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Abstract. Generating temporally continuous and socially coherent hu-
man motion from text remains a fundamental challenge, particularly in
realistic streams where people act alone, enter interactions, and later dis-
engage. Most existing methods generate fixed-length motion clips under
static agent configurations, which makes them brittle to solo–social tran-
sitions and unsuitable for incremental generation over long horizons. We
propose ARMS, an Anchor–Relational Motion Streaming framework that
unifies solo motion and human–human interaction within a single causal
generative process. ARMS introduces a dynamics-asymmetric represen-
tation that decouples per-person temporal evolution from inter-person
alignment via a partner-referenced relative-translation term, enabling
seamless switching of social coupling without sacrificing long-horizon
stability or spatial consistency between agents. On top of a causal la-
tent space, a causal relational diffusion model progressively refines mo-
tion segment by segment using only past context, capturing both intra-
person temporal dependencies and inter-person relations. Mode-aware
relational gating activates or masks cross-agent connections, allowing
the same model to support both solo and interaction generation. Ex-
periments show that ARMS improves transition smoothness and social
coherence compared to interaction-centric baselines, while also achieving
competitive results on human–human interaction benchmarks.

Keywords: Human motion generation · Human–human interaction ·
Autoregressive models

1 Introduction

Text-driven human motion generation aims to synthesize human motion trajec-
tories from natural language descriptions. Most existing models treat motions as
short and self-contained clips rather than continuous and socially coherent be-
haviors [36,41]. However, in realistic settings, individuals may act alone, engage
with others, or transition between solo and interactive behaviors [5, 8, 20]. The
ability to generate such dynamic long-horizon behaviors is essential for applica-
tions including animation, virtual agents, robotics, and immersive environments.
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“A person is 
running forward”“A person is walking forward”

“A person is 
standing still”

“A person sits on a chair”

“A person turns back” “A person walks forward”

1. “They greet each other by bowing.”
2. “One takes a step forward with 
the right foot and punches”

Fig. 1: ARMS generates long-horizon motion streams from evolving textual instruc-
tions, enabling seamless transitions between solo behavior and human–human interac-
tion within a single generative process. In this example, two individuals approach each
other, engage in multiple interactions (e.g., greeting and fighting), and then disengage
to continue with independent actions, without resetting or reinitializing generation.

Despite recent progress in human–human interaction generation, existing
methods are typically designed to produce fixed-length motion clips in a sin-
gle pass [41]. This design conflicts with realistic social behavior, where interac-
tions emerge, evolve, and dissolve without fixed temporal boundaries. Moreover,
most approaches are tailored to a fixed agent configuration, modeling either solo
motion or interaction using separate frameworks [5,8,20]. As a result, they strug-
gle to support solo–social transitions in a temporally incremental setting, often
causing boundary discontinuities or relational drift over long horizons.

Generating socially coherent motion in an incremental setting is challenging
because the model must preserve temporal coherence for each individual while
maintaining consistent inter-person relationships over extended horizons [6, 19].
Supporting streams that evolve between solo and two-person interaction further
requires the model to accommodate changes in active agents and social coupling
within a unified generative process.

To address these challenges, we propose ARMS (Anchor–Relational Motion
Streaming), a causal autoregressive diffusion framework for temporally incre-
mental human motion and interaction synthesis under changing one-/two-person
social configurations. ARMS is built on a novel dynamics-asymmetric represen-
tation that unifies solo and interactive motions. The key is a partner-referenced
relative-translation term that controls when inter-person coupling is represented.
The term is inactive for solo motion and for the Anchor stream, but instantiated
as the partner-relative displacement for the Relational stream during interaction.
This design enables unbounded causal extension while avoiding global-coordinate
drift, and preserves stable inter-person geometry when interactions emerge.

To enable streaming generation, motion sequences are first encoded into a
temporally compressed latent space. Crucially, the same causal temporal autoen-
coder encodes all individual motions, both in solo scenes and as components of
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interactions, under the proposed Anchor–Relational representation. Building on
a causal autoregressive diffusion backbone, we introduce mode-aware relational
gating masks that realize appropriate causal relational attention in both solo and
interaction modes. Dynamic history conditioning further improves long-horizon
consistency by attending to variable-length past context. Our contributions are:

– We formulate temporally incremental motion synthesis under one-/two-person
social configuration changes, unifying solo behavior and human–human inter-
action within a single streaming process that supports seamless solo–social
transitions.

– We propose a dynamics-asymmetric Anchor–Relational motion representa-
tion with a partner-referenced relative-translation term, enabling configuration-
agnostic learning from both solo and interaction data while using a shared
causal temporal autoencoder for individual motion encoding.

– Building on an autoregressive diffusion backbone, we instantiate the denoiser
as a causal relational transformer and introduce mode-aware relational gating
masks with dynamic history conditioning, enabling incremental generation
while preserving temporal coherence and stable inter-person geometry.

2 Related Work

Human motion generation has been widely studied under various conditioning
modalities, including action labels [15, 30], audio signals [3, 9, 12, 18, 21], scene
context [8,20,25,43,54], and natural language [11,13,14,17,31,44,56]. We focus
on text conditioning for its flexibility and accessibility [8, 27,56].
Human–Human Interaction Generation. Early motion generation pri-
marily focused on single-person dynamics without social interactions. Building
upon a pretrained single-person diffusion model, ComMDM [38] extends it to
two-person generation by learning a lightweight communication module, while
RIG [42] and InterGen [19] introduce cooperative diffusion denoisers with two
shared-weight Transformer branches. To enhance interaction diversity, in2IN [33]
and MixerMDM [34] augment interaction modeling with additional single-person
motion data, while Text2Interact [47] introduces a scalable synthesis-by-composition
pipeline with fine-grained word-level conditioning. TIMotion [46] explicitly struc-
tures interaction dynamics along a temporal sequence to better capture evolving
inter-person dependencies. Beyond continuous diffusion, InterMask [16] formu-
lates interactions in a discrete 2D VQ space with masked modeling, and So-
cialGen [50] aligns motion and language tokens to extend interaction modeling
toward multi-human social scenarios.

Despite these advances, many interaction models remain optimized for fixed-
length synthesis from a static prompt, and do not support incremental extension.
Moreover, most interaction methods assume a fixed two-person setting and do
not address solo–social mode switching in evolving streams, where agents may
approach, interact, and disengage without restarting generation. This leaves open
the problem of unified streaming motion synthesis that preserves both per-person
temporal coherence and stable inter-person geometry across transitions.
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Long-horizon Motion Generation. Recent works extend motion generation
beyond isolated short clips toward long-horizon or sequential synthesis [4,32,43,
48,52,53,57]. Several methods perform autoregressive diffusion for real-time con-
trol, generating motion incrementally from past states, including CAMDM [10],
A-MDM [39], and PRIMAL [52]. CLoSD [43] and DART [53] formulate motion as
autoregressive segments, while InfiniDreamer [57] explores arbitrarily long mo-
tion synthesis via segment refinement and score distillation. MotionStreamer [48]
operates in a continuous causal latent space with a temporally causal autoen-
coder and strictly causal masking. Most long-horizon autoregressive methods are
developed for single-person motion generation [13]. Recent interaction extensions
such as Interact2Ar [35] and HINT [22] extend diffusion-based interaction models
to the autoregressive setting via sliding-window generation. Interact2Ar incor-
porates a memory mechanism to reuse past motion features, while HINT adopts
hierarchical conditioning in a canonicalized latent space, which can introduce
discontinuities across segments.

Overall, existing approaches either generate human–human interactions within
fixed-length clips, or extend motion synthesis to long horizons primarily for
single-person scenarios. Autoregressive interaction extensions typically still as-
sume a fixed agent configuration and focus on maintaining continuity within that
regime. Consequently, streaming generation under changing one-/two-person so-
cial configurations remains largely unexplored.
Interactive Motion Representation. Motion representation is critical for
both motion quality and long-horizon stability in human motion generation.
Most single-person motion generation methods adopt canonicalized represen-
tations derived from HumanML3D [13], expressing motion in a root-centered
coordinate system with frame-to-frame relative updates. Such incremental for-
mulations simplify learning and naturally support temporally extensible genera-
tion [43,48]. Several interaction models extend this paradigm by introducing ini-
tial relative transformations between agents [38,50], but accumulated incremen-
tal updates can introduce spatial drift that disrupts inter-person alignment [19].
To avoid this issue, InterGen [19] models motion in global coordinates to ex-
plicitly preserve spatial relations between agents, which improves alignment but
constrains motion generation to the coordinate distributions observed during
training and limits their compatibility with open-ended or temporally extensi-
ble synthesis. HINT [22] mitigates drift by generating short motion segments in
a canonicalized latent space, but segment-wise canonicalization introduces dis-
continuities that cause jittery transitions. DuetGen [12] instead represents two-
person motion as a unified long feature sequence that jointly encodes canonical-
ized motion and relational features, but is limited to fixed two-person scenarios
and increases dimensionality.

These designs highlight a fundamental tension in interaction representation:
maintaining stable inter-person spatial relations while enabling temporally ex-
tensible generation. A shared representation that supports causal encoding and
autoregressive rollout, preserves interaction geometry, and enables seamless solo–
social transitions within a unified streaming process remains underexplored.
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Fig. 2: We encode motion into causal latent streams for the Anchor and Rela-
tional agents, concatenate them, and apply symmetric segment-wise noising. A text-
conditioned Causal Relational Diffusion Transformer denoises the sequence using
segment-wise causal attention and mode-aware relational gating masks, enabling cross-
agent visibility for interaction and masking it for solo motion.

3 Method

3.1 Problem Formulation

As shown in Fig. 1, we address the task of streaming motion generation under
changing one-/two-person social configurations, where textual instructions arrive
incrementally, with one text remaining active until replaced by a new one. Let
T = {τ1, τ2, . . . } denote the ordered instruction stream, and β(t) the index of
the instruction active at timestep t, inducing change points that partition the
timeline into variable-length intervals. At each timestep t, the model generates
the motion states of all active agents:

{x(i)
t }Nt

i=1, (1)

where Nt ∈ {1, 2} denotes the number of active agents at time t. We denote the
generated motion history before t as

H<t = {x(i)
t′ | t′ < t, ; i = 1, . . . , Nt′}, (2)

where the number of active agents in the history may vary over time. The ob-
jective is therefore to learn a causal generative model that produces motion
incrementally,

p
(
{x(i)

t }Nt
i=1 | H<t, τβ(t), Nt

)
, (3)

while preserving long-horizon temporal coherence within each individual and
maintaining relational consistency whenever interactions are present.
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3.2 Motion Representation with Asymmetric Dynamics

Streaming motion generation commonly adopts canonicalized incremental fea-
tures that enable temporally extensible synthesis, but these representations can
accumulate spatial drift over long horizons. In contrast, interaction models often
operate in global coordinates to preserve inter-person alignment, at the cost of
restricting generation to coordinate distributions observed during training. To
balance these trade-offs, inspired by [12, 19], we adopt a dynamics-asymmetric
representation that separates incremental temporal dynamics from relational
dynamics within a shared motion state. The key is a partner-referenced relative-
translation term that controls when inter-person coupling is represented: it is
set to zero for solo motion (and for the Anchor stream), and instantiated as the
relative displacement to the partner for the Relational stream during interaction.
This design preserves temporally extensible causal rollout while maintaining sta-
ble inter-person spatial geometry whenever interactions are present.
Per-frame state definition. We adopt a coordinate system with axes defined
as x-left, y-up, and z-forward. At each timestep t, the motion state of an agent
is defined as

xt =
[
ryawt ,vxz

t ,∆xz
t ,plocal

t , ṗlocal
t ,qt, ct

]
, (4)

where ryawt = [sin(θt), cos(θt)] ∈ R2 encodes the root yaw orientation to stabi-
lize long-horizon integration and avoid angular discontinuities. The root linear
velocity vxz

t ∈ R2 and the relational displacement ∆xz
t ∈ R2 are defined on the

world-frame xz-plane. Joint positions plocal
t ∈ RJ×3 and velocities ṗlocal

t ∈ RJ×3

are expressed in the root-local frame. Joint rotations qt ∈ RJ×6 adopt the con-
tinuous 6D rotation representation [55] for all J non-root joints. Foot-contact
indicators ct ∈ R4 encode binary contact states for four predefined foot joints.
Asymmetric motion dynamics. Although both agents share the same state
formulation, the two motion dynamics are instantiated asymmetrically during
generation. We designate one agent as the Anchor Agent (A), which models
canonical temporal dynamics, and the other as the Relational Agent (R), which
explicitly encodes relational alignment. For the Anchor branch, the relational
displacement is fixed:

∆
(A)
t = 0, (5)

which ensures that the Anchor motion is modeled independently of inter-agent
spatial relations and remains compatible with solo motion generation. The global
root position P

(A)
t is obtained via integration of vxz

t over time. The Relational
branch encodes interaction dynamics. It stores the root translation offset ∆

(R)
t

with respect to the Anchor agent. Its global root position is reconstructed as

P
(R)
t = P

(A)
t +∆

(R)
t . (6)

Restricting global integration to a single branch prevents independent integration
errors that cause drifting global trajectories and unstable inter-agent alignment.
Both agents retain identical state space, which enables architectural symmetry
and parameter sharing. Notably, when the relational displacement is inactive, the
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Anchor branch alone reduces to canonical incremental motion modeling, making
the formulation naturally compatible with solo motion generation.

3.3 Causal Temporal AutoEncoder

Long-horizon autoregressive generation in high-dimensional motion space is com-
putationally costly and prone to drift. Following the causal compression paradigm
introduced in [48], we adopt a causal variational autoencoder to compress mo-
tion into a temporally causal latent space, where each latent depends only on
past frames and supports incremental decoding during streaming generation.
The model is a temporal variational autoencoder composed of 1D causal convo-
lution and residual blocks in both encoder and decoder. Given a motion sequence
xt

T
t=1 for a single agent, the encoder produces temporally downsampled Gaussian

parameters µk,σ
2
k
T/l

k=1, where l is the temporal downsampling factor. Latent vari-
ables zk ∈ Rd are sampled via reparameterization, forming a continuous causal
latent sequence z1:T/l. For latent timestep k, we denote by z≤k the causal latent
prefix available up to that timestep. The decoder reconstructs motion from the
causal latent prefix z≤k.

For interaction modeling, the same autoencoder is applied independently to
each agent branch with shared weights. The motion of each individual is encoded
identically whether it appears in a solo sequence or as part of an interaction under
our Anchor–Relational representation. This yields a unified latent space while
preserving independent temporal encoding for different agents.

3.4 Causal Relational Diffusion

Let z(A)
k ∈ Rd and z

(R)
k ∈ Rd denote the causal latents at latent timestep k for the

Anchor and Relational agent, respectively. For a window of length L latent steps
per agent, where L denotes the maximum context size, we form a single ordered
latent stream by concatenating the two agent streams into a single sequence:

z1:2L =
[
z
(A)
1:L ; z

(R)
1:L

]
. (7)

Segment-wise causal noising in latent space. Following diffusion forcing [7],
we adopt a temporally structured noise schedule such that earlier latent segments
are assigned lower noise levels than later ones. This creates a progressive cer-
tainty gradient along the temporal axis, encouraging committed refinement of
past frames while preserving flexibility for future ones. Instead of assigning in-
dependent noise levels for every latent timestep, we partition the latent timeline
into contiguous non-overlapping segments of size S, where S denotes the number
of latent steps in each segment. All latent steps within the same segment share a
common noise level. Let s(k) = ⌈k/S⌉ denote the segment index for timestep k,
and let αs ∈ [0, 1] denote the noise level associated with segment s. The noised
latent at timestep k is constructed as

z̃k = αs(k) zk + (1− αs(k)) ϵk, ϵk ∼ N (0, I). (8)
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Segment-wise noise sharing enforces joint refinement over short temporal seg-
ments rather than isolated latent steps. This increases the effective temporal
context at each diffusion stage and improves local motion consistency. For the
two-agent latent stream z1:2L, segments corresponding to the same timestep of
each agent share identical noise levels. This symmetric assignment ensures that
the Anchor and Relational branches are refined at the same temporal stage,
which stabilizes interaction dynamics during diffusion.
Relational diffusion denoiser. The denoiser is built upon the causal diffusion
architecture proposed in [51]. As shown in Fig. 2, the noised latent stream z̃1:2L
is processed by a stack of transformer layers that jointly model temporal dynam-
ics and inter-agent relations under a segment-wise causal attention mechanism.
Noise levels are first embedded and injected into each transformer layer through
timestep-conditioned adaptive layer normalization (AdaLN) [29]. Self-attention
is then applied with rotary positional encoding (RoPE) [40] along the temporal
dimension to preserve ordering under incremental extension. To enforce tempo-
ral causality and relational reasoning, we apply a segment-wise causal relational
attention mask to the self-attention logits.

Let q, r ∈ {1, . . . , 2L} index query and key positions in the concatenated
latent stream. For any position u, we denote by a(u) ∈ {A,R} its agent identity
and by k(u) ∈ {1, . . . , L} its per-agent latent timestep. Timesteps are grouped
into segments of size S with segment index

s(u) =

⌈
k(u)

S

⌉
. (9)

The relational attention mask is defined as

Mqr =

{
0, s(r) ≤ s(q) ∧ Γ

(
a(q), a(r)

)
= 1,

−∞, otherwise .
(10)

This formulation ensures that each query attends only to its own, past segments,
and optionally cross-agent segments, preventing future leakage. Γ (·, ·) is a mode
gate that controls cross-agent visibility and is defined as

Γ (a(q), a(r)) =

{
1, interaction mode,
1[a(q) = a(r) = A], solo mode.

(11)

In solo mode, only the Anchor tokens remain visible, while Relational tokens are
ignored. After the self-attention, text instructions are encoded using a frozen
DistilBERT encoder [37], producing token embeddings that are linearly pro-
jected to the model dimension and incorporated via cross-attention in every
transformer layer. This design allows latent vectors to condition on the active
textual instruction while maintaining temporal causality in the motion stream.
The overall denoiser predicts velocity-like residuals [24] for all latent steps jointly:

vθ = Fθ(z̃1:2L, ϕ(s), c,M) , (12)
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where ϕ(s) denotes embedded segment noise levels, c the text features, and M
the mode-aware relational gating mask.
Inference. At inference time, we generate motions by progressively refining la-
tent segments under a temporally offset noise schedule [7,51]. Let K denote the
number of diffusion refinement iterations and δ the refinement offset between
adjacent segments. Segment i+ 1 begins denoising δ refinement steps after seg-
ment i. Under this schedule, earlier segments become deterministic sooner while
later segments remain partially noisy and continue to be refined. This over-
lapping denoising avoids hard segment boundaries and improves efficiency com-
pared to strictly sequential autoregressive refinement. For continuous generation,
we adopt variable-length history conditioning during inference. Under the same
prompt, the full context window L is preserved to maintain long-range tem-
poral coherence. When the textual instruction changes, we retain only a short
history H of previously generated latents while replacing the conditioning text
embedding c for future segments. This reduced history provides sufficient motion
context for transition while allowing the model to adapt smoothly to the new
instruction. Agent configurations can also change dynamically during inference.
When generating solo motion, the Relational branch is masked through Γ (·, ·),
reducing the model to a single-agent generator. When transitioning to interac-
tion, the Relational branch is activated and initialized either from noise or from
encoded relative dynamics derived from existing motion. Unless otherwise stated,
we initialize the Relational branch from noise at interaction onset. Details of the
exact inference procedure are provided in the supplementary material.

4 Experiments

4.1 Experimental Setup

Dataset. We use HumanML3D [13] for single-person motion and InterHu-
man [19] for two-person interactions. We adopt a 272-dimensional representation
variant of the HumanML3D dataset used in [48] for better compatibility with
InterHuman. It contains 26,846 motion sequences derived from the AMASS [23]
dataset, each paired with three textual descriptions. InterHuman consists of
7,779 two-person interaction sequences with 23,337 textual descriptions. Since
HumanML3D and InterHuman adopt different motion representations, we con-
vert both datasets into our shared Anchor–Relational representation for training.
This conversion is deterministic and invertible. For evaluation, generated motions
are converted back to the native representation of each dataset before comput-
ing metrics, strictly following standard evaluation protocols. We train a unified
model jointly on HumanML3D and InterHuman for cross-scenario streaming mo-
tion generation, while training dataset-specific models on InterHuman for fair
comparison in interaction generation evaluation.

Following prior work [16], we additionally report results on InterX [49] to as-
sess cross-skeleton generalization. InterX follows the SMPL-X [28] representation
and contains 11,388 motion sequences, each paired with three textual descrip-
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Table 1: Quantitative evaluation on the InterHuman test sets. Values are re-
ported with 95% confidence intervals. The arrow → indicates that performance closer
to ground truth is preferred. Best and second-best are bold and underlined.

Method
R Precision↑

FID↓ MM Dist↓ Diversity→
Top 1 Top 2 Top 3

Ground Truth 0.452±.008 0.610±.009 0.701±.008 0.273±.007 3.755±.008 7.948±.064

T2M [13] 0.238±.012 0.325±.010 0.464±.014 13.769±.072 5.731±.013 7.046±.022

MDM [45] 0.153±.012 0.339±.012 0.339±.012 9.167±.056 7.125±.018 7.602±.045

ComMDM [38] 0.223±.009 0.334±.008 0.466±.010 7.069±.054 6.212±.021 7.244±.038

RIG [42] 0.285±.010 0.409±.014 0.521±.013 6.775±.069 4.876±.018 7.311±.043

InterGen [19] 0.371±.010 0.515±.012 0.624±.010 5.918±.079 5.108±.014 7.387±.029

MoMat–MoGen [5] 0.449±.004 0.591±.003 0.666±.004 5.674±.085 3.790±.001 8.021±.350

in2IN [33] 0.425±.008 0.576±.008 0.662±.009 5.535±.120 3.803±.002 7.953±.047

InterMask [16] 0.449±.004 0.599±.005 0.683±.004 5.154±.061 3.790±.002 7.944±.033

Text2Interact [47] 0.483±.005 0.638±.005 0.717±.005 5.191±.055 3.778±.001 7.900±.030

HINT [22] 0.432±.004 0.587±.004 0.672±.004 3.100±.035 3.796±.001 7.898±.023

TIMotion [46] 0.501±.005 0.656±.006 0.734±.006 4.702±.069 3.769±.001 7.943±.034

Ours (full-window generation) 0.529±.008 0.690±.008 0.764±.004 4.436±.069 3.763±.002 8.089±.059

Ours (streaming generation) 0.492±.004 0.647±.005 0.723±.005 4.444±.068 3.778±.001 8.017±.026

tions. To ensure compatibility with our model, we convert the InterX motions
into the same anchor–relational representation used for training.
Implementation details. The causal temporal encoder downsamples the mo-
tion sequences by a factor of 4, producing latent tokens with dimension 64. The
motion generation model is implemented as a causal relational diffusion trans-
former with 8 layers, a hidden dimension of 512, 4 attention heads, a maximum
context length of L = 75, and a segment size of S = 5. Text conditions are ex-
tracted using a frozen DistilBERT encoder. We train the denoiser with a batch
size of 64 and a maximum sequence length of 300 frames, i.e., 75 latent tokens,
for 500 epochs. Optimization uses AdamW with learning rate 2 × 10−4, betas
(0.9, 0.99), and weight decay 1× 10−5. We employ flow matching [1,2,24] as the
ODE sampler in causal diffusion forcing. During inference, we perform K = 50
denoising steps, and the refinement offset δ is set to 5.

4.2 Quantitative Evaluation on Interaction Generation

We evaluate human–human interaction generation capability of ARMS under the
standard benchmark setting. We follow evaluation protocols in text-to-motion
generation using the pretrained text–motion retrieval evaluator adopted in prior
work [16, 19]. We report: (1) R-Precision, the retrieval accuracy of the ground-
truth motion given a text query; (2) MM Dist, the average embedding distance
between generated motions and their paired captions; (3) FID, the Fréchet dis-
tance between feature distributions of generated and real motions; and (4) Di-
versity, the average pairwise distance among generated motions. All methods are
evaluated under identical settings as prior work for fair comparison.
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Table 2: Quantitative evaluation on the InterX test sets. Values are reported with
95% confidence intervals. The arrow → indicates that performance closer to ground
truth is preferred. Best and second-best results are bold and underlined.

Method
R Precision↑

FID↓ MM Dist↓ Diversity→
Top 1 Top 2 Top 3

Ground Truth 0.429±.004 0.626±.003 0.736±.003 0.002±.0002 3.536±.013 9.734±.078

T2M [13] 0.184±.010 0.298±.006 0.396±.005 5.481±.382 9.576±.006 2.771±.151

MDM [45] 0.203±.009 0.329±.007 0.426±.005 23.701±.057 9.548±.014 5.856±.077

ComMDM [38] 0.090±.002 0.165±.004 0.236±.004 29.266±.067 6.870±.017 4.734±.067

InterGen [19] 0.207±.004 0.335±.005 0.429±.005 5.207±.216 9.580±.011 7.788±.208

InterMask [16] 0.403±.005 0.595±.004 0.705±.005 0.399±.013 3.705±.017 9.046±.073

TIMotion [46] 0.412±.004 0.601±.004 0.714±.003 0.385±.022 3.706±.015 9.191±.092

Interact2Ar [35] 0.441±.00 0.631±.00 0.737±.00 0.148±.01 3.581±.01 9.147±.06

HINT [22] 0.386±.005 0.572±.004 0.682±.003 0.278±.012 4.007±.016 8.886±.066

Ours (streaming generation) 0.479±.005 0.679±.005 0.780±.003 0.279±.010 3.405±.016 9.399±.064

We evaluate our model under two inference regimes. Full-window genera-
tion performs diffusion over the entire motion window in a single denoising
process. Streaming generation adopts our causal segment-wise refinement sched-
ule and incrementally synthesizes motions. Table 1 reports quantitative results
on the InterHuman test set. Our full-window generation variant achieves the
best overall performance among all compared methods, indicating superior text–
motion alignment and realism. In the streaming generation setting, ARMS main-
tains strong quality (FID 4.44, MM Dist 3.78), with lower R-Precision due to
compounding uncertainty over long incremental rollouts. Importantly, stream-
ing generation enables long-duration motion synthesis beyond fixed-length clips
while maintaining comparable realism and alignment quality.

Table 2 presents results on InterX. Our streaming generation model outper-
forms other models on all metrics. Notably, the improved R precision and diver-
sity demonstrates the strong text–motion alignment and rich motion variation.
These results indicate that our formulation generalizes effectively across different
skeletal definitions, without being specialized to a specific joint configuration.

4.3 Motion Streaming: Qualitative Evaluation

We present qualitative results on long-duration interaction synthesis and cross-
scenario generalization. Fig. 3 compares our method with the adapted Inter-
Mask. In extended sequences, InterMask often exhibits unnatural spatial shifts
during interaction transition. In contrast, our method achieves smooth transi-
tions between sub-actions, maintains consistent relative positioning, and pre-
serves semantically aligned interaction evolution over time, demonstrating im-
proved stability in long-duration interaction synthesis. Fig. 4 and Fig. 5 further
illustrate results of three cross-agent scenarios: (1) a solo motion transitions into
a human–human interaction; (2) an interaction evolves into another; and (3)
an interaction resolves back into a single-person motion. In all cases, motions
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InterMask ARMS (ours)

“Two people face each 
other and aim their swords 
at one another.”

“One spreads arms while 
expressing their perspective 
to the other person.”

InterMask ARMS (ours)

“One person salutes while 
the other turns around and 
walks away.”

“One person walks forward 
until they stand face to face.”

Sudden jump
Smooth transition

“Turns around 
and walks 

away.”

Smooth transition to 
“walks forward.”Not “turns around.”

Unatural 
displacement 

during transition

Fig. 3: Qualitative comparison of long-duration interaction synthesis. Compared to
InterMask, our method generates smoother temporal transitions, avoids abrupt motion
discontinuities, and preserves coherent interaction dynamics across extended sequences.

“A person 
walks forward”

“One pivots and lifts 
their right leg to strike”

“One pivots and 
lifts their right 
leg to strike”

“They show 
respect to each 
other by bowing 
their heads.”

“They show 
respect to each 
other by bowing 
their heads.”

"A person walks 
backward”

“A person 
turns around”

“A person 
walks forward”

Fig. 4: Qualitative results of streaming motion generation. From left to right, we show:
(1) solo motion transitioning into human–human interaction, (2) interaction evolving
into a different interaction, and (3) interaction resolving back into solo motion. All
sequences are generated in a streaming manner without resetting the latent state.

are generated continuously under incremental text updates. The model produces
smooth transitions between different scenarios within a single framework, while
maintaining temporal coherence and spatial consistency.

4.4 Motion Streaming: Quantitative Evaluation

We adopt the jerk-based metrics introduced in FlowMDM [4]. Jerk is defined as
the time derivative of acceleration, which is sensitive to abrupt motion changes.
Peak Jerk (PJ) measures the maximum instantaneous jerk magnitude across
all joints, capturing extreme discontinuities, while Area Under the Jerk (AUJ)
accumulates deviations from the average jerk over time, reflecting persistent
smoothness irregularities. For transition evaluation, PJ and AUJ are computed
within a 2-second temporal window centered at the behavior transition point.
We evaluate two long-horizon streaming scenarios: (1) continuous interaction
generation and (2) transitions between solo motion and interaction. Since no
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“A person walks 
while slowly 
swinging their 
arms.”

“One pulls the 
sword back and 
takes a step away”

“A person picks 
something up, 
places it down, and 
walks back.”

“A person slowly 
waves with their 
right hand.”

“A man steps 
to the right 
steps”

“They are 
practicing the 
art of fencing”

“A person throws 
something”

“A person is standing still.”

“The two are 
shoving each 
other.”

“A person crawls”

“A man sits. Then 
gets up and 
walks away.”

Fig. 5: Qualitative results of dynamic social motion streaming generation.

Table 3: Quantitative comparison on continuous multi-segment streaming generation.

Method
Solo ↔ Interaction Interaction ↔ Interaction

Transition Subsequence Transition
PJ → AUJ↓ R@Top3↑ FID↓ PJ → AUJ↓

Ground truth 0.046±.000 0.672±.000 0.643 ±.015 8.344±.524 0.074±.000 0.584±.000

InterMask (Inpainting) [16] – – 0.631±.012 28.554±.329 0.269±.002 22.562±.057

InterMask (Adapted) [16] 3.131±.046 7.444±.093 0.557±.017 32.307±.562 0.265±.003 22.440±.043

Ours (Streaming generation) 0.077±.001 1.070±.005 0.509±.016 30.620±.561 0.071±.001 2.925±.010

standardized benchmark exists for these tasks, we construct evaluation sequences
from the InterHuman and HumanML3D test sets.

For interaction streaming, we randomly sample 64 groups of interaction de-
scriptions and generate sequences composed of eight consecutive interaction seg-
ments using streaming inference. To analyze both transition quality and semantic
fidelity, we report jerk-based transition metrics together with standard motion
generation metrics computed on the individual interaction subsequences. For
comparison, we adapt the state-of-the-art method InterMask [16] to support
history-conditioned generation by feeding previously generated frames as un-
masked prefix tokens. As shown in Table 3, InterMask with inpainting achieves
the best R@Top3 and FID on the interaction subsequences. However, we observe
that this behavior arises because the model effectively starts a new motion con-
ditioned on the next prompt rather than generating a smooth transition from the
preceding motion. In contrast, our streaming model explicitly enforces temporal
continuity across segments. As a result, the generated motion gradually adapts
to satisfy the new textual condition, which slightly reduces semantic alignment
on the isolated subsequences but produces substantially smoother long-horizon
motion. In addition, the initial interaction state of each sequence in our gener-
ation is conditioned on the previously generated sequence, whereas InterMask
initializes each segment from a newly generated starting pose that may exhibit
foot sliding. These results show that our method significantly reduces motion
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Table 4: Ablations on model design and inference hyperparameters.

Methods Interaction generation Transition
R@Top3 ↑ FID↓ PJ → AUJ↓

Ground truth 0.701±.008 0.273±.007 0.074±.000 0.584±.000

w/ InterGen representation 0.723±.004 4.553±.065 0.130±.001 3.367±.022

w/o autoregressive 0.764±.004 4.436±.069 0.114±.006 3.209±.024

Segment size S = 1 0.674±.005 6.832±0.115 0.131±.003 3.353±.079

Segment size S = 3 0.718±.005 4.445±.052 0.070±.001 2.708±.011

Segment size S = 10 0.729±.005 4.600±.064 0.082±.001 2.980±.008

Latent dim d = 32 0.707±.004 4.407±.080 0.115±.001 2.894±.015

Latent dim d = 128 0.695±.005 4.969±.082 0.076±.001 2.873±.016

Sampling timesteps K = 10 0.722±.005 4.731±.068 0.105±.001 3.064±.008

Sampling timesteps K = 20 0.719±.005 4.500±.073 0.078±.001 2.975±.009

Refinement offset δ = 1 0.728±.005 4.537±.079 0.082±.001 2.890±.010

Refinement offset δ = 3 0.726±.005 4.486±.074 0.075±.001 2.919±.011

Refinement offset δ = 10 0.730±.005 4.599±.064 0.069±.001 2.968±.010

Refinement offset δ = 50 0.662±.004 8.645±.110 0.065±.001 3.068±.013

Ours 0.723±.008 4.446±.116 0.071±.001 2.925±.010

discontinuities compared with the InterMask baseline, achieving lower PJ (0.071
vs. 0.265) and AUJ (2.925 vs. 22.440).

For solo–interaction transitions, we randomly construct 64 sequences consist-
ing of a single-person motion, followed by an interaction motion, and another
single-person motion. We adapt and retrain InterMask on HumanML3D and
InterHuman datasets to support both solo and duo generation by masking the
second agent before interaction onset and activating it during the duo phase. As
shown in Table 3, the adapted InterMask baseline exhibits large discontinuities
at the solo-to-interaction boundary, with PJ/AUJ of 3.131/7.444, while ARMS
remains close to ground truth with 0.077/1.070. This gap reflects the difficulty of
abruptly synthesizing a globally consistent two-person configuration after sup-
pressing the second agent, whereas ARMS keeps the Anchor stream causally
continuous and introduces the second agent through the Relational branch.

4.5 Ablation Study

We conduct ablation studies to analyze the contribution of key design compo-
nents and the sensitivity to critical hyperparameters. Results are summarized in
Table 4. Replacing our Anchor–Relational representation with InterGen’s non-
canonical formulation [19] slightly improves interaction alignment, but signifi-
cantly degrades transition smoothness, confirming that globally anchored model-
ing weakens long-horizon stability. Removing the autoregressive streaming mech-
anism achieves the best single-window interaction metrics, yet increases transi-
tion jerk. Setting segment size S = 1, i.e., disabling joint latent refinement within
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segments, substantially degrades interaction realism and increases jerk, indicat-
ing insufficient temporal coupling. Moderate segment sizes achieve the best bal-
ance, whereas larger segments slightly reduce transition smoothness, suggesting
that coarse refinement weakens local adaptability. Varying latent dimension d
shows that smaller latent spaces (e.g., d = 32) improve interaction alignment
but amplify jerk. Increasing diffusion sampling steps K improves transition sta-
bility and realism, while a moderate inter-segment offset achieves the lowest
jerk, validating the effectiveness of the temporal refinement schedule. Finally,
the refinement offset δ, which controls the temporal delay between denoising ad-
jacent segments during streaming inference, achieves the best trade-off between
interaction quality and transition smoothness at a moderate value.

5 Conclusion

In this work, we present ARMS, an Anchor–Relational causal diffusion frame-
work for streaming solo–social motion generation. ARMS unifies solo motion
and human–human interaction within a single incremental generative process
through dynamics-asymmetric motion modeling, decoupling temporal progres-
sion from inter-person relational alignment. Our causal relational diffusion model
supports temporal refinement, variable-length history conditioning, and seamless
transitions across one-/two-person social configurations. Experiments demon-
strate strong generation performance and substantially improved transition smooth-
ness and social coherence in long-horizon streaming, suggesting a scalable path-
way toward more flexible and realistic socially aware motion synthesis.
Limitations. Although ARMS unifies solo and human–human interaction gen-
eration within a single streaming framework, several limitations remain. First,
the current formulation does not explicitly condition on surrounding agents or
environmental context during solo motion generation, so crowd-level and scene-
level collision avoidance are not directly addressed. Second, this work focuses on
up to two-person interaction scenarios and assumes that social mode is activated
within the interaction-distance range covered by the training data. If agents be-
gin far outside this range, solo locomotion should first bring them into a plau-
sible interaction range before activating social coupling. While the relational
formulation can be extended to variable numbers of agents through pairwise
modeling [22,26], scaling to multi-agent settings requires explicit reasoning over
higher-order social structures. Third, ARMS currently uses hard mode-aware re-
lational gating to preserve strict causal consistency between solo and interaction
modes. While effective, this binary switching may still introduce abrupt changes
in challenging transition cases. Gradually blending relational attention across
mode switches could further improve transition smoothness.
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