Unified Number-Free Text-to-Motion Generation Via Flow Matching

Supplementary Material

This appendix provides motion representation details
(Sec. A), the pyramid continuity derivation (Sec. B), addi-
tional training and evaluation specifications (Sec. C), user
study details (Sec. D), the hyperparameter ablation study
(Sec. E), the group prompt synthesis (Sec. F) and additional
HumanML3D results (Sec. G).

Video. In the supplementary video, we show more cases
for text-to-interaction generation. We recommend viewing
the supplementary video to observe the dynamic motion
quality.

A. Motion Representation Details

A.1. Canonical Representation

Canonical Representation (CR) is highly expressive and
compatible with neural network architectures, and com-
monly adopted in recent single-person text-to-motion meth-
ods [4, 12]. The motion state x. for a single person at frame
1 is defined as:
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where r® € R is the root angular velocity along the Y-axis,
(r®,7%) € R? are root linear velocities on the XZ-plane,
and r¥ € R is root height. Local joint positions, veloci-
ties, and rotations are given by jf e R3W;=1), ji € R3N; |
and j° € RO(Wi=1) with N; = 22 denoting the number of
joints. Binary foot-ground contact features ¢/ € R* are de-
rived by thresholding heel and toe joint velocities [3]. The
resulting input dimension is 263 per person.

A.2. Non-Canonical Representation

Non-Canonical Representation (NCR) is suitable for
multi-person scenarios [8, 10] because it retains explicit
global spatial information by partially canonicalizing joint
states to the root frame. The motion state x,,. for an inter-
action sequence at frame 1 is represented by:
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where the motion state x , is defined by global joint po-
sitions j2 € R*N5 and velocities ji € R3Y (in the
world frame), the 6D representation of local rotations j™ €
RO(Ni=1) (in the root frame), and binary foot-ground con-
tact features ¢/ € R*. N; = 22 denotes the number of
joints. The input dimension is 262 per person, totaling 524
for a two-person interaction.

A.3. Unified Representation

While HumanML3D (263) and InterHuman (262) represen-
tations are similar in dimensionality for a single person,
they differ fundamentally in root frame handling. In CR,
global trajectories are implicitly encoded in canonical root
features [r%,r*, 7%, rY]. Recovering world-frame informa-
tion requires integrating noisy local velocities, leading to
accumulated drift. This error results in unbounded expo-
nential deviation over long sequences [13].

To enable robust multi-person generation with CR-based
datasets (e.g., HumanML3D), we convert data to NCR dur-
ing training to incorporate global spatial information. Con-
versely, generated NCR outputs are reverted to CR features
during inference to maintain compatibility with standard
HumanML3D evaluation protocols.

Canonical-to-Non-Canonical Conversion. We extract
the global root state (q;, p;) from the canonical features
[r®, r* r* rY] during preprocessing. The global Y-axis ro-
tation angle 6, is obtained by accumulating the angular ve-
locity r*. Concurrently, the global root position p; is de-
rived by transforming the local linear velocities onto the
world frame using the current orientation, followed by tem-
poral integration. For any time step ¢t € {1,..., N}, the
recovery is defined as:
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where Rot(q,v) = qvq* denotes the spatial rotation of
vector v by quaternion q via conjugation. The final output
is the global root state S;°°" = (q, pt), where q; explicitly
defines the root rotation and p; represents the global root
position.

Non-Canonical-to-Canonical Conversion. Con-
versely,  extracting the canonical root features
Froot = {r*,r® r* r¥} from a raw sequence of

global joint positions J € RM*Nix3 jnvolves inverse
transformation.  First, the global root orientation q; is
estimated via Inverse Kinematics (or directly extracted
from ;") at each frame, aligning the skeleton to the Z+
direction. Subsequently, the relative velocities and height
are computed by projecting the global motion derivatives



onto the local root frame:
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where (-), extracts the Y-axis component, ¢, (-) computes
the Y-axis Euler angle from the relative quaternion differ-
ence, and Rot(q, v) £ qvq* denotes the spatial rotation of
vector v by quaternion q via conjugation.’

B. Pyramid Continuity Derivation

This section provides a detailed derivation of Eq. 11, which
ensures continuity at the jump points of the temporal pyra-
mid. The objective is to enforce that the end points of cur-
rent temporal windows share an identical Gaussian distribu-
tion with the start points of subsequent temporal windows.

For the k-th time window [si, ex], we jointly compute
the end points (25, , 2, ) with noise ¢ ~ A/(0, ) and data
point z; as:

Start Point: 25, = s Up(Down(z1,2%)) + (1 — sk)e,  (5)

End Point: 2., = e Down(z1, 2’“71) + (1 —eg)e, 6)

where k£ € [K, 1], and Up(:) and Down(-) are standard,
non-invertible resampling functions.

During inference, the low-resolution latent motion from
stage k is upsampled using the end point Z., , yielding:

Up(2e,,) ~ N(ex Up(Down(z1,2"71)), (1 = ex)’%). (D)

Moreover, the start point for the subsequent stage (k — 1) is:

Zop_q ™~ N(Skfl Up(DOWH(Z1, Qk_l))v (1 - Skfl)gl), (8)

Continuity requires that the distributions at each jump point

are identical: Zg, , < Up(Z.,). To satisfy it, we apply a
linear rescaling and renoising scheme defined as:
2oy = AUp(2e,) +an/, st/ ~N(0,X), (9

where A is the linear weight, « is the noise weight, and X' is
a blockwise diagonal covariance matrix (e.g., 4 x 4 blocks).

B.1. Matching the Means

We set linear coefficient A = 5’;—:1 to match the distribution
means: '
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Extracting velocities via forward differences in Eq. 4 inherently re-
duces the sequence length by one. To maintain dimensional consistency
during inference, we pad the missing final frame by replicating the veloci-
ties from the (N — 1), frame.

B.2. Matching the Variances

Based on A = SZ:, matching the covariance matrices

yields the following constraint:

2
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Here, we apply nearest-neighbor upsampling to analyze the
covariance matrix >. In this case, > has a blockwise struc-
ture with non-zero elements only in the 4 x 4 blocks along
the diagonal (corresponding to those upsampled from the
same pixel). Consequently, the corrective noise covariance
3 must also adopt a similar blockwise structure:
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where v € [—1/3,0] is a decorrelation coefficient. The
lower bound v = —1/3 ensures X, is positive semidefi-
nite.

We further rewrite Egs. (11) and (12) by considering the
equality of their diagonal elements:
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and non-diagonal elements:
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Taking into account the timestep constraints 0 < sx_1,
er < 1, they can be solved directly:
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Intuitively, it is desirable to maximally preserve the signal
at each jump point, which corresponds to minimizing the
noise weight a. According to Eq. (15), this is equivalent to
minimizing +y. Substituting its minimum value v = —1/3
into Eq. (15) yields:
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It is worth noting that e > sk, indicating that the
timestep is rolled back a bit when adding the corrective

noise at each jump point. This yields the final renoising
rule (substituting these values into Eq. 9):
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— 5

R 1+ s,

Sy = — L Ul + a7



C. Training & Evaluation Details

C.1. Evaluation Metrics

Frechet Inception Distance (FID) The FID [5] measures
the distribution distance between the generated and real in-
teraction features.

FID = ||Mgt - NpredH2 - Tr(Egt + Lpred — 2(Egt2pred)%)

where 1o and pipreq are the mean ground-truth and generated
interaction features, and X represents the covariance matrix.
Multimodal Distance (MM-Dist) This metric calculates
the average Euclidean distance between each text feature
and the generated interaction feature.

N
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MM-Dist = ~ ; I fe.i — fomill

where f;; and f,,; are the features of the ith text-
interaction pair.

Diversity All generated interactions are randomly sampled
to calculate the average Euclidean distance between two
subsets.

1
Diversity = X, Z |lz: — 25|
i=1

Multimodality (MModality) This metric assesses the vari-
ability given multiple text descriptions by calculating the
average pairwise Euclidean distance between motion fea-
tures.
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where z;; and 2 ; are the features of the jth pair of the ith
text description.

C.2. Geometric Loss Function

To enforce physical plausibility and mitigate artifacts, we
adapt the geometric loss from [12]. Specifically, we utilize
Bone Length (BL) and Foot Contact (FC) regularization:

Lor =B (&a) = B (za)ll3 + 1B (&) = B (z)ll;,  (18)
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where B represents the bone lengths in a predefined hu-
man body kinematic tree derived from the global joint posi-
tions, and FK denotes the forward kinematic function con-
verting joint rotations into joint positions. Bone length loss
LpL constrains the global joint positions of each person to

satisfy skeleton consistency, which implicitly encodes the
kinematic structure. f; € {0,1}7 is the binary foot con-
tact mask for each frame i, indicating whether they touch
the ground; it mitigates the foot-sliding effect by nullifying
velocities when touching the ground.

C.3. Implementation Details

For VAE pretraining, motion transformer encoders and de-
coders all consist of 11 layers and 8 heads with skip con-
nections by default. The P-Flow and S-Flow transformers
share this architecture but employ 13 layers. We employ
a frozen CLIP-ViT-L/14 model as the text encoder, yield-
ing text embedding ¢ € R7%%, and adopt the classifier-free
guidance [6] where the 10% random CLIP embeddings are
set to zero during training and the guidance coefficient is
set to 2.5 during sampling. The hyperparameters used in
ILD are: Agr. = 10, Agc = 30, AGeomewic = le — b,
>\VAE—Recon =1, )\KL =1, )\S-Flow-Recon = 0.25. SPeCiﬁ'
cally, for the P-Flow training, we apply two-stage temporal
windows, where e; = 0.5,e1 = 1,59 = 0, s1 ~ 0.289.

C.4. Baseline settings.

We compare with various text-to-motion methods in two-
person interactive scenarios, including single-person meth-
ods VAE-based TEMOS [9] and T2M [3], diffusion-based
MDM [12], and the two-person diffusion-based methods
ComMDM [11], InterGen [8], in2IN [10], TIM [14], and
InterMask [7] based on masked transformer. To ensure fair
comparison, the above single-person methods are trained
with the same InterHuman training set and test set. To ex-
tend single-person motion synthesis models to handle two-
person interaction, the networks’ input and output dimen-
sions are modified to accommodate the non-canonical rep-
resentation of the InterHuman dataset. Specifically, we re-
port the results of TIM with a Transformer backbone.

D. User Study

We conduct a user study for the number-free text-to-motion
task, specific to unseen crowd scenarios with more than 2
agents. We asked 15 users to choose between UMF and
state-of-the-art work FreeMotion [2] in a side-by-side view,
with both samples generated from the same text prompt. We
repeated this process with 21 unseen group prompts (see
Fig. 8) per model and 10 repetitions per prompt. Fig. 5
shows that UMF was preferred over the compared models
in the majority of cases. This user study was designed to
measure the overall rating. After the user gives the rating, a
second question asks about the factors that influenced their
decisions, such as Text Match (Did the video correctly fol-
low the text description?), Physical Realism (Did the mo-
tion look physically possible and natural?) and Interac-
tion Quality (Did the people interact in an appropriate way,



This is Example

Example Question (not counted in total)
Text Description:
Three performers spin around each otherin circles.

Video Comparison

A B

i P A

Step 1: The Overall Rating (Your Intuitions)

® single Choice: Select one option that best describes your preference

Which animation looks more human-like? *

Ad d Ad Equal B & Bé& &

Step 2: The Contributing Factors (Your Reasons)
4 Multiple Choice: Select all factors that influenced your decision. You can skip this part if you chose "Equal” in Step 1.

Which factors contributed most to your response? (Please tick all that apply) *
Text Match: One motion was a better match for the text prompt (e.g. correctly showed 'clapping' while the other didn't).
Motion Realism: The motion itself looked more realistic and natural (e.g. smoother movement, better balance, no 'ice-skating' or limbs passing through bodies).

Interaction Quality: The interaction between people was more appropriate (e.g. taking into account others, not colliding with others).

Other
Figure 5. An example question for our number-free text-to-motion user study, using the Streamlit platform.
namely, coordinating their movements by taking into ac- E. Hyperparameter Ablation Study
count others). A sample question from this study is pre-
sented in Fig.5.

E.1. Classifier-free Guidance Scale

We conduct an ablation study of the classifier-free guid-
ance scale to balance motion fidelity and text consistency,
as shown in Fig. 6. We observe that as the scale increases
from 1.0, the R-Top3 improves rapidly and stabilizes around
a scale of 2.5 to 4.0. Meanwhile, the FID metric reaches its
minimum at a scale of 2.5 and begins to degrade as the scale
increases further. Therefore, we adopt a guidance scale of
2.5 for our evaluations, which achieves the optimal trade-off
between FID and R-Precision.
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Figure 6. Guidance-scale sweep for the InterHuman dataset. FID
(lower is better) and R-precision Top3 (higher is better) metrics as
a function of the scales, highlight an optimal trade-off around s =
2.5.
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Figure 7. Latent space dimensionality sweep for the InterHuman
dataset. FID metric as a function of the dimensionality highlights
a performance sweet spot around dimensionality of 1024, corre-
sponding to latent token size of 64 and latent token number of 16.

E.2. Latent Space Dimensionality

Fig. 7 illustrates the influence of token size and dimension-
ality on the single-agent tokenizer’s generation quality. We
evaluate token sizes € {32, 64,128,256} across varying di-
mensionalities (log scale). Results indicate that while in-
creasing dimensionality generally improves FID, the perfor-
mance gain behaves differently across token sizes. Notably,
the configuration with a token size of 64 achieves the best
FID when the dimensionality reaches 1024. Larger token
sizes (e.g., 256) do not exhibit better performance despite
the increased dimensionality. Consequently, we select a to-
ken size of 64 and a total dimensionality of 1024 (16 tokens)
for our UMF to ensure fidelity.

E.3. Physical Performance

Table 6. Physical performance comparison of FreeMotion and
UMEF across different agent counts N. We randomly sample 100
unseen group prompts (see Fig. 8) for each agent count and report
the mean collision score and foot skating ratio.

Collision Score Foot Skating|
Agent Count FreeMotion ~UMF | FreeMotion UMF
2 0.6815 0.4762 0.0712 0.0609
3 0.6923 0.4788 0.0854 0.0645
4 0.7156 0.4812 0.1189 0.0692
5 0.7341 0.4845 0.1405 0.0741

Tab. 6 demonstrates that UMF significantly mitigates
the error accumulation inherent in autoregressive genera-
tion. While FreeMotion exhibits a degrading trend in phys-
ical plausibility as the number of agents increases, UMF
maintains stability across all agent counts. This validates
the effectiveness of S-Flow’s joint probabilistic modeling
in preserving global interaction consistency.

E.4. Loss Function Influence
Table 7. Ablation study on the influence of the loss function in

the single-agent tokenizer. 'BL’ and "FC’ loss refers to the bone
length and foot contact.

R Precision

Methods top 11 FID | Diversity —
Ground Truth 0.452F0008 () 973E0.007 7 g4QF0.061
UMF w/o KL Loss 0.462%F0005 4 go5E0-062 5 (150028
UMEF w/o Reconstruction Loss ~ 0.125%0:009 45 210+1:034 4 103+0.145
UMF w/o BL Loss 0.451F0004 5 194F0088 7 g5pE0.035
UMF w/o FC Loss 0_445j:().[)(]5 5_480j:(].095 7_910j:().[)31
UMF w/o Geometric Loss 0.382%0:006  7,655%0.124 7 598:+0.048
UMF 0.467E0000 4 779F0.079 g ()30F0-032

Tab. 7 presents a detailed comparison of the loss designs
in the single-agent tokenizer. Overall, the reconstruction
loss contributes the most to the model performance. With-
out the reconstruction loss, the model fails to learn valid
motion representations, resulting in an FID score of 45.21
and drastically reduced R-Precision. The geometric loss
also proves to be significant. Removing it leads to a no-
ticeable decline in all metrics, highlighting the importance
of physical constraints. In contrast, the KL loss and indi-
vidual BL/FC losses have a relatively smaller impact com-
pared to the reconstruction objective, but their removal still
degrades performance. Ultimately, the full UMF configura-
tion achieves the best balance across all metrics, validating
our design choices.

F. Group Prompt Synthesis

Fig. 8 illustrates the prompt template employed to synthe-
size group scenarios via LLM [1]. We condition the model
on dyadic descriptions from InterHuman, instructing it to



You are an expert in human interaction, social dynamics, and narrative logic.

*xTask:x*

Analyze the provided x*text description* ({{overall._desc}}) which details the interaction between
*two (2) peoplex. Based xonlyx* on the described actions and cues of these two people, you

must *xinfer and generate plausible actions for the unseen, hypothetical PARTICIPANTS** in the
requested scenario (3-person, 4-person, or 5-person).

*xCore Goal:xx*

Your descriptions of the unseen participants MUST be a #direct and logical consequence* of the
actions described in the text. The known actions (e.g., gestures, gaze directions, conversation
turns, or physical reactions) should function as ‘‘clues’’ that imply the presence and actions of
the unseen people.

**Input Data:*x
* Description of 2-Person Interaction: ‘‘{{overall_desc}}’’

**Constraints & Guidance (Strictly follow) :*x

1. Logical Interaction Consistency: The inferred actions of the unseen participant (s) MUST be
socially or physically logical to make the x*entirex scenario coherent.

2. Contextual Adherence: All inferences MUST strictly align with the context provided in
{{overall_desc}} (whether it is a casual conversation, a formal meeting, a dance, or a

conflict) .
3. Example of the Required Reasoning Process:
¢ IF the Text Says: ‘‘Person A smiles and extends their right hand forward as if to shake
hands, while Person B stands back and watches.’’
e A VALID 3-Person Inference would be: ‘‘*A third person steps forward to grasp Person A’s

extended hand for a handshake.’’
* Why: The x*described actionx* (offering a handshake) implies a #recipientx (the third
person) is present.
4. Focus on Observable Action: Descriptions must be specific, concrete actions or distinct
social cues (e.g., speaking, waving, approaching).
5. STRICT PROHIBITION: You MUST NOT invent irrelevant background characters. The #*only+ added
people you may describe are active participants whose presence is x*directlyx implied by the
scenario.

*xInstructions:*x*

1. Thoroughly analyze the interaction logic implied by the {{overall_desc}}.

2. Deduce what x*other participants* smustx be doing to make the described scene logical.

3. Generate the xexactx number of variations required below (3 variations for each). Your
response MUST start #*directly* with the Markdown heading.

**Required Output Format (Provide ONLY the following without showing your thinking) :*=*

##4# 3-Person Scenarios (3 Variations)
* (Each describes the plausible actions of the one unseen third person) *

1. [Description 1...]
2. [Description 2...]
3. [Description 3...]

### 4-Person Scenarios (3 Variations)
* (Each describes the plausible actions of the two unseen third and fourth persons) x

1. [Description 1...]
2. [Description 2...]
3. [Description 3...]

### 5-Person Scenario (3 Variations)
* (Describes the plausible actions of the three unseen third, fourth, and fifth persons) *

1. [Description 1...]
2. [Description 2...]
3. [Description 3...]
\ J

Figure 8. Prompt template for inferring multi-person interaction scenarios from text descriptions.

infer the actions of unseen participants based on observable evaluation, the prompt strictly enforces that added charac-
social cues and narrative logic. To facilitate robust zero-shot ters appear as direct causal consequences of the original in-
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