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Abstract. Text-guided 3D motion editing has seen success in single-
person scenarios, but its extension to multi-person settings is less ex-
plored due to limited paired data and the complexity of inter-person
interactions. We introduce the task of multi-person 3D motion editing,
where a target motion is generated from a source and a text instruction.
To support this, we propose InterEdit3D, a new dataset with man-
ual two-person motion change annotations, and a Text-guided Multi-
human Motion Editing (TMME) benchmark. We present InterEdit,
a synchronized classifier-free conditional diffusion model for TMME. It
introduces Semantic-Aware Plan Token Alignment with learnable to-
kens to capture high-level interaction cues and an Interaction-Aware
Frequency Token Alignment strategy using DCT and energy pooling
to model periodic motion dynamics. Experiments show that InterEdit
improves text-to-motion consistency and edit fidelity, achieving state-of-
the-art TMME performance. The dataset and code will be released at
https://github.com/YNG916/InterEdit,

1 Introduction

Human 3D motion generation [3}|11}171[21}/22/24127)/53/58|/59] has seen significant
advancements with large-scale datasets and diffusion-based models, enabling re-
alistic behavior synthesis from textual descriptions. However, pure text genera-
tion is often insufficient for practical content creation, where animators, game
designers, and Al systems require controlled modifications of existing motions
rather than full synthesis [23]. Text-guided motion editing [2}/12,{15]/45-471/56/57]
addresses this by allowing users to modify a source motion based on a text in-
struction, producing a target motion that changes only the requested parts while
preserving other content. This controllable refinement is crucial for iterative de-
sign, personalization, and human-AI collaboration.

While text-driven motion editing [2}/12}/15[[29/57] has shown promising results
for single-person scenarios, extending it to multi-human interactions remains
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(a) An overview of the task and InterEdit. baselines and our InterEdit.

Fig. 1: An illustration of (a) Text-guided Multi-human 3D Motion Editing (TMME)
task and our proposed InterEdit model, and (b) the performances of baselines (i.e.,
MotionFix [2|, MotionLab [12|, InterGen [24], TIMotion [46]) and our InterEdit.

underexplored. Many real-world human behaviors involve interactions—such as
collaboration, competition, and physical contact—that require multiple partic-
ipants [31,32]. In these cases, motion meaning arises not only from individual
movements but from spatio-temporal coupling, including synchronization, phase
alignment, positioning, role switching, and contact timing. Editing such interac-
tions is crucial for applications like character animation, social robotics, virtual
agents, crowd simulation, and training data for embodied intelligence, where
fine-grained control over interaction dynamics is essential. Editing multi-human
motion is more challenging than single-actor editing due to the interaction se-
mantics in relative timing and configuration. A small modification to one person
can disrupt synchronization or spatial consistency. Unlike generation, editing
must stay anchored to the source motion and apply only instruction-relevant
changes. This “change what is requested, preserve the rest” constraint is harder
in interactive settings, where small temporal deviations can alter semantics. De-
spite its importance, there is no dedicated benchmark for multi-human 3D mo-
tion editing.

In this work, we introduce Text-guided Multi-human Motion Editing (TMME),
a new task that aims to generate a target two-person motion conditioned on both
source motion and textual editing instruction (Fig. . This task exposes two ma-
jor challenges. First, paired source-target—instruction triplets for multi-human
motion are scarce, as existing datasets are primarily designed for generation.
Second, interaction editing requires precise modeling of coordination patterns
such as synchrony versus alternation, tempo variation, spatial approach and
separation, and role-dependent responses.

To enable systematic study of this problem, we construct InterEdit3D,
the first large-scale two-person motion editing dataset built on top of InterHu-
man [24] via a semi-automatic retrieval-and-annotation pipeline. We retrieve
motion pairs that share a similar base motion for one individual while differing
in interaction structure, and annotate them with editing instructions describing
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how to transform the source into the target. This results in 5,161 source-target—
text triplets emphasizing spatial, temporal, and coordination-level edits, forming
a challenging benchmark for interaction-aware motion editing.

We propose InterEdit, a classifier-free conditional diffusion framework specif-
ically designed for dual-person motion editing. To determine what to modify
while preserving source consistency, we introduce Semantic-Aware Plan Token
Alignment: learnable plan tokens aligned with a pretrained motion teacher em-
bedding of the target motion, providing semantic-level guidance and ensuring
that the edits align with the high-level intent expressed in the text instruction. To
preserve temporal coupling and coordination, we further introduce Interaction-
Aware Frequency Token Alignment. Interaction-Aware Frequency Token Align-
ment applies the Discrete Cosine Transformation (DCT) to average and differ-
ence interaction signals to obtain band-energy descriptors, which are mapped
into frequency control tokens. These tokens are supervised to regress the target
band-energy profiles, encouraging edits that respect interaction rhythm, syn-
chrony, and other coupling dynamics. By combining Semantic-Aware Plan To-
ken Alignment and Interaction-Aware Frequency Token Alignment, InterEdit
effectively captures both high-level editing intent and fine-grained interaction
dynamics, which are crucial for generating realistic and semantically accurate
multi-human motion edits.

Our main contributions are summarized as follows:

— We introduce the Text-guided Multi-human Motion Editing (TMME) bench-
mark, the first benchmark for multi-person motion editing, with 4 single-
person editing and multi-person generation baselines.

— We present InterEdit3D, the first large-scale multi-person motion editing
dataset containing 5, 161 source-target—text triplets, created through a scal-
able retrieval pipeline.

— We propose InterEdit, a multi-human conditional diffusion framework in-
corporating semantic-aware plan token alignment and interaction-aware fre-
quency token alignment, ensuring precise and temporally synchronized mo-
tion edits and delivering state-of-the-art TMME performance.

2 Related Work

3D Human Motion Generation. Single-Person Human Motion Generation:
Text-driven single-person motion generation |3}|11}[21}(22}/27,/43}/53}/58,/59] has
rapidly advanced with diffusion models becoming the dominant paradigm. Rep-
resentative works include MDM [42], VAE [5,/33,/34,/51], auto-regressive normal-
ization network [13], GAN [1}41)8/50L/52], motion diffusion [18/39)54], latent-space
diffusion [6419}/53] for improved efficiency and fidelity. Beyond direct text con-
ditioning, retrieval-augmented generation further improves text—motion align-
ment and diversity by incorporating nearest-neighbor motion candidates [55].
Large-scale datasets and stronger text encoders (e.g., CLIP [38]) have also con-
tributed to better language understanding and more expressive motion synthe-
sis. Multi-Person Motion Generation: Generating human-human interactions is
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more challenging than single-person synthesis due to mutual dependencies and
spatio-temporal coupling [17/24,46]. Multi-person motion generation is enabled
by the proposal of two-person motion datasets [17,24]. InterGen |24] introduces a
large-scale interaction dataset and a diffusion model for joint denoising of both
participants. In2IN [40] enhances controllability by leveraging individual-level
information, while InterControl [48] explores structured control for interaction
synthesis. InterMask |17] improves spatio-temporal consistency via masked pre-
diction, and TIMotion [46] emphasizes temporal and interactive dynamics. Re-
cent methods like InterMoE [44] and HINT [25] focus on individual-specific and
hierarchical modeling, respectively. However, existing works primarily focus on
3D multi-human generation based on text alone.

Text-Guided Single-Person 3D Motion Editing. Previous work on 3D hu-
man motion editing focused on spatial or temporal constraints [94/10,20], with
recent deep learning methods balancing instruction adherence and source preser-
vation [2}[12}[15,/16129,/45,/46156.[57]. MotionFix [2] uses diffusion for text-driven
single-person editing, but extending this to dual-person interactions is challeng-
ing due to the need to preserve realism and spatio-temporal coupling. Similarity-
aware methods like SimMotionEdit [23] limit deviation from the source, but
multi-person editing is still underexplored. Unlike prior work on human-to-
human interaction generation [241/40,/46] and single-person editing [2|, we explore
multi-person motion editing, conditioning on a multi-person source motion and
instruction. We propose semantic-aware plan token alignment and interaction-
aware frequency token alignment to ensure precise motion edits while preserving
temporal coordination and minimizing drift in multi-human interactions.

3 Dataset and Benchmark

Dataset: InterEdit3D. We present InterEdit3D, a multi-human 3D motion
editing dataset composed of (source motion, target motion, edit text) triplets.
It is built upon InterHuman [24], a large-scale 3D human-human interaction
dataset featuring diverse two-person interactions with natural language descrip-
tions, e.g., daily activities (greeting, handshaking, object passing) and profes-
sional interactions (martial arts, dancing). To construct editing pairs, we retrieve
motion pairs that share similar motion backbones but differ in interaction se-
mantics via motion-to-motion retrieval. Each pair is further annotated with an
instruction that describes how to transform the source motion into the target
motion, forming high-quality supervision for multi-person motion editing.

Dataset Comparison. Table[l|compares our dataset with others across text anno-
tation, interaction, and editing. Classical datasets like KIT-ML [36], BABEL [37],
and HumanML3D [11] focus on single-person motions but lack multi-person in-
teractions or editing pairs. PoseFix [7] targets pose correction, while Motion-
Fix |2] enables single-person motion editing but lacks interactions. Interaction
datasets like InterHuman [24] and Inter-X [49] focus on two-person motion gen-
eration but don’t offer editing triplets. Our dataset uniquely combines text,
interaction, and editing, offering paired source-target motions with edit instruc-
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Dataset Text Interactive Editing Motions Vocab.
KIT-ML [36] v . . 3,011 1,623
BABEL |37 v - - 10,881 1,347
HumanML3D [11] v - - 14,616 5,371
PoseFix [7] v - v 6,157 (pairs) 1,068
MotionFix [2] v - v 6,730 (pairs) 1,479
InterHuman |24] v v - 6,022 5,656
Inter-X [49] v v - 11,388 3,467
Ours v v v 5,161 (pairs) 1754

Table 1: Comparison with representative existing datasets. “Editing” indicates whether
the dataset provides source—target pairs and edit instructions.

tions for two-person interactions. This enables evaluation of models that preserve
consistency and follow instructions without disrupting interactions.

Data Collection and Annotation. We convert the motion format provided by In-
terHuman [24] into AMASS features [28] and encode them using the pretrained
TMR [35] motion encoder, which provides semantically meaningful embeddings
via contrastive motion—text alignment. Motion-to-motion retrieval is performed
in this latent space. We retrieve the top-2 nearest neighbors (cosine similarity),
forming source-target candidates that share a similar base motion for one in-
dividual but differ in interaction semantics, enabling “edit the change, preserve
the rest.” Annotators write an edit instruction describing how to transform the
source into the target. Subtle or unclear pairs are discarded. In total, we ob-
tain 5,161 triplets, split into train/validation/test sets with an 80%,/10%/10%
ratio. We perform interaction-level disjoint split by manually checking to en-
sure no overlapping interaction identities among different sets. The dataset is
annotated by 8 individuals, and a cross-checking process is performed to ensure
consistency in the annotations. Samples with significantly divergent annotations
are discarded. Overall, InterEdit3D emphasizes relative spatial control, tem-
poral ordering, semantic action changes, and body-part-aware interaction edits,
forming a realistic and challenging benchmark for dual-person motion editing.

Baselines. We compare with 4 representative methods from the two closest set-
tings: single-person motion editing models MotionFix [2] and MotionLab [12],
and multi-human motion generation models InterGen [24] and TIMotion [46].
Since no prior method is specifically designed for text-guided dyadic motion edit-
ing with source—target—instruction triplets, we adapt these methods and retrain
them on InterEdit3D. All baselines use the same motion representation, data
splits, and evaluation metrics as InterEdit. Single-Person Editing Baselines. We
concatenate both individuals’ motion features along the feature dimension, and
train the models to predict the edited two-person target motion from the source
motion and editing instruction. Multi-Human Motion Generation Baselines. We
preserve their original interaction modeling architectures and inject the source
motion as an additional condition via AdaLN, enabling motion generation con-
ditioned on both the source motion and instruction.
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Fig. 2: Overview of the proposed InterEdit framework. Given a two-person motion
and an editing instruction, InterEdit uses a conditional diffusion backbone with
symmetric interleaved motion tokens. It introduces (i) Semantic-Aware Plan Token
Alignment for high-level editing guidance via a motion-teacher embedding, and (ii)
Interaction-Aware Frequency Token Alignment using DCT-based band-energy descrip-
tors to regulate interaction dynamics.

4 Methodology

As shown in Fig. 2] we formulate two-person motion editing as a conditional
diffusion model, where the denoiser is conditioned on the source motion and the
text instruction, further guided by semantic-aware plan token alignment and
interaction-aware frequency token alignment.

4.1 Multi-Human Motion Representation

We follow the non-canonical motion representation commonly used for two-
person 3D motion data following InterHuman [24]. For each person p € {4, B}
at frame ¢, the motion state is as Eq. [T}

X = [Jg.0 Vo T ] €RM, (1)
where j;,z € R3N5 and vg’g € R3N5 denote global joint positions and velocities
in the world frame, r} € R6Yi is the 6D local joint rotation representation in
the root frame, N; denotes the number of joints per person, and ¢} € R* is the
binary foot—ground contact. A two-person motion sequence is denoted as Eq. 2]

X1:.L = (XéL,XEL) € RLX2dm7 (2)

where L denotes the motion length (number of frames). Given a two-person
source motion sequence x7,; and an edit instruction text y, our goal is to gen-
erate an edited two-person target motion x1.7, that follows the instruction while
preserving source-consistent content.

4.2 Multi-Human Conditional Diffusion for Motion Editing

We formulate multi-human motion editing as conditional generation with a dif-
fusion model pp(xo | x°,y), where x° is the source motion sequence, y is the
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editing instruction, and xy denotes the clean target motion sequence. Let x;
denote the noisy version of xq at diffusion step ¢t € {1,...,T}. Following a noise
schedule {;}1_,, the forward noising process is as Eq.

q(x¢ | X¢—1) = N(\/ 1— B thlaﬁtI) ; q(x¢ | x0) = N (Vayxo, (1 — a)I),
(3)

where oy = 1 — §; and @y = Hle «;. Equivalently, we can sample according to

Eq. [
x; =+Vayxo+ V1 —are, e~N(0I). (4)

Denoising Model and Conditioning. We use a transformer denoiser Dy with
START X parameterization, i.e., it directly predicts the clean motion X as
shown in Eq. [5| (rather than the added noise €) [14]; this prediction is used to
form the reverse-step distribution (and is compatible with DDIM [41] sampling).

)A{O = DG (Xtv t; Ctext Csrc)a (5)

where 6 denotes trainable parameters, Ciext is the instruction embedding ex-
tracted through a frozen CLIP textual encoder [38| via ciext = CLIP(y), and
Cgrc is the source-motion embedding. We encode the source motion x° with a
lightweight learnable Transformer source-motion encoder to obtain cg¢; for this
encoding we remove the last 4 foot-contact channels per person and concatenate
two persons along the feature dimension, then project it into a latent space,
prepend a learnable query (CLS) token, and apply positional encoding followed
by a multi-layer Transformer encoder; the source-motion embedding is taken
from the output of the query token. Both conditions are injected into the de-
noiser via AdaLN modulation as Eq. [6}

€e; = EmbedTlme(t) + WiextCrext + Wsrccsrc» (6)

where EmbedTime(-) is a sinusoidal timestep embedding followed by an MLP
projection, and Wieyt, Were are linear projections.

Symmetric Interleaved Token Aggregation. To model temporal-order in-
fluence and role switching in two-person interactions, we follow TIMotion [46]
and construct a symmetric interleaved sequence rather than directly concate-
nating the two persons into a single token stream. Let xf,xf € RLXC be the
motion token sequences for two persons, where L is the length of the sequence
and C is the dimension of motion embedding. We build a causal interleaving
Xeii € R?6%C and its role-swapped counterpart Xsym € R2LXC a5 Eq.

Xeii (20-1) = x2(0),  xai(26) = x7(¢),
Xgym (20—1) XB(K)7 Xgym (20) = XA(E).

C C

(7)

We then feed the concatenation result X;nter = Concat(Xeii, Xsym) € R2L%2C ipto

a transformer. Given an output Xnze, € R?2%2¢ we split channels X(inter,1) =
Xinter ' :C], X(inter,2) = Xinter[:, C:] and de-interleave odd/even indices to re-
cover per-person streams, then merge the two role views by element-wise sum



8 Y. Yang et al.

to obtain x49, %59 ¢ RL*C. We further apply a lightweight Localized Pattern
Amplification (LPA) |46] branch to refine short-range temporal patterns for each
person. Given the per-person motion token sequence, x? € RX*¢ | we modulate
it with the condition embedding e; via AdaLN and extract local features with a
small 1D convolutional stack as Eq.

%P = xP + Convy (AdaLN(Convs(AdaLN(xZ, e;)) ,e:)), (8)

where Convy, denotes a 1D convolution with kernel size k. We then fuse global
and local features by channel-wise concatenation followed by a linear projection
back to C' channels as Eq. [0

xP/ = Linear (Concat (%29, %%)), p € {4, B}. 9)

Then the final outputs are fed into the next transformer block until the final
decoder layer to produce the denoiser prediction.

Training objective. With START X parameterization, we train the denoiser
Dy by minimizing the reconstruction error of xy as Eq.

Laig = Et,xo,e {HXO — Do (Xt7 t; Ctext, Csrc) H;} . (10)

4.3 Synchronized Classifier-Free Guidance for Editing

We introduce Synchronized Classifier-Free Guidance (SCFG) for controllable
editing. During training, we randomly drop conditioning with probability pscfe
by setting both cext and cg. to zeros in a synchronized way. This results in
an unconditional branch. At inference, we combine the conditional and uncon-

ditional predictions as Eq.
)ACO,scfg = 'Y’DG(Xta t; Ctext csrc) + (1 - 7) DG(Xt; t; Oa 0)7 (11)

which is equivalent to Xo scfg = Do (+; 0, 0)—|—’y(D9(-; Ctext, Csrc) — Da(+; 0, 0)) Here
~ is the guidance scale. Dropping both conditions avoids leakage (source/text
bias) and yields a cleaner guidance direction.

4.4 Semantic-Aware Plan Token Alignment

Multi-human editing requires identifying what to change while preserving non-
edited content. We introduce learnable plan tokens to provide semantic-level
guidance.

Plan Tokens as Control Tokens. We append N, learnable plan tokens P €
RNMx2C 4 the denoiser token sequence. Through self-attention, motion tokens
can query P and receive global guidance during denoising. At transformer block
L,, we project plan tokens into a semantic space as Eq.

() R b, G2
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where g, is a combination of layer normalization and linear projection.
Teacher Target Embedding. We use a frozen motion teacher encoder fr(-)
(trained contrastively on InterHuman [24] motion—text pairs) to extract a target
semantic embedding from the ground-truth target motion as Eq.

Zige = fr(X0) € RC. (13)

This teacher embedding provides a compact semantic target for aligning plan
tokens.

Plan Token Alignment Loss. We apply a token-wise InfoNCE objective with
Zigt as the positive target and in-batch negatives (n indexes targets in the mini-
batch). Let Zys, = norm(zg) and z(k) = norm(i(k)). The plan loss is shown in

Eq.[14

N S(E)\T5
1
ﬁplan = —N E —log exp ((Z ) Ztgt({:)-) (14)
il Saew (@) a7

where 7 is the temperature. We also experimented with cosine and MSE variants,
but InfoNCE |30| provides the best overall trade-off.

4.5 Interaction-Aware Frequency Token Alignment

Interaction correctness is highly sensitive to temporal coupling (synchrony vs.
alternation, phase alignment, contact timing). We propose Interaction-Aware
Frequency Token Alignment, which leverages Discrete Cosine Transformation
(DCT) and energy pooling to capture and regularize the frequency dynamics of
interaction signals, ensuring precise synchronization and coordination.
Interaction Signals: Average and Difference. We exclude foot-contact chan-
nels (last 4 dims per person) and denote the remaining feature dimension as d;.
For a two-person motion sequence x = (XA7 xB), we construct two interaction-
aware sequences as Eq. [I5

XA—|—XB

5 e RExds, zp = x* —xP e REX4s (15)

zZs —

where zg captures shared or synchronized components, zp captures relative or
oppositional components.

Discrete Cosine Transformation (DCT) and Band-Energy Pooling. We
apply discrete cosine transformation along the time axis as Eq. [16]

CS = DCT(Zs)7 CD = DCT(ZD). (16)

We compute band-energy descriptors for low /mid /high frequency bins by pooling
squared coefficients within each band b as Eq.

E(C;b) = /;gcm]ueeu&du (17)
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where € is a small constant added for numerical stability. Using normalized cut-
offs (r1,7m,rn) to define the three bins (low (1), middle (m), and high (h)), we
obtain six band-energy descriptors according to Eq. [I8]

g(x) = |E(Cs;1), E(Csim), E(Cs; h), E(Cps 1), E(Cpsm), E(Cpih) | € R,
(18)
where g(x) is computed from x through (zg,zp) construction and DCT.
Interaction-Aware Frequency Tokens and Regression Alignment. At
each diffusion step, we compute band-energy descriptors from the current noisy

motion x; and project them into the model token space to form Ny=6 frequency
control tokens according to Eq.

Fi :qb_(fl)(gl(xt)) GRQCa 1= [laaNf]7 (19)

where ¢§f) is a lightweight network consisting of a layer normalization and a
linear projection layer, and F = [Fy;...;Fy,] is appended to the motion token
sequence and plan token for joint self-attention. At transformer block Ly, we
decode the band-energy descriptors from the corresponding token as Eq.

g =g (FEL“) eRY, i=[1,...,Nf], (20)
where g}i) is a combination of layer normalization and linear projection head. We

minimize a weighted regression loss against the ground-truth target band-energy
descriptors computed from the clean target motion xg according to Eq.

Ny
1 . . 2
Lireq = N E w; ||&i — gi(x%0)5 (21)
=1

where w; > 0 is a per-term weight. We down-weight the two high-frequency
terms (the “high” bins for both zs and zp) with a smaller constant weight to
reduce sensitivity to high-frequency noise; for all other bins we set w; = 1. We
further apply frequency-token dropout during training: with probability ps, we
remove frequency tokens from the denoiser, which regularizes training and helps
preserve generation quality.

4.6 Objective Function

Diffusion Reconstruction Loss: The diffusion reconstruction loss (Lqig)
minimizes the MSE between the predicted motion Xg and the ground-truth mo-
tion x¢, ensuring that the denoised motion closely matches the original.
Geometric Losses (Per Person): We apply several geometric losses to pre-
serve realism in each person’s motion. The velocity loss (L) ensures smooth
movement by penalizing the difference between predicted and ground-truth ve-
locities. The foot-contact loss (Lg,o) ensures realistic foot placement. The
bone-length loss (L£pr,) maintains consistent bone lengths by comparing per-
bone distances between predicted and ground-truth joint positions.
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Interaction Losses (Between Persons): For realistic interaction, we intro-
duce interaction losses. The masked distance-map loss (Lpy) focuses on joint
distances in contact regions. The relative-orientation loss (Lro) ensures co-
herent interaction by penalizing orientation mismatches. The motion objective
is shown in Eq.

Emotion = £diff + )\velﬁvel + )\footﬁfoot + /\BLLBL
+ Apm£Lpm + AROLRO-

Auxiliary Alignment Terms: To further improve the motion generation, we
add two auxiliary alignment terms. The plan token alignment (Lpian) aligns
the learnable plan tokens with the teacher embedding of the ground-truth target,
guiding the model to capture and represent the overall motion plan accurately.
The frequency token alignment (Lgeq) aligns the frequency control tokens
with the DCT band-energy descriptors derived from interaction signals, preserv-
ing the frequency characteristics of the motion and ensuring that the rhythmic
aspects of the movement are preserved. The final training objective is shown in

Eq.

(22)

£t0tal = Emotion + )\prlan + /\f‘cfreq- (23)

In this approach, the CLIP text encoder [38] and the motion teacher are kept
frozen, and all other parameters are trained end-to-end.

5 Experiments

5.1 Implementation Details

We implement InterEdit with N = 5 transformer blocks, each with 16 atten-
tion heads and motion embedding dimension 512. The text encoder is a frozen
CLIP ViT-L/14 [38]. As the motion teacher, we adopt a frozen contrastively
trained motion encoder on InterHuman [24] to provide semantic target embed-
dings for plan-token alignment. We use Nj; = 16 plan tokens. For auxiliary
losses, A\, = 0.03 and Ay = 0.01, applied at blocks L, = 3 and Ly = 5. High-
frequency components are down-weighted by 0.25. Three DCT bands are used
with 716w = 0.08, ria = 0.25, and ruien = 0.35, and frequency tokens are
randomly dropped with probability p; = 0.04. Other geometric and interac-
tion losses follow InterGen [24]. Training uses 1000 diffusion steps with a cosine
schedule. At inference we adopt DDIM sampling (50 steps, 7 = 0) with classifier-
free guidance (drop rate pers = 0.1, guidance scale v = 3.5). Optimization uses
AdamW [26] (81 = 0.9, B2 = 0.999), weight decay 2 x 10~°, and peak learning
rate 107* with cosine decay and 10 warm-up epochs. The full model contains
358.8M parameters including frozen encoders, with 85.0M trainable parameters,
close to TIMotion’s 81.2M and substantially smaller than InterGen’s 251M. We
train the model for 1500 epochs with batch size 32 on 8 NVIDIA RTX Pro
6000 Blackwell GPUs in about 4h35m, with about 16GB peak GPU memory. At
inference, InterEdit achieves 2.842 samples/s, comparable to TIMotion’s 2.709
samples/s.
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generated-to-source retrieval (%) T generated-to-target retrieval (%) 1
Method FID | R@1 R@2 R@3 R@1 R@2 R@3

MotionFix 2|  2.1089+0.0043 3.10£0.39  7.20+0.34  9.10+0.49 11.60+0.52 17.80+0.47 21.1040.44
MotionLab [12| 0.4284+0.0121 12.40+0.69 18.90+0.79 23.00+0.38 18.50+0.79 25.60+£0.50 30.50+0.44
InterGen |24] 0.6243+0.0062  9.52+0.42 15.03+0.44 18.91+£0.47 18.93+0.60 26.743+0.71 31.6440.72
TIMotion |46] 0.445140.0058 12.54+0.34 18.38+0.39 22.33+£0.46 24.97+0.59 33.77+0.56 40.68+0.65
Ours 0.3707+0.0029 17.08+0.41 24.041+0.46 29.3240.49 30.82+0.43 40.841+0.70 47.65+0.59

Table 2: Quantitative comparison (mean, 95% CI).

Method R-Precision@17 R-Precision@21 R-Precision@31
InterGen |24] 0.371+0.010 0.515+0.012 0.624+0.010
TIMotion 46| 0.491+0.005 0.648+0.004 0.724+0.004
Ours 0.523+0.004 0.665+0.005 0.7534+0.004

Table 3: Generalization on the InterHuman generation benchmark (mean, 95% CI).

generated-to-source retrieval (%) 1 generated-to-target retrieval (%) 1
Method FID | Ra@1 R@2 Ra@3 R@1 R@2 R@3
without plan/freq token 0.445140.0058 12.544-0.34 18.38+0.39 22.3340.46 24.9740.59 33.77+£0.56  40.6840.65
only plan token(L, = 5) 0.366710.0023 14.5240.36 21.58+0.31 25.87+0.32 28.724+0.49 37.92+£0.33  43.5040.44

only freq token(Ly = 5) 0.379840.0027 14.2440.34 20.91+0.39 25.48+0.40 28.754+0.47 38.46+0.48  44.0540.43
with plan&freq token  0.370740.0029 17.084-0.41 24.04+0.46 29.3240.49 30.8240.43 40.84+0.70  47.6540.59

Table 4: Ablation of module component (mean, 95% CI).

generated-to-source retrieval (%) 1 generated-to-target retrieval (%) 1
Method FID | Ra@1 R@2 R@3 R@1 R@2 R@3

py = 0.050.3477£0.0020 16.11£0.37 23.1440.50 27.69£0.53 29.10£0.61 39.46+0.65  45.25+0.62
py = 0.04 0.3655+0.0031 16.33£0.45 22.9940.38 27.07+£0.38 30.51£0.45 40.10+0.32  45.97£0.43
py = 0.03 0.3693+0.0029 15.20£0.31 21.5740.39 25.97+0.38 29.70£0.44 40.254+0.49  46.48+0.44

Table 5: Ablation of frequency tokens dropout rate (L, =5, Ly = 5, mean, 95% CI).

5.2 Analysis of the Benchmark

Metrics. We use retrieval-based metrics as primary measures following Motion-
Fix [2]. For a 3D multi-human motion editing result, we evaluate: (i) generated-
to-target retrieval (g2t) and (ii) generated-to-source retrieval (g2s) in a learned
motion embedding space, reporting RecallQK (K € 1,2,3). We use the Inter-
Gen text-to-motion retrieval model [24] as the feature extractor, where motions
are L2-normalized and ranked by cosine similarity against the full test set. g2t
measures instruction adherence, while g2s reflects source preservation. A strong
editor should achieve high g2t with reasonably high g2s, balancing semantic
modification and content preservation. We also report FID in the same embed-
ding space to assess motion realism, measuring the distribution distance between
generated and real target motions (lower is better). All methods are evaluated
for 20 independent runs, and we report the mean with 95% confidence intervals.
Benchmark Results and Baseline Comparison. Table[2] presents quantita-
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tive comparisons on our dataset with four adapted baselines: single-person edit-
ing (MotionFix [2], MotionLab [12|) and two-person generation (InterGen [24],
TIMotion [46]). Our method outperforms all baselines in g2t and g2s, and
achieves the lowest FID, demonstrating superior instruction adherence, edit fi-
delity, and motion realism. Compared to the strongest baseline TIMotion [46],
InterEdit improves g2t RQ1/2/3 by +5.85, +7.07, and +6.97, improves g2s
R@1/2/3 by +4.54, +5.66, and +6.99, and reduces FID by 16.7%, indicating
better edits without disrupting interaction coupling. The adapted single-person
editors lag clearly behind in g2t, highlighting the importance of interaction-aware
modeling for dual-person motions. Two-person generation baselines achieve bet-
ter g2t than adapted single-person editors, but g2s remains limited, since they are
not designed to balance instruction following with source preservation, which can
lead to global drift or disrupted interaction consistency. In contrast, InterEdit
combines semantic-aware plan token alignment and interaction-aware frequency
token alignment to better capture editing intent and temporal coordination,
producing more faithful and realistic dyadic motion edits.

Human Preference Evaluation. To complement automatic metrics, we con-
duct a human preference study against TIMotion. InterEdit is preferred by
75.5%, 78.5%, 71.0%, and 81.0% on overall preference, instruction adherence,
source preservation, and interaction realism, respectively, further confirming its
advantages in faithful and realistic interaction editing.

Generalization. Beyond our TMME benchmark in Table[2] we further evaluate
InterEdit on the standard InterHuman two-person generation benchmark, where
motions are generated from text only. As shown in Table [3] InterEdit achieves
the best R-Precision across all ranks, suggesting that our token alignment design
also benefits two-person motion modeling beyond editing.

5.3 Analysis of the Ablation Study

Effect of the two main modules. Table [f] evaluates our core modules, in-
cluding semantic-aware latent representation alignment and interaction-oriented
frequency alignment, individually and jointly. Removing both modules (“without
plan/freq token”) results in the weakest performance across g2s/g2t retrieval and
FID, indicating that the base diffusion model alone struggles to preserve source
content and capture target semantics. Introducing only plan tokens improves
both retrieval metrics and motion quality, showing that semantic alignment pro-
vides a global editing signal. Using only frequency tokens enhances retrieval and
maintains competitive FID, emphasizing the importance of regularizing inter-
action dynamics. Combining both plan and frequency tokens yields the best
results, highlighting their complementary roles: plan tokens guide what to edit
semantically, while frequency tokens stabilize interaction dynamics.

Randomly dropping frequency tokens during training. Table [f] stud-
ies random frequency-token dropout (ps) where we stochastically disable the
frequency-token pathway during training. We observe that a moderate drop rate
provides the best balance: it improves retrieval while keeping FID favorable. In-
tuitively, this stochastic dropping regularizes training by preventing the model
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from over-relying on the frequency tokens, encouraging robust generation quality
even when frequency guidance is partially absent. Too small a drop rate may
lead to over-dependence, while too large a drop rate weakens the intended fre-
quency alignment signal; both cases yield inferior overall trade-offs compared to
the moderate setting. More ablation studies are shown in the supplementary.

Source Source

Ours Ours

TIMotion TIMotion
GT Tzriﬂ GT Tzrie(

Both people shake hands with their right hands instead of their left hands. Both people play rock-paper-scissors instead of shaking hands.

Source Source

Ours Ours

TIMotion TIMotion

GT Taiet GT Target

Both individuals bow to each other instead of adopting an attacking stance. ~Both individuals face each other and punch each other instead of kicking.

Fig. 3: Qualitative results comparison of our InterEdit and TIMotion @I

Source Source

Ours Ours

TIMotion TIMotion

One person walks toward the other instead of backing away. Both individuals face each other instead of standing side by side.

Fig. 4: Qualitative results comparison under custom prompts.

5.4 Analysis of the Qualitative Results

We present qualitative results on test-set prompts (Fig. [3)) and custom prompts
(Fig. [), comparing our results with the TIMotion [46] baseline. The examples
cover action-category changes, temporal coordination, and spatial relations.
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“Rock-paper-scissors instead of shaking hands.” requires both semantic switch
and correct temporal coupling. Our result exhibits synchronized throws, while
TIMotion produces offset gestures. This highlights the advantage of regularizing
interaction dynamics to enforce synchrony. For “Both individuals face each other
and punch each other instead of kicking.”, our result shows an asymmetric attack-
defense coupling, matching the target’s intent. TIMotion produces a symmetric
response, illustrating the importance of capturing high-level semantics in dual-
person editing. For “One person walks toward the other instead of backing away.”,
our model accurately reflects the intended approach behavior, while TIMotion
fails to capture the directional change, demonstrating the value of semantic-level
guidance.

6 Conclusion

We introduce the task of text-guided multi-human motion editing, where
a model applies instruction-driven changes while preserving source consistency
and spatio-temporal coupling. To support this task, we construct a dataset of
source-target-edit triplets and establish a benchmark with retrieval-based met-
rics. We introduce InterEdit3D dataset and propose InterEdit, a conditional
diffusion framework that uses plan tokens for semantic alignment and frequency
tokens for interaction-aware DCT descriptors, ensuring precise edits while pre-
serving interaction dynamics. Our method outperforms single-person editors and
interaction generators in instruction adherence, source preservation, and motion
realism, providing a foundation for future research in interaction editing and
long-horizon motion modifications.
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