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Figure 1. We present HuMoCon for concept discovery and human motion understanding with video or motion input. To address the
challenge of feature misalignment and high-frequency information loss, we propose a novel feature alignment strategy and an advanced
masked auto-encoder reconstructing velocity. HuMoCon empowers effective motion concept discovery and accurate Question Answering
tasks, significantly outperforming state-of-the-art methods qualitatively and quantitatively.

Abstract

We present HuMoCon, a novel motion-video understand-
ing framework designed for advanced human behavior
analysis. The core of our method is a human motion con-
cept discovery framework that efficiently trains multi-modal
encoders to extract semantically meaningful and generaliz-
able features. HuMoCon addresses key challenges in mo-
tion concept discovery for understanding and reasoning, in-
cluding the lack of explicit multi-modality feature alignment
and the loss of high-frequency information in masked au-
toencoding frameworks. Our approach integrates a feature
alignment strategy that leverages video for contextual un-
derstanding and motion for fine-grained interaction model-
ing, further with a velocity reconstruction mechanism to en-
hance high-frequency feature expression and mitigate tem-
poral over-smoothing. Comprehensive experiments on stan-
dard benchmarks demonstrate that HuMoCon enables ef-
fective motion concept discovery and significantly outper-
forms state-of-the-art methods in training large models for
human motion understanding. We will open-source the as-
sociated code with our paper.

1. Introduction

Understanding human behavior is crucial for gaining deeper
insights into human actions and reasoning, which are foun-
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dational for developing human-centered Al systems [5, 26,
37, 61] that effectively address real-world tasks [ 14, 68, 72].
Recent advancements in large language models (LLMs)
have led to significant progress in video- and motion-based
methods [5, 15, 37, 40, 75] for analyzing human behavior.
Despite these advancements, achieving a precise and fine-
grained understanding of human actions remains a persis-
tent and complex challenge.

Human behavior is often represented as motion se-
quences structured based on the kinematics of the human
skeleton [32? ]. Traditional approaches to analyzing mo-
tion sequences have predominantly focused on classifica-
tion [11, 24, 34, 42, 44, 45, 58, 76], relying on predefined
action categories. While effective for specific tasks, these
methods often lack the flexibility for deeper or more nu-
anced analysis. Other methods employ statistical models
to assess motion quality [3, 6, 18, 43, 51], but they require
significant expert knowledge, limiting scalability.

Recent advancements in language models [40, 50, 75]
have opened new possibilities in motion analysis, enabling
tasks such as motion generation and motion captioning
based on free-text inputs [4, 20, 52, 59, 61], advancing the
field of motion analysis. However, obtaining high-quality
motion sequences and annotations remains costly, and mo-
tion sequences generally lack information about the sur-
rounding environment, limiting models’ ability to under-
stand human-environment interactions.



In contrast, video data offers rich visual context and is
easier to collect. It has been widely used for action classi-
fication [16, 62, 65] and video Q&A [5, 37, 40]. However,
video data often contains irrelevant elements that can hin-
der accurate content analysis. For example, a model might
learn from training data that most running occurs in stadi-
ums, leading it to mistakenly classify other stadium activi-
ties as running during testing.

In recent years, significant progress has been made in
developing multi-modality models [5, 87]. Integrating mul-
tiple modalities, as opposed to relying on a single modality,
enhances the network’s ability to learn fine-grained and se-
mantic features. For instance, LART [56] combines video
and motion data to ensure that video-based action classifica-
tion focuses on the human body rather than overemphasiz-
ing environmental context. MotionLLM [5] expands large
language models (LLMs) to video and motion, building a
model that can understand both. MotionLLM demonstrated
that learning from video and motion improves the network’s
ability to analyze human behavior. However, MotionLLM
implicitly aligns video and motion using motion-video pairs
during LLM training without optimizing the encoder for ex-
plicit cross-modal alignment. To address this limitation and
further enhance feature representation, we propose explic-
itly aligning features from different modalities during the
encoding process within a human motion concept discov-
ery framework.

Achieving effective cross-modal alignment and feature
representation relies heavily on robust encoder training
methods. Many existing studies [70, 71, 87] adopt a masked
autoencoder framework [27] when training encoders. This
approach involves applying a mask to a certain proportion
of the input, extracting features from the masked data using
the encoder, and reconstructing the original unmasked in-
put with a decoder. While effective in learning high-quality
features, this masking strategy inherently causes the loss of
high-frequency information, resulting in temporally over-
smoothed reconstructions that hinder the LLM’s ability to
understand human behavior. [47] To address this issue, we
propose reconstructing velocity as a means to preserve high-
frequency information. Following InfoCon [46], we design
a VQ-VAE-based loss function that helps retain the fine-
grained features of the original masked autoencoder while
further enhancing high-frequency feature expression. This
approach significantly boosts the subsequent LLM’s capac-
ity to model and understand human motion effectively.

In summary, we present HuMoCon, an effective hu-
man motion concept discovery pertaining framework for
advanced human behavior understanding from both video
and motion data. Our key contributions include: (i) a novel
feature alignment strategy that explicitly leverages video
data for contextual understanding and motion data for fine-
grained interaction modeling, and (ii) an enhanced masked
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autoencoder framework incorporating velocity reconstruc-
tion to significantly improve high-frequency feature expres-
sion and mitigate temporal over-smoothing. To evaluate
the effectiveness of our proposed method, we conduct ex-
periments on the Activity-QA [78] and BABEL-QA [13]
benchmarks [54], comparing our approach with the state-of-
the-art methods. Comprehensive quantitative and qualita-
tive evaluations demonstrate that HuMoCon achieves state-
of-the-art performance on standard benchmarks for motion-
video understanding.

2. Related Work

2.1. Human Motion Understanding

The core of human motion understanding is to learn the se-
mantics of motion sequences or videos. In the early stages,
research in this field is often based on predefined action cat-
egories. Such work can be divided into two types: action
classification [11, 24, 34, 42, 44, 45, 58, 76] and motion
generation targeted at specific categories [4, 20, 28, 31, 36,
52, 59-61, 74, 77]. For action recognition, several works
[11, 44] utilize Recurrent Neural Networks (RNN) to ex-
tract temporal information from human joint sequences, be-
yond the CNN-based ones [34, 45]. Subsequent works [24,
42, 58, 76] propose representing motion data as a graph
structure, enabling the use of spatio-temporal graph con-
volutional networks (ST-GCNs) to effectively capture the
connectivity and interactions between human joints. For
motion generation, several studies [28, 31, 36, 60, 74, 77]
have concentrated on generating specific, single actions. In
contrast, other works [4, 20, 52, 59, 61] aim to generate a
broader range of diverse action types, addressing the chal-
lenge of variability in motion synthesis.

In recent years, more research has shifted towards cap-
tioning [23, 30], generation [1, 22, 23, 30, 35, 53, 64,
81, 82, 86], and analysis [5, 9, 15, 17] based on free-form
text. Leveraging alignment of motion latent features with
the CLIP [55] embedding space, MotionCLIP [63] enables
the generation of out-of-distribution motions. Transform-
ers [1, 22, 23, 53, 81] and diffusion [35, 64, 82] mod-
els are also utilized for text-conditioned motion generation.
Moreover, MotionGPT [30] and AvatarGPT [86] utilize
large language models (LLMs) to handle multiple motion-
related tasks simultaneously. Despite these advancements,
research focused specifically on motion analysis remains
relatively limited. PoseFix [9] and CigTime [15] are pro-
posed to annotate the corrective instructions from source
to target for pose and motion sequences. MotionLLM [5]
proposes a method to analyze both the video and motion se-
quences with detailed spatial-temporal awareness and rea-
soning abilities. However, MotionLLM relies on implicit
alignment through paired data and lacks explicit cross-
modal feature alignment.



2.2. Video Understanding

In addition to motion understanding, video understanding
has emerged as a prominent research area , attracting exten-
sive attention in recent years. Early works on video classifi-
cation and segmentation relied on handcrafted features [ 10,
44, 66, 67] or convolutional neural networks [16, 62, 65].
Beyond classification, video analysis [3, 6, 18, 25, 26, 37,
40, 43, 50, 51, 57, 73, 75, 85] has become a highly active
field of research. Action quality assessment has been the
focus of several works [3, 6, 18, 43, 51], with methods such
as Aifit [18] and PoseTrainer [6] proposed to correct user
actions. These approaches evaluate actions in conjunction
with complex textual instructions [3, 43, 51]. Other stud-
ies [25,26,57,73, 85] aim to generate descriptive narratives
for videos, broadening the scope of video understanding.
Recently, many works [2, 37, 40, 50, 75, 80] have leveraged
large language models (LLMs) to understand video content
and perform complex reasoning tasks. These methods com-
bine video processing with the advanced reasoning capabili-
ties of LLMs, further advancing the state-of-the-art in video
analysis. Video-LLaVA [40] build a model to perform vi-
sual reasoning capabilities on images and videos simultane-
ously. Follow-up works [37, 50, 75] extend Video-LLaVA
for faster inference and more accurate reasoning ability.
Unlike typical video understanding algorithms, which rely
heavily on visual context alone, our approach integrates mo-
tion data directly, enhancing the model’s ability to under-
stand human-centric actions.

2.3. Multi-modality Pre-training

Multi-modality pre-training has primarily focused on align-
ing vision and language representations. CLIP [55] pi-
oneered this effort by using contrastive learning to align
image and text features on large-scale datasets. Subse-
quent works [12, 48, 63, 83] extended CLIP’s framework
to other modalities, including video [48], audio [12] and
motion [63].

Recent studies, such as VALOR [7] and VAST [8],
demonstrated that cross-modal alignment not only enhances
model robustness but also maintains high performance
across modalities. Building on this, follow-up works [19,
87] have aimed to expand the number of aligned modali-
ties, further advancing multi-modality research.

In the context of motion and video alignment, Motion-
LLMs [5] is the first work to address this challenge. How-
ever, it relies solely on implicit alignment during the fine-
tuning stage of large language models.

3. Method

3.1. Overview

Our objective is to develop an LLM-based system capable
of understanding and reasoning both human video and mo-
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tion inputs. Given a question () and an input, which can
be either a video U or motion sequence M, the model gen-
erates the corresponding answer W. Specifically, a video
U is represented as a sequence of T' keyframes, denoted
as {ug,u1,...,ur—1}. Similarly, a motion sequence M
is represented as K consecutive pose frames, denoted as
{mo, mi, ..., mel}-

We present an overview of the pipeline in Fig. 2. To
enable effective multi-modal human motion understanding,
our framework focuses on: (1) discovering human motion
concepts from both video and motion data, (2) preserving
high-frequency motion details using velocity reconstruction
to reduce temporal smoothing, and (3) aligning video and
motion features to enhance multi-modal comprehension. To
accomplish this, we train our video and motion encoders
with four key learning objectives: Masked Reconstruc-
tion, Discriminative Informativeness, Actionable Informa-
tiveness, and Feature Alignment. Consequently, we lever-
age the encoded features of videos and motions to facili-
tate the fine-tuning of LLMs for video-motion understand-
ing and reasoning. The following sections detail each com-
ponent of our approach, including multi-modality encoder
pre-training, modality translation, and instruction tuning.

3.2. Multi-Modality Encoder Pre-training via
Human Motion Concept Discovery

Pre-training encoders are critical for multi-modality large
language models (LLMs) [70, 71, 87], as they enable the
effective extraction of essential features from large-scale
input data. To enhance the encoder’s ability to capture
key information, we design three distinct learning objec-
tives: masked reconstruction, velocity reconstruction, and
feature alignment, all contributing to the quality of the dis-
covered human motion concepts as well as the pre-training
efficiency. For both videos and motions, we adopt a sim-
ilar network structure during encoder pre-training. Conse-
quently, in the following section, we focus on detailing the
network structure for video inputs.

Encoding Function. In our approach, we design masked
autoencoder architectures tailored for both video and mo-
tion data. Specifically, for videos, we utilize a pre-trained
encoder &, to encode the input U into a feature representa-
tion f*:

F = £,(U). ()

Then, we employ a codebook C*, modeled with VQ-
VAE to quantize f“ into a discrete feature representation
d*:

D" = Quantize(F*,C"), 2)

where ‘Quantize’ denotes the quantization operation, and
C" is the codebook used for discretization, also serving as
the discovered human motion concepts.
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Figure 2. System overview of our method. (a) The encoder pre-training process for learning and aligning video and motion features and
enhancing high-frequency details through velocity reconstruction. We utilize a VQ-VAE-based structure, and we design effective learning

objectives to enhance the encoder to extract semantic meaningful and fine-grained features.

(b) The fine-tuning of the large language

model (LLM) for video and motion reasoning consists of two stages: Modality Translation and Multi-modality Instruction Tuning. In the
Modality Translation stage, we train a translation layer for each modality to map the encoding feature to the LLM space. In the Instruction
Tuning stage, we fine-tune the LLM to understand human motion and videos for downstream tasks.

Masked Reconstruction. The masked autoencoder has
proven to be highly effective for pre-training [27], as it fa-
cilitates learning of meaningful and low-frequency features
from input data. Thus, we leverage masked auto-encoding
to enhance the discovered concepts and facilitate the multi-
modal feature pre-training.

More explicitly, we mask D" by a probability of ¢ to

obtain the masked feature D} . :

= Mask(D*, o),

where ‘Mask’ is the operation that applies masking to the
features, and o < 1.0 controls the masking ratio. A video
decoder D" is used to reconstruct the video U’ from D“

3)

mask -

mask*

U/ = Du( Iglask)' (4)

We compute the reconstruction loss between the original
video U and the reconstructed video U’ as follows:

rec
video

=||U" - U5 (5)

Similarly, we introduce a reconstruction loss for motion
data, £¢. | following the same process. The total recon-

motion?®
struction loss is defined as:

rec
video

rec
motion*

L= L%+ L (©6)

The above masked reconstruction loss ensures that the
encoded features contain sufficient information about the
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video or motion input, while learning away possible nui-
sances through masking and making the learning of the con-
cepts (codebook) more focused on critical information. On
the other hand, the discretization imposed by the concepts
further enhances the meaningfulness and robustness of the
pre-trained multi-modal (motion) features.

Velocity Reconstruction. Reconstructing inputs from
masked features inevitably results in the loss of high-
frequency details, leading to temporally over-smoothed re-
construction outcomes and preventing the discovery of
more nuanced yet useful motion concepts.

To address this limitation, we propose an objective that
further reconstructs the “velocity” of the input sequence.
To be more specific, we define “state” as the encoding or
feature of a frame in the video or motion sequence, while
the “velocity” means the difference between consecutive
“states” that captures high-frequency information by focus-
ing on dynamic changes. For video and motion data, we de-
note the “states” as U and m, and the “velocity” as the opti-
cal flow O (computed from image frames) and delta motion
0 M, respectively.

However, directly reconstructing velocity from the same
set of masked features introduces difficulty in figuring out
the dynamic information, given the above-mentioned over-
smoothing effect in the encoded features. To mitigate this,
we draw inspiration from the robotic manipulation litera-
ture [46] on action concept discovery and incorporate two
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Figure 3. Overview of the velocity reconstruction components. We build similar network structures for both video and motion, and we
present the video part in this figure. This module is composed of two learning objectives. 1) Discriminative informativeness (left) aims to
improve the distinctiveness of encoded features by reducing representational ambiguity. 2) Actionable informativeness (right) focuses on
reconstructing the velocity by leveraging gradient information from the discrimination hypernetwork. As for the video data, we employ

optical flow as the representation of the velocity.

tailored learning objectives — discriminative informative-
ness and actionable informativeness — to enhance the ef-
ficiency of representations and improve the quality of tem-
poral dynamics in multi-modality pretaining, as shown in
Fig. 3.

Discriminative informativeness. The discriminative in-
formativeness objective aims to improve the distinctiveness
of encoded features by increasing the correlation between
the discovered concepts and the corresponding state fea-
tures. Specifically, we introduce a video hyper-network
‘H*, which takes discrete features cj! from the codebook
C" as input and generates a classification network. The
hyper-network H* (together with the generated classifier)
is trained to determine whether an input state is compati-
ble with its corresponding code class, which is represented
by a confidence value s,, (classification score) from O to 1,
thereby enhancing the distinguishability and separation of
each feature class in the representation space.

The discriminative loss for video is defined as:

' [C*|-1T—-1
LA = > > CEM"(ct,w),dy),  (7)
k=0 11=0

where |C"| is the size of the codebook C*, CE(-) is
the cross-entropy loss for classification, d}* represents the
“ground-truth label” for the input state u; determined by
the VQ-VAE, and T’ is the number of frames.

Actionable informativeness. The actionable informa-
tiveness objective focuses on reconstructing the velocity
by leveraging gradient information from the discriminative
hyper-network, H" introduced above. Inspired by the idea
that gradients of a discriminator function can inform the
state changes, as observed in [46], this objective ensures
that the model captures not only static state information, but
also the dynamic changes in the sequence. By leveraging
gradient fluctuations around a given state, the approach ef-
fectively captures dynamic motion details, such as velocity,
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resulting in more fine-grained motion concepts, and enrich-
ing the motion representation.

Specifically, we initialize a network A" for video data,
which takes key image frames U and gradients from the
discriminator VyH* (D%, U) as inputs and predicts the ve-
locity V,,. The actionable informativeness loss for video is
then computed as:

act
video

= [[Va = VI3 ®)
where V,, represents the ground-truth velocity of video
frames. This process is repeated for motion data to com-
pute the corresponding loss £ . " using V/,, and V/,.
Combined Objectives. By integrating both video and
motion components, we derive the total velocity reconstruc-
tion loss for human motion concept discovery and motion

feature pre-training as in the following:

‘Cdis = Ee%ﬁleo + ‘C?nitsvtion (9)
Eacl = 3"1:(tieo + ‘Ci‘;(t)tion (10)

With the above objectives, our approach ensures that the
model effectively reconstructs high-frequency details, im-
proving the temporal fidelity and overall quality of multi-
modal representations.

Feature Alignment. Multi-modality models often lever-
age the shared information across different modalities to
enhance performance [5, 56, 87]. In the case of motion
and video, video data provides contextual information that
motion data alone may be lacking, which is critical for ac-
curate motion prediction and understanding. Conversely,
motion data focuses on human-centric features in the video,
reducing over-reliance on environmental details. An effi-
cient utilization or balancing of both is beneficial for the hu-
man motion LLMs. However, prior work on human motion



and video understanding [5] only achieves implicit align-
ment through paired data during LLM fine-tuning, without
explicit alignment in encoder training. To address this is-
sue, we propose an alignment loss to improve information
sharing and cross-modal coherence.

To achieve alignment between video and motion fea-
tures, we collect a set of video-motion pairs from Motion-X
[41], which are aligned by frames. We instantiate two pro-
jection layers: The video projection layer P* and the mo-
tion projection layer P™*. These layers are designed to map
the respective features from the video and motion domains
into a shared aligned space.

More explicitly, given paired video and motion data
{U, M}, we use P* and P™ to project the discrete video
feature d;' and motion feature d’" into the aligned feature
space, resulting in aj* and a']’-”, where a;, a}” e R¥, Here,
H denotes the dimensionality of the aligned features in the
shared space.

To ensure effective alignment, we define an alignment
loss as follows:

T-1

=2

0

m

align(i))/6

norm(a¥) - norm(a}”)/e7

norm(a}) - norm(a

K-1
0

Eali gn

(1)

where align(¢) indicates the pose index in the motion se-
quence corresponding to the key video frame u;, norm rep-
resents a normalization operation to stabilize feature mag-
nitudes and e is a temperature parameter that controls the
sharpness of the alignment distribution.

Note that £3€" is computed only when motion and video
are paired. For standalone motion or video inputs, this loss
term is omitted for applicability.

The overall human motion concept discovery objective
is defined as:

total __ prec rec
L =L motion video +

)\diSEdis + )\actﬁact + )\align‘cahgn7 (12)
where A4S, A2t and \¥ig" are weighting coefficients for the
respective losses £, £3 and Lie",

3.3. Modality Translation

Although pre-trained encoders capture rich features from
the original input, these features are often difficult for LLMs
to interpret directly [5, 37, 40]. Therefore, it is essential to
introduce an additional projection layer to map these fea-
tures into a space that LLMs can effectively understand.

As illustrated in Fig 2, we add tunable translation layers
after the encoders £* and £™. These layers are trained us-
ing annotated video and motion sequence data to learn task-
specific transformations. During this stage, the encoders
and the LLM F are kept frozen to prevent adverse feature
drift, and only the weights of the translation layers are up-
dated. This strategy preserves the pre-trained knowledge of
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the encoders and language model while optimizing the fea-
ture mapping for downstream tasks.

3.4. Multi-Modality Instruction Tuning

Finally, we employ instruction tuning to train the language
model F to respond to user queries using the corresponding
video or motion sequences as context. During this process,
the encoders and projection layers remain frozen, ensuring
their pre-trained features are retained, while the weights of
the language model F are updated to accommodate the task.

In this stage, the model can further enhance cross-
modal alignment using paired motion-video data in an im-
plicit manner. To streamline the fine-tuning process, we
adopt LoRA [29] with a rank of 8, allowing efficient and
lightweight adjustment to the language model.

4. Experiments

4.1. Experiments Settings

Implementation details For videos and motions, we ini-
tialize a codebook with 512 codes, a one-layer projector
for feature alignment, and a 2-layer MLP to generate the
weights for a 2-layer discriminator separately. For video in-
puts, we utilize pre-trained SigLIP [79] with an image patch
size of 16 pixels and hidden dimension of 256 as the video
encoder, and we take a 12-layer transformer as the recon-
struction decoder. A 4-layer transformer is utilized as the
motion encoder and a 2-layer transformer is used for motion
reconstruction. For the velocity reconstruction, we initialize
a two-layer hypernet and two-layer velocity decoder. Be-
sides, we utilize one-layer MLPs for feature alignment. We
pre-train the motion encoder with only the reconstruction
loss for 60K iterations with a learning rate of le-4. Then,
we train both the video and motion encoders with the total
loss for 8K iterations with a learning rate of le-5.

We utilize Llama3.1-8B as our base LLM model. For the
modality translation stage, we initialize a one-layer projec-
tor for the video and motion encoder separately. We train
the projectors on the annotation dataset for one batch with
a batch size of 32 and a learning rate of le-4. In the Multi-
modality instruction tuning stage, we train the LLM model
with a batch size of 16 and a learning rate of 3e-4.

Training datasets For the encoder pre-training stage, we
utilize Motion-X [41] datasets which contain 81K motion
sequences and 36K motion-video pairs. In order to facilitate
the training process of LLMs, we follow MotionLLM [5]
to prompt LLMs to generate 20K annotation for motion-
video pairs from the Motion-X dataset, and 10K annotation
data from the HumanML3D [21] dataset. This data is uti-
lized for modality translation. We additionally utilize the
VATEX [69] dataset which contains 20K annotated videos
for video translator training. For multi-modality instruction



Table 1. Comparison of different methods on BABEL-QA test set. The pred type represent the prediction type, including classification
and generaration. For 2s-AGCN and MotionCLIP, "M’ means MLP, 'R’ means RNN. Our method outperforms the baselines across all the

metrics.

Query type Relation Type
Model Pred type  Overall Action Direci]ioflp BodyPart Before Afteryp Other
2s-AGCN-M cls. 0.355 0.384 0.352 0.228 0.331 0.264 0.295
2s-AGCN-R cls. 0.357  0.396 0.352 0.194 0.337 0.301 0.285
MotionCLIP-M cls. 0.430 0485 0.361 0.272 0.372  0.321 0.404
MotionCLIP-R cls. 0420  0.489 0.310 0.250 0.398 0.314 0.387
MotionLLM gen. 0436  0.517 0.354 0.154 0427 0.368 0.529
Ours gen. 0.711  0.809 0.697 0.623 0.707 0.635 0.797

tuning, we follow MotionLLM to generate 200K Q&A pairs
for both motions and videos. We also utilize the Video-
ChatGPT [49] and BABEL-QA [13] datasets to enhance the
motion and video understanding ability of our model, which
has 100K and 2K Q&A data separately.

Evaluation datasets Although MotionLLM [5] creates a
large benchmark for both motion and video understanding,
by the time we completed our paper, they had not released
the specific details or access methods for the benchmark,
nor did they provide a clear timeline for its release. There-
fore, we did not perform comparisons on that benchmark
but instead selected the test set of ActivityNet-QA [78] and
BABEL-QA [13] to separately validate the performance of
our algorithm on video and motion data.

Evaluation metrics On the BABEL-QA benchmark, we
evaluate the prediction accuracy for evaluation. As for the
classification-based baselines, we evaluate the accuracy di-
rectly. As for the generative baselines, we adapt the eval-
uation protocol used in previous works [5, 37] by utilizing
LLMs. Specifically, the evaluation LLM is given some ex-
amples of questions, answers, and scores (from O to 1), and
it is required to follow these examples and score the ex-
periment results. On the Activity-QA benchmark, we only
compare our methods with our generative baselines. Thus,
we directly utilize LLMs to evaluate the methods.

4.2. Quantitative Results

Experiments on ActivityNet-QA. We evaluate the video
understanding ability of our method and other baselines on
the ActivityNet-QA benchmark as shown in Tab. 2. We fol-
low previous methods [5, 33, 38] to report the accuracy and
scores that are evaluated by LLMs. We show in Tab. 2 that
our method outperforms all the baselines on both metrics.
Compared to the video-only method, our method aligns the
video feature with the motion feature, making the encoder
concentrate on human-centric information. Compared to
MotionLLM, our encoder pre-training helps the network to
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learn more fine-grained information through velocity recon-
struction.

Experiments on BABEL-QA. We evaluate the motion
understanding ability of our method as compared to existing
studies on the BABEL-QA [13] dataset. Following [5, 13],
we compare our method with a diverse set of baselines: 1)
2s-AGCN [58], a method using 2s-GCN to extract motion
features and classify motion by MLP or RNN; 2) Motion-
CLIP [63], a method that aligns the features of motion and
text using CLIP [55] and predicts motion class by MLP or
RNN; 3) MotionLLM [5], an LLM-based method which
has motion reasoning ability. We follow [5] to fine-tune our
method with the training set of BABEL-QA and evaluate
our method with LLMs.

From Tab. 1, our method outperforms other methods
in all metrics by a large margin of nearly 60% overall.
In the “bodypart” query task, our algorithm achieves 2.29
times the score of the second-place method, MotionCLIP-
M (0.623 vs. 0.272). This advantage stems partly from
our velocity-based encoder training, which, compared to
traditional motion feature extraction, helps us better cap-
ture high-frequency information and ensures the learning of
fine-grained features. Additionally, unlike MotionLLM, we
perform alignment at the encoder pre-training stage, ensur-
ing that the features learned by the encoder are inherently
more semantically rich.

Table 2. Experiments results on ActivityNet-QA benchmark.

Model Acct?  Score 1

FrozenBiLM [57] 24.7 -
VideoChat [38] - 2.2
LLaMA-Adapter [84] 34.2 2.7
Video-LLaMA [80] 12.4 1.1
Video-ChatGPT [49] 35.2 2.7
Video-LLaVA [40] 453 33
VideoChat2 [39] 49.1 33
MotionLLM [5] 53.3 3.5
Ours 54.2 3.6




Table 3. Ablation study on BABEL-QA test set.

Query type Relation Type
Model Pred type  Overall Action Direction BodyPart Before After Other
MotionLLM gen. 0436  0.517 0.354 0.154 0.427 0368 0.529
Ours-w/oL"¢¢ gen. 0.696  0.741 0.645 0.577 0.600 0.597 0.762
Ours-w/o L% & L2 gen. 0.637  0.693 0.478 0.606 0.667 0.526 0.709
Ours-w/oLi97 gen. 0.675 0.743 0.579 0.523 0.584 0.570 0.743
Ours gen. 0.711 0.809 0.697 0.623 0.707  0.635 0.797
~ \ A
0. Ol | 4 ) » & Iy
B & { X ay, B,
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P

[Is the person push-uping or jumping?

[The person is performing a push-up, not a jump. ]
XD

What muscles does the person engage when bending their
elbows during the push-up?

b The person engages the triceps muscles when bending their
‘2,1 elbows during the push-up.

[ During which part of the push-up is core engagement intensified? ]

(2]

& [Corc engagement is intensified during the descent of the push-

up, particularly when the right arm is fully bent and the left arm ]

is extended.

[Does the person jump?

'%A Yes, the person jumps with both feet off the ground, with the
By \_right foot leading.
-]
ao
-]
==

In the final phase of the jump sequence, what is the person
getting ready to do?

[

leg extended to reach the ball, and the left arm and leg providin

The person is preparing to catch the ball, with the right arm and
g
support.

[What is the final position of the individual before catching the ba[l?] e

The individual's right arm and leg extended, with the left arm and
leg positioned for balance, ready to catch the ball.

Figure 4. Example of motion understanding. We validate the proposed model’s ability to understand motion from multiple aspects. Q1
on the left and Q1-3 on the right evaluate its comprehension of motion sequences, while Q2 and Q3 on the left push it to analyze kinematic,
kinesthetic, and physical properties. These results demonstrate our algorithm’s ability to recognize, describe in detail, and analyze motions.

Ablation study. We present the ablation results in Tab. 3.
We conducted ablation studies on masked reconstruction,
velocity reconstruction, and feature alignment. Motion-
LLM serves as an ablation baseline without any of these
techniques. As presented, the absence of any single mod-
ule leads to a decrease in performance. Among these,
masked reconstruction has the least impact, as we initially
train the motion encoder solely with masked reconstruc-
tion loss to ensure stable subsequent training. Removing
velocity reconstruction has the greatest impact on pexrfor-
mance since velocity provides high-frequency information
that other modules lack. Likewise, removing the alignment
loss significantly affects results, highlighting the impor-
tance of multi-modality alignment in motion understanding.

4.3. Qualitative Results

To validate our algorithm’s ability to understand mo-
tions and its contextual knowledge, we conducted multiple
rounds of Q&A with the motion model. We present two
examples in Fig. 4. We discover that, beyond its basic mo-
tion recognition capabilities, our algorithm can provide de-
tailed descriptions of motions. In the example on the right,
it can precisely describe the actions of the left hand and
foot, as well as the right hand and foot. Our algorithm also
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possesses extensive knowledge about various movements.
For instance, when asked, “what muscles does the person
engage when bending their elbows during a push-up?” it
can accurately respond with “triceps muscles.” This demon-
strates that our algorithm can understand the input motion
sequences and perform corresponding analyses. We present
more qualitative results in the supplementary material.

5. Conclusion

In this paper, we presented HuMoCon, a novel motion-
video understanding framework for human action under-
standing and concept discovery. We demonstrated the ef-
fectiveness of our approach through comprehensive exper-
iments, showcasing major improvements over state-of-the-
art methods. Our work provides a strong foundation for
future research in human action understanding and motion
concept discovery. There are still some drawbacks of our
work, such as the lack of human-environment contact or un-
derstanding niche motions. We plan to address those limita-
tions by expanding the framework to incorporate additional
modalities, particularly as environments, objects, and con-
tact, and curate a wider range of specialized datasets.
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