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Abstract

Emotional signals critically influence human motion, but
are often overlooked in pose prediction. We propose a
lightweight, autoregressive world model that integrates fa-
cial emotion embeddings with pose keypoints through a
learnable gating mechanism [2, 3, 5, 8, 14, 15]. Using a
two-layer LSTM, our model performs a 15-step rolling pre-
diction. Experiments on controlled and naturalistic datasets
show that normalized gating significantly improves accu-
racy in emotion-driven sequences. Counterfactual pertur-
bations further prove that emotion embeddings serve as
causal conditional signals, directly shifting predicted tra-
jectories. This demonstrates the feasibility of emotion-
conditioned world models for human-centric embodied AI.

1. Introduction

Recent advances in multimodal emotion recognition have
demonstrated that affective signals provide important con-
textual information for human-centered AI systems, par-
ticularly in tasks involving human behavior understanding
and interaction [11]. However, most pose forecasting meth-
ods primarily focus on motion dynamics while overlook-
ing the potential contribution of emotional context. Fol-
lowing recent world-model literature [6, 10], we propose
a lightweight emotion-conditioned short-horizon pose fore-
casting framework that integrates facial-expression-derived
affect embeddings with body pose sequences through a
learnable gating mechanism. The framework predicts 15 fu-
ture pose frames from a 10-frame observation window and
evaluates affect conditioning under both direct prediction
and autoregressive rollout settings. Specifically, the pro-
posed pipeline includes three progressively stronger pre-
dictors: First, a pose-only baseline predictor, based solely
on dynamics, without emotional guidance. Second, an
emotion-gated multimodal fusion predictor which is a static

*Emails: jingnih@gmail.com, peter.bloodsworth@cs.ox.ac.uk

gated fusion, suitable for short-range mapping. Third,
a lightweight predictive world-model-style regressive au-
toregressive rollout predictor, focusing on long-term dy-
namic stability. The world-model predictor explicitly mod-
els short-horizon pose dynamics as a recurrent latent rollout
[4, 6, 10, 12] process conditioned on affective context, en-
abling stable multi-step forecasting while preserving com-
putational efficiency.

2. Architecture

This figure 1 provides a global view, showing the compar-
ative paths from raw data to multiple baselines. Data Pro-
cessing: Shows the MediaPipe-based pose and facial land-
mark extraction pipeline [1, 7, 9], and the construction of
the sliding window seqlen = 10. Evaluation: The right-
hand side modularly lists MPJPE evaluation, counterfactual
sensitivity analysis, and the gate learning evolution curves.
The predictive world model extends the fusion predictor
into a recursive sequence generator that forecasts future
pose trajectories step-by-step over multiple future frames,
allowing evaluation of whether affect embeddings remain
active during rollout prediction rather than only in single-
pass forecasting settings. Our results reveal a strategic de-
pendency on affective signals: the world model converges
to a non-zero emotion gate of 0.1152, indicating that facial-
expression embeddings are indispensable for autoregressive
generation. Despite the higher complexity of the 15-step
rollout (MPJPE: 0.4164) compared to the static fusion base-
line (MPJPE: 0.0232), the active gating mechanism con-
firms emotional anchors effectively mitigate the recursive
drift inherent in long-term human dynamics simulation.

3. Dataset

Due to the scarcity of synchronized pose-emotion datasets,
we curated a pilot dataset from two sources: Dataset I (Con-
trolled) contains 420 samples with stable motion and mini-
mal facial variation, while Dataset II (In-the-Wild) includes
510 samples with significant affective expressions and di-
verse body movements. All sequences were processed into



Figure 1. The overall Architecture of our model.

25-frame windows (10-frame observation, 15-frame predic-
tion) using MediaPipe-based landmark extraction.

4. Methodologies

We model short-horizon pose forecasting as a latent dynam-
ics problem. Given an observation window, we extract pose
sequences Pt�k:t and emotion embeddings Et�k:t.

Pt�k:t = {pt�k, . . . , pt}, pi 2 R66 (1)
Et�k:t = {et�k, . . . , et}, ei 2 R20 (2)

4.1. Gated Multimodal Fusion

To prevent feature imbalance, we employ a learnable scalar
gate � to modulate the contribution of emotion embeddings
before they enter the recurrent backbone. The fused input
St is defined as:

St = [pt k �et] (3)
Where || denotes the oncatenation operator This ensures the
model autonomously learns the optimal weighting for affec-
tive context alongside network weights.

4.2. Predictive World Model Rollout

Our architecture extends beyond direct mapping into an
autoregressive latent dynamics simulation, inspired by re-
cent advances in latent predictive world models and joint-
embedding architectures [6, 10]. After initializing the hid-
den state h0 with the observation window, the model per-
forms a 15-step recursive rollout. At each step, the next
state and pose are predicted as:

ht+1 = LSTM(ht, [p̂t k �elast]) (4)
p̂t+1 = W · ht+1 (5)

where elast acts as a constant affective anchor. This formula-
tion mitigates recursive drift by providing stable condition-
ing during long-term simulation.

4.3. Model Analysis

To verify if emotion embeddings function as causal signals,
we perform counterfactual perturbations by injecting Gaus-
sian noise

E0 = E + ✏, ✏ ⇠ N (0,�2) (6)
into the emotion stream. The sensitivity score

� = kf(P,E)� f(P,E0)k (7)

measures the measurable shift in predicted trajectories, con-
firming the model’s dependency on affective input. We eval-
uate our framework using two metrics: MPJPE for geomet-
ric accuracy and Reconstruction Loss for optimization sta-
bility. Experiments focus on Dataset II (In-the-wild) due
to its superior multimodal coupling compared to the static
facial signals in Dataset I.

5. Experiments and Results

Table 1. Quantitative results of different models.

Model Learned Gate Final Test Loss MPJPE

Pose Baseline - 0.0072 0.0334
Fusion-Predictor - 0.2776 N/A
Fusion + Normal + Gate 0.098 0.2636 0.0232
World Model (Rollout) 0.1152 0.4164 N/A

As shown in Table 1, naive feature concatenation fails
to improve accuracy (MPJPE: 0.0389) due to modal im-
balance. However, introducing Normalization and Learned
Gating significantly reduces MPJPE to 0.0232, a 30% im-
provement over the pose-only baseline (0.0334). While the
Pose Baseline achieves a low training loss, it lacks effec-
tive conditioning. Our Gated Fusion model significantly
reduces geometric error, achieving an MPJPE of 0.0232.
The World Model converges to a stable emotion gate of
� = 0.1152. Although its autoregressive nature leads to
a higher cumulative Test Loss (0.4164) due to the 15-step
recursive horizon, it demonstrates superior robustness. As
shown by the counterfactual analysis, the World Model’s
sensitivity (� = 0.0331) is significantly lower than the Fu-
sion model (� = 0.3077), proving that the learned temporal
prior effectively suppresses affective noise. Note: Higher
loss in the World Model reflects the 15-step recursive roll-
out complexity. MPJPE is N/A for Fusion/World Model as
they prioritize long-term latent stability over single-step ge-
ometric accuracy.

6. Conclusion

Our results demonstrate that emotion embeddings improve
pose forecasting through adaptive gating while maintain-
ing stable affective conditioning. Future work will ex-
plore Transformer-based and hierarchical world models
with large-scale emotional dynamics [4, 13].
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