lighting highlights the states that there are six pig
glossy texture of the roasted skin, emphasizing the cooked state and trotters visible in the image,
the intricate textures of the meat and bones. whereas the provided object
The camera angle is a level angle, directly focusing on the trotters number indicates that there
GPT-40 (0806) | without any significant tilt, providing an even perspective of the scene. should be seven.
The style of the image is realistic, capturing the details such as the
skin texture, cooking marks, and seasoning in a true-to-life manner.
. There is no visible text or known character in the image, as it solely
Annotation: focuses on the culinary subject matter. The overall composition
pig trotter: 7 suggests a straightforward and appetizing presentation of the 0 Negative

prepared pig trotters.

The image showcases a close-up view of

, each displaying a rich golden-brown
hue indicative of thorough roasting. The skin is crispy and seasoned Evaluation
with visible specks of herbs and spices, adding texture and color
contrast to the dish. The thighs are positioned closely together, some
overlapping slightly, creating a sense of abundance. The parchment
paper beneath them is stained with oil and seasoning, suggesting the

juices released during cooking. The scene is set against a dark ~ The caption describes the
@ background, likely a kitchen countertop, which enhances the warm Image as ?0“'43'“”‘9
tones of the chicken. The camera angle appears to be a high angle, » ot pig trotters.

R providing a clear overhead view of the dish, allowing for an
Quen2 5VL-728 unobstructed look at the details of the chicken and the tray. The style
of the image is realistic, with a focus on the natural colors and textures
of the food, capturing the appetizing appearance of the roasted
chicken. There are no texts or characters present in the image,
keeping the viewer's attention solely on the culinary subject. The
overall composition emphasizes the inviting and delicious nature of the
meal, making it visually appealing and mouth-watering.

Figure A9: Examples of inference and evaluation on object number dimension. We select the inferred
caption from Gemini-1.5-pro, GPT-40, and Qwen2.5VL-72B as instances.

negative. GPT-40 explicitly points it out as a subtle dutch angle, thus is classified into the dutch angle
category, which is positive. Qwen2.5VL-72B describes the image shot from a slightly elevated angle,
and it appears to be a level angle, which is also negative. These two figures show our evaluation
pipeline, which is precise and reliable.

C Copyright and License

CAPability comprises data from SA-1B, COYO-700M, Wukong-100M, Wikipaintings, VSI-Bench,
CompreCap, Dream- 1K, and uses some craweled data from inner retrieval system, each governed by
its own licensing terms:
« SA-1B: SA-1B Dataset Research Licensd]
COYO-100M: CC-BY-4.0 License
* Wukong-100M: CC-BY-NC-SA-4.0 License
* Wikipaintings: BSD 2-clause License
VSI-Bench: Apache-2.0 License
¢ CompreCap: CC-BY-4.0 License
* Dream-1K: Apache-2.0 License

"https://ai. meta.com/datasets/segment-anything-downloads/
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Camera Angle

Image

Annotation:
dutch angle

Caption

+

Gemini-1.5-pro

)

GPT-40 (0806)

7

Qwen2.5VL-72B

The image captures a tender moment between a young couple,
seemingly about to kiss, against the backdrop of a bustling city
street and a grand, Stalinist-style building. The man, positioned on
the left, wears a light, faded denim jacket with a dark hooded
sweatshirt underneath. His medium-length brown hair is slightly
tousled, and his beard is short and neatly trimmed. The woman,
slightly shorter and to his right, faces him with a bright expression.
Her dark, wavy hair falls around her shoulders, and she wears a
black, possibly leather, jacket with a lighter, possibly sherpa, collar.
They are close, bodies angled towards each other, and appear to
be sharing an intimate moment. The street below them is busy with
traffic, including cars and what appears to be a small, yellow sports
car driving towards the bottom left comer. The large building in the
background, light-colored with multiple vertical sections and
intricate details, dominates the scene. The photograph appears to
be taken from a medium-high angle, slightly above the couple's eye
level, providing a view of the street scene. The overall style is
realistic and candid, with a slightly desaturated color palette, giving
the image a somewhat cool, urban feel.

The image captures a scene with two people standing closely
together on an urban street, suggesting a moment of intimacy. The
person on the left is wearing a denim jacket layered over a black
hoodie, while the person on the right is clad in a black jacket with a
white fur collar. In the background, there is a large, multi-story
building with spires, reminiscent of neoclassical architecture
commonly seen in certain parts of Moscow, suggesting the image
may be set in a city with such architecture. The street below
features a few cars, including a noticeable yellow vehicle, likely a
taxi, adding to the urban atmosphere.

The camera appears to be positioned at a level angle, capturing
both individuals and the background building with balance, though
the shot has a slight tilt, indicating a subtle dutch angle, which adds
an artistic, almost dynamic quality to the composition. The style of
the image is realistic, capturing everyday life with a slightly artistic
flair due to the angle. The colors are muted and the sky appears
overcast, amplifying the urban feel.

In this image, a couple is captured in an intimate moment
against the backdrop of a grand, white, multi-story building with a
distinctive architectural style that includes a spire at the top,
suggesting it might be a significant landmark. The man, positioned
on the left, has long, tousled brown hair and a beard, wearing a
light blue denim jacket over a black hoodie. His arm is gently
placed around the woman's waist. The woman, on the right, has
long, wavy brown hair and is dressed in a black leather jacket with
a white fur collar. She is smiling warmly, leaning into the man, and
their faces are close together, almost touching, creating a sense of
closeness and affection. In the background, the street below
features several cars, including a bright yellow taxi, which adds a
pop of color to the otherwise muted tones of the scene. The image
is shot from a slightly elevated angle, giving a clear view of both
the couple and the building behind them. The camera angle
appears to be a level angle, focusing directly on the subjects while
still capturing the surrounding environment. The overall style of the
image is realistic, with a soft, natural lighting that enhances the
emotional connection between the couple. The scene conveys a
romantic and serene atmosphere, with the couple as the central
focus amidst an urban setting.

Evaluation

The caption describes the
photograph as being taken
from a medium-high angle,
slightly above the couple's eye
level, which indicates a high
angle shot

0 Negative

Evaluation

The caption mentions that the
camera ‘appears to be
positioned at a level angle' and
also specifies that the shot has
‘a slight tilt, indicating a subtle
dutch angle.

Q Positive

Evaluation

The caption explicitly states
that the image is shot from a
slightly elevated angle but then
clarifies that the camera angle
appears to be a level angle,
focusing directy on the
subjects.

0 Negative

Figure A10: Examples of inference and evaluation on camera angle dimension. We select the inferred
caption from Gemini-1.5-pro, GPT-40, and Qwen2.5VL-72B as instances.

* Craweled data: Our craweled data are all retrieved from inner multi-modal retrieval system,
which contains various public datasets, and visual contents from websites with CCO license.

D Limitations

Different from multi-choice VQA benchmarks which evaluate models by definite and explicit choice
accuracy, our CAPability is a visual caption benchmark, which still depends on LLMs for evaluation.
Therefore, it is still hard to ensure a completely correct evaluation. We try to split the evaluation
into several dimensions, thus makes the evaluation as simple and clear as possible. Therefore, the
LLM-based evaluation can be more accurate. Due to the LLM language capability limitation, it can
still make wrong judgments and requires a carefully designed prompt for constraint.

E Societal Impacts

As our proposed CAPability can perform comprehensive caption evaluations of MLLMs, this work
can help LLM users make informed choice, and leads the community to build more and more strong
MLLMs. The potential negative impacts are similar to other LLM-related works, The development
of MLLMs and MLLMs’ benchmarks pose societal risks like the perpetuation of biases, the potential
for misinformation, job displacement, ezc.
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