To provide a more complete understanding of our
proposed U-Mind system, this supplementary material
presents (1) detailed descriptions of our data construction
pipeline, including reasoning-augmented annotations and
multimodal synthesis preparation; (2) expanded implemen-
tation details, covering model architecture, tokenizer train-
ing, and experimental setup; and (3) additional qualitative
results that illustrate its strengths in multimodal dialogue.
These materials aim to clarify key design choices and sup-
port the reproducibility of our work.

1. Data Construction Details

To support the training of U-Mind across dialogue,
instruction-following, and full-stack video generation, we
construct a comprehensive multimodal dataset that inte-
grates both benchmark resources and proprietary corpora.
The data pipeline is organized into two primary compo-
nents: core datasets for multimodal alignment and reason-
ing, and auxiliary corpora for supporting text2speech (TTS)
and video rendering.

1.1. Multimodal Training Datasets

Multimodal Dialogue Supervision. We build a reasoning-
enhanced dialogue dataset based on BEAT v2 [13], which
provides paired speech and motion data. For each ut-
terance or gesture segment, we prompt a large lan-
guage model (Qwen3) to generate three question—answer—
reasoning triplets, injecting explicit CoT-style traces into
the original corpus. The generated textual answers are then
converted to audio using a high-quality neural TTS sys-
tem (Orpheus-TTS [2]), resulting in coherent multimodal
dialogue samples. For original speech recordings, we ap-
ply Whisper [15] to obtain accurate transcriptions. This
pipeline yields a dataset containing 10k reasoning-enhanced
S2M examples and over 30k multimodal QA-reasoning
pairs, enabling symbolic and physical grounding in dia-
logue settings.

Instruction-Following Supervision. We construct a CoT-
augmented instruction-following dataset based on Hu-
manML3D [5], which provides natural language descrip-
tions paired with 3D motion data. For each description,
we prompt a large language model (Qwen3) to gener-
ate three question—answer—reasoning triplets, enabling hi-
erarchical task decomposition and intermediate planning.
This process yields 16k high-quality T2M samples, each
enriched with explicit symbolic reasoning signals. To
convert symbolic supervision into multimodal alignment
targets, all Qwen3-generated responses are synthesized
into speech using Orpheus-TTS [2], forming synchronized
text—speech—motion triples.

1.2. Auxiliary Corpora for Speech and Video Mod-
ules

Conversational Reasoning and TTS. To further enhance
symbolic planning and speech generation capabilities, we
incorporate two external datasets: OpenOrca [14], a high-
quality open-domain corpus rich in multi-turn conver-
sational reasoning, and Common Voice [1], a multilin-
gual crowd-sourced speech dataset that improves the TTS
model’s prosody, phonemic diversity, and naturalness. By
mixing these resources into our training pipeline, the model
benefits from both abstract reasoning supervision and di-
verse acoustic grounding, leading to more fluent, expres-
sive, and semantically coherent multimodal outputs.

Video Renderer Training. To enable photorealistic and
temporally aligned video generation, we adopt two com-
plementary rendering pipelines. First, we collect a 500-
hour proprietary human video corpus annotated with 2D
keypoints using DWPose [20], which is used to train a
diffusion-based renderer based on the WAN [18] back-
bone. Second, we train a Gaussian Splatting renderer on the
TaoAvatar [4] dataset, utilizing 3D SMPL-X annotations to
enable direct pose-driven 3D video synthesis. These two
renderers provide complementary views: while diffusion
models produce high-fidelity 2D renderings from 2D pose
inputs, Gaussian-based renderers directly generate consis-
tent 3D avatar videos from SMPL-X poses, supporting di-
verse real-time generation scenarios. These components
together support U-Mind’s full-stack, instruction-following
multimodal interaction capabilities.

2. Additional Implementation Details

This section provides implementation details for the tok-
enizer modules, model configuration, training strategy, and
inference settings used in the U-Mind system.

2.1. Motion Tokenizer

We employ a residual VQ-VAE architecture [16, 24] to dis-
cretize 3D motion sequences into compact token represen-
tations. Specifically, we use a 4-layer residual quantization
scheme with a temporal downsampling ratio of 4. To en-
hance numerical stability and preserve geometric continu-
ity, each input sequence of SMPL-X parameters is first con-
verted into a 6D continuous pose representation before en-
coding. These continuous poses are then encoded into dis-
crete codebook indices, enabling token-level modeling of
motion. This design ensures a balance between fidelity and
compression, facilitating efficient multimodal learning.

2.2. Speech Tokenizer

For speech representation, we utilize the SpeechTokenizer
[23] module to discretize waveform audio into acoustic to-
kens. This tokenizer captures phonetic and prosodic infor-



Do you think higher salaries always lead to greater happiness in a job? -_

<think>The question inquires about the relationship between salary and happiness at work, implying a direct link between the two.
To address this, I reflect on my belief that while money can make life easier, it doesn ‘t inherently lead to happiness. I recall
instances where individuals with high-paying jobs still felt unfulfilled, suggesting that intrinsic factors, such as alignment with

one s passions, values, and the nature of the work itself, play a more significant role in job satisfaction. From this reasoning, I
conclude that true happiness at work arises from doing meaningful work that you are passionate about, rather than solely from a

high salary.</think>

& “In my opinion, a higher salary doesn't always equate to greater happiness at work. While earning more money can certainly
provide comfort, it's not a guarantee of job satisfaction. If the salary is reasonable and the work offers personal fulfillment, that's
ideal. However, if the salary is too low, it's hard for anyone to maintain a positive outlook on their job.”
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Can you share a memory of a special place you visited and a wish you made there? -
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<think>The question asks about a memorable place and the wish associated with it. I begin by recalling a location that holds
personal significance, and a temple comes to mind, possibly connected to my cultural or spiritual practices. I remember
specifically wishing for a job that would be easy to find during my visit there. In structuring the answer, I focus on the connection
between the place, the wish, and my desire for a smooth career path, while also conveying emotions like hope and optimism for

the future. </think>

& “Tvisited a temple and made a wish for a job that would be easy to find. I placed my hopes and fortune there, wishing for a
smooth future where luck would guide me toward good opportunities..”
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Figure 1. More Multimodal Dialogue Results.

mation suitable for both speech synthesis and alignment.
During multimodal training, the speech encoder, like all
modality encoders, is kept frozen to preserve stable repre-
sentations and avoid catastrophic forgetting.

2.3. Model Backbone and Token Prediction

Our multimodal language model is based on the LLaMA2-
7B [17] architecture, initialized with the pretrained weights
from AnyGPT [21]. We extend the tokenizer’s codebook to
include motion and speech tokens and train the model using
a unified next-token prediction objective. Given a prompt
sequence, the model autoregressively generates text, acous-
tic, and motion tokens in a unified token stream.

2.4. Training Details

Motion Tokenizer. The motion tokenizer is trained us-
ing a 4-layer residual VQ-VAE architecture with a tem-
poral downsampling ratio of 4. To ensure robust learn-
ing and smooth quantization, SMPL-X pose parameters are
first converted into 6D continuous representations. The to-
kenizer is optimized using the AdamW optimizer with a
learning rate of 1e-5, 8 values of [0.9, 0.999], and no weight
decay. We apply a learning rate scheduler with milestones
at epochs 50, 150, and 250, decaying the learning rate by a
factor of 0.4 at each milestone. Exponential moving average
(EMA) with a momentum of 0.99 is employed to stabilize
training. The model is trained with a batch size of 256 on 8
H100 GPUs.

U-Mind Backbond. We adopt a two-stage training pipeline
to balance perceptual grounding with instruction alignment.



In the pre-training stage, we use a learning rate of le-4, a
batch size of 4, a maximum sequence length of 2048, and a
cosine learning rate scheduler. Training is conducted on 8
H100 GPUs using bfloat16 precision. In the instruction tun-
ing stage, we continue training from the pre-trained check-
point with a reduced learning rate of 2e-5, keeping the batch
size and sequence length unchanged. This staged approach
allows the model to first acquire modality fluency without
catastrophic forgetting, and then align with high-level inter-
active behaviors under a stabilized training regime.

Each input prompt is formatted with modality-aware de-

limiters. The model outputs a <t hink> block for symbolic
reasoning before generating perceptual modalities. Modal
tokens are aligned in a consistent autoregressive order to
preserve temporal coherence and facilitate video render-
ing. We initialize text encoders from LLaMA2-7B, and re-
tain the pretrained SpeechTokenizer and motion VQ-VAE
modules as frozen during all LLM training. This modu-
lar design ensures representational stability while leverag-
ing large-scale pretrained knowledge.
Diffusion-based Renderer. Our diffusion-based video ren-
derer is built upon the WAN [18] backbone. To enable
fine-grained control over multimodal synthesis, we intro-
duce cross-attention layers into the video decoder that inject
motion and audio features, allowing the model to produce
synchronized body movement and speech directly from the
autoregressively generated token sequence.

We train the model on 25fps video clips using 16xH100

GPUs with the following settings: a constant learning rate
of le—5 with 100 warm-up steps, Adam optimizer with
weight decay of 0.01, gradient clipping at 1.0, and bfloat16
mixed-precision training. We adopt optical flow-based fil-
tering during preprocessing, using a minimum flow thresh-
old of 0 and filtering frames based on percentile scores
capped at 5. This ensures temporal coherence and training
stability during synthesis learning.
Gaussian-based Renderer. Our Gaussian-based renderer
is developed following the pipelines of [4, 22], leverag-
ing 3D point cloud accumulation and SMPL-X-driven body
control. The model is trained using a learning rate of 5e—4
with a cosine annealing scheduler, Adam optimizer with a
weight decay of 0.01, and runs on a single H100 GPU.

2.5. Inference Settings

During inference, the model operates in an autoregressive
decoding mode with a unified token stream. The prompt
first triggers internal <t hink> reasoning, followed by text,
speech, and motion token generation. Generated acoustic
tokens are converted to waveforms and re-encoded for video
synthesis, while motion tokens are decoded into SMPL-X
poses. Video rendering is subsequently performed by either
a diffusion-based or Gaussian-based renderer, depending on
the output mode.

2.6. Experimental Settings and Baselines

Data Splits. For all experiments, we adopt a 7:1 train-test
split for each dataset. Multimodal dialogue and instruction-
following evaluations are conducted on our curated test
sets built from BEAT v2 and HumanML3D, respectively.
For foundational tasks such as text-to-motion (T2M) and
speech-to-motion (S2M), we use the similar test sets from
HumanML3D [5] and BEAT v2 [13].

Baselines and Training Protocol. To ensure a rigor-
ous and fair evaluation, we compare U-Mind against a di-
verse set of representative baselines. For methods whose
pretrained weights are not publicly available, specifically
SOLAMI [8], we retrain the model from scratch on our
curated dataset following the official implementation and
training protocols. For other baselines, including LOM [3],
EMAGE [13], CaMN [12], and DisCo [11], we utilize their
publicly released weights and codebases.

Furthermore, we extend our comparison to include
three specialized categories of baselines: (1) Cascaded
Pipeline: To benchmark against non-unified approaches,
we construct a modular system integrating LLaMA?2-Chat-
7B [17] for dialogue, Orpheus-TTS [2] for speech synthe-
sis, and LOM [3] for motion generation. (2) Dialogue-
centric MLLMs: We incorporate Next-GPT [19] to eval-
uate high-level multimodal conversation capabilities. (3)
Task-specific SOTA: For the text-to-motion (T2M) task,
we compare U-Mind against recent state-of-the-art models,
including Atom [6] and PersonaBooth [9], ensuring a com-
prehensive assessment of motion fidelity and diversity.

Evaluation Metrics. Beyond standard metrics, we incorpo-
rate [7, 8, 10]: (1) MPJPE/PA-MPJPE: Average Euclidean
distance between predicted and ground-truth 3D joints to
assess structural fidelity. (2) Accel: Average joint accelera-
tion to quantify motion smoothness and jitter. (3) Angle Er-
ror (AE): Mean Euclidean distance between predicted and
ground-truth joint Euler angles. In our tables, the “Dataset”
row denotes the performance of reference samples from the
ground-truth test set, serving as the upper-bound gold stan-
dard.

3. Additional Qualitative Results

We provide extra cases in Fig 1 that demonstrate the
model’s ability to interpret diverse user queries, perform in-
termediate reasoning, and generate coherent multimodal re-
sponses. These examples cover open-domain and context-
dependent questions, showing how the system grounds its
answers with appropriate gestures, synchronized speech,
and internally reasoning traces. The responses reflect both
semantic understanding and communicative clarity.



4. Additional Quantitative Evaluations

4.1. Multimodal Dialogue and User Study

To mitigate potential LLM evaluator bias, we conducted a
user study with 30 participants across 20 randomized sam-
ples. As shown in Table I, U-Mind significantly outper-
forms baselines in Naturalness and Relevance. These re-
sults are cross-validated using Gemma-2 as an independent
automated judge, confirming that U-Mind’s superiority is
consistent across both human perception and logical met-
rics.

Table 1. Updated Multimodal Dialogue Evaluation.

Human Eval (1-5) Gemma-2 Eval (1-10)

Method Rel. 1 Nat. 1 Rel. 1 Nat. 1
LLM+TTS+LOM  3.75 2.30 7.70 4.39
SOLAMI 1.71 2.40 0.89 5.28
Next-GPT 3.52 2.71 6.54 5.59
Ours 4.50 4.25 7.33 7.84

4.2. Expanded Text-to-Motion Comparison

We compare U-Mind with recent SOTA T2M methods in
Table 2. While SOLAMI shows lower FGD, its poor Diver-
sity score indicates mode collapse. U-Mind maintains high-
fidelity dynamics (lowest MPJPE) and variance, essential
for expressive agents.

Table 2. Expanded T2M Comparison.

Methods FGD| Divt MPJPE| PAMPJPE| Accel |
LOM 1422 1042  316.94 225.05 236.19
SOLAMI  8.65 737  321.07 227.66 152.34
Atom 13.18 937 19332 112.84 163.64
Ours 1269 1071  123.60 79.32 137.55
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