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Abstract

We introduce LLaMMo (Large Language and Multi-
Person Motion Assistant), the first instruction-tuning mul-
timodal framework tailored for multi-human motion analy-
sis. LLaMMo incorporates a novel human-centric and social-
temporal learner that models and fuses both intra-person
dynamics and inter-person dependencies, yielding robust,
context-aware representations of complex group behaviors
while maintaining low computational overhead. To support
LLaMMo, we construct LLaVerse, a large-scale dataset
with fine-grained manual annotations covering diverse multi-
person activities spanning daily social interaction and pro-
fessional team sports. Built on top of LLaVerse, we also
propose LLaMI-Bench, a dedicated benchmark for evaluat-
ing multi-human behavior understanding across motion and
video modalities. Extensive experiments demonstrate that
LLaMMo consistently outperforms baselines in understand-
ing multi-person interactions under low-latency settings, with
notable gains in both social and sport-specific contexts.

Introduction
Human motion understanding is a pivotal research area in
multimodal learning, with recent advances in motion un-
derstanding greatly impacting applications such as digital
avatars, human-computer interaction, sports and personal-
ized healthcare (Deng et al. 2025; Ghosh et al. 2024; Zhou
et al. 2025; Wu et al. 2024b; Deng et al. 2024; Lai et al.
2025; He et al. 2025a; Jin et al. 2024). Despite these ad-
vancements, existing research primarily focuses on individ-
ual, struggling to capture the interaction of human activi-
ties (Li et al. 2024a; Jiang et al. 2023; Yao et al. 2025; He
et al. 2025b; Cai et al. 2025). However, as most real-world
scenarios, from collaborative tasks to team sports such as
soccer, involve complex multi-agent interactions (Wu et al.
2024b; Jia and Li 2024; Jin et al. 2024; Lan et al. 2025;
Lu et al. 2025) and multiple humans. Consequently, accu-
rately analyzing these realistic contexts necessitates a shift
toward multi-person motion understanding (Yu et al. 2025;
Xu, Wang, and Gui 2023; Liu et al. 2025; Li et al. 2025; Li
2024).
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Figure 1: (a) Extension of LLaMo, a SOTA single-human
motion understanding model, for multi-person input as a
baseline. (b) LLaMMo introduces fusion-token-based inter-
action modeling for multi-human motion understanding.

Recent work in human motion understanding focusing on
a single person, such as MotionGPT (Jiang et al. 2023) and
MotionLLM (Chen et al. 2024), which encode motion se-
quences into discrete tokens through vector quantization.
Building upon this, LLaMo tried to encode motion with-
out vector quantization, better preserving spatial-temporal
detail, and demonstrating strong performance in both social
and professional contexts(Li et al. 2024a). However, these
methods remain predominantly single-person oriented, lim-
iting their applicability in real-world multi-human scenar-
ios (Peng, Mao, and Wu 2023; Jeong, Park, and Yoon 2024;
Xu et al. 2023; Wang et al. 2025; Jin et al. 2025).

Extending human motion understanding to multi-human
contexts faces two primary challenges. Firstly, accurately
modeling multi-person interactions requires handling intri-
cate causal and temporal dependencies, a complexity inade-
quately addressed by merely concatenating individually en-
coded motions, which also introduces computational inef-
ficiencies (Guo et al. 2025; Wang et al. 2021; Tanke et al.
2023; Gu et al. 2025). Secondly, current datasets like Hu-
manML3D (Guo et al. 2022) and MotionX (Lin et al. 2023)
primarily focus on single-person motion, while interaction-
focused datasets (e.g., InterX (Xu et al. 2024), InterHu-
man (Liang et al. 2024)) typically involve only pairs of indi-
viduals, leaving comprehensive multi-person scenarios un-
derrepresented.

To address these limitations, we propose LLaMMo
(Large Language and Multi-Person Motion Assistant), the
first framework for general multi-human motion under-
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Figure 2: Qualitative results of LLaMMo on complex multi-person sports scenarios, including soccer, boxing, table tennis, golf,
and basketball. For soccer, we assess LLaMMo’s performance in both commentator-style narration and coach-like strategic
analysis. These highly dynamic activities pose greater challenges than typical social interactions for LLaMMo.

standing, spanning both social scenarios and sports set-
tings. LLaMMo incorporates a Human Encoder that facil-
itates motion or/and video input, accommodating arbitrary
keypoint representations. Additionally, LLaMMo introduces
M3Former for multi-person modeling, which jointly reasons
over intra- and inter-person dynamics across frames. This
design generates robust, unified representations for multi-
persons without additional computation overhead.

For training and fair comparison, we introduce LLaVerse,
the first large-scale multihuman motion dataset. LLaVerse
comprises over 200,000 annotated sequences spanning di-
verse contexts, from intricate social interactions to profes-
sional sports, offering a richly labeled foundation for future
studies. Based on LLaVerse, we propose LLaMI-Bench, a
benchmark designed for multi-person understanding eval-
uation, scoring social understanding from five aspects and
professional insight with coach-style metrics. Evaluations
demonstrate that LLaMMo delivers state-of-the-art perfor-
mance and lower latency than strong baselines, establishing
a scalable foundation for future multi-human motion anal-
ysis and real-world applications. Our contributions can be
summarized as follows:

• We present LLaMMo, the first framework for multi-
human motion understanding, delivering interaction-
aware representations across social and sports scenes
without introducing additional computation overhead.

• We propose LLaVerse, a comprehensive datasets involv-
ing 600k motion-text pairs spanning social and sports
interactions, establishing a broad, richly-labeled founda-
tion for multi-person motion models.

• We introduce LLaMI-Bench, LLaMI-Bench aims to
serve as a standardized benchmark for assessing multi-
human motion understanding capabilities for future stud-
ies and applications.

Related Work
Human Representation
Recent studies in motion representation have explored var-
ious modalities for encoding dynamic content, including
joint sequences, 3D body parameters such as SMPL (Loper
et al. 2023), and discrete latent codes. Joint-based datasets
like HumanML3D (Guo et al. 2022) capture skeletal tra-
jectories, while parametric models abstract detailed body
motion. Methods like MotionGPT (Jiang et al. 2023) and
MotionLLM (Wu et al. 2024a) further introduce vector-
quantized latent spaces, facilitating diverse and controllable
motion synthesis across different tasks. Motion representa-
tions inherently offer stronger privacy protection compared
to raw video data, as they abstract appearance while retain-
ing essential dynamic information.

Human Activities Understanding
Early approaches to human motion understanding re-
lied on handcrafted features and sequence models (e.g.,
DTW (Müller and Röder 2006), HMMs (Yamato, Ohya,
and Ishii 1992)), but were limited to simple, single-person
actions. The emergence of deep learning brought sub-
stantial gains via RNNs (Du, Wang, and Wang 2015),
spatio-temporal CNNs (Tran et al. 2015), and GNNs (Yan,
Xiong, and Lin 2018), enabling richer motion representa-
tions. More recently, unified language-conditioned frame-
works have gained traction, treating motion as a modality
aligned with text. Models such as MotionLLM (Wu et al.
2024a) and LLaMo (Li et al. 2024b) leverage LLMs to sup-
port diverse human understanding. However, these meth-
ods remain restricted to single-person settings, limited to
real-world multi-human scenarios. A big challenge for these
models is to expand understanding to include interactions
between humans, a crucial aspect of real-world behaviors.
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Human Motion Datasets
Existing high-quality motion datasets predominantly focus
on single-person activities. HumanML3D and MotionX pro-
vide approximately 70.6K motion clips with textual anno-
tations (Guo et al. 2022; Lin et al. 2023). In professional
sports, LLaMo’s Golf-swing dataset offers 30K coach-
annotated golf motions (Li et al. 2024b). For multi-person
datasets, Inter-X and InterHuman deliver rich motion and
text descriptions focusing on interactions between two per-
sons (Xu et al. 2024; Liang et al. 2024). MuPoTS-3D and the
CMU Panoptic provide multi-view MoCap data capturing
everyday activities (Mehta et al. 2018; Joo et al. 2015). In the
sports domain, SoccerNet (500 matches, 764 hours) (Gian-
cola et al. 2018; Gautam et al. 2024), WorldPose, comprising
2.5 million 3D poses from the FIFA World Cup (Jiang et al.
2024), OpenTTGames (Voeikov, Falaleev, and Baikulov
2020), and an Olympic boxing dataset annotated by ref-
erees expand domain-specific resources (Stefański, Kozak,
and Jach 2024). Collectively, these corpora form the foun-
dation for LLaVerse.

Method
As is shown in Figure 3. LLaMMo consists of four core
components designed for multi-human behavior understand-
ing: a Human Encoder for multimodal input processing, an
Interaction-Aware Selector (IA-Selector) for salient frame
selection, a Social-Temporal Transformer (M3Former) for
modeling inter/intra-person dynamics, and a Crosser for
aligning motion features with language.

Human Encoder
The Human Encoder extracts compact multimodal represen-
tations from motion and video inputs to support downstream
interaction modeling. It includes a motion estimator, a mo-
tion encoder, and a feature enhancer. Given a video sequence
V = {v1, . . . , vT }, and optionally a motion sequence Mo,
we directly use Mo if available; otherwise, we estimate mo-
tion from video using fe(V ).

The resulting motion sequence M and video V are pro-
cessed by dedicated encoders fm(·) and fv(·), respectively,
and then fused through a cross-attention module fh(·):

F̃M = fh(fm(M), fv(V )).

The output multimodal feature captures joint visual-motion
cues and serves as the input to subsequent modules.

Interaction-Aware Selector
Based on F̃M , the IA-Selector identifies interaction-critical
frames. Temporal pooling is applied to obtain global fea-
tures. A cross-attention mechanism computes the relevance
between FP and text embeddings TL, yielding language-
aware importance weights that are injected into F̃M :

F̂M = F̃M ⊙ B
[
softmaxP

( (P(F̃M )WQ) (TLWK)⊤√
H

)]
where P(·) denotes temporal pooling and B[·] broadcasts

the computed weights to all frames and channels, producing

language-aware features F̂M . Then, F̂M are pooled across
persons yields global representations FT ∈ RT×H and a
self-attention matrix is computed to derive frame importance
scores. Finally, the top-K most critical frames are selected,
resulting in a compressed representation F̃ ′

M ∈ RP×T ′×H ,
which can be summarized as:

F̃ ′
M = TopKT→T ′

(
F̃M , softmaxT

[
ϕ
(
Pp(F̂

⊤
M )

)])
where ϕ(·) is the scoring function. By jointly aligning
person-level dynamics with language and adaptively filter-
ing salient temporal cues, the IA-Selector yields a com-
pact, interaction-informative representation while improv-
ing computational efficiency.

M3Former

Unlike naive token concatenation approaches, where atten-
tion complexity grows quadratically with the number of
individuals, M3Former leverages a compact fusion token
mechanism to maintain stable sequence length and efficient
reasoning even in large-group scenarios. M3Former pro-
cesses F̃ ′

M from IA-Selector through TempFormer and Soc-
Former, capturing intra-person temporal dynamics and inter-
person social dependencies, respectively. The outputs are
fused via the TSTalker to produce unified multi-human mo-
tion representations, enabling coherent downstream behav-
ior understanding.

TempFormer TempFormer is motivated by human social
cognition, where individuals dynamically attend to socially
relevant counterparts (Bertenthal and Boyer 2015; Kuang
2016). It models fine-grained temporal dependencies and
evolving multi-person relations via a tri-branch relational
attention mechanism, which captures personalized dynam-
ics, focused social cues, and global context. Given the
interaction-aware features F̃ ′

M from the IA-Selector, we first
pool over each individual’s frames to obtain a global repre-
sentation FP ∈ RP×H . The sequence F̃ ′

M is then flattened,
and for each query qi, we compute attention weights over FP

to identify the most socially relevant counterpart, denoted as:

p⋆(i) = argmax
p

(
qiF

(p)⊤
P

)
,

Then, through the focus attention branch (F), each query at-
tends to the full set of frames Tp⋆(i) corresponding to the se-
lected individual, enabling the model to capture interactions
over time.

While the focus attention captures social relevance, mod-
eling the internal temporal consistency within each person’s
own remains essential. As such, we incorporate a personal
attention (P) where the query attends to its own frame se-
quence Tp(i). Moreover, to capture the broader scene-level
dynamics, the query performs a global attention (G) over the
global contexts FP , allowing the model to integrate global
semantic context across all individuals. Finally, the out-
puts from the three attention branches are adaptively fused
through a gated mixture:
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Figure 3: Overview of LLaMMo. The model takes video and/or motion input, encodes multi-person features, and selects salient
frames via an IA-Selector. It then models the interactions of persons to generate fused multi-person representations, which are
aligned with language embeddings and fed into an LLM for text generation.

Îi =
∑

b∈{F,P,G}

Γb
i

 ∑
xj∈Sb

i

αb
ijxj

 ,

Γb
i = softmax MLP

 ∑
xj∈Sb

i

αb
ijxj

 ,

where α denotes the attention weights. Sb
i denotes the tar-

get set for branches, corresponding to the focus sets Tp⋆(i),
the personal frames Tp(i), and the global contexts {F (p)

P }.
This tri-branch design allows TempFormer to integrate per-
sonalized dynamics, interaction cues, and scene-level se-
mantics into interaction-aware temporal representations.

SocFormer SocFormer models interpersonal dependen-
cies within each frame. Given the interaction-aware features
F̃ ′
M from the IA-Selector, we transpose the temporal and

person dimensions and apply self-attention across the P in-
dividuals for each frame t, yielding social-interaction rep-
resentations ÎS ∈ RT ′×P×H . This frame-wise inter-person
modeling equips LLaMMo with an explicit understanding
of social interactions, enabling socially aware motion repre-
sentations beyond isolated temporal patterns.

TSTalker Given the temporal features ÎT from Temp-
Former and social features ÎS from SocFormer, TSTalker
first performs bidirectional cross-attention to produce tem-
poral and social outputs, and then fuses the transposed tem-
poral output back into the social stream to refine social con-
text, formally denoted as:

[ZT ,ZS ], ZTS = BiCrossAttn(ÎT , ÎS), ZS + f(Z⊤
T ).

Finally, a person-aware aggregation function is applied over
ZTS at each time step to produce interaction-fused repre-
sentations. This fusion token sequence serves as a unified
embedding that jointly models intra-person temporal coher-
ence and inter-person social interactions, facilitating socially
aware motion generation in LLaMMo.

Crosser
Given the interaction-fused representations from M3Former,
we introduce Crosser, a lightweight two-layer bidirectional
cross-attention module that aligns aggregated motion fea-
tures with language embeddings before LLM decoding. This
early-stage fusion enhances motion-language alignment by
bridging semantics across modalities.

Training Objective
We finetune the language model to generate socially-aware
descriptions conditioned on multi-person motion and video
features, while keeping the feature encoders frozen. Given
training samples (V (i),M (i), Ŷ (i)), the objective minimizes
the negative log-likelihood:

L = − 1

N

N∑
i=1

L(i)∑
t=1

log p(ŷ
(i)
t | ŷ(i)1:t−1, F

(i)
fusion).

This encourages the model to align motion inputs with co-
herent multi-human behavioral descriptions.

LLaVerse with LLaMI-Bench
LLaVerse Construction
LLaVerse is constructed from ten high-quality corpora, en-
compassing both daily activities and professional sports. For
daily activities, we leverage HumanML3D and MotionX for
rich single-person motion-text pairs, Inter-X and InterHu-
man for diverse two-person interactions, and MuPoTS-3D
and CMU Panoptic for multi-person scenes. In particular,
we enhance them with GPT-4o-mini assisted annotation and
manual refinement to ensure semantic quality.

For professional sports, we aggregate data from five high-
quality sources: the LLaMo Golf-Swing dataset, WorldPose
for soccer motion and video, SoccerNet with paired broad-
cast videos and commentary, OpenTTGames for table ten-
nis, and an Olympic boxing dataset with referee-annotated
recordings. SoccerNet, OpenTTGames, and boxing videos
are processed via large-scale motion estimation to obtain 3D
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Track / Model TA AR IU SA NC All BertScore FPS
Acc Score Acc Score Acc Score Acc Score Acc Score Acc Score

(A) LLaMI-Sports
GT 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 – –
LLaMo-CT 38.76 2.66 33.78 2.28 35.12 2.57 40.49 2.82 55.39 3.23 42.69 2.61 0.34 185
LLaMMo 48.04 2.91 39.23 2.60 43.79 3.22 46.78 3.31 62.00 4.05 50.16 2.91 0.42 279
(B) Challenging WorldPose
GT 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 – –
LLaMo-CT 23.51 1.77 20.08 2.10 18.34 1.57 19.22 2.10 37.90 2.68 21.29 1.95 0.32 80
LLaMMo 31.67 2.38 26.67 2.27 28.33 2.33 26.67 2.55 41.67 2.97 28.00 2.48 0.42 264

Table 1: Performance of LLaMMo on LLaMI-Bench across two tracks: (A) LLaMI-Sports and (B) Challenging WorldPose.
Both accuracy and scores are reported.

Model IN SC CA RM CO All BertScore FPS
Acc Score Acc Score Acc Score Acc Score Acc Score Acc Score

GT 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 100.00 5.00 – –
LLaMo-CT 34.16 2.20 60.05 2.88 35.44 2.08 47.39 2.39 55.20 2.62 46.41 2.40 0.39 189
LLaMMo 41.32 2.32 76.98 3.43 40.05 2.35 56.25 2.63 67.23 2.99 56.37 2.89 0.45 288

Table 2: Performance of LLaMMo on LLaMI-Bench-Life.

Model KE TD TA EE SE All
GT 5.00 5.00 5.00 5.00 5.00 5.00
LLaMo-CT 2.40 2.10 2.00 2.20 2.83 2.31
LLaMMo 3.40 2.95 3.05 3.50 3.76 3.33

Table 3: Evaluation of LLaMMo’s commentator-style gen-
eration in soccer scenarios. Scores range from 1 to 5, with
higher values indicating better commentary quality.

motion data. In WorldPose, soccer coaches provide expert-
annotated frame-level interactions. Implementation details
are provided in the supplementary material.

LLaMI-Bench
To benchmark multi-human motion understanding, we pro-
pose LLaMI-Bench, spanning both social and sports sce-
narios. Unlike BLEU and similar text metrics that focus on
surface-level matching, our benchmark evaluates interaction
reasoning through social plausibility, causal coherence, and
semantic clarity.

LLaMI-Bench-Life This track focuses on daily group in-
teractions and assesses a model’s capacity to reason about
relational structure, semantic alignment, temporal causal-
ity, role inference, and behavioral coordination. We formu-
late five core dimensions: Interactivity (IN), Semantic Con-
sistency (SC), Causality Awareness (CA), Role Modeling
(RM), and Coordination (CO). These dimensions are mo-
tivated by key principles in cognitive science. For example,
interactivity enhances comprehension (Chi 2008), semantic
consistency supports discourse coherence (Zwaan and Rad-
vansky 1998), and social role inference is essential for un-
derstanding group behavior (Li et al. 2019). Together, these
five axes provide a principled basis for evaluating multi-
human interaction understanding.

LLaMI-Bench-Sports Targeting structured, high-tempo
domains such as soccer, table tennis, and boxing, this track
evaluates models across five core dimensions: Temporal Ac-
curacy (TA), Action Recognition (AR), Interaction Under-
standing (IU), Spatial Awareness (SA), and Narrative Coher-
ence (NC), each reflecting key priorities in real-world tac-
tical and analytical evaluation. These dimensions were de-
fined in consultation with professional coaches from multi-
ple team sports. For commentary-style generation, we addi-
tionally assess Key Events (KE), Technical Detail (TD), Tac-
tical Analysis (TA), Emotional Expression (EE), and Style
(SE), reporting only Score due to their inherently subjective
nature.

Together, LLaMI-Bench-Life and LLaMI-Bench-Sports
form a holistic protocol for evaluating models’ abilities to
interpret, describe, and reason about complex multi-person
behavior across domains.

Experiment
Implementation Details
Training Setup: We train LLaMMo on LLaVerse train-
ing split described in Section , covering both daily and
sports scenarios with diverse interaction complexities. Dur-
ing training, we freeze the human encoder and apply LoRA
with rank 64 to the language model. LLaMMo is trained on
8× AMD MI250X GPUs over 8 hours for 5 epochs and op-
timized with a learning rate of 4e−4.

Evaluation Details: We evaluate LLaMMo across both
single- and multi-person settings. For single-person under-
standing, we follow LLaMo’s protocol on Golf-Swing, using
accuracy and quality scores aligned with coach annotations.
For multi-person scenarios, we adopt LLaMI-Bench, which
covers daily interactions (Life) and structured sports do-
mains (Sports). Evaluation follows the defined dimensions
in each track and is conducted via GPT-4o-based automatic
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Model Reasonableness Coherence Pertinence Adaptability All
Acc Score Acc Score Acc Score Acc Score Acc Score

GT 100 5.00 100 5.00 100 5.00 100 5.00 100 5.00
MotionGPT (Jiang et al. 2023) 10.53 1.25 15.42 1.66 12.64 1.10 14.79 1.35 14.35 1.40
MotionLLM (Chen et al. 2024) 12.33 1.51 19.20 1.87 17.98 1.79 10.20 1.22 16.53 1.57
LLaMo 21.10 2.11 27.10 2.71 31.81 3.12 20.22 1.98 24.80 2.48
LLaMMo 22.87 2.35 29.21 2.89 31.08 3.10 20.30 1.88 25.60 2.63

Table 4: Performance on the golf-swing dataset across four indicators. Higher accuracy and score values indicate better perfor-
mance.

IA Temp Soc TS IN SC CA RM CO All

✗ ✗ ✗ ✗ 34.16 2.20 60.05 2.88 35.44 2.08 47.39 2.39 55.20 2.62 46.41 2.40
✓ ✗ ✗ ✗ 35.07 2.17 64.22 3.05 36.02 2.14 48.50 2.44 57.21 2.69 47.89 2.52
✓ ✓ ✗ ✗ 37.33 2.24 66.50 3.19 38.54 2.25 50.12 2.50 59.50 2.75 50.07 2.65
✓ ✓ ✓ ✗ 39.11 2.29 71.21 3.32 39.86 2.31 53.75 2.58 62.06 2.83 53.58 2.79
✓ ✓ ✓ ✓ 41.32 2.32 76.98 3.43 40.05 2.35 56.25 2.63 67.23 2.99 56.37 2.89

Table 5: Ablation study of IA-Selector, TempFormer, SocFormer, and TSTalker on LLaMI-Bench-Life.

scoring, complemented by expert review for semantic relia-
bility.

Baselines: LLaMo-CT is implemented following the
LLaMo (Li et al. 2024a) architecture. Each person’s mo-
tion is encoded via a Human Encoder and filtered through
a language-guided selector. Then, for each person, the rep-
resentation undergoes self-attention and cross-modal align-
ment with language tokens, followed by augmentation with
a learnable identity token. All embeddings are flattened,
concatenated with the language tokens into a unified se-
quence, and fed into an LLM for multimodal reasoning.

Results
We evaluate LLaMMo on single- and multi-person scenar-
ios, including social interactions and sports, covering both
coach-level analysis and commentary-style generation for
soccer. Results show that LLaMMo consistently outper-
forms baselines in multi-human understanding, achieving
stronger interaction modeling and notably faster inference,
making it well-suited for real-time applications.

Evaluations on LLaMI-Bench-Life We evaluate
LLaMMo on the LLaMI-Bench-Life, which covers di-
verse real-world social interactions. As shown in Table 2,
LLaMMo outperforms the baseline LLaMo-CT by 9.9% in
overall Accuracy and by 0.49 in Score, with large gains in
Interactivity and Role Modeling. These improvements arise
from IA-Selector’s key-frame pruning and M3Former’s
interaction modeling, which capture relational cues more
effectively than simple concatenation. To measure how nat-
urally generated descriptions mirror human narratives, we
also report BertScore. The higher BertScore of LLaMMo
confirms its effectiveness in both accuracy and linguistic
coherence.

Beyond performance, LLaMMo processes 288 FPS, rep-
resenting a 52% speedup over LLaMo-CT’s 189 FPS and
demonstrating real-time inference as group size grows. This

efficiency gain results from M3Former’s fusion-token strat-
egy, which maintains a constant sequence length regardless
of the number of people. In contrast, the baseline’s flatten-
ing approach causes tokens length to grow quadratically. To-
gether, these results show that LLaMMo’s advanced interac-
tion modeling not only strengthens understanding across all
metrics but enables accelerated, high-fidelity reasoning in
practical, low-latency scenarios.

Evaluations on LLaMI-Bench-Sports As reported in Ta-
ble 1(A), LLaMMo improves overall Accuracy by 7.5% and
average Score by 0.30 over LLaMo-CT, showcasing deeper
domain-specific insights. Notably, the largest gains appear
in TA and IU, underscoring LLaMMo’s ability to capture
precise temporal localization and inter-player dependencies
in challenging, fine-grained sports scenarios. These results
confirm that our interaction modeling framework effectively
addresses the complexity of sports analysis.

We further assess LLaMMo on the commentary-
generation track, which demands precise capture of fine-
grained motion and visual cues. As Table 3 shows, LLaMMo
achieves nearly +1.0 improvement in commentary metrics
(TD, TA, KE), highlighting its capability in fine-grained
motion analysis. Additionally, it boosts narrative quality,
with gains of 1.3 and 0.9 points in Emotional Expression
and Style, highlighting LLaMMo’s strength in delivering
vivid, multimodal commentary. In sports, LLaMMo excels
at both coach-level analysis and live commentary, showcas-
ing strong multimodal generalization and the ability to de-
liver fine-grained motion analysis and vivid, context-aware
commentary.

Evaluations on Worldpose WorldPose dataset poses an
extreme challenge with up to 22 simultaneous players. Mod-
eling such large groups demands scalable attention mecha-
nisms and robust relational reasoning, making this bench-
mark a critical test of LLaMMo’s real-world team-sport un-
derstanding. As Table 1(B) shows, LLaMMo raises overall
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Figure 4: Qualitative results of LLaMMo on LLaMI-Bench-Life, demonstrating its strong generalization to diverse social
interaction scenarios.

Accuracy from 21.29% to 28.00% and average Score from
1.95 to 2.48. On the LLaMI-Bench-Life, LLaMMo’s infer-
ence speed is 288 FPS, and it only decreases to 264 FPS on
WorldPose; by contrast, LLaMo-CT falls from 189 FPS to
80 FPS under the same conditions. This efficiency gap un-
derscores the scalability of LLaMMo’s design, where struc-
tured token fusion ensures consistent inference speed, un-
like baselines that scale poorly with group size due to flat
token representations. Coupled with consistent gains across
all evaluation dimensions and improved BertScore, these
results confirm LLaMMo’s scalability and fine-grained
motion understanding in full-team scenarios.

Evaluations on Golf-swing To assess LLaMMo’s adapt-
ability to fine-grained single-person tasks, we evaluate it on
the Golf-Swing dataset, which requires precise temporal rea-
soning and domain-specific structure beyond everyday in-
teractions. Multi-person pretraining improves motion under-
standing and response quality, increasing Overall Accuracy
from 24.8% to 26.0% and average Score from 2.48 to 2.60.
Minor declines in Pertinence and Adaptability suggest that
golf-specific training still offers an advantage for domain-
specialized feedback. These results confirm that interaction-
driven pretraining transfers positively to single-player tasks,
while highlighting the value of targeted fine-tuning in high-
precision domains.

Ablations on IA-selector Compared to the baseline, in-
troducing the IA-Selector yields a +1.48% gain in accuracy
and a +0.12 improvement in average score. Semantic Con-
sistency also increases from 2.88 to 3.05, suggesting that
language-guided keyframe selection enables the model to
focus on more semantically aligned interactions and deliv-
ers refined representations to downstream modules.

Ablations on M3Former We ablate M3Former to quan-
tify each module’s impact. TempFormer improves consis-
tency and accuracy, SocFormer boosts relational metrics,
and TSTalker further lifts accuracy and coherence, confirm-
ing effective integration of temporal and social cues. Over-
all, the results validate the M3Former design.

Qualitative Study
To evaluate LLaMMo in real-world multi-human settings,
we qualitatively test it on LLaMI-Bench-Life and LLaMI-
Bench-Sports (Figure 4, 2). LLaMMo captures fine-grained
social dynamics in daily interactions and scales to large
sports scenes (up to 22 players), generating tactically aware,
persona-adaptive commentary. In soccer, it models team
structure and maintains coherent narratives, demonstrating
strong competence in complex group behavior reasoning.

Conclusion
We present LLaMMo, the first instruction-tuned multi-
modal framework for multi-human motion understanding,
capable of reasoning about interactions across both daily and
professional domains. Built on a novel social-temporal ar-
chitecture and trained with LLaVerse, the first large-scale
dataset for multi-human motion understanding, LLaMMo
produces interaction-aware, scalable, and context-adaptive
representations. Extensive evaluations on LLaMI-Bench,
a comprehensive benchmark for multi-person interaction
reasoning, confirm its effectiveness in generating coherent,
role-sensitive descriptions, even in large-group, real-time
scenarios. We envision LLaMMo and LLaVerse as founda-
tional tools for future multimodal agents that interpret hu-
man interactions in dynamic real-world environments and
support a wide range of interaction-centric applications.
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