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Abstract

Existing sports video captioning methods often focus on
the action yet overlook player identities, limiting their ap-
plicability. Although some methods integrate extra infor-
mation to generate identity-aware descriptions, the player
identities are sometimes incorrect because the extra infor-
mation is independent of the video content. This paper
proposes a player-centric multimodal prompt generation
network for identity-aware sports video captioning (LLM-
IAVC), which focuses on recognizing player identities from
a visual perspective. Specifically, an identity-related infor-
mation extraction module (IRIEM) is designed to extract
player-related multimodal embeddings. IRIEM includes a
player identification network (PIN) for extracting visual
features and player names, and a bidirectional semantic in-
teraction module (BSIM) to link player features with video
content for mutual enhancement. Additionally, a visual con-
text learning module (VCLM) is designed to capture the key
video context information. Finally, by integrating the out-
puts of the above modules as the multimodal prompt for
the large language model (LLM), it facilitates the genera-
tion of descriptions with player identities. To support this
work, we construct a new benchmark called NBA-Identity,
a large identity-aware basketball video captioning dataset
with 9,726 videos covering 9 major event types. The exper-
imental results on NBA-Identity and VC-NBA-2022 demon-
strate that our proposed model achieves advanced perfor-
mance. Code and dataset are publicly available at ht tps :
//github.com/Zeyul226-mt/LLM-IAVC.

1. Introduction

Video captioning is a critical research topic in video under-
standing with the aims of generating precise descriptions to
comprehend the visual contents of the given videos. It has
attracted increasing attention due to a variety of its applica-

Captions:

(a): A group of people are playing the basketball
(b): [PLAYER] (%) makes 2-pt jump shot () (
(c): D. Murray (%) makes 2-pt jump shot () (

(d): T. Ross () W) (

() by [PLAYER] (%))
(¥) by W. Carter ()
() by W. Carter (4))

Figure 1. Caption comparison of current sports video captioning
methods and our method. The different player names are marked
red and blue. The actions are marked and . The green
checkmarks indicate correct name/action predictions, while the
red crosses indicate incorrect ones.

tions including sports video understanding [24, 29, 33, 45,
47], video storytelling [19] and online video search [16, 25].

The traditional video captioning methods [21, 38, 39,
44, 50] achieve impressive results in open domains, which
provide only a broad summary of the visual content, as
shown in Fig. | (a). However, in some specific scenar-
ios, such as sports live text broadcast, the players’ identi-
ties and the actions are crucial, as audiences are particu-
larly interested in these details. Such requirements cannot
be satisfied by the general descriptions. Anonymous meth-
ods replace entities in descriptions with special tokens (e.g.,
[PLAYER] and [TEAM]) [24, 28, 33, 34] or numeric IDs
(e.g., “PLAYER0961226”) [45]. They can provide detailed
actions and distinguish different entity types. However,
their descriptions are still missing entity identities, specif-
ically player names, as shown in Fig. 1 (b).

Recently, some methods [29, 47, 48] have introduced
extra information, such as game news, player statistics,
and the candidate player list, to generate descriptions with
player identities. Due to the fact that the extra information
is independent of the video clips, player identities in the
descriptions are derived from the static extra information
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rather than from the video clips themselves. These methods

do not truly recognize player identities from the video clips,

but rather make inferences based on extra information. The

player identities may be incorrect, as shown in Fig. 1 (c).

The above methods fail to correctly describe players’
identities, which has become a major backlog for sports
video captioning. In fact, player identities are implied
within the video clips, but most datasets [4, 6, 9, 30, 33,
34, 49, 54] do not include the entity names, which makes it
impossible to generate the identity-aware descriptions. Al-
though some existing sports video captioning datasets in-
clude player names [29, 47, 48], they lack the necessary an-
notations to facilitate the development of models with visual
mining capabilities. For instance, player bounding boxes
could help build models to directly recognize player iden-
tities in visual content. If we could re-organize video clips
around individual players to obtain the player-centric video
clip set, it is possible to develop a player identification net-
work for identity-aware video captioning.

In this paper, we collect 40 NBA full games during
2022-2023, and organize a player-centric video clip set to
link each player with all of his video clips. Based on
this set, a player identification network (PIN) is devel-
oped to extract players’ visual features and names from the
given videos. A bidirectional semantic interaction module
(BSIM) is designed to augment the player visual features
by interacting with the video features. The above two mod-
ules form an identity-related information extraction mod-
ule (IRIEM), which outputs the identity-related multimodal
embeddings. A learnable approach is adapted by utiliz-
ing a designed visual context learning module (VCLM)
to learn video context information, which is then concate-
nated with the identity-related multimodal embeddings as
the prompt for the LLM to generate descriptions with player
names. To support this, we propose an identity-aware bas-
ketball video captioning dataset NBA-Identity, which in-
volves 9,726 videos, 321 players with bounding boxes, and
9 major kinds of events.

The main contributions of this paper are:

* We propose a player-centric multimodal prompt gen-
eration network for LLM-based identity-aware basket-
ball video captioning (LLM-IAVC), which jointly utilizes
player identity features and contextual video information
to guide LLM in generating identity-aware descriptions.

* A large identity-aware basketball video captioning dataset
NBA-Identity is constructed. This dataset contains the
largest number of videos among identity-aware sports
video captioning datasets. Its captions cover 9 major
events in the basketball domain.

» Extensive experiments on our NBA-Identity and VC-
NBA-2022 [47] datasets demonstrate that the proposed
model achieves state-of-the-art performance without the
need for additional knowledge assistance.

2. Related Works

Video Captioning. Video captioning aims to comprehend
the video content and produce descriptions in natural lan-
guage automatically. Recent researches [21, 38, 39, 44, 50]
primarily emphasize generation methods based on sequence
learning, where a visual encoder extracts relevant visual fea-
tures from videos, and a decoder then generates descrip-
tions in a sequential manner. Researchers have attempted
to employ various visual encoders, including ResNet [13],
Vision Transformer (ViT) [10], and C3D [12], to extract dif-
ferent 2D/3D video features. In this work, our LLM-IAVC
employs the encoder-decoder framework and integrates the
pre-trained model Timesformer [3] as the visual encoder to
encode the spatiotemporal information in videos. Unlike
most models that use LSTM [7] or Transformer [42] as the
text decoder, we employ the LLM for the naturalness and
accuracy of generated text.

Sports Video Captioning. It aims to recognize player iden-
tities and key event types, generating accurate descriptions
in fluent and natural language to ensure alignment with the
video content. Anonymous methods utilize special tokens
(e.g., [PLAYER] and [TEAM]) [24, 28, 33, 34] or entity
types (e.g., “Batter” in baseball) [15, 17] in descriptions
to represent entities. These methods still cannot generate
descriptions with specific entity names. Extra information
based methods [29, 47, 48] generate descriptions that in-
clude player names by incorporating extra game-related in-
formation. This type of method guesses player identities
from a pool of candidate information but does not genuinely
recognize players’ identities from a visual perspective. Dif-
ferent from the above methods, this paper focuses on ex-
tracting identity-related information directly from the video
clips, which is helpful for preserving the consistency of the
descriptions and the video clips.

Large Language Models. LLMs (e.g., LLaMa2 [41]
and GPT4 [1]) exhibit proficiency in a variety of lan-
guage tasks given their powerful reasoning ability. Re-
cent works [26, 36, 53] attempt to empower LLMs with vi-
sual understanding ability on downstream tasks like visual
question-answering, video grounding, and video anomaly
detection. With its impressive text generation capabilities,
we employ various lightweight LLMs as the decoders, in-
cluding GPT-2 [31], Qwen2.5 [40], and Llama3.2 [23], to
generate high-quality descriptions for the sports video cap-
tioning task. Instead of manually designing a sentence as
a prompt, we automatically generate a multimodal prompt
that includes identity-related information and visual con-
text, helping the LLM better understand the video content.

3. Methods

As shown in Fig. 2, LLM-IAVC mainly consists of three
main components: 1) identity-related information extrac-
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Figure 2. Illustration of the proposed identity-aware basketball video captioning model. During training, the player sequences correspond-
ing to the input video are located from the player-centric video clip set based on the video ID, and their visual features are extracted via a
pre-trained player identification network. During inference, a multi-object tracker extracts player sequences, and the player identification
network extracts their visual features and identities. The top-k players with the highest confidence are selected for further processing.

tion module (IRIEM), 2) visual context learning module
(VCLM), and 3) LLM-based decoder. The IRIEM includes
the player identification network (PIN) and the bidirectional
semantic interaction module (BSIM). The red line repre-
sents the training flow and the blue line represents the in-
ference flow. The black flow represents the shared process
for training and inference. In the following subsections, we
will describe each component in detail.

3.1. Player Identification Network

Since player identities are inherently embedded in video
clips, a straightforward approach is to develop a player iden-
tification module that directly recognizes player identities
from visual content. Based on the player names in captions,
each video clip is associated with specific players. There-
fore, all training video clips from 40 full games are auto-
matically re-organized as the player-centric video clip set.
The player sequences could be obtained by their bounding
boxes. The player identification network is developed to
extract the identity-related visual features from the player
sequences. Fig. 3 shows the training process of the player
identification network, which consists of TimeSformer as
the visual backbone and a fully connected layer as the clas-
sification head.

Let P = {p1,ps,...,pn} represent the player se-
quence, where p,, denotes the n-th the cropped bounding
box. The player sequence feature Fp € RIXDtime jg ex-
tracted by TimeSformer [3]. Then F p is fed into a classifi-
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Figure 3. Training for the player identification network, including
TimeSformer as the visual backbone and a classification head.
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cation network to obtain classification probabilities.
op =Wy (FP) =Wy (Mtime (PB>)7 (1

where W € RPrimexDe ig g fully connected layer. Dy
is the hidden size of TimeSformer Mi;me. D, is the num-
ber of player classes. The player identification network is
trained with a cross-entropy loss:

Ny D¢

Zzym log (pni), (2

nlzl

Eplayer =

where N, is the batch size. y, ; and p,, ; are the true label
and predicted probability for sample n and class 1.
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3.2. Bidirectional Semantic Interaction Module

The BSIM is designed to strengthen the association between
player identity-related visual features and overall video con-
tent through information exchange, ensuring that player
identities are more effectively integrated into the visual con-
text. BSIM involves a multi-head self-attention module, a
multi-head cross-attention module, and an MLP layer. The
BSIM aims to associate video and player features and we
define this operation for the multi-head self-attention mech-
anism with the input vector I:

W, - IWg) '
VD

where Wqo, Wi and Wy, are learnable query, key, and
value parameter matrices, respectively. D is the dimen-
sion of the input vector I. ¢ (-) is the softmax function.
The multi-head cross-attention mechanism is the variant of
the multi-head self-attention mechanism, where the query
comes from one input vector I, while the key and value
come from another input vector I5:

MSA (I) = § ( ) AWy, (3)

LW, - (I,Wgk) "
VD

The BSIM is shown in Fig. 4. The visual features of the
k player sequences are concatenated into a player feature
F) € RF*Dume which is then interacted with the video
feature V, through the bidirectional semantic interaction
module. Specifically, the video feature V,, and player fea-
ture F'j, each pass through a multi-head self-attention layer
for self-enhancement:

V., = MSA; (£1 (V,))
F), = MSA; (2 (Fy))

MCA (I,1,) = 6 ( > LWy, @4

&)

where / (-) denotes the Layer Normalization layer.
Then V, and F, are associated through an information
exchange sub-module:

"

V. = WaMCA., (6 (WaV, )t (WaFy))

1"

F, = W,sMCA,, (64 (WdQF;C) s (Wdlvfu))
(6)

where W, € RPtimeXDaown and W, € RPdown*Drime

denote the linear down- and up-projection matrices.

MCA,, (-) and MCA,. (-) denote entity-to-video multi-

head cross-attention and video-to-entity multi-head cross-

attention, respectively.

Finally, the outputs of BSIM are as follows:

Vi = 5 (o0 (MLPy (6 (V7)) + V7))

Fui = L (02 (MLP, (65 (F})) ) + FY) 7
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Figure 4. The bidirectional semantic interaction module.

where ¢ (-) demotes the Dropout layer. ¢ (-) denotes the
GELU activation function [14]. And MLP (-) denotes the
multilayer perceptron layer.

3.3. Visual Context Learning Module

The visual context learning module (VCLM) aims to learn
the video context information V, € RNeXDrime - As shown
in Fig. 2, we randomly initialize N, learnable query vectors
O ¢ RNexDPrime  VCLM extracts a kind of “global” and
“overview” semantic information from the original video
features through learnable query vectors to help the model
capture the overall dynamic background of the video con-
tent. Learnable vectors not only provide contextual infor-
mation, but also act as a bridge between the visual and tex-
tual spaces. These vectors can be automatically adjusted
during training to better fit the semantic mapping between
vision and text. We use self- and cross-attention to aggre-
gate video context information:

V Dtime
Vo =7p+ Vo, )

Ve W - (V,, Wh2) "
Vcross =9 ( Y ( L ) . vaWV27

Q1 . Ki\T
Vself5<@W (oW >)~@WV1, ®)

\ Dtime
(10)

V.=FFN(MLP (Viross)) s an

where V,, € RMvXDiime ig the video feature extracted
by TimeSformer [3]. N, is the number of frames. 7 is
the position embedding and helps the model distinguish
the sequence of frames and capture temporal dependen-
cies. W@ ¢ RDtimeXDtiﬂne’ WEr ¢ RDtiWLEXDtim,c’
WV ¢ RDtimeXDtime’ WeR:2 ¢ RDtimeXDtime, WKz ¢
RPtimexDtime and WVY2 € RPtimexDrime are Jearnable
matrices. FFN (-) denotes the feed-forward network.
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3.4. Large Language Model Based Decoder

We use a pre-trained LLM as the decoder. First, the pre-
trained LLM is employed to extract the corresponding tex-
tual feature E,, € R*Pum for each player’s name in the
player sequence. Then, we concatenate k£ name features into
E; € R¥*Pum To enhance generalization and adaptabil-
ity, a multimodal prompt is provided to the LLM, which in-
cludes video context information V., video feature V,;,
player feature Fy,;, and player name feature Ej;. This
prompt enables the model to generate captions C that ac-
curately incorporate player identities.

C =0y (W Ve, W, Vi, WFp, W, EL]), (12)

where W, € RPtimexDim W, € RPtimexDum W, €
RPtimeXDum and W,, € RPum>Pum are linear projection
layers that map each feature into the embedding space of
the LLM. Dy, is the hidden size of the LLM. ¥y;,, (-) de-
notes the LLM-based decoder, and [-] denotes the concate-
nate function in Python.

3.5. Training and Inference

During the training stage, the video_id and game_id are uti-
lized to query the player-centric video clip set, retrieving
the corresponding key player sequences and player names.
The player identification network extracts player visual fea-
tures from player sequences, while player names are en-
coded into textual features using an LLM. Following the
conventional training pattern for caption generation, we uti-
lize cross-entropy loss to optimize our LLM-IAVC:

Ng
E(b = Zlog (P (6:|B5:t—17FpTompt§ (I))) 5 (13)
t=1

Fprompt = [Wch Wvasi; Wbesi7 WnEk} ) (14)

where {ﬁa‘,ﬂf,...,ﬁ}*vg} is the set of ground-truth tok-

enized tokens. N, denotes the number of tokens. And ®
denotes the optimized parameters.

At the inference stage, there are some differences com-
pared to the training stage. We utilize the pre-trained multi-
object tracking model SportsMOT [8] to extract multiple
player sequences. These sequences are then processed by
the player identification network to recognize player iden-
tities. The identified sequences are ranked based on con-
fidence scores, and the top-k sequences are selected. The
visual features of these top-k players are concatenated to
form the player feature representation F;. Additionally, the
names of the top-k players are encoded into textual features
using a pre-trained LLM, resulting in a concatenated feature
representation Ej. Finally, as in Eq. (12), this concatenated
feature serves as input prompt to the LLM, generating the
corresponding description.

Dataset Domain  Bbox Video Sentence One Multi. Total Dur(h)

Anonymous
MSVD [6] Open No 1.9k 70k v 53
ActivityNet-Caption [4] Open No 20k 100k ' 840
MSR-VTT [49] Open No 10k 200k v 41.2
TACoS [35] Cooking No 127 11.8 v -
YouCook [9] Cooking No 88 2.7k v 23
YouCook2 [55] Cooking No 2k 154 v 176
SVCDV [30] Volleyball ~ No 4.8k 44k v -
Soccer captioning [11] Soccer No 22k 22k v -
SoccerNet-Caption [24] Soccer No 0.9k 36k v 715.9
MatchTime [33] Soccer No 0.9k 36k v 715.9
SoccerReplay-1988 [34] Soccer No 150k 150k v 3.323.0
FSN [51] Basketball No 2k 6.5k v -
BH-Commentary [54] Basketball No 4.3k 4.3k v 10.1
NSVA [45] Basketball ~ Yes 32k 44.6k v 84.8
Identity-aware
MPII-MD [37] Movie No 68.3k 68.3k v 73
MovielOl [52] Movie No 30k 30k v 92
Goal [29] Soccer No 8.9k 22k v 25.5
VC-NBA-2022 [47] Basketball No 3.9k 3.9k v -
NBA-Identity Basketball ~ Yes 9.7k 9.7k v 8.9
Table 1. Comparison of existing video captioning datasets.

“Bbox” denotes whether the dataset includes entity bounding
boxes. “One” means each video is paired with only one caption,
while “Multi.” means multiple different captions.

4. Experiments

LLM-IAVC is compared with existing video captioning
models on NBA-Identity and VC-NBA-2022 [47] datasets.
We further conduct ablation studies to assess the contribu-
tion of each component in LLM-IAVC.

4.1. Datasets and Metrics

We collect 40 games data from the NBA 2022-2023 sea-
son to construct an identity-aware basketball video cap-
tion dataset NBA-Identity. It includes 9,726 videos, 321
players with bounding boxes, and 9 major kinds of events
(e.g., “block”, “foul”, “defensive rebound”, “offensive re-
bound”, “turnover”, “two-point (2-pt) shot”, “three-point
(3-pt) shot”, “layup” and “assist”). Notably, “foul” includes
“personal foul”, “personal take foul”, “shooting foul”, “of-
fensive foul”, and “loose ball foul”. Similarly, “turnover”
includes “lost ball; steal by [player]”, “bad pass; steal by
[player]”, “lost ball”, “bad pass”, “offensive foul”, “trav-
eling”, “step out of bounds”, “discontinued dribble”, and
“out of bounds lost ball”. Our NBA-Identity covers 26
fine-grained event types. And it is divided into training
and testing sets based on game instances. 8,667 clips from
35 games for training, 1,059 clips from 5 games for test-
ing. As shown in Tab. 1, open-domain datasets (including
cooking) typically provide multiple captions per video clip,
whereas sports and movie datasets usually have only one.
This may be due to: 1) the higher difficulty and cost of ob-
taining domain-specific annotations, and 2) the uniqueness
of terminology in specialized fields like sports. To facilitate
identification, we also provide key player bounding boxes.

VC-NBA-2022 is an identity-aware basketball video
captioning dataset, which includes 9 types of fine-grained
shooting events, 286 players, and over 3.9k videos. The
training set contains 3,162 videos and the testing set con-
tains 786 videos. We employ the typical captioning met-
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Model Learning-rate = Hidden size = Batch size
GPT-2 [31] Se-5 768 64
Qwen2.5-0.5B [40] Te-5 896 32
Qwen2.5-1.5B [40] Se-5 1,536 32
Qwen2.5-3B [40] le-5 2,048 8
Llama3.2-1B [23] Se-5 2,048 32
Llama3.2-3B [23] Te-6 3,072 8

Table 2. Training parameters for different variants of LLM-IAVC.

rics, including BLEU [27], Rouge-L [20], METEOR [2]
and CIDEr [43] to evaluate the performance of LLM-IAVC.

Compared to VC-NBA-2022, Our NBA-Identity extends
VC-NBA-2022 with the following key differences: 1) More
video clips; 2) More event types; 3) More realistic video
clips: Video clips of NBA-Identity are in MP4 format with
variable lengths based on event duration, while clips in
VC-NBA-2022 are uniformly sampled to 72 frames. 4)
All captions in NBA-Identity are directly obtained from
live broadcast platforms without any modifications, making
them authentic, while the textual annotations in VC-NBA-
2022 have been manually revised into structured subject-
verb-object formats. 5) Captions include shot distance,
making generation more challenging and realistic. More
details about the proposed dataset and metrics can be
found in Supplementary materials.

4.2. Implementation Details

The hidden size Dy, of TimeSformer is 768. Each video
clip in NBA-Identity has up to 60 frames, with frame and
player image sizes of 224 x 224. Since descriptions of
the dataset mention at most two players, the top-2 player
sequences are selected for visual feature extraction. We
stack 1 visual context learning module block and 1 bidi-
rectional semantic interaction module layer for LLM-IAVC.
The number of learnable query vectors is set to 32 for visual
context learning module. And the D, 1S set to 512 for
bidirectional semantic interaction module. For player iden-
tification network training, the Adam [18] optimizer is used
with a learning rate of 5e-5 for 50 epochs, covering 321
player identities. The number of images in player sequence
is set to 20. LLM-IAVC is trained for 100 epochs on both
datasets. Variants of LLM-IAVC utilize different LLMs as
decoders, including GPT-2, Qwen2.5, and Llama3.2, with
training parameters detailed in Tab. 2. The Adam optimizer
is used across all variants, with a beam search size of 5 for
decoding. All experiments run on an NVIDIA 4090 GPU.
For example, with LLama3.2-3B (batch = 8), training and
testing per epoch take 221.2s and 115.3s, respectively, with
0.3s per caption generation.

4.3. Results on NBA-Identity and VC-NBA-2022

Compared models. The proposed LLM-IAVC is com-
pared with 5 advanced video captioning models, includ-
ing Clip4Caption [39], SwinBERT [21], CoCap [38], Om-

niViD [44], KEANet [47] and EIKA [48]. Clip4Caption
employs CLIP [32] to acquire the aligned visual-text repre-
sentation for better generating the text descriptions. Swin-
BERT introduces Video Swin Transformer [22] to encode
spatiotemporal representations from video frames. Co-
Cap utilizes the motion vector feature, residual feature,
and video feature through the action encoder. Then, the
fused features are sent to the decoder to generate video cap-
tions. OmniViD is a unified generative framework that can
address various video tasks, including action recognition,
video captioning, video question answering, dense video
captioning, and visual object tracking. KEANet and EIKA
utilize the candidate player list to generate the descriptions
with player identities.

Quantitative results analysis. In Tab. 3, LLM-IAVC sig-
nificantly outperforms the other 6 methods on CIDEr. This
is due to CIDETr’s sensitivity to unique or infrequent words
like names, with accurate name prediction boosting scores.
Traditional methods perform worse as they cannot directly
recognize player identities from video. While KEANet and
EIKA use a predefined candidate player list, they lack visual
recognition, leading to less accurate player names.

LLM-TIAVC includes multiple variants with different
LLM decoders, such as GPT-2 [31], Qwen 2.5 [40] and
Llama 3.2 [23]. Each variant takes either visual context
alone or a multimodal prompt combining visual and identity
features as input. Results show poor performance with vi-
sual context alone, while multimodal prompts significantly
enhance generation quality. For example, adding prompts
boosts the CIDEr score of LLM-IAVC (Llama 3.2-3B) by
40.9% and BLEU-4 by 4.3%, as the prompts provide richer
visual context and player identity information for better
video understanding. Among decoders, LLaMA outper-
forms Qwen and GPT-2 due to its superior architecture
and pre-training process, leading to better contextual under-
standing and generation.

Due to resource limitations, we are unable to develop
larger models. However, our approach is lightweight, al-
lowing for easy deployment and training. These results un-
derscore the capability of our model to generate accurate
names and fine-grained actions in live text broadcast task.
Qualitative results analysis. Fig. 5 presents qualitative
results on NBA-Identity and VC-NBA-2022. LLM-IAVC
takes two input types: video-only and multimodal prompts.
The video-only model struggles to understand player iden-
tities and actions, leading to inaccurate names, though
they may resemble real names (e.g., “Justin Jackson” vs.
“Jayson Tatum”). By integrating video context and player
identities, the generation quality is significantly improved,
enabling more accurate descriptions of player names and
actions. Moreover, shot distance is crucial in practical ap-
plications. It can be observed that traditional and extra in-
formation enhanced methods fail to accurately determine
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\ NBA-Identity \ VC-NBA-2022
Method
\ CIDEr METEOR Rouge-L. BLEU-4 \ CIDEr METEOR Rouge-. BLEU-4
Traditional methods
Clip4Caption [39] 21.7 21.0 37.6 6.5 70.4 26.7 51.2 28.8
SwinBERT [21] 23.5 20.7 37.1 7.5 69.1 26.5 49.0 28.4
CoCap [38] 22.7 20.0 37.7 7.5 70.5 27.4 50.7 28.9
OmniViD [44] 39.6 21.6 37.7 8.3 71.2 27.5 50.7 29.2
Extra inforamtion enhanced methods
KEANet [47] 50.1 22.7 38.1 8.5 138.5 28.0 54.9 324
EIKA [48] 55.7 22.7 38.6 9.0 140.7 29.5 56.8 36.7
LLM-IAVC without prompt
LLM-IAVC (G) 46.8 17.5 34.0 9.2 87.4 27.7 53.8 30.5
LLM-IAVC (Q-0.5B) 54.3 17.9 33.8 11.5 88.1 27.6 54.2 30.8
LLM-TAVC (Q-1.5B) 58.8 18.8 38.5 12.3 90.0 27.5 55.2 31.0
LLM-IAVC (Q-3B) 61.8 18.2 39.0 14.7 101.2 28.0 55.5 322
LLM-IAVC (L-1B) 60.3 18.0 33.2 14.0 90.0 27.3 55.3 31.4
LLM-IAVC (L-3B) 66.5 18.2 34.5 14.2 103.1 28.5 55.7 32.8
LLM-IAVC with prompt

LLM-IAVC (G) 94.1 22.0 35.4 17.0 139.0 29.0 57.8 37.2
LLM-IAVC (Q-0.5B) 87.6 21.5 36.4 16.0 139.4 29.2 55.7 36.8
LLM-IAVC (Q-1.5B) 97.1 22.1 40.0 16.7 141.5 30.1 57.4 37.8
LLM-IAVC (Q-3B) 103.5 22.9 41.2 17.7 147.8 30.7 56.8 38.3
LLM-IAVC (L-1B) 88.3 21.6 40.1 15.3 139.3 30.0 57.3 37.7
LLM-IAVC (L-3B) 105.3 23.0 42.5 18.8 150.7 30.9 57.9 38.6

Table 3. Quantitative comparison results on NBA-Identity and VC-NBA-2022 datasets. Within each unit, we denote the best performance
in RED and the second-best performance in BLUE. G, Q, and L represent GPT-2, Qwen2.5, and Llama3.2, respectively.

shooting distance. While our method doesn’t explicitly pre-
dict it in NBA-Identity, providing richer and more detailed
features as prompts allows the model to approximate the
real shot distance more closely (e.g., “6 ft” vs. “4 ft”).
Though distance estimation remains a challenge, our model
is a flexible and extensible baseline that can incorporate a
distance evaluation module for improved accuracy.

4.4. Ablation Study

Backbone of player identification network. We compare
different backbones for the player identification network
in Tab. 4, treating player identification as a classification
task where each class represents a player identity. We em-
ploy Multi-class Classification Accuracy (MCA) and Mean
Per Class Accuracy (MPCA) metrics from the group activ-
ity recognition domain [46] to assess the performance of
the player identification network. A higher MCA indicates
stronger overall recognition ability across all player cate-
gories. A higher MPCA reflects a better measure of the
model’s generalization ability, especially in scenarios with
imbalanced player categories. The TimeSformer-based [3]
player identification network achieves the highest MCA
(91.40%) and MPCA (89.13%), demonstrating superior ac-

Backbone | Inputsize | MCA  MPCA
ResNet-18 [13] 320x180 86.46%  79.74%
ResNet-50 [13] 320x180 90.12%  85.30%
C3D [12] 320x180 50.86%  43.32%
13D [5] 320%x180 60.24%  57.20%
Vison Transformer [10] 224x224 87.12% 80.06%
TimeSformer [3] 224x224 91.40% 89.13%

Table 4. Impact of different backbones on player classification.

Model ‘ VCLM PIN BSIM ‘ CIDEr BLEU-4
@ 66.5 14.2
&) v 66.8 15.0
® v 95.1 16.4
@ v v 99.7 17.7
® v v 103.4 18.1
® v v v 105.3 18.8

Table 5. Ablation on NBA-Identity.

curacy and balanced player recognition.

Contribution of each component. As shown in Tab. 5,
ablation experiments assess the contributions of the visual
context learning module (VCLM), player identification net-
work (PIN), and bidirectional semantic interaction mod-
ule (BSIM). Without any components, model @ performs
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NBA-Identity

GT: Turnover by J. Richardson (bad pass; steal by B. Hyland)
OVD: Defensive rebound by T.Mann

EIKA: Turnover by D.Garland (lost ball)

G w/o: Defensive rebound by B. Brown

Q w/o: J. Murray makes 3-pt jump shot from 21 ft

L w/o: Turnover by J. McGee

G w/: Turnover by T. Mann (traveling)

Q w/: Turnover by J. Richardson (traveling)

L w/: Turnover by J. Richardson (offensive foul)

GT: D. Finney-Smith misses 2-pt jump shot from 4 ft (block by K. Durant)
OVD: C. Koloko misses 3-pt jump shot from 20 ft

EIKA: D. Finney-Smith misses 2-pt jump shot from 15 ft

G w/o: F. VanVleet misses 3-pt jump shot from 22 ft

Q w/o: T. Maledon misses 3-pt jump shot from 14 ft

L w/o: D. Smith misses 3-pt jump shot from 7 ft (block by C. Boucher)

G w/: D. Finney-Smith misses 2-pt jump shot from 2 ft (block by D. Vassell)

Q w/: M. Plumlee misses 2-pt jump shot from 7 ft (block by K. Durant)
L w/: D. Finney-Smith misses 2-pt jump shot from 6 ft (block by K. Durant)

\L w/: Jayson Tatum makes the 2pt layup

VC-NBA-2022

n Smith gets the defensive rebound

GT: Landry Shamet misses the 3pt jump shot and J

OVD: Chris Paul misses the 3pt jump shot and Tari Eason gets the defensive rebound
EIKA: Landry Shamet misses the 3pt jump shot and Josh Okogie gets the defensive rebound
G w/o: Kevinise III makes the 3pt jump shot with an assist from Joshise Winslow

Q w/o: Kevin Porter Jr. makes the 2pt layup

L w/o: Marcus Morris makes the 2pt layup

G w/: Landry Shamet misses the 3pt jump shot and Josh Okogie gets the defensive rebound
Q w/: Landry Shamet misses the 3pt jump shot and Josh Okogie gets the offensive rebound
L w/: Landry Shamet misses the 3pt jump shot and Jalen Smith gets the defensive rebound

GT: Jayson Tatum makes the 2pt lay

OVD: Justin Jackson makes the 2pt layup

EIKA: Jayson Tatum makes the 2pt jump shot

G w/o: Al Horford makes the 2pt layup

Q w/o: Justin Jackson makes the 2pt jump shot with an assist from Jayson Brown
L w/o: Jamal Mitchell makes 3-pt jump shot

G w/: Jayson Tatum makes the 2pt jump shot

Q w/: Jayson Tatum makes the 2pt layup

Figure 5. Qualitative results on NBA-Identity and VC-NBA-2022 datasets. “Model w/o0” refers to the model using only video as input,
without a prompt. “Model w/” refers to the model with a multimodal prompt as input. G, Q, and L denote GPT-2, Qwen2.5-3B, and
Llama3.2-3B, respectively. Different entity names are marked red and blue. And the specific visual scenes are marked

Model | Video Player | CIDEr BLEU-4
) v 101.7 18.0
® v 1023 18.3
® v v 105.3 18.8

Table 6. Ablation on the output of BSIM.

poorly due to the challenge of identifying players in com-
plex sports scenes. Adding VCLM (model @) slightly im-
proves performance by helping the model focus on key
video regions instead of scanning all frames. While contex-
tual information enhances feature connections, the limited
improvement reflects the difficulty of recognizing player
identities from visual content.

Model @ extends Model @ by incorporating the PIN,
significantly boosting performance (CIDEr: 66.5 — 95.1).
Based on this, model @ further improves performance by
leveraging key video content. Video content provides de-
tails on player actions and positions. Integrating this with
player identities helps the model accurately associate play-
ers with their actions, leading to more precise descriptions.
As a result, Model ® significantly outperforms Model ®.
Model ® integrates all components, achieving the best per-
formance. These results confirm the effectiveness of each
module, highlighting the crucial role of visual-based player
identification in identity-aware sports video captioning. We
further explore the impact of the BSIM module outputting
only a single enhanced feature (either video or player) on
model performance. In Tab. 6, BSIM performs worse when
outputting only one enhanced feature compared to using

both. The enhanced player features contribute the most to
overall performance.

5. Conclusion, Limitation and Future Work

We propose a player-centric multimodal prompt generation
network for identity-aware basketball video captioning. An
identity-related information extraction module is designed
to help the LLM recognize player identities and generate
descriptions with player names. To support this work, we
construct a large identity-aware basketball video captioning
dataset containing 9,726 videos, 321 players with bound-
ing boxes, and 9 major event types. Extensive experiments
validate the effectiveness of our method.

As an initial exploration of player recognition for
identity-aware sports video captioning, our work still has
some limitations. Firstly, the model heavily relies on the
performance of the player identification network. Future
work should fully utilize the player-related knowledge, such
as player numbers and jersey colors, to improve identity
recognition accuracy. Secondly, the model struggles to infer
shot distances, and the distance evaluation module should
be added to address this issue. Thirdly, the dataset needs
to include more event types to make it more comprehen-
sive. Despite these limitations, we believe that recognizing
player identities from a visual perspective is a key break-
through for identity-aware sports video captioning and of-
fers valuable insights. Furthermore, the proposed dataset
provides valuable resources for future research.
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