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Abstract

We present Interleaved Learning for Motion Synthesis (Inter-
Syn), a novel framework that targets the generation of realis-
tic interaction motions by learning from integrated motions
that consider both solo and multi-person dynamics. Unlike
previous methods that treat these components separately,
InterSyn employs an interleaved learning strategy to capture
the natural, dynamic interactions and nuanced coordination
inherent in real-world scenarios. Our framework comprises
two key modules: the Interleaved Interaction Synthesis (INS)
module, which jointly models solo and interactive behav-
iors in a unified paradigm from a first-person perspective to
support multiple character interactions, and the Relative Co-
ordination Refinement (REC) module, which refines mutual
dynamics and ensures synchronized motions among charac-
ters. Experimental results show that the motion sequences
generated by InterSyn exhibit higher text-to-motion align-
ment and improved diversity compared with recent methods,
setting a new benchmark for robust and natural motion syn-
thesis. Additionally, our code will be open-sourced in the
future to promote further research and development in this
area. Project website: hitps://myy888.github.io/InterSyn/

1. Introduction

Given the crucial role of motion information in applica-
tions such as visual perception [21, 23, 24], visual genera-
tion [3, 44], and 3D synthesis [13, 40, 42], text-to-motion
(T2M) synthesis [11, 18, 36] has garnered increasing atten-
tion. Despite significant progress on benchmarks like Hu-
manML3D [10], generating realistic and diverse human mo-
tion in the wild remains challenging. Current motion genera-
tors [10, 22, 31, 37] often excel on specific datasets yet strug-
gle to generalize to the varied and complex motions observed
in real-world interactions. While some works [6, 20, 45] have
explored general motion generation for multiple characters,
the generalization issue is still largely unresolved.

A promising direction for achieving motion generaliza-
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Figure 1. Unlike conventional approaches that process single-
person and interaction motions separately, real human behavior
exhibits a dynamic interleaving of solo and multi-person actions.
Our InterSyn framework learns to generate these integrated mo-
tion sequences, closely emulating the fluid and natural dynamics
observed in real-world interactions. For multi-human motion, Inter-
Syn takes separate descriptions as inputs to better capture distinct
roles and coordination.

tion is to simulate real human learning. In everyday life,
human motion arises from two intertwined components: se-
mantic expression and social interaction. Motions for self-
expression, such as walking and talking, are fundamental to
individual development and well-being [15-17, 25, 33, 38],
while social motions like hugging or gesturing are primar-
ily acquired through observation, imitation, and active en-
gagement with others [, 8, 29]. The dynamic nature of
human learning, further supported by theories such as situ-
ated learning [7, 12, 32, 39] and Cultural-Historical Activity
Theory [5, 14, 28], as well as studies on peer group interac-
tions [2, 4, 19], suggests that semantic and social motions
mutually reinforce each other, providing a natural blueprint
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for more generalizable motion synthesis.

However, existing motion synthesis pipelines suffer from
two critical limitations. First, they treat semantic and so-
cial motions as separate tasks—semantic actions such as
walking or talking are typically learned in isolation (e.g., in
HumanML3D [10]), while social interactions are modeled
independently (e.g., in InterGen [20]). As shown in Fig 1,
this separation restricts the ability of models to generate the
dynamic behaviors seen in natural settings. Second, many
methods fail to capture the mutual cues of human motion,
where individuals continuously adapt their movements in
response to subtle signals from others. These dynamic adap-
tations are essential for producing vivid motion expressions.

To this end, we propose a novel framework, Interleaved
Learning for Motion Synthesis (InterSyn), which learns to
generate dynamic motion sequences by seamlessly integrat-
ing single-person and interaction motions. InterSyn com-
prises two key modules: the Interleaved Interaction Synthe-
sis (INS) and the Relative Coordination Refinement (REC).
The INS module jointly models single-person and multi-
person motions in a unified learning paradigm, enabling the
learning of motion that akin to the real human being, who
who change dynamically with solo motion and interaction
motion seamlessly. Meanwhile, the REC module refines the
synthesized interactions by leveraging the mutual dynamics
and nuanced interdependencies among multiple characters,
ensuring that the generated motions are both semantically
coherent and socially synchronized.

Our extensive experiments demonstrate that InterSyn sig-
nificantly outperforms existing methods in generating high-
quality interaction motions. Quantitative evaluations on mul-
tiple datasets reveal substantial improvements in key metrics
such as semantic coherence and synchronization between in-
teracting individuals; for example, our method outperforms
recent work [6] by 40% in terms of FID. Qualitative results
further illustrate that our approach produces natural and nu-
anced motion sequences that capture the complex dynamics
of real-world interactions. These findings confirm that by
jointly modeling and refining solo and interactive dynamics,
InterSyn effectively addresses the challenges of interaction
motion synthesis, setting a new standard for robust and real-
istic motion generation.

Our contributions are threefold:
¢ We introduce a novel framework, InterSyn, that jointly

models single-person and interaction motions within a
unified dynamic sequence, enabling the generation of real-
istic motions that naturally interleave individual and multi-
person behaviors.

* We propose Iterative Interaction Coordination (INC)
and Relative Coordination Refinement (REC). INC fa-
cilitates dynamic motion generation by interleaving indi-
vidual and interactive behaviors, while REC refines these
interactions through relative coordination constraints that

capture mutual dynamics among characters.

» Extensive experiments demonstrate that our approach sig-
nificantly outperforms recent methods in generating di-
verse and realistic interactions, confirming the effective-
ness of interleaved learning for natural motion synthesis.

2. Related Work

Text-to-motion generation has gained significant attention
for its applications in animation, virtual reality, and human-
computer interaction. Research in this area has evolved from
synthesizing realistic single-person motions to capturing
complex multi-person interactions.

Single-Person Motion Generation: Diffusion-based ap-
proaches have emerged as powerful paradigms for text-to-
motion synthesis. For example, the Motion Diffusion Model
(MDM) [36] adapts classifier-free diffusion by directly pre-
dicting the motion sample at each step, which facilitates the
integration of geometric losses. Other works bypass diffu-
sion by directly regressing pose sequences. MoMask [11]
introduces a hierarchical masked modeling framework that
represents motion as multi-layer discrete tokens, where a
Masked Transformer predicts masked tokens conditioned on
text and a Residual Transformer refines these tokens, achiev-
ing notable improvements on benchmarks like HumanML3D
and KIT-ML. In addition, methods such as OmniControl [43]
enable controllable motion synthesis via advanced condition-
ing techniques that allow users to specify attributes like
speed and direction, while TAAT [41] and emotion-enriched
approaches leverage large language models (LLMs) to incor-
porate arbitrary texts and subjective motion details.

Multi-Person Motion Generation: Moving beyond iso-
lated actions, multi-person motion generation focuses on
capturing the interactions and relationships among individ-
uals. SMooDi [45] addresses stylized motion synthesis by
combining content text with reference style sequences us-
ing a pre-trained text-to-motion model and a lightweight
style adaptor. FreeMotion [6] overcomes the limitations of
fixed agent numbers by unifying single- and multi-person
synthesis via a conditional motion distribution, enabling
number-free generation with precise spatial control. Other ap-
proaches emphasize long-term, socially-aware interactions.
SATA [27] employs a scene-aware social transformer that
fuses motion and scene information within a diffusion frame-
work, while InterGen [20] tailors diffusion-based generation
to two-person interactions using cooperative transformer
denoisers with mutual attention and a global relation repre-
sentation.

3. Preliminary

Diffusion models generate human motion through a proba-
bilistic framework that iteratively denoises Gaussian noise
into realistic sequences, extending their success in text-to-

12833



Interaction Motion

(A ;gm:i
}’ﬁ‘} g

Single-person Motion

pas

ot

0}

Interleaved dynamic Motion INS REC
\/
v
ctiptt Coordinator
1 1
1 1
= R

Figure 2. Overview of our interleaved learning framework (InterSyn) for dynamic motion synthesis. Our method consists of two stages: (1)
Interleaved Interaction Synthesis (INS), which unifies single-person and interaction motions using a Conditional Motion Diffusion Model to
generate a flexible, realistic motion schema, and (2) Relative Coordination Refinement (REC), which employs a Coordinator network to
refine interactions based on mutual relationships among characters, yielding vivid and nuanced motion generation.

image synthesis [37]. Unlike traditional autoregressive meth-
ods, diffusion models synthesize full motion sequences holis-
tically, addressing temporal coherence and physical plausi-
bility.

The process involves a forward noising stage that corrupts
ground-truth motion z; € RY*P (with N frames and D-
dimensional joint parameters) into Gaussian noise xr, and
a learned reverse process that reconstructs o from x;. At
each diffusion step ¢, the reverse transition is governed by:

Po(wi—1|ze) = N (ue(0), 041) (nH

where i (6) combines the predicted clean motion x(#) and
noisy input z;:

pe(0) = Jou_1xo(0) +\/1 ——1 —0f -2 (2)

Here, oy € (0,1) controls noise scheduling, with 8; =
1—ay,and 07 = (1 —ay_1)/(1— ;). The model directly
predicts x( rather than incremental noise, optimizing via
£ = [lzo — zl3

During inference, motion is synthesized by recursively
denoising zr ~ N (0, I), leveraging cross-attention layers
to align text embeddings with spatiotemporal motion fea-
tures. This framework ensures physically plausible outputs
while preserving semantic alignment with text prompts.

4. Interleaved Learning for Motion Synthesis

4.1. Interleaved Interaction Synthesis

Human motion comprises both individual movements (for
self-expression) and multi-person interactions (for social
engagement). In natural settings, people fluidly transition be-
tween these modes, adapting their actions to the context. To
capture this behavior, we propose the Interleaved Interaction
Synthesis (INS) framework, which jointly models single-
person and interaction motions in a unified paradigm. Unlike

existing methods that treat these motion types independently,
INS learns them together, enabling seamless transitions be-
tween solo and interactive actions and closely mimicking the
fluidity of real human movement.

We begin by processing and unifying all single-person
and interaction motions from a first-person perspective.
Specifically, we initialize a motion bucket u to represent
the interleaved sequence, where

e R2><T><K><C’

3)

U = (Ug, Uy)

with 7" denoting the number of time steps, K the number

of keypoints per motion, and C' the dimensionality of each

keypoint. To construct u that adaptively interleaves single-

person and multi-person motions, we first randomly sample

a single-person motion p, from a diverse dataset [36].
Then, for multi-person interactions, let

H = {plap27"'7pN}

denote the set of motions from NV individuals. We randomly
select a pair of interaction motions (p,,p,) to interleave
with ps. These motions are combined into a unified sequence
using a function U (-):

“4)

where ¢; and ¢, are the start time indices for the interaction
motion (p,, p,) and the solo motion p, respectively. The
sequence u, can begin with either p, or ps (ensuring ¢; +
ts > 0and ¢;-ts = 0) so that exactly one segment starts at the
first time step. The U (-) manages motion alignment, smooth
transitions, and orientation adjustments between segments.
Based on this, “interleave” means blending multi-person
interaction into single-person motions using a function that
alternates between solo and interactive actions.

Due to the mismatch of skeletons in the fusion of two
datasets, we need to apply rotation and translation to the

u = U(pmvpyapsatiats)
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skeleton sks relative to sk; in order to make their expression
of the motion consistent. In forward kinematics (FK), the
goal is to determine the global position of each joint in a
skeletal structure based on its local transformations, which
consist of rotations and translations. Let the global position
of the k-th joint in skeleton sk; be denoted as jzkl, and
in skeleton sk as jzkz. Transforming the motion from one
skeleton to another requires adjusting both the bone lengths
and rotations of the joints.

The process starts with the root joint, which serves as the
starting point for all subsequent transformations. We assume
that the global position of the root joint is the same in both
skeletons. For each joint k, the relative position from its
parent joint in both skeletons is adjusted by scaling the bone
length and applying the rotational difference. In forward
kinematics, starting from the root node and extending to
the child nodes, the transformation from sk, to skq can be
expressed as:

=R g+ T - 5 ®)
where R; is the rotation matrix for the ¢-th joint relative to
the parent joint j; 1 in sko and skq, and T; is the translation
matrix corresponding to the bone length difference between
the ¢-th joint in sky and sk; relative to the parent joint j;_1.
More details about the U|(-) can be found in the appendix.

Moreover, text descriptions for ps, p,, and p, are de-
noted as wg, w,, and w,. We concatenate ws and w,, into a
combined description w,, for u.

To synthesize the dynamic motion u, we employ a Con-
ditional Motion Diffusion Model (CMDM), denoted as M.
As shown in Fig. 2, M, is a Transformer-based diffusion
network [36] that incorporates multiple denoising blocks.
The model takes the interaction time steps ¢; and ¢, as condi-
tioning inputs and includes time embedding layers to encode
t; and t,, as well as a text embedding layer to encode wy,.
During training, at time step ¢, we add noise to the motion
u to obtain a noisy motion u?, and concatenate the resulting
embeddings, which are then fed into the diffusion model:

ﬁ = (uAI?uAy) = Ms(ukuativts) (6)

By conditioning on these temporal signals, the diffusion
model learns to generate a continuous motion sequence that
smoothly interleaves individual and interactive actions.

We optimize INS using the following loss function:

ACI = )\1£rec + )\2£smoolh (7)

where L, is the reconstruction loss of the CMDM for p,,,
and Lgmoom €nforces smooth transitions at the boundaries
(within a window of +5 frames) during motion fusion. The
hyperparameters \; balance these loss terms.

ti+5

L (u)smoolh = Z

t=t; —5

& (u®) ®)

#10)

While our framework supports multiple interleaved seg-
ments (by introducing additional ¢; and ¢, ), we observe that
more than two segments per sequence degrade performance.
This is because increasing the number of segments reduces
the duration allocated to each motion, potentially truncating
key motion phases and hindering semantic capture.

4.2. Relative Coordination Refinement

Interaction motions require both individual semantic coher-
ence (each person’s motion is contextually meaningful) and
synchronized social coordination (movements are respon-
sive and harmonized). To address this, we propose the Rela-
tive Coordination Refinement (REC) module, which refines
multi-person interactions by considering spatial relationships
and mutual influence among characters.

In REC, a coordinator network M. (see Fig. 2) refines the
interaction predictions. We use the Transformer network ar-
chitecture to build the coordinator module. The Transformer
is primarily used to model the spatial and temporal relation-
ships between multiple motion sequences. During training
phase for example, in a two-person interaction as in [20],
the first person’s predicted motion can be refined using the
second’s motion, and vice versa. Let i, be the reference
motion. The refinement process for 1, is as follows:

¢w = Mc(’&am ’aya wu) (9)

where 1, is the motion reconstructed by M via the diffusion
process and is further refined by M, to yield ¢,..

Similarly, we process the reference interaction motion
u, by passing it through the diffusion model M, without
applying any temporal offset. We obtain:

¢y = Mc(ﬂyv P wu) (10)

We model the problem of handling social coordination
as the conditional distribution P(ui,|u,) , where the model
needs to learn how to process the action sequence 1, based
on the spatial information of «,,. We simulate the M, module
as a mechanism that performs translation and rotation on the
spatial positions of s actions, as well as a rationalization
of its trajectory, ensuring that i, can interact appropriately
with .

Therefore, when ¢, represents a reasonable interaction
action relative to 1, we fine-tune 1, conditionally to obtain
¢y. Based on the functional definition of the M. module,
¢y should be infinitesimally close to 1. Based on this, we
define the relative coordination loss as:

ﬁrela(QﬁyauAy) = ||¢y _uAyHQ 1D
The REC loss is formulated as:
ER = AS‘Crela(qs,m uAy) + A4 Edm(¢xa dy) (12)

where Lgy, is the masked joint distance map loss from [20].
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Finally, the overall loss function is:
L=L;+ LR (13)
5. Experiment

Datasets. We conducted experiments on the HumanML3D
[10] single-human dataset and the InterHuman [20] dual-
human dataset. The HumanML3D dataset re-annotates the
AMASS dataset [26] and the HumanAct12 dataset [9], of-
fering a total of 44,970 annotations across 14,616 motion
sequences. The InterHuman dataset is the first dual-human
motion dataset with text annotations, containing 6,022 differ-
ent actions across various human activity types, each action
accompanied by 16,756 unique textual descriptions, using
5,656 different words.

Evaluation Metrics. We follow the evaluation protocol
outlined by [10]. To evaluate the naturalness of the generated
motions, we utilize the Frechet Inception Distance (FID).
R-Precision is employed to assess the alignment between
the generated motions and the text prompt, while Diversity
quantifies the variation within the generated motions. Multi-
modality (MModality) captures the diversity present within a
single text prompt. Finally, Multi-modal distance (MM Dist)
measures the distance between the motion and text feature
representations.

5.1. Implementation Details

During training, we adopt an alternating training strategy
using interleaved data and HumanML3D data. Specifically,
within a single learning process, the model computes the re-
construction loss Ly not only for the single-person data but
also for the data obtained by fusing the single-person data
with InterHuman. This approach ensures that the CMDM
model learns more efficient denoising capabilities from the
single-person data training, as the interleaved data u inher-
ently contains noise from the data processing. For the REC
module, we use transformer.

The diffusion timesteps are set to 1,000, and the DDIM
[35] sampling strategy is used during the inference stage. In
the first stage, the INS module is trained, and the overall
loss function is Liys. In the second stage, the parameters of
the INS module are frozen, and the INC module is trained,
with the total loss being L. The hyperparameters are set as
A1 =1, A = 0.1, A3 = 1, and \y = 0.5. Both training
stages use a learning rate of le — 5, with 2,000 training
epochs for each stage. We use the frozen CLIP-ViT-L-14
model as the text encoder. Our model trains in 31 hours on
a single H100 GPU with a batch size of 256 and 44 GB of
memory. For the data ratio issue between the two datasets,
please refer to the appendix for details.

For the function U(-), we adopt the data representation
method from HumanML3D, where each frame of motion is
represented as a 263-dimensional feature vector. All single-
person and dual-person data are uniformly normalized for

initial positions, orientations, and skeletal frameworks, and
the data are processed into a recursive form.

To make a fair comparison, we benchmarked FreeMo-
tion [6], which is also dedicated to tackling the issues of
number-free motion generation and human-to-human inter-
action. FreeMotion trains its number-free motion generation
model by using InterHuman dataset. As shown in Table 1,
we adopted the same training data format as FreeMotion
and conducted tests on the relevant metrics. At the same
time, since the FreeMotion framework cannot train on single-
human datasets, we used U(+) function at the input stage,
consistent with InterSyn, for processing and training.

5.2. Quantitative Results

Comparisons with state-of-the-art models: We first com-
pare the interaction performances in InterHuman test set. As
in Table 1, our method achieves state-of-the-art performance
across all metrics, demonstrating superior text-to-motion syn-
thesis capabilities. With R Precision scores of 0.335, 0.479,
and 0.584 for top-1, top-2, and top-3 respectively, and a low
FID of 6.332, InterSyn excels in translating textual semantics
into physically plausible interactions. The INS module effec-
tively resolves ambiguities in action descriptions by jointly
modeling individual and interactive motions, ensuring pre-
cise alignment between text prompts and spatiotemporal
dynamics. Notably, our approach outperforms InterGen by
achieving a 25.3% improvement in Top-1 R Precision and
a 50.6% reduction in FID, highlighting its superior capa-
bility in capturing nuanced coordination. Furthermore, our
framework achieves near-real diversity (7.763 vs. 7.748) and
optimal MModality (1.601), confirming its ability to gener-
ate varied yet natural interactions. The REC module enforces
interaction aware constraints while preserving motion vari-
ety, and compared to single-person methods such as MDM,
InterSyn reduces MM Dist by 37.0%, underscoring its effec-
tiveness in synthesizing geometrically coherent multi-actor
motions. Overall, these results validate that interleaved learn-
ing of solo and interactive dynamics—coupled with explicit
coordination refinement—is critical for generating socially
synchronized motions that accurately reflect textual intent
while maintaining human-like naturalness.

Evaluation in Dynamic Environments: Human motion
synthesis must address the inherent complexity of real-world
scenarios where solo actions and social interactions coex-
ist and dynamically interleave. To rigorously evaluate this
capability, we construct an interleaved motion benchmark
unifying HumanML3D and InterHuman test sets, reflect-
ing natural transitions between individual and interactive
behaviors. To avoid alignment issues from fused datasets,
we use a hybrid strategy: single-person and multi-person
evaluators are applied to their respective segments, and for
mixed test sequences, we compute a frame-wise weighted
average of the matching scores. Temporal masking is ap-
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Figure 3. Example of generated interaction motions. By learning from interleaved motions that closely mirror real human dynamics, our
method produces more vivid and natural interactions. Significant interaction regions are highlighted in blue for [6] and in red for our

approach.
R Precision 1 . . . .

Method Top 1 Top 2 Top 3 FID | MM Dist |  Diversity = MModality 1
Real 0.452%:008 (0 g10+-009 (. 710+008 (73007 3755008 7 74R%.064 -
TEMOS [30] 0.224+:010 (0 316+013 (g 450%018  17.375+:043  5340+.015 (939071 0.535+014
T2M [10] 0.238+012 (325010 (464F+014  13769F072 4 731+013 7 (46+-022 1.387+:076
MDM [37] 0.153+012  (.260%:009  (.339+012 g 167056  §.125+.018  7602+045 92 355+.080
ComMDM [34]  0.223%009  (.334+:008 (. 466+010  7069+054  5212+021  7944+038 1.822%:052
InterGen [20]  0.264%096  0.392+:005  (.472%.005  13.404%+200 3. gga+001 7 774050 1.451+034
FreeMotion [6]  0.326F:003  (0.462%-006 (. 544F-006 ¢ 740+ 130 3 848+:002 7 g9g+.130 1.226+046
Ours 0.335+:008 (g 479+.006 (g 5R4+ 008 @G 339+.210 3 Q56005 7 9g3+.052 1 Go+.047

Table 1. Quantitative comparisons on the InterHuman test set. Our method significantly outperforms competing approaches across various

metrics.

plied to boundary frames to prevent bias from transitions.
As shown in Table 2, our method achieves a 6.4% improve-
ment in Top 1 R Precision and 42.1% reduction in FID over
FreeMotion. These gains stem from two points: (1). Inter-
Syn jointly encodes solo and interactive motions within a
unified latent space, enabling seamless transitions between
action types. This eliminates the modality bias observed in

FreeMotion, which processes individual and group motions
through separate pathways, leading to inconsistent seman-
tics during dynamic interleaving (e.g., abrupt posture breaks
when switching from ‘walking alone’ to ‘shaking hands’).
(2). Our method reduces MM Dist by 5.1% through adaptive
kinematic constraints that preserve spatial relationships dur-
ing motion transitions. For instance, it maintains appropriate
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Figure 4. Example of generated interleaved motions. Our method produces realistic and nuanced sequences that closely mimic real-world
scenarios by seamlessly integrating solo actions and interactions. The visualized motions highlight improved fidelity and smooth transitions
compared to prior work. Significant interaction regions are marked in blue for [6] and in red for our approach.

interpersonal distances when synthesizing sequences like
‘sit down — converse — stand up’, where FreeMotion often
introduces implausible body collisions.

The method also achieves a 13.3% higher MModality,
demonstrating its capacity to generate diverse and text-
consistent motions. This is exemplified in scenarios like
‘passing an object while walking’, where our framework pro-
duces varied arm trajectories and walking speeds while en-
suring object transfer completion—a nuance that FreeMotion
fails to capture due to its decoupled motion modeling. No-
tably, our approach attains this without sacrificing diversity,
proving that joint modeling enhances rather than restricts
motion variety. In all, the results validate that interleaved
learning of solo and interactive dynamics is essential for syn-
thesizing motions in real-world environments, where actions
fluidly blend individual intent and social coordination.

Ablation on Data orgnization of INC: As shown in
Table 3, after setting the fixed frame number to 196 for fair
comparison, we conducted experiments using different data
ratios and sequencing schemes for single- and dual-human
interaction data (e.g., s-i-s-i” represents a sequence where
the data alternates between single-person and interactive data
segments). From the table, we can observe that incorporating

more complex and frequently switching data patterns within
a limited time window leads to a decline in the model’s
learning capacity, ultimately resulting in poorer performance.
In contrast, the simpler method (s-i-s””) not only yields better
motion expressiveness but also proves to be more robust and
scalable for long-duration interaction modeling tasks.

Ablation for timestep settings in INC: Based on the
ablation study results in Table 3, we can conclude that the
configuration of t;, = 0, random, t; performs the best across
multiple metrics. It achieves a better balance in Top 1 pre-
cision, Diversity, and MModality compared to other set-
tings like t; = 0,5, = 60 or t; = 0,¢; = 60. Specifically,
in terms of Diversity and MModality, t; = 0, random,;
shows higher values, indicating that it generates more di-
verse and multi-modal action sequences. Therefore, t; =
0, random, t; is considered the optimal configuration, as it
adapts better to different time settings and complex inter-
action tasks, delivering improved model performance and
generation diversity.

Ablations on loss functions: We systematically evaluate
the loss function of InterSyn as in Table 3. In REC, removing
the coordination module (w/o coordinator) severely degrades
performance, with MM Dist increasing by 57.6% and FID
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R Precision 1

Method Top 1 Top 2 Top 3 FID | MM Dist |  Diversity —  MModality 1
FreeMotion [6]  0.280%011  (.381%008 (. 508+:010 (g 791+016 3 go5+002 g 9qq+.091 1.397+-066
ours 0.298+:010 (. 410%-007 (. 508+008 (417+012 3 7(7+.003 g 329+030 7 583+.029

Table 2. Quantitative comparisons on our interleaved motion dataset, constructed by unifying the HumanML3D and InterHuman test sets to
better reflect real-world interactions. Our method demonstrates significant improvements across all evaluated metrics.

R Precision 1

Method Top 1 Top 2 Top 3 FID | MM Dist | Diversity - MDModality 1
s—i—s 0.298+:010 9 410%:007 (. 508+008 (. 417%:012  3707+003 g 329+-030 1.583%:029
S—i—s—1i 0.242+008 (0 301+:010 (477004 (469024 3 958+-011 9 g7(+-056 1.637%:071
i—s—i—s 0.238+ 011 (0.319+:005 () 453003 467+ 04 3.880%020 9 34+038 1.600%:056
s—i—s—i—s 0.115%006 (189+003 (9 267%:003 () §38+055 4436+010 11 493+118 1 g37+.109
i—s—i—s—i 0.116%910 (.204%005 (318007 (.661+024 4.519F015  12.945+064 1 gq7+-050
ti =0,ts = 60 0.301%003  0.411%+:009 (519006 () 429%.009 3 Gg5+.007 g (36+-082 1.416%:052
t; = 0,randomt, 0.283%012 (.398+007 () 503+.004 () 418+020 3710+ 004 g 971+.049 1.479%:037
ts =0,t; = 60 0.310%:095  0.426+005  0.521%F 011 0.423+012 3702005 9102074 1 399+.058
ts = 0,randomt; 0.298%010 (410007 (.508+008 (417012 3 707+003 9 399+.030 1.583%:029
w/o coordinator 0.103+:009 (. 178+008 () 335+021 () g47+-104 5 840+018 17 o7p+142 1 g37+-044
W/0 Lrela 0.283+023  (.393+.012 (0 511+ 015 (5374021 3838+.007 9 370+ 072 1.543%:059
W/0 Lsmootn 0.295%:020 .399%:008  0.509%013  0.431F031  3.712%018 93125058 1 544+.037

Table 3. Ablation study evaluating the impact of data organization for interleaved motion, INC timestep settings, and loss function designs.

by 103.1%. This demonstrates the module’s critical role in
improving the interaction motions. Moreover, disabling L,
reduces Top 1 R Precision by 5.0%, revealing its specific
function in aligning mutual dynamics of multi-character in-
teractions (e.g., maintaining proper arm positions during
“hugging” actions). While ablation of Lgneom Shows mini-
mal metric impact (+3.4% FID), qualitative analysis reveals
jittery transitions in motion sequences (e.g., abrupt footplant
shifts during gait changes), confirming its role in ensuring
natural motion flow.

5.3. Qualitative Evaluation

Visualization of Interaction Motions: Our proposed
method demonstrates significant improvements over the
baseline FreeMotion approach, as evidenced by the visual
results. The visualizations clearly highlight the enhanced
performance in generating more natural interactions and bet-
ter text matching. As shown in Fig. 3 and Fig. 4, the free
motion model still exhibits significant deficiencies in gen-
erating interactive motions for two-person actions, and its
framework does not generalize well to dual-agent motion
interaction tasks. In contrast, InterSyn generates motions
with higher text matching accuracy, whether using single-
person or two-person text inputs. Furthermore, the results
demonstrate that InterSyn achieves controllability over the
generated outcomes through ¢; and ¢, allowing for the cus-

tomization of motion sequence details and the generation of
corresponding actions.

Visualization on Dynamic motions: Using the design
structure of the coordinator, the model is able to extend the
generation of two-person motions to multiple agents during
the generation phase. The final results and discussion can be
found in the appendix.

6. Conclusion

In this paper, we introduced Interleaved Learning for Mo-
tion Synthesis (InterSyn), a novel framework that unifies
the generation of dynamic interaction motions by seamlessly
integrating single-person and multi-person dynamics. Our ap-
proach leverages the Interleaved Interaction Synthesis (INS)
module to jointly model motion, capturing the fluid transi-
tions between solo and interactive behaviors, and the Relative
Coordination Refinement (REC) module to fine-tune inter-
dependent interactions, ensuring semantic coherence and
social synchronization. Extensive experiments validate that
InterSyn produces more realistic and nuanced interaction
motions than state-of-the-art methods.
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