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1. Additional Implementation Details

1.1. Network Details

For completeness, we provide a consolidated description
of the architectural components used throughout Coherent-
Hand, expanding upon the high-level overview presented in
the main paper. Our system combines pre-extracted visual
and linguistic features with intermediate VLM represen-
tations, which are subsequently processed by lightweight
transformer modules and a DiT-based flow decoder. The vi-
sual features are extracted from DeiT [18] (dimension 768),
and action prompt text features are obtained via the CLIP
text encoder (dimension 512). For VLM-based guidance,
we obtain intermediate representations from Qwen2.5-VL-
7B [2], whose hidden dimension (3584) is projected to
512 using a single MLP projector. The resulting tokens
(with optional zero-padding for fixed sequence lengths) are
passed into a Perceiver Resampler [1], which compresses
them into a fixed set of 30 latent tokens through a learnable
latent querying mechanism.

The VLM-guided Residual Vector Quantization (RVQ)
codebook utilizes a compact encoder-decoder structure to
ensure stable codebook learning. Both the encoder and de-
coder are constructed from a single, 1-layer Transformer
block featuring followed by a single attention head. The
output features of the decoder are routed through two dis-
tinct MLP-based heads to recover the final reconstructed
MANO parameters and its corresponding contact map. This
entire RVQ module contains approximately 24.6M train-
able parameters. Our flow-based codebook utilizes a DiT
backbone [15]. This backbone is constructed from four se-
quential 1D DiT blocks. Within each DiT block, the Multi-
Head Attention module is configured with 4 attention heads,
and the block maintains a consistent hidden feature dimen-
sion of 512. This module contains roughly 36M trainable
parameters and forms the core of our continuous trajectory
generation pipeline.
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1.2. Training Details

We optimize the VLM-guided RVQ codebook using a com-
bination of reconstruction objectives to supervise both hand
articulation and contact dynamics. Specifically, we train
the VLM-guided codebook with a Smooth L1 loss over the
MANO hand pose and shape parameters, L1 loss to predict
the contact centroid, and another L1 loss on the relative ro-
tation and translation between the initial and future frames.
For the contact map we adopt a standard binary cross en-
tropy loss for the predictions. In addition, for our flow-
based decoder, we trained the model following the rectified-
flow formulation, where the objective is an L2 loss between
the model’s predicted velocity field and the ideal straight-
line velocity. All models are trained on a single Nvidia
RTX 4090 24GB GPU. The end-to-end training for the both
codebook learning and the flow-based decoder optimization
takes approximately 16 GPU hours, respectively.

2. Expansion of Related Works

To complement the Related Work section in the main
manuscript, we provide an expanded discussion that situ-
ates CoherentHand within a broader landscape of recent de-
velopments in 3D hand—object interaction modeling. Al-
though the manuscript focuses on works most directly re-
lated to image-conditioned trajectory generation and vector-
quantized motion priors, several additional research direc-
tions have emerged that further contextualize our approach.
These include human pose modeling works using LM-
guided priors [3, 4, 8, 11] or flow-based pose sequence
generators [6, 19]. In addition, to facilitate the develop-
ment of highly robust and accurate models, multiple large-
scale datasets have been proposed, from lab setting [7, 12—
14] to much more real-world scenarios [5, 9, 10]. The most
closely related to our approach is concurrent work [19] that
shares the goal of utilizing a VLM to reason about hand in-
teraction trajectory generation, their implementation differs
in ways that preclude a direct comparison. Their method
replaces the input visual feature encoders to explicitly fuse



Table 1: Performance comparison on generalization setup with LatentAct diffusion variant (LatentActDiff [16]). We report
MPIJPE (cm), MPJPE-PA (cm) & MPJPE-FA (cm) for the following setup: novel tasks, objects, actions & scene, to evaluate

the accuracies of the predicted trajectories.

Method Task-level Object-level Action-level Scene-level
M-PE] M-PA] M-PE| M-PA|] M-PEJ M-PA|] M-PE| M-PA|
Hand Visible
Forecasting
LatentActDiff [16] 7.90 3.03 8.49 3.20 8.29 3.34 8.32 3.10
CoherentHand 6.76 2.72 7.09 2.75 6.88 2.82 7.61 2.88
Interpolation
LatentActDiff [16] 6.53 2.62 7.23 2.81 7.11 3.10 6.70 2.84
CoherentHand 5.91 2.61 6.03 2.64 5.67 2.75 6.55 2.75
No Hand
Forecasting
LatentActDiff [16] 7.82 2.89 8.63 3.06 8.19 3.15 7.93 2.96
CoherentHand 7.23 2.60 7.73 2.78 7.53 2.85 8.11 2.85
Interpolation
LatentActDiff [16] 6.60 2.65 7.73 2.78 7.42 3.04 6.89 2.71
CoherentHand 6.48 2.68 6.57 2.63 6.39 2.73 7.03 2.69

depth and RGB streams. This fundamental change man-
dates a data and compute-intensive training schedule in-
volving additional finetuning of these encoders, unlike our
approach which relies solely on querying the VLM with
an image and text prompt for intermediate features. Fur-
thermore, their model is trained on a substantially larger,
distinct dataset than HoloAssist and predicts a larger state
space (109 MANO parameters vs. our 61). Consequently,
due to these major differences and the lack of officially
released code or training setup, a meaningful, apples-to-
apples comparison between our performance and its results
cannot be established.

3. Additional Results
3.1. Comparison with LatentAct-Diffusion

Prakash et al. [16] also has trained a diffusion variant of
their final hand trajectory predictor, namely LatentActD-
iff. LatentActDiff performs denoising in the codebook la-
tent space, using an iterative denoising process model from
MDM [17], which is followed by a decoder to generate the
trajectories. As summarized in Tab. |, we compare how our
method performs against LatentActDiff in a more detailed
manner. We consistently outperform LatentActDiff on both
MPJPE and MPJPE-PA across all of the generalization set-
ting, hence providing further validation on both the use of a

VLM-guided codebook and a flow-based decoder that can
directly denoise in the hand trajectory space, with the code-
book latents as a conditioning signal.

3.2. VLM-guidance Increases Codebook Perplexity

We further investigate the effectiveness of our VLM-guided
RVQ training in increasing codebook utilization, which in
turn suggests the capture of fine-grained hand articulation
details. To do so, we have utilized perplexity score as a
metric, defined as the exponentiated Shannon entropy of the
codebook distribution, quantifying the effective number of
discrete codes currently being used by the model. A value
close to the total codebook size indicates the discrete repre-
sentation is under optimal utilization to embed motion pri-
ors. We verify clear advantage of using additional VLM
guidance related to affordance and hand articulation cues
during the RVQ codebook training improves utilization of
the learned codebook as represented by a 30 point increase
(from 340 without guidance to 370 with VLM-guidance) in
the perplexity metric.

3.3. Additional Visualization Results

We qualitatively compare CoherentHand against LatentAct
by visualizing their predicted trajectories overlaid on the
underlying video frames, as shown in Fig. 1. Coherent-
Hand demonstrates significantly superior temporal consis-
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Figure 1: Qualitative results: We compare hand pose generations of CoherentHand with LatentAct [16] from different
generalization settings on the forecasting task, at over the sequence. We show hand poses overlayed on the underlying video
frames. Our method shows better fidelity in the hand poses compared to the baseline.

tency and fluidity, producing trajectories free from the er-
ratic rotations and jerky movements characteristic of Laten-
tAct’s transformer-based decoder. Furthermore, the impact
of our VLM-guided RVQ codebook—which facilitates the
learning of more fine-grained hand articulation details—is
evident in the “Screw Tripod” action (last row). While La-
tentAct only generates generic hand rotational motion, our
method captures the subtle, screw-like manipulation involv-
ing the index finger and thumb.

4. Discussion and Limitation

Our experiments and ablation studies show how to effec-
tively utilize intermediate VLM representation to provide
high-level affordance and articulation cues to improve the
fidelity of generated hand pose sequences. However, this
does not overcome the geometric guidance having ground
truth 3D object models can provide. Future work can focus
on exploring avenues to incorporate additional 3D object-
level cues to enhance this task. We also predict trajecto-
ries only for the right-hand and extending our setting to bi-
manual interaction trajectories can be an obvious next step.
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