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Abstract

Human body features like size, shape, and pose are key elements in Human-Centric
Computer Vision. They determine where people are, what they do, and how much
space they occupy in the environment. This thesis investigates three aspects of
computer vision, all connected by human presence: crowd analysis, motion generation,
and human interaction with scenes. Perceiving and counting people in a crowd is
useful for public safety and incident prevention. Motion generation helps creators
improve the quality and smoothness of their content with minimal e�ort. Human-
Scene Interaction enables motions to realistically interact with environments, and the
evaluation of such types of solutions is critical. Current methods in these domains
often fail to meet key user requirements.

Practical applications demand an understanding of the physical space people
occupy, a requirement that mere counting fails to provide. To address this, we first
introduce the new task of Crowd Volume Estimation: predicting the total human
body volume present in a scene from a single RGB image. We release ANTHROPOS-
V, a photorealistic benchmark with per-person and per-part supervision derived from
anatomically plausible meshes and based upon anthropometric priors. Training on
per-part volume density maps spreads supervision beyond heads to torsos and limbs,
making estimates robust to occlusion and scale. Our proposed model, STEERER-V,
outperforms counting and human mesh recovery baselines on the Crowd Volume
Estimation task, and can easily transfer its capabilities to real images, advancing
crowd analysis from simple counts to a more practical, volume-based analysis for
safety, planning, and comfort.

A central challenge in motion generation is ensuring that outputs are plausible
and coherent, not just diverse. To tackle the problem of implausible and uncontrolled
generation, we propose MoDiPO, a method to align text-to-motion di�usion models.
MoDiPO adapts Direct Preference Optimization to the motion domain and replaces
costly human labels with AI feedback. For each prompt, an AI ranker constructs
preference sets over candidate motions; We then align the generator toward winner
motions, repulsing loser motions, while preserving diversity. With a new dataset
made of motion-preference pairs, named Pick-a-Move, MoDiPO improves FID,
human preference, and prompt faithfulness without any mode collapse, turning
di�usion-based text-to-motion models into preference-aligned motion generators.

True understanding requires contextual coherence across motion, intention, and
the environment. To achieve this, we propose MonSTeR, a tri-modal retrieval model
that embeds motion, scene, and text in a unified latent space. This space is trained
via coupled unimodal and cross-modal encoders, supporting flexible, all-direction
retrieval. This versatile representation enables downstream tasks like zero-shot
in-scene object placement and enhanced scene-aware motion captioning. MonSTeR
serves as a powerful evaluator for Human-Scene Interaction models. We validate
this capability by showing that its scores correctly penalize physically implausible
interactions such as those derived from path rotations and scene collisions.

Together, these contributions move from population-level capacity (volume) to
individual-level plausibility (aligned motion) to contextual coherence (motion-scene-
text alignment).
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Chapter 1

Introduction

Accurately perceiving and modeling human beings is a foundational challenge in
artificial intelligence, essential for systems that interact with and operate in human-
centric environments. The body’s physical characteristics, like size, shape, pose, and
motion, are the fundamental primitives through which we interpret human attributes
and behaviors.

In the field of Human-Centric Computer Vision, these features are paramount,
as they determine where people are, what they do, and how much space they occupy
within an environment. Unlike rigid objects, the human form is highly articulated,
deformable, and presents immense variability in appearance, making its analysis
a persistent and challenging frontier. A deep understanding of these elements is
therefore critical for both perception tasks that can range from ensuring public safety
to analyzing nuanced social behaviors, as well as generation tasks, like creating
realistic and interactive digital agents for virtual worlds. This thesis explores three
distinct yet interconnected domains within this field: the analysis of human crowds,
the synthesis of human motion, and the contextual interplay between humans and
their environments.

The real-world importance of these domains demands reliable solutions. The
ability to perceive and analyze crowds is crucial not only for ensuring public safety
in high-density environments but also for optimizing architectural design, managing
pedestrian flow in public transport hubs, and ensuring structural integrity under
heavy pedestrian loads.

The generation of realistic human motion is a vital tool for animators, game
developers, and creators, enabling the production of high-quality digital content
while reducing manual e�ort. Beyond entertainment, it is essential for creating
digital twins, performing ergonomic simulations, and synthesizing training data for
other AI models.

Finally, modeling the intricate relationship between a person’s actions, their
intentions, and their physical surroundings are a foundational requirement for
developing the next generation of intelligent systems, from assistive robotics and
augmented reality to advanced autonomous driving systems that must predict
pedestrian behavior.

However, while significant progress has been made in these domains, current
solutions often fail to meet key user requirements for practical, real-world applications.



2 1. Introduction

This thesis argues that there are three critical gaps between the state-of-the-art and
what is truly needed. First, in crowd analysis, a simple headcount is a shallow metric
that ignores critical factors like weight and occupancy, which are vital for preventing
structural overloading and ensuring comfort. A true understanding thus requires
quantifying the physical space people occupy. Second, in motion generation, the
inherent stochasticity of powerful models like di�usion models often leads to physically
implausible or undesirable motions. This unrestricted diversity must be aligned
with user preferences for plausibility. Third, in human-scene interaction, a unified
method for evaluating the realism of a generated motion within its environment is
completely absent. Existing metrics are too weak, failing to capture the contextual
coherence between motion, intention, and the scene.

This thesis addresses these three weaknesses directly, advancing the field of
human-centric computer vision along each of these axes. Our first contribution
moves beyond traditional crowd analysis by introducing the novel task of Crowd
Volume Estimation, which uses volume as a robust proxy for weight and occupancy.
Since no datasets existed for this task, we developed ANTHROPOS-V, the first
large-scale, photorealistic synthetic dataset with per-person volume annotations.
To obtain this dataset, we manipulated the 3D meshes of GTA-V characters to
align their anthropometrics with real-world human height and weight distributions,
significantly reducing the sim-to-real gap. We then propose STEERER-V, a model
that outperforms both counting and Human Mesh Recovery baselines by using a novel,
volume-specific supervision signal, providing a more meaningful and capacity-based
understanding of crowds.

Second, we tackle the problem of plausibility and control in generative motion
models. We introduce MoDiPO, a framework that aligns text-to-motion di�usion
models with user preferences using Direct Preference Optimization. To circumvent
the costly process of gathering human preferences, we pioneer the use of AI feedback
from retrieval models to automatically create a motion-preference dataset, which we
name Pick-a-Move. MoDiPO leverages this data with a dynamic sampling strategy
that prevents overfitting and mode collapse. Our experiments demonstrate that this
alignment process yields significantly more realistic motions, securing a threefold
increase in preference from human evaluators compared to the original model’s
outputs.

Finally, to address the need for a unified evaluation metric in human-scene
interaction, we present MonSTeR, the first tri-modal retrieval model designed to
assess the coherence between motion, scene, and text. Using coupled unimodal
and cross-modal encoders to capture higher-order relationships, MonSTeR embeds
all three modalities into a unified latent space. While this space supports flexible
retrieval, its most critical application is serving as a holistic, scene-aware evaluator.
We validate this by showing that its scores strongly correlate with human judgments
of plausibility, correctly penalizing contextually absurd interactions like interpene-
trations, thus providing the first reliable, global metric for contextual coherence in
this domain.

The remainder of this thesis is structured to detail these contributions. Chapter
2 introduces the task of Crowd Volume Estimation and presents our ANTHROPOS-
V dataset beside STEERER-V that demonstrates its superior performance over
traditional counting methods. Chapter 3 addresses the challenge of plausibility
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in motion generation, detailing our approach for text-to-motion models alignment.
Chapter 4 presents MonSTeR, a model for tri-modal retrieval and validates its
e�ectiveness as a tool for evaluating contextual coherence. Finally, Chapter 5 will
conclude with a summary of the contributions.
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Chapter 2

ANTHROPOS-V: benchmarking
the novel task of Crowd Volume
Estimation

2.1 Overview
We introduce the novel task of Crowd Volume Estimation (CVE), defined as
the process of estimating the collective body volume of crowds using only RGB
images. Besides event management and public safety, CVE can be instrumental
in approximating body weight, unlocking weight-sensitive applications such as
infrastructure stress assessment, and assuring even weight balance. We propose the
first benchmark for CVE, comprising ANTHROPOS-V, a synthetic photorealistic
video dataset featuring crowds in diverse urban environments. Its annotations
include each person’s volume, SMPL shape parameters, and keypoints. Also, we
explore metrics pertinent to CVE, define baseline models adapted from Human Mesh
Recovery and Crowd Counting domains, and propose a CVE-specific methodology
that surpasses baselines. Although synthetic, the weights and heights of individuals
are aligned with the real-world population distribution across genders, and they
transfer to the downstream task of CVE from real images.

2.2 Introduction
Dealing with large gatherings in public spaces presents significant challenges in
crowd management: overcrowding can jeopardize the safety, health, and comfort
of individuals, while the assembly of crowds on structures not designed for high
capacity poses risks of structural damage or collapse due to overloading [6].

Currently, the monitoring of crowds’ risks based on head count [7, 8] tends to
disregard potentially critical factors such as weight, occupancy, heat dissipation,
and oxygen consumption, which are strongly correlated with individuals’ body
build [6, 9]. Additionally, these factors exhibit significant variability based on age,
gender, ethnicity, and health conditions [10, 11, 12].

A precise estimate of the crowd’s total volume o�ers a more reliable method for
detecting space underuse or overcrowding by leveraging a priori knowledge of the
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Figure 2.1. ANTHROPOS-V is the first dataset for the novel task of Crowd Volume
Estimation. It features human crowds engaged in activities within real-world environ-
ments (left). Each individual in the dataset is labeled with ground-truth SMPL shape
parameters (center) along with their volume labels. We employ novel Per-Part Volume
Density Maps as a superior supervision signal for training models to address this task
(right).

available in-place volume. Additionally, this approach can significantly mitigate the
risks associated with overloading, as volume serves as a robust proxy for estimating
weight [13, 14].

Motivated by these insights, this paper introduces the novel Crowd Volume
Estimation (CVE) task, which aims to estimate the collective volume occupied by
groups of individuals directly from single RGB images.

Recently, volume estimation (VE) has garnered significant research attention.
However, previous works [15, 16, 17, 14, 18] have focused primarily on estimating the
volume of single individuals in controlled environments, often relying on expensive
annotations. These works rely on requirements and assumptions that render them
impractical for estimating the volume of large crowds. In addition, there are no
datasets tailored for CVE, as existing datasets [19, 20] featuring scenes with multiple
people only encompass a limited number of individuals (Æ 15) or lack necessary
volume annotations [21, 22]. We thus propose the first CVE benchmark, including
baselines, a novel dataset, and metrics.
As for the baselines, we outline two research directions for crafting models for CVE:
(1) grounding on methods from the Crowd Counting [23, 24, 25, 3] domain, or (2)
repurposing the pipeline of Human Mesh Recovery (HMR) [26, 27, 20] combined
with a human detector. In the case of (1), we extend the density-map strategy to a
more specific form of supervision, the Volume Density Maps, tailored to regress the
human volumes in an image. For these models, we further define a more fine-grained
form of supervision which we dub Per-Part Volume Density Maps (rightmost picture
in Fig. 2.1). This supervision allows the model to learn how to regress the volume
of di�erent human subparts (e.g., arms, chest, legs), resulting in a more accurate
estimate of each individual’s volume. In the case of (2), we show that HMR models
with a human detection preprocessing can serve as volume estimators without any
modification, as the volume estimate comes as a by-product after postprocessing the
predicted meshes (middle picture in Fig. 2.1).

Moreover, to enable the training of CVE-specific models, we introduce “AN-
THROpometrics POse Shape and Volume estimation dataset” (ANTHROPOS-V), a
synthetic, large-scale, and video-realistic dataset representing large crowds in urban
scenarios and reporting for the first time the annotated volume of each individual
appearing in the scenes. ANTHROPOS-V is generated using the videogame engine



2.3 Related Works 7

of Grand Theft Auto V (GTA-V), which includes a large variety of realistic urban
environments and a broad diversity of characters’ ethnicities.

It is worth noting that acquiring real-world data with annotated anthropometric
features for crowds requires gathering sensitive information from thousands of
individuals in a wide range of environments, hence posing severe issues of feasibility,
bias, and personal details disclosure. Thus, we collect a synthetic dataset to train
models on CVE, evaluating their learned knowledge of both synthetic and real-world
data.

Aiming at reducing the domain gap from synthetic to real images, we enhance
the game’s appearance and perform an in-depth analysis of the GTA-V default
characters. Our findings reveal that the default characters exhibit a restricted and
repetitive assortment of human anthropometrics, such as body sizes and heights.
Therefore, we directly manipulate characters’ 3D meshes to align them with the
real-world human size distributions [28]. As a result, we improve both the realism of
the original GTA-V scenes and their annotations, featuring virtual characters whose
height and weight distributions closely follow the authentic human variations [2].

In summary, our contributions are four-fold:

• we propose the novel task of Crowd Volume Estimation (CVE) to regress the
volume of large groups of people from RGB images;

• we release the first CVE benchmark, including metrics and baselines;

• we introduce ANTHROPOS-V, a dataset explicitly devised for CVE but also
encompassing annotations for other human-centric tasks, with careful attention
to mirror real-world anthropometric and gender statistics;

• we experiment with a novel volume-specific form of supervision, namely Per-
Part Volume Density Maps, and use it to train our proposed model, STEERER-
V, achieving superior results.

2.3 Related Works
In this section, we review the existing literature that relates to the proposed CVE
task. We discuss studies on single-subject Volume Estimation (VE) (Sec. 2.3.1),
Crowd-Counting (Sec. 2.3.2) and Human Mesh Recovery (Sec. 2.3.3).

2.3.1 Single subject VE in controlled environments

Previous literature explored volume estimation, targeting single-bodies [15, 16, 17, 14,
18] or objects [29, 30, 31, 32, 33, 34, 35] for applications in healthcare and nutrition.
In particular, [17] rely on 3D scans, while [15, 31, 32, 14] exploit depth-maps or point
clouds data. To deal with scale ambiguity, [30, 36, 33, 34, 35] make use of reference
objects, while [29, 18] employ multiple images of the same object in di�erent views.
While all the mentioned works tightly depend on controlled environments, scans, or
multiple inputs, and apply to a single subject at a time, we aim at estimating the
total volume of human crowds in the wild. Notably, [16] proposed a large-scale video
dataset displaying individual textured SMPL meshes [37], paired with body-part
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volume ground truths. However, scenes are designed by superimposing a single mesh
onto 2D bedroom images, lacking realism and scale consistency between humans and
the background. On the contrary, we propose a dataset of realistic scenes featuring
large crowds.

2.3.2 Crowd Counting

Crowd Counting aims to estimate the number of people in images or videos. Typically,
datasets in this domain showcase large crowds from bird-eye views [38, 39, 40, 41, 42,
43]. While seminal works [44, 45, 46] cast this problem as a regression task, recent
literature [23, 47, 25] address crowd counting as a localization task. These methods
regress the 2D positions of the heads in the images and estimate the total number
by summing the retrieved outcomes after filtering the more uncertain predictions.
Density-Map-based methods [48, 49, 50, 51, 52, 53, 54, 55, 24, 56] express the ground
truth density map y for an image x as a single-channel image of the same size, where
each pixel is assigned 1 if it contains the center of a person’s head, 0 otherwise; y is
subsequently smoothed with a Gaussian filter. The Gaussian filtering operation is
common in Counting tasks [55, 57, 58, 59, 60], as it allows to treat the GT density
map as a continuous function [39], which, in turn, allows the end-to-end training
of the network. Bayesian-based approaches di�er from conventional density-based
methods as they estimate density maps without supervision upon ground truth
density maps. For instance, [25, 3] employ a bayesian-loss to construct a density
contribution probability model starting from bare annotations. We evaluate strong
Density-Map [24], Localization [23], and Bayesian models [3, 25] for the CVE task.
We introduce baselines capitalizing on an adaptation of the Density Maps approach
for CVE, namely Volume Density Maps: each pixel containing a person’s head is
assigned with the whole person’s body volume instead of 1.

2.3.3 Human Mesh Recovery for Few Individuals

Human Mesh Recovery (HMR) regresses the human 3D shape and pose from single
RGB images. CLIFF [27] pairs cropped image features with their bounding box
information, enabling the accurate prediction of global rotations. In BEDLAM-
CLIFF [20], the authors train CLIFF on their dataset and improve its performance.
ReFit [26] exploits a recurrent updater that iteratively adjusts a parametric human
model to align with image features. The recent TokenHMR [61] uses a tokenized
representation of the human pose and reformulates the problem as a token predic-
tion. DPMesh [62] leverages a di�usion model to meliorate robustness to occlusions.
Crowd3DNet [63] focuses on mesh reconstruction of people within crowds in wide-
field images, though tightly assuming the existence of a common plane where all the
actors lie; such assumption does not hold for the complex scenes of ANTHROPOS-V.
Similarly, [64] exploits pseudo-GT to model the relations and interactions of the
individuals and improve pose and localization estimation; however, this work does
not focus on human shape, as no shape-related metric is employed. Contrarily, CVE
requires precise volume/shape GT for correct computation (Sec. 2.4.2). Thus, we
repurpose [27, 20, 26] for CVE, pairing them with a human detector.
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Figure 2.2. STEERER-V’s PP-MAE/MAE computed on ANTHROPOS-V test set.

2.4 Measuring Crowds Volumes

In this section, we formalize CVE (cf. Sec. 2.4.1) and define the metrics for the
novel CVE benchmark (cf. Sec. 2.4.2).

2.4.1 Problem Formalization

We define Crowd Volume Estimation as the task of estimating the undergarment
total body volume occupied by human bodies in a given scene. While CVE can be
applied to videos (that we make available in ANTHROPOS-V), we define the CVE
task to be benchmarked per frame.

Let I be an image and Vtot the label of the actual total volume of human bodies
represented in I. We define the objective of CVE as min

◊
||Vtot ≠ M◊(I)||, where

M◊ is a crowd volume estimation function parameterized by ◊. This definition is
intentionally general and designed to be independent of any specific methodology.
Indeed, this formulation enables its application as an objective for both Crowd
Counting and HMR models, as well as for our proposed method.

2.4.2 Proposed Metrics

Leveraging earlier research in Crowd Counting [39, 40, 43, 24], we propose to measure
the volume estimation error with the following suite of metrics:
Mean Absolute Error (MAE), as a standard measure to assess the quality of the
estimations. Given a set of images {Ik}, we indicate with {Vk} the total volume
associated to each image and with {V̂k} the estimated one. Hence:

MAE = 1
K

Kÿ

k=1

|Vk ≠ V̂k| (2.1)

This measure estimates the accuracy of the predictions on the whole test set as K

represents the total count of the images belonging to the test set.
Per-Person Mean Absolute Error (PP-MAE), to measure the average error for each
individual. Its formulation can be expressed as:

PP-MAE = 1
K

Kÿ

k=1

|Vk ≠ V̂k|
nk

(2.2)
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where nk is the number of persons in the k-th image. PP-MAE highlights the
estimator’s mean error per person, enabling evaluation across scenes and datasets
with di�erent numbers of individuals. This is advantageous in CVE, as crowd
sizes vary widely among frames. It is worth noting that PP-MAE is related to the
Normalized Absolute Error metric used in Crowd Counting [24], which normalizes
the mean counting error by the total number of persons.

Although PP-MAE and MAE appear to be closely related, Fig. 2.2 confirms
the absence of a direct correlation between the two metrics. The lines composed of
aligned points in Fig. 2.2 correspond to frames with a fixed human count (as their
slope MAE/PP-MAE equals the number of individuals). Thus, comparing MAE
vs. PP-MAE facilitates identifying the frames whose estimation error marginally
depends on the number of individuals and more likely stems from other latent
variables (e.g. camera position, weather and lighting condition).

2.5 Crowd Volume Estimation
In this section, we outline how we repurpose Human Mesh Recovery (HMR)
(Sec. 2.5.1) and adapt Crowd Counting (Sec. 2.5.2) baselines for our task. In
Sec. 2.5.3, we describe the intuitions and methodologies of our proposed approach.

2.5.1 From HMR to CVE

We adapt CLIFF [27], BEDLAM-CLIFF [20], and ReFit [26] to the task of CVE
according to the following pipeline: (1) identifying human occurrences using a human
detector (HD) model, (2) determining the mesh for each individual in the scene, and
(3) calculating the volume of each mesh. Finally, the total crowd volume is obtained
by aggregating the individual volumes. We dub these baselines as HD+HMR. A
shortcoming of this approach is that these methods rely upon an upstream human
detector, which can fail when multiple human instances populate an image, as in
the case of crowds. To marginalize this issue, we also consider an oracular baseline
that replaces the predicted bounding-box locations of humans in the scene with the
ground truth ones.

2.5.2 From Crowd Counting to CVE

To assess whether CVE can be naively solved without the adoption of any specific
strategy, we set a baseline whose volume estimation stems from CB+(I) ◊ V̄D, where
CB+ is a Crowd Counting model, I is the input image, and V̄D is the average
per-person volume in the dataset D. As a statistical reference, we further experiment
with an oracular version of this baseline that replaces CB+(I) with the ground-truth
count of image I, namely Oracular C(I)◊V̄D.

Additionally, we adapt relevant Localization, Bayesian, and Density Map ap-
proaches from Crowd Counting (cf. Sec. 2.3.2).

As for the Localization approach, we select P2P-Net [23]. For CVE purposes,
we adjust its architecture to predict an array of (2+1) scalars (x, y, v) per detected
head, where the additional coordinate v represents the volume of the target person.
To encourage accurate v estimates rather than solely emphasizing (x, y) localization,
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Figure 2.3. Bayesian+ and MAN modified architectures. The Transformer Encoder blocks
with Learnable Region Attention are used only by MAN. The green layers are kept as
they are in the original architectures. Orange layers are part of the additional branch
tailored on the CVE task. The estimated density map (Dest) is reduced with summation
to a single value and counting losses are calculated on it. D

est is also used as input for
our additional volume-related branch to regress the volume occupied in a frame. Finally,
we calculate the L1 loss between regressed and ground truth volumes.

we introduce an additional supervision term: an L1 loss between predicted and
ground-truth volumes, weighted by ⁄ = 10≠4.
As Bayesian approaches we consider Bayesian+ [3] and MAN [25]. We adapt them
for CVE by appending an additional branch that takes the estimated density map as
input and regresses the total volume in the input frame. These two models share the
same architecture, with the only exception being MAN employing the Transformer
Encoder with the Learnable Region Attention block. The original architecture is
shown by the green blocks in Fig. 2.3, while the orange blocks illustrate the novel
branch. Since these models are trained on 512 ◊ 512 image crops, Max Pooling is
employed for computing volume on larger-sized images, while Pointwise Convolution
compresses tensors to a single dimension. Furthermore, we alter the pre-processing
pipeline to compute both counting and volume-related ground truths on which both
models are supervised, i.e., the total number of persons in the frame and the total
volume occupied by them, respectively.
For the Density Map method, we adopt the recent STEERER [24]. Our adaptation
preserves the original network architecture while modifying the model’s supervision
technique: instead of using conventional counting density maps that label a pixel
representing a person’s head with the value 1, we use Volume Density Maps, where
we annotate the pixel with the person’s total volume. This Volume Density Map is
then smoothed using a Gaussian filter.

2.5.3 Per-part Volume Density Maps

In our proposed approach, we leverage ANTHROPOS-V per-part volume annotations,
discussed in Sec. 2.7.3. Driven by the insight that volume is distributed throughout
the human body, we enhance the proposed Volume Density Maps approach to
incorporate this concept. Specifically, since ANTHROPOS-V provides fine-grained
annotations of body parts volumes of each character, we introduce Per-Part Volume
Density Maps, where specific keypoints of each person are assigned a portion of the
total body volume. For instance, each of the five torso keypoints will be attributed
with 1

5
of the torso-only volume. After smoothing this local map, the volume is

distributed over the interested body parts (see the second column of Table 2.4 for
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visualization). We train a STEERER-like model from scratch with these annotations
and dub this model as STEERER-V.

2.6 Experiments
In this section, we evaluate all methods’ performance on ANTHROPOS-V quantita-
tively and qualitatively (Secs. 2.6.1 and 2.6.2). Sec. 2.6.3 provides the results of our
best model on real-world datasets.

2.6.1 Experimental Results
Table 2.1 reports results on the test set of ANTHROPOS-V for the CVE task. All
the baselines are trained on ANTHROPOS-V. The HD+HMR baselines’ human
detectors are YOLOv7[65] instances fine-tuned on our dataset.
HD-HMR methods do not perform well. The upper part of Table 2.1 shows
that HD+HMR methods report suboptimal performance in CVE tasks. These ap-
proaches are limited by the heterogeneous scales of individuals within crowd scenes
and the limitations of the HD, whose accuracy is significantly marred by severe
occlusions and challenging environmental conditions. Note that HD not only fails
to generate a bounding box for some individuals, but it can also propose multiple
bounding boxes for the same person, resulting in redundant volume estimations for
the same individual. Replacing the HD with an oracle that provides GT bounding
boxes yields a marked reduction in volume estimation error, still reporting a rather
large PPMAE with respect to the Crowd Counting adapted baselines. This is due
to the elevated number of occlusions in ANTHROPOS-V, which hampers the exact
body shape reconstructions. Our proposed STEERER-V demonstrates superior
performance, surpassing all the oracle-enhanced HMR approaches.
Density maps help in CVE. STEERER demonstrates superior performance
among the methodologies adapted from Crowd Counting and trained on Volume
Density Maps (second block in Table 2.1). This result suggests that Bayesian [3, 25]
and localization [23] techniques exhibit suboptimal e�cacy in CVE compared to
architectures purely based on density prediction. Indeed, STEERER-V, a model built
up from STEERER that benefits from the proposed Per-Part Volume Density Maps
during training (cf. Sec. 2.5.3), reports the best performance. This superiority is
attributed to its capacity for fine-grained predictions, enabling e�ective management
of significant occlusions inherent in crowded scenarios. Quantitatively, STEERER-V
reports a minimal average error of 6.73 dm3 per individual, representing a 53.36%
improvement over the most e�ective Crowd Counting adapted model, STEERER.

Crowd Counting is not enough for CVE. Additionally, Table 2.1 presents
the results of the CB+(I) ◊ V̄D approach (Sec. 2.5.2). This method underperforms
when compared to STEERER-V and its oracular counterpart. This is due to the
compounded error arising from substituting individual body volume estimations
with the average volume, V̄D, as well as the inherent detection inaccuracies of the
counting model, CB+. This comparison underscores the significant performance
degradation that would result in practice from naively applying a Crowd Counting
strategy to CVE, highlighting the necessity for a specialized approach designed
specifically for VE.
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Table 2.1. Results on ANTHROPOS-V, reported in dm3. Inference time (ms) is measured
on an NVIDIA A100. Methods are divided into HD+HMR, Crowd Counting, and our
proposed approach. CB+(I) refers to the headcount given by [3], while V̄D is the average
human volume. Grayed-out lines use oracular information and should not be directly
compared with the other results.

Model Oracle MAE PPMAE Inf. time

H
M

R

CLIFF [27] 673.7 21.41 145.7
BEDLAM-CLIFF [20] 656.4 21.17 137.9
ReFit [26] 595.2 18.79 170.0
CLIFF [27] X 370.2 12.89 56.68
BEDLAM-CLIFF [20] X 364.7 12.15 49.73
ReFit [26] X 346.8 11.31 108.1

C
ou

nt
in

g

Bayesian+ [3] 578.09 17.31 37.50
P2P [23] 590.91 17.07 61.16
MAN [25] 557.90 17.03 81.84
STEERER [24] 506.94 14.43 105.1
CB+(I) ◊ V̄D 507.97 14.39 37.50
Oracular C(I)◊V̄D X 191.50 5.32 -

STEERER-V [24] 205.59 6.73 105.1

When considering Oracular C(I)◊V̄D, which mimics a perfect human detector, some-
thing unattainable in practical applications, the error is reduced. This comparison
emphasizes the magnitude of the error introduced by the imperfect detection carried
out by CB+(I) ◊ V̄D.
It is worth noting that although STEERER-V does not leverage any privileged
information and consequently exhibits imperfect detection, it is comparable with
Oracular C(I)◊V̄D. This indicates that STEERER-V compensates for its detec-
tion inaccuracies achieving a robust per-person volume estimation, making it the
best candidate for practical CVE application. This quality primarily originates
from STEERER-V’s training strategy, which integrates body part detection, miti-
gating false negatives caused by occlusions, with expert knowledge of the volume
contribution of each body segment.
Decoupling Crowd Counting from Volume Estimation. The CVE error
metrics presented in this paper (MAE/PPMAE) compare per-frame ground truth
volumes with model predictions. However, this error stems from two main sources:
missed detections and incorrect volume estimations of individuals. To improve CVE
models, both of these factors must be addressed. To assess the contribution of each
error source to the overall error, we conduct an additional experiment.

We aim to design an evaluation method applicable to all the models proposed in
this paper. HD+HMR models are straightforward to adapt by removing the HD
component and using ground truth bounding boxes (bbox). However, density-based
models require additional steps. For these models, we predict densities for the entire
image, then crop the corresponding ground truth bboxes for the individuals involved,
isolating their respective volumes. For all models, we consider only non-overlapping
bboxes to prevent volume duplication and report the resulting PPMAE.

To avoid penalizing models for detection errors, we exclude any predicted volumes



14 2. ANTHROPOS-V

Table 2.2. Results on ANTHROPOS-V’s S1, S2 and whole test set (FT). All the results
are reported in dm3.

Model PPMAE (S1) PPMAE (S2) PPMAE (FT)

ReFit [26] 17.94 18.25 18.79

STEERER [24] 12.46 13.68 14.43

STEERER-V 6.67 3.39 6.73

under 10 dm� from being counted as positives. Additionally, to facilitate easier
detection, we removed scenes from the ANTHROPOS-V test set that contain
significant occlusions or challenging lighting conditions, creating a refined test
set called S1. Furthermore, we constructed an additional test set, S2, consisting
exclusively of bird’s-eye view scenes, which minimize occlusion and further simplify
detection.

In Table 2.2, we present the results of this experiment with simplified detection.
Notably, ReFit and STEERER show error levels comparable to those on the full
test set (FT), highlighting that the primary source of their error lies in evaluating
individuals’ volume. In contrast, STEERER-V’s performance improves by 50% on
the easier detection set (S2), suggesting that its error is equally divided between
detection and volume estimation. Moreover, as shown in Table 1 of the main paper,
when comparing both C(I)B+ ◊ V D and ReFit with their oracular counterparts, a
similar ratio emerges, further confirming that volume estimation error accounts for
half of the total error.

2.6.2 Qualitative Evaluation

Table 2.4 presents the qualitative results of our proposed method, STEERER-V,
alongside the Per-Part Volume Density Map, which serves as its training supervision.
Furthermore, we provide qualitative results of STEERER and BEDLAM-CLIFF.
STEERER-V stands out as the top performer because of its robustness to occlusion
and its capacity to generalize. The first row demonstrates that both STEERER and
STEERER-V perform well when heads are visible and occlusions are minimal. How-
ever, STEERER tends to hallucinate volume along the branches of trees, probably
because the model learned that such an object may hide human heads. Contrarily,
STEERER-V, designed to distribute volume across the entire body, does not su�er
from this side e�ect, as it does not detect bodies in such scenarios. As occlusions
intensify, particularly with multiple people overlapping at a distance (second and
third rows), the performance gap between STEERER and STEERER-V becomes
more pronounced, with STEERER-V being notably better. In the case of the dark
image in the fourth row, STEERER fails to recognize the volume of the person in
the foreground because their head merges with the background, while STEERER-V
focuses on visible body parts, such as arms or legs, thus reducing the error.
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Table 2.3. Evaluation on 3DPW and CrowdHumans (CH). Reported metrics are MAE/PP-
MAE (3DPW) and the di�erence between the average real-world per-person volume and
the predicted per-person one (CH). B-CLIFF stands for BEDLAM-CLIFF.

CB+(I) ◊ V̄D Refit B-CLIFF CLIFF STEERER STEERER-V

3DPW 71.3/43 125/75 64.0/40 69.8/43 102/89 40.4/25
CH - -30.0 -10.1 +1.00 -7.30 -3.40

ANTHROPOS-V GT Per-Part STEERER STEERER-V BEDLAM-CLIFF

Table 2.4. Visual results of baseline models and STEERER-V on ANTHROPOS-V, along
with the Ground Truth Per-Part-Volume Density Maps (GT Per Part). STEERER’s
concentrates the volume on the heads, whereas STEERER-V distributes it across the
entire body.

2.6.3 From ANTHROPOS-V to real images

We assess the transferability of models trained on ANTHROPOS-V to real imagery
for CVE. Given the absence of suitable real-world datasets with volume annotations
for crowds, we employ a bifurcated evaluation approach: we use crowd-centric
real-world datasets, such as CrowdHumans [1], which lack volume annotations,
and mesh-based real-world datasets, such as 3DPW [66], which allow ground-truth
volume computation but do not feature crowds.

For 3DPW [66], we compare each model’s predictions against ground-truth
mesh volumes. However, several 3DPW images include unannotated persons, such
as cameramen or unscripted passers-by. Since no ground-truth is available for
these individuals, we manually excluded these images from our test set, reducing
the original test set to 6989 images. Results indicate that STEERER-V trained
on ANTHROPOS-V outperforms all baseline models (Table 2.3), with MAE and
PPMAE registering at 40.40 and 25.28, respectively.

Additionally, we evaluated STEERER-V trained on datasets from [20] and [19]
on 3DPW. In this scenario, STEERER-V continues to showcase superior results,
with its counterparts presenting increased MAE and PPMAE to (59.72, 37.43) and
(44.47, 29.15), respectively.
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Figure 2.4. Zero-shot results of STEERER-V on CrowdHuman [1] images when predicting
the volume of adults. On each predicted volume map we superimpose the di�erence
between the average real-world per-person volume and the predicted per-person one.

For CrowdHumans [1], we address the lack of volume labels by imputing the
average real-world volume [2] for each individual in the images. It is worth noting
that such an approximation strongly assumes that people are all similar in size to the
average adult and that genders are equally represented in crowds. We compare these
estimates with each model’s predictions (Table 2.3). This experiment assesses the
alignment of each model’s predictions with expected crowd volumes, with STEERER-
V and CLIFF being the most aligned. STEERER-V underestimates the expected
volume by 3.40 dm� per person, while CLIFF overestimates it by 1.00 dm�. As
Fig. 2.4 shows, STEERER-V reasonably estimates the volume of adults in indoor
environments, large crowds, and with severe occlusions, diverging from the mean to
take into account diverse builds, e.g., the men in the foreground of the first row, and
uneven balance of genders, e.g., the crowds displayed in the second and third row.
Our model fairly performs even with crowds of kids, totally absent from the GTA-V
game. The image in the second row of Fig. 2.5 stresses how the model assigns greater
volume to the adults in the right foreground than to the surrounding children.
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Figure 2.5. Zero-shot results of STEERER-V on CrowdHuman [1] images when predicting
the volume of builds that have not been seen at train time, e.g., kids. On each predicted
volume map we superimpose the di�erence between the average real-world per-person
volume and the predicted per-person one.

2.7 The ANTHROPOS-V dataset

Here we describe the generation of the proposed ANTHROPOS-V (Sec. 2.7.1). We
detail how we align in-game meshes to the real-world statistics (Sec. 2.7.2) and
how we obtain SMPL meshes (Sec. 2.7.3). We also comment on ANTHROPOS-V
statistics and annotations (Sec. 2.7.4).

2.7.1 Dataset Generation

We construct ANTHROPOS-V exploiting the tools introduced in [21, 22], which,
leveraging the game engine from Grand Theft Auto V (GTA-V), allow us to create
densely crowded scenes within photorealistic environments. GTA-V provides several
3D urban settings, with di�erent weather and lighting conditions during day and
night, and a broad array of characters with diverse appearances, as depicted in
Fig. 2.6. In addition, di�erently from previous GTA-based datasets [21, 22], to
achieve a higher degree of photorealism, we use a professionally designed mod [67]
that enhances the game graphics and improves the behavior and interaction among
characters. Moreover, it o�ers additional atmospherical conditions and improves the
physics in the scenes.
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Figure 2.6. Examples from ANTHROPOS-V, showcasing several lighting and weather
conditions, camera angles, and a variety of physiques. The crops in the zoomed boxes
depict persons with di�erences in statures and body shapes.

2.7.2 Alignment to real-world body-types
The original GTA-V meshes exhibit a narrow range of variations in anthropometric
features, with utterly repetitive heights and volumes and a noticeable imbalance in
gender representation. To address this limitation, we carefully revise the in-game
meshes and code and generate a distribution of individuals that closely mirrors the
real-world one [28] concerning height, volume, and gender.

To achieve this purpose, first, we conduct an in-depth statistical analysis of the
distribution of the characters’ anthropometrics in GTA-V. We consider the mass1,
height, and Body Mass Index (BMI) of the male and female characters in the game
(from now on referred to as “in-game meshes”). We estimate the mass by multiplying
the body volume by the average body density (1000 kg/m3 as in [13, 14]).

As theoretically proven by [2], such body features can be represented with random
variables M, H, B that follow a log-normal distribution �(µ, ‡

2):

M ≥ �(µM , ‡
2

M ), H ≥ �(µH , ‡
2

H), B = M

H2
(2.3)

Fig. 2.7 shows the empirical distributions (solid lines) as opposed to the expected
distributions (dashed lines).

The body features of the original in-game meshes do not adhere to the the-
oretically expected ones, especially for the height that varies in a narrow range
around the mean, as evident in the middle plot in Fig. 2.7a. To mitigate such
mismatch and increase the variance, we scale the in-game meshes along the three
axes with scaling factors –, —, “ that we independently sample from truncated nor-
mal distributions; we carefully choose the hyperparameters for this step to avoid
unfeasible and unnatural bodies and to end up with meshes that appear realistic.
The anthropometrics of the resulting meshes follow a distribution that improves the
approximation (Fig. 2.7b). Quantitatively, the Kullback-Leibler divergence between
the empirical and the expected distributions, averaged across genders, decreases by
27.9%, 63.3%, and 19.8% for mass, height, and BMI, respectively. The SMPL fitting
process (Sec. 2.7.3) disregards the clothing, thereby producing meshes that more
closely match the real-world distributions of height [28] and BMI [68] (Fig. 2.7c). As
a final remark, the BMI of the SMPL meshes in ANTHROPOS-V ranges in [10, 50]
kg/m2, representing also underweight and obese individuals.

1medical literature refers to the body mass as “weight”, which in physics refers to another
quantity; we stick with the physics definition.
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(a)

(b)

(c)

Figure 2.7. Statistical analysis of the distributions of mass, height, and Body Mass
Index (BMI) of the individuals in ANTHROPOS-V. Solid curves depict the empirical
distributions, while dashed curves refer to the theoretically expected ones [2]. (2.7a)
Distribution of the body features of the characters’ meshes in GTA-V without any
manipulation. (2.7b) Distribution of the body features of the characters’ meshes in
GTA-V after applying some geometrical transformations. (2.7c) Distribution of the body
features of the resulting fitted SMPL meshes.

2.7.3 SMPL Fitting

To label each character with accurate ground truth volume, we employ a technique
akin to the one described in [19]. The fitting procedure ensures that the SMPL
mesh tightly conforms to the character mesh’s uncovered body parts while allowing
a looser fit on clothed parts. To perform this fitting process, we need both a 3D
pose prior and knowledge of which vertices in the GTA-V mesh represent skin or
clothing. Thus, we initiate the process by generating 10 visual renders of the GTA-V
3D characters. This is achieved by moving the camera around the textured 3D mesh
of the characters. Then, the pose estimation process exploits [69] to predict the
character’s 2D pose in each rendered image, pose that is then lifted into a 3D space
to give a complete spatial representation of the character’s posture. Next, the process
of dividing a character’s mesh into skin and clothes vertices leverages [70] to segment
each of the 10 renderings. The resulting segmentation is reprojected onto the mesh to
label each vertex. The SMPL fitting involves aligning a standard human body model
to the character’s 3D pose and shape. This step requires meticulous adjustments
to ensure that the SMPL mesh accurately follows the contours and posture of the
character. Indeed, following [19], we employ two di�erent loss functions to constrain
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Figure 2.8. A SMPL mesh from ANTHROPOS-V. Di�erent body parts are highlighted in
di�erent colors. Orange dots represent the keypoints associated with each body part.

the SMPL within the GTA-V mesh. The first loss is applied to the retrieved skin
vertices, where we impose a severe fitting. The second applies to the clothes vertices,
where we aim to have a looser fit so that these vertices would not penetrate the
original mesh while remaining su�ciently close to it. We report that our SMPL
meshes have an average per skin vertex error of 7.32 mm and a penetration error of
10 mm for clothed vertices, where a looser fit is desired. This measure indicates how
much these vertices extend beyond the GTA-V mesh. Finally, we use the obtained
meshes to compute ground-truth volume labels for each character using Blender [71]
Python API, which calculates the volume within a mesh. Notably, besides o�ering
labels for the total body volume, ANTHROPOS-V includes annotations for the
volume of individual body parts obtained by slicing the SMPL meshes. We divide
the estimated meshes into nine sections: head, torso, thighs, left and right arms,
forearms, and calves, as shown in Fig. 2.8. We then calculate the volume of each of
these parts separately.

2.7.4 Dataset Statistics

ANTHROPOS-V features 768 FHD videos with annotated volumes, SMPL shape
parameters, keypoints, and camera parameters and position. Videos are recorded
at 30 fps and display crowds moving in diverse urban scenarios. ANTHROPOS-V
features 701 distinct characters, each with a variable number of outfits, resulting
in over 3k unique appearances, interacting in 384 diverse scenarios with di�erent
camera angles and weather conditions. To propose a fair split, we divide characters
into three disjoint sets of 495, 64, and 142 that we distribute in di�erent train,
validation, and test videos, respectively. Within crowded scenes, characters engage
with each other and with the environment, undertaking interrelated actions. For
instance, they avoid collisions and form queues to navigate stairs or enter confined
areas.

2.8 Limitations and Future Works

As the first endeavor to establish a benchmark for Crowd Volume Estimation (CVE),
our work lays the groundwork for this emerging field. However, we acknowledge
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some aspects of our work that present opportunities for future refinement.
We introduced ANTHROPOS-V aiming to bridge the gap between synthetic

and real-world data. While testing the transferability of the learned knowledge
on real images without fine-grained and precise volume annotations may su�ce to
make an initial point on the validity of the dataset, future work should embark
on acquiring detailed volume estimates of real images. Moreover, it may pursue
even larger crowds, increasingly complex and diverse interactions, and estimates of
objects other than people (e.g. backpacks, bags, etc.).

The current output of our model provides a single per-frame number representing
the total crowd volume. While suitable for many applications, this approach
encourages exploration into more granular spatial analyses that could further benefit
fields such as civil engineering, where detailed volume distribution information might
be valuable.

Future research should also investigate the integration of monocular depth
estimation. These methods could serve as a complementary modality to refine
volume estimation, reducing issues such as scale ambiguity and occlusion induced
errors, potentially yielding further performance improvements.
Finally, we acknowledge that the ethical implications of CVE from images present
complex challenges. Primary among these is the privacy issue in public spaces, which
intersects with concerns about data security and the potential for misuse, as the
underlying data could be adapted for unintended surveillance purposes.

Furthermore, bias in volume estimates due to potential underrepresentation in
training data could lead to discriminatory applications. As CVE technology evolves,
these ethical considerations underscore the critical need for robust guidelines and
transparent deployment protocols to ensure that the benefits of CVE can be realized
while safeguarding individual rights.

2.9 Conclusion
In this study, we have established the first benchmark for Crowd Volume Estimation.
We introduced relevant metrics and developed a dataset specifically designed for this
task, focusing on human crowds in real-world-like environments. Additionally, we
evaluated baseline and oracular models adapted from Crowd Counting and Human
Mesh Recovery domains. Furthermore, we proposed a novel supervision approach
called Per-Part Volume Density Maps, which we utilized to train STEERER-V,
achieving superior results. Given the challenges in gathering real-world datasets
for CVE, we anticipate that introducing this new task and benchmark will ignite
interest in the research community and inspire future endeavors in the field.
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Chapter 3

MoDiPO: text-to-motion
alignment via
AI-feedback-driven Direct
Preference Optimization

3.1 Overview

Di�usion Models have revolutionized the field of human motion generation by o�er-
ing exceptional generation quality and fine-grained controllability through natural
language conditioning. Their inherent stochasticity, that is the ability to generate
various outputs from a single input, is key to their success. However, this diversity
should not be unrestricted, as it may lead to unlikely generations. Instead, it should
be confined within the boundaries of text-aligned and realistic generations. To
address this issue, we propose MoDiPO (Motion Di�usion DPO), a novel methodology
that leverages Direct Preference Optimization (DPO) to align text-to-motion models.
We streamline the laborious and expensive process of gathering human preferences
needed in DPO by leveraging AI feedback instead. This enables us to experiment
with novel DPO strategies, using both online and o�ine generated motion-preference
pairs. To foster future research we contribute with a motion-preference dataset which
we dub Pick-a-Move. We demonstrate, both qualitatively and quantitatively, that our
proposed method yields significantly more realistic motions. In particular, MoDiPO

not only achieves a substantial improvement in the Fréchet Inception Distance (FID)
but also secures a threefold increase in preference from human evaluators compared
to the original models’ outputs.

3.2 Introduction

Synthesizing realistic human behavior is a fundamental challenge in computer ani-
mation, holding significant relevance in gaming, film, and virtual reality contexts.
Recent advancements have shifted towards text-driven generation methods, aim-
ing to bypass time-consuming traditional modeling processes requiring specialized
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(a) A person jumps (b) A person walks down
the stairs

(c) A person is sitting
with both hands to-
gether

Figure 3.1. MoDiPO (in yellow) leverages the DPO alignment to generate enhanced human
motions.

equipment and artists’ domain knowledge. Instead, leveraging natural language
descriptions provides su�cient semantic details to describe generic human motion.
One key advantage of text-driven generative models is their probabilistic nature,
allowing for multiple diverse generations from the same prompt, each characterized
by unique nuances. Yet, this also introduces the risk of producing motions that are
either unrealistic or too di�erent from the intended ones. To our knowledge, no
research has addressed this aspect so far.

Recently, [72, 73] introduced alignment methodologies allowing users to instill
desired behaviors in pre-trained generative models by leveraging curated sets of
human preferences. This approach has succeeded in various tasks, including question
answering [74], dialogue support, and image generation [75]. Despite substantial
e�orts in developing text-driven motion synthesis models, no existing research has
attempted to align these models with human preferences, mostly due to the cost
and time required for collecting human-annotated data. In contrast, leveraging
synthetic or AI-generated feedback overcomes these limitations and enables scaling
up preference datasets.

To exploit the creativity of the generative pipeline, we would like to bias our
model toward high-quality motions, avoiding altogether regions of the learned latent
manifold that lead to unfeasible motions. We base our work on the adaptation of
Direct Preference Optimization [76] for DDPMs [77] to directly optimize the models
on the preferential data. For this purpose, we introduce “Pick-a-Move”, a dataset
designed to mimic human preferences for motion. To achieve this, we first generate
motions using state-of-the-art text-to-motion models, then pair these outputs with
preference scores obtained through text-to-motion retrieval models [78, 79]. These
retrieval models leverage a shared latent space where paired text and motion are
placed closer together, allowing them to express preferences for specific text-motion
combinations. We use Pick-a-Move to align text-driven di�usion-based generative
models for motion synthesis [80, 81]. Specifically, MLD [81] is selected as it strikes a
compromise between e�ciency and realism, the latter witnessed by its generations’
FID. Given that many motions can equally represent the input text, training models
on fixed motion-preference pairs may limit their diversity. Pick-a-Move provides
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more flexibility in training by o�ering up to N motion options for each descriptive
text. These motions are ranked from most to least preferred, which allows training
on pairs of text and motion where the selection of winners and losers can be adjusted
during the training process.

Additionally, we exploit the availability of ground truth motions by selecting
them as winners with a low probability: this approach helps prevent overfitting
to the training set and reduces the artifacts or text-misalignment issues that can
arise when training exclusively on generated sequences. As a result, this supervised
fine-tuning element within our pipeline further enhances the quality of the generated
outputs (Fig. 3.1).

Pioneering the combination of text-driven motion generation and alignment, we
perform extensive evaluations on two datasets with two di�erent models. We achieve
improvements in FID of up to 39% while retaining consistent RPrecision and Multi-
Modality performances. To determine whether these quantitative improvements
translate into visibly better motion quality, we conducted a user study. Our results
show that motions generated by MoDiPO are preferred three times more often than
those from the not-aligned models.
To summarize, our contributions are the following.
• We propose MoDiPO, a framework for aligning text-to-motion generative models.
• We introduce Pick-a-Move, a motion-preference dataset annotated leveraging
synthetic feedback, and conducted a user study to assess alignment between AI-driven
and human preferences.
• We use a dynamic winner-loser sampling stategy that draws pairs from di�erent
candidates and ground truth motions. This training signal prevents mode collapse
and reduces overfitting to the alignment dataset.
• We experiment with both o�ine and online alignment strategies, that is, leveraging
pre-collected motion sequences as well as ones generated on the fly.

sectionRelated Works In this section we discuss the main approaches for alignment,
distinguishing between methods driven by human input (Sec. 3.2.1) and those relying
on synthetic data (Sec. 3.2.2). We then continue with an overview of Text-to-Motion
models (Sec. 3.2.3).

3.2.1 Aligning Models with Human Feedback

Early applications of model alignment employed a complex reinforcement learning
pipeline, requiring preferential data built through human feedback (RLHF) [72].
This technique has been applied to text generation tasks such as summarization [82].
Advancements in the reinforcement learning pipeline by InstructGPT [83], such as
the use of Proximal Policy Optimization [84], have enabled the finetuning of models
for tasks requiring evidence-supported question answering [74] and dialogue support
[85].

Several solutions have been proposed to simplify this complex pipeline: Im-
plicit Language Q-Learning (ILQL) [86] utilizes Q-learning to learn value functions
that guide language model generation to maximize user-specified utility functions.
Similarly, HIVE [87] leverages o�ine reinforcement learning for instruction edit-
ing alignment. Direct Preference Optimization (DPO) [76] o�ers a reinforcement
learning-free approach by directly optimizing the model using a supervised clas-
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sification objective on the preferential data, eliminating the need for an explicit
reward model. This approach has inspired several RL-free methods for text-to-image
alignment [88] including Di�usion-DPO [77], which specializes DPO’s objective for
DDPMs [89], a popular choice for text-driven human motion generative models.
While we draw inspiration from these approaches, our method di�ers by specifi-
cally tailoring the alignment process to motion data while also using AI Feedback,
addressing challenges unique to this domain, and achieving improved motion quality.

3.2.2 Aligning Models with Synthetic Feedback

Recent works have focused on the possibility of replacing human annotators with
Synthetic Feedback (also known as AI Feedback) to avoid the high costs and e�ort
required to collect high-quality datasets. One approach involves self-supervision
(self-improvement), as demonstrated in [73]. In this method, human “supervision”
only defines a list of prompts, that the generative model should respect. The model
then self-evaluates the generated sentences by computing a reward based on these
human-specified guidelines. This synthetically labeled dataset is then used to train
a preference model, which a policy aims to maximize using an RL algorithm. The
approach in [90] utilizes synthetic ranking by employing di�erent models with varying
levels of complexity to generate sentences based on the same input prompt, where
the outputs from models with higher parameter counts, which tend to generate
better content, are assigned higher rewards. Similar techniques have been applied to
text-to-image generation, as seen in [91]. Additionally, [92] demonstrated through
extensive experiments that RLAIF (Reinforcement Learning from AI Feedback) can
be comparable to, or even outperform, RLHF. For these reasons, we utilize synthetic
feedback in our pipeline by leveraging a retrieval model that scores generated motions
based on their alignment with an input text.

3.2.3 Text-to-Motion

Early approaches like TEMOS [93] directly used VAEs to generate motion based
on textual conditioning. Currently, two leading generation strategies dominate:
Autoregressive methods [94], such as MotionGPT [95] and T2M-GPT [96], and
Denoising Di�usion Probababilistic Models (DDPMs) [89]. The latter category
includes models like MDM [80] and MLD [81]. MDM applies DDPM directly on raw
motion data to capture the motion-text relationship for a specific number of frames.
MLD, instead, improves performances by utilizing a two-step approach: First, they
learn a compact motion latent space using VAEs; then, they apply a di�usion
process on the learned latent space leveraging Latent DDPMs [97]. Furthermore,
Retrieval-Augmented Generation [98, 99] demonstrates performance improvements
when conditioning motion generation on a sample retrieved from the entire training
set. However, this approach requires storing and searching on a large database, the
quality of which significantly impacts the generation. Conversely, aligning a model
does not introduce additional computational complexity.
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3.3 Background
Given our aim to enhance motion di�usion models, in Sec. 3.3.1 we provide an
overview of VAE latent representation, which is a mandatory requirement for latent
di�usion models. In Sec. 3.3.2 and Sec. 3.3.3 we briefly describe the DDPMs and
latent-DDPMs frameworks. In Sec. 3.3.4 we present an overview on preference
alignment.

3.3.1 Variational Auto-Encoder for Human Representation
VAE consists of an encoder-decoder generative architecture trained to minimize
the reconstruction error. It is typically used to reduce the dimensionality of the
pose vector V , projecting it into a manifold of feasible poses. In this framework,
the encoder network, parameterized by „, generates lower-dimensional embeddings
z œ Rn◊D as outputs based on input poses p = {pk}F

k=1
. Following VAE literature

[100], q„(z|p) approximates the true posterior distribution of the latent space with
a multivariate Gaussian with a diagonal covariance structure:

q„(z|p) = N (z|µ„(p), ‡
2

„(p)I), (3.1)

where µ„(·) is the mean, ‡„(·) the standard deviation given as output by the
encoder. We sample from the approximated posterior zi ≥ q„(z|pi) using:

zi = µi + ‡2

i § fl, (3.2)

where zi is a one-dimensional vector of size D, and fl is sampled from a standard
multivariate Gaussian distribution. The transformer decoder [81, 93] parametrized
by ◊ maps the sampled values back to the body pose representation p◊(p|z), which
may be further processed into body meshes with the di�erentiable SMPL model
for visualization purposes. The network parameters are obtained by optimizing the
Evidence Lower Bound (ELBO) objective, as described in [100].

3.3.2 DDPMs
Denoising Di�usion Probabilistic Models (DDPMs) [89] work in two stages. First,
through a forward process, they gradually add noise to the input data according to
a variance schedule —t œ (0, 1) for t œ {1, . . . , T}, transforming any data distribution
q(x0) into a simple prior (e.g., Gaussian). This forward process can be represented
as

q(xt|xt≠1) = N (xt;


1 ≠ —txt≠1, —tI) (3.3)
Then, a separate reverse process also dubbed as denoising process, removes

this noise, e�ectively cleaning the data, and is formulated as

p◊(xt≠1|xt) = N
!
xt≠1; µ◊(xt, t), —tI

"
(3.4)

with µ◊(xt, t) being the posterior mean predicted by the trained neural network,
which behaves as a denoiser.
The loss term to optimize is thus

Loss := E‘≥N (0,I),t[Î‘ ≠ ‘◊(xt, t)Î2

2] . (3.5)
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3.3.3 Latent DDPMs
In Latent DDPMs [97, 81] the di�usion process takes place on a condensed, low-
dimensional latent representation of motion, denoted as z. This representation is
derived by training a VAE to encode and reconstruct input motions. Contrary to
the simple DDPMs that work on raw features, for latent DDPMs the approximated
posterior g(zt|zt≠1) gradually converts latent representations z0 = z into random
noise zT in T timesteps. Then, the reverse process gradually refines the noised vector
to a suitable latent representation z0.
Following [81, 97, 89, 101], we use the notation {zt}T

t=0 to denote the sequence of
noised latent vectors, with zt≠1 = ‘Â(zt, t) representing the denoising operation
at time step t. Here, ‘Â refers to a denoising autoencoder trained to predict the
denoised version of its input. The forward and reverse processes are identical to
those described in equations 3.3 and 3.4, but they are directly applied to latent
vectors.
At inference, ‘Â(zt, t) predicts ẑ0 through a series of T iterative denoising steps and
the frozen decoder translates ẑ0 into poses in a single forward step.

3.3.4 Preference Alignment Overview
Preference-based alignment has recently emerged in natural language processing
to steer Large Language Models’ outputs toward human-preferred responses. One
of the first techniques proposed to achieve this is Reinforcement Learning from
Human Feedback (RLHF), where a reward model r is trained to approximate the
Bradley-Terry model, which defines the human preference distribution as:

p(xw
0 º x

l
0|c) = exp(r(c, x

w
0 )

exp(r(c, x
w
0

) + exp(r(c, x
l
0
)

(3.6)

Given a preference dataset, a reward model r„(c, x0) can be trained via maximum
likelihood. Interpreting it as a binary classification problem leads to the negative
log-likelihood loss:

LR(„) = ≠Ec,xw
0 ,xl

0
[log ‡(r„(c, x

w
0 ) ≠ r„(c, x

l
0))] (3.7)

The RLHF framework improves a conditional distribution p◊(x0|c) via a policy
optimizer aiming to maximize rewards. To ensure training stability, retain the
pretrained model’s knowledge, and avoid mode collapse e�ects, a KL-Divergence
regularizer is introduced, controlled by —, with respect to a reference distribution:

max
p◊

Ec≥Dc,x0≥p◊(x0|c)[r(c,x0)]≠—DKL[p◊(x0|c)||pref (x0|c)] (3.8)

Direct Preference Optimization (DPO) requires neither an explicit reward model
nor a dedicated policy optimizer. Indeed, the DPO objective becomes a simple
weighted maximum-likelihood loss. The optimal solution p

ú from [76] takes the form
of:

p
ú
◊(x0|c) = 1

Z(c)pref (x0|c) exp( 1
—

r(c, x0))

where Z(c) =
ÿ

x0

pref (x0|c) exp( 1
—

r(c, x0)) (3.9)
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Rewriting it in terms of reward function this translates to:

r(c, x0) = — log p
ú
◊(x0|c)

pref (x0, |c) + — log Z(c) (3.10)

Given the Bradley-Terry formulation in Eq. 3.7, the DPO objective can then be
written as:

LDPO = ≠E
(c,xw

0 ,xl
0)≥D

log ‡

5
(— log p◊(xw

0 |c)
pref (xw

0
|c) ≠ — log p◊(xl

0|c)
pref (xl

0
|c)

6
(3.11)

This formulation highlights how DPO streamlines preference alignment by relying
on a simple likelihood-based objective without needing a separate reward model
and RL optimizers. In Di�usionDPO [77], DPO is adapted to di�usion models.
The central di�culty is that di�usion models create samples via a lengthy chain
of denoising steps, so p◊(x0|c) cannot be computed directly without evaluating the
likelihood across every possible intermediate trajectory for both the preferred x

w and
the unpreferred x

l samples. For this reason, a reward computation over denoising
paths is introduced:

r(c, x0) = Ep◊(x1:T |x0,c)[R(c, x0:T )] (3.12)

with R(c, x0:T ) being the reward assigned to the entire denoising chain x0:T . By
using Eq. 3.7, Di�usionDPO’s objective can then be written as follows

LDDPO(◊) = ≠E
(c,xw

0 ,xl
0)≥D log ‡

3
— ·

Exw
1:T ≥p◊(xw

1:T |xw
0 ,c)

xl
1:T ≥p◊(xl

1:T |xl
0,c)

C

log p◊(xw
0:T |c)

pref(xw
0:T |c) ≠ log p◊(xl

0:T |c)
pref(xl

0:T |c)

D4
(3.13)

Intuitively, this loss increases the likelihood for the preferred denoising paths x
w
0:T

while decreasing it for non-preferred ones x
l
0:T .

3.4 Methodology
In this section we describe our approach to DPO-based text-to-motion alignment:
in Sec. 3.4.1 we introduce a synthetic dataset comprising text-conditioned motion
generations, where all motions are paired with AI preferences, dataset that is then
used by the alignment framework described in Sec. 3.4.2. Notice that, in our work,
we follow [78] and represent a motion sequence as p = {pk}F

k=1
œ RF ◊V with F

being the number of frames and V the pose vector’s features.

3.4.1 Motion Preferences Dataset
Unlike text and images, motion data often su�ers from scarcity. At the same time,
a dataset with motion preferences does not exist. To address this lack, we propose a
synthetic dataset named Pick-a-Move, PaM for short. The dataset is partitioned
into two parts, one sourced from HumanML3D and the other from KIT-ML. Each
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subset employs its original text prompts and native motion-data format to steer
motion generation. For every motion in HumanML3D and KIT-ML, we sample one
associated caption c, generate K = 8 motion sequences with both MLD and MDM
conditioned on c, and link the resulting sequences with the unsampled captions, since
they describe the same underlying motion. As a result, the HumanML3D portion
of the PaM dataset contains 365Õ672 motion sequences, each of which is associated
with an average of 2.99 descriptions. In contrast, the KIT-ML subset comprises
74Õ192 motion sequences, each paired to an average of 2.12 motion descriptions.

Next, given the set of N = 2K motion sequences m = {mk}N
k=1

, we compute
scores using either TMR [79] or the model proposed in [78], which we dubbed as
“Guo”. Using either of these models, we encode the motion description and each
of the k generated motions into embeddings et and e

k
m; then we define the set of

preference scores as s = {sk}N
k=1

where sk = et·ek
m

ÎetÎÎek
mÎ , corresponding to the cosine

similarity between et and e
k
m. We use s to order m into m

ú = {m
ú
k}N

k=1
, representing

a list where motions are presented from the most coherent with c, namely winner,
to the least, loser. By employing this synthetic method, we can automate the
process of ranking motion sequences, eliminating the need for human judgments. To
validate the reliability of our AI-based preferences, we conducted a user study on the
HumanML3D subset of PaM: we randomly sampled 100 pairs of motions generated
from the same prompts. We asked 10 evaluators with Computer Science backgrounds
to choose their preferred motion in each pair. To quantify the agreement between AI-
based and Human preferences, we collected TMR and Guo models’ preferences and
calculated Cohen’s Kappa, using majority voting for human choices. The resulting
Cohen’s Kappa score, 0.65 for TMR and 0.61 for Guo, demonstrates a substantial
agreement between the Human and AI-driven preferences.

Thanks to this dataset, we can then take a pair (xw
0 , x

l
0) representing a winner

and a loser, such that by using their associated scores they comply with (xw
0 º x

l
0|c)

where c is the conditional signal corresponding to the motion description. Thus this
process identifies which motion within a pair better reflects the textual description.
With this dataset, it is possible to achieve:

• Increased Pairwise Comparisons: By generating N motions, we achieve up to!N
2

"
potential winner-loser pairs per prompt. A high number of pairs is crucial

for alignment methods.

• Preserved Multi-Modality: The high number of pairs associated with each
prompt helps maintain Multi-Modality. This prevents the alignment process
from homogenizing the generated motions, reducing issues such as mode
collapse.

3.4.2 Motion Alignment Pipeline

We apply LDDP O to both DDPM and latent DDPM for motion synthesis using
PaM as preference dataset. We rely on two identical di�usion models, a reference
model pref and a trainable target model p◊, with the only distinction being that
the reference’s parameters remain fixed throughout the optimization. For latent
di�usion architectures such as MLD, we limit updates to the denoiser’s weights that
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operate in latent space, thus preventing unwanted behavior shifts and avoiding the
cost of tuning the entire network. In contrast, for MDM, where denoising occurs
directly on raw motion sequences, we find it most e�ective to fine-tune only the
network’s final layers.

Intuitively, during training, the model generates examples, latent embeddings
in the case of latent-di�usion models or raw motions for non-latent architectures
and evaluates them against preferred and non-preferred motions drawn from PaM.
The denoiser is thus optimized to produce motions that more closely match the
“winning” sequences identified by the ranking model while steering away from the
“losing” ones. This process ensures that generated outputs align with the AI-derived
preferences and faithfully match the characteristics specified by the textual prompts.

Building on Di�usionDPO [77], we replace its static pairing strategy with a
dynamic winner-loser selection over N candidate motions. At each training step,
we sample N motions from PaM, each generated starting from the same prompt,
and apply a pair selection criteria (see 3.6.1) to choose two motions as winner and
loser. Moreover, with probability GTp, we inject a ground-truth motion (from the
HumanML3D or KIT-ML training sets) as the winner:

x
w
0 ≥

I
DGT , with probability GTp,

DP aM , with probability 1 ≠ GTp.

This results in a more stable training and yields measurable improvements in
FID and overall motion quality, as shown in Table 3.5. Beyond the usage of PaM,
we also explore an online DPO variant: for each prompt, we dynamically generate K

sequences, use the aforementioned sampling criteria to determine a winner-loser pair,
and then update the target model p◊. This streaming alignment method leverages
generated sequences and continuous synthetic feedback, enabling us to scale the
alignment pipeline without relying on the existence of an o�ine preference dataset.
Fig.3.2 provides a schematic overview of our complete motion alignment pipeline.

3.5 Experimental Evaluation
This section discusses the used evaluation metrics in Sec. 3.5.1 and provides a
quantitative (Sec. 3.5.2) and qualitative (Sec. 3.5.3) evaluation of our framework. In
addition, in Sec. 3.5.4, we report the results of a user study to evaluate the quality
of the generated motions. We evaluate on the HumanML3D and KIT-ML test sets,
enabling direct comparisons between the baseline models, MLD and MDM, and
their MoDiPO-aligned versions.

3.5.1 Evaluation Metrics
We evaluate the generated motion sequences employing all metrics adopted in text-
to-motion literature.
The RPrecision evaluates how e�ectively a model generates motion sequences that are
relevant to a given textual description. It is computed by combining the generated
motion with 31 unrelated motions and evaluating the top-3 accuracy in matching
the text to the corresponding motion.
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Figure 3.2. MoDiPO Schematics. Starting with an input prompt, we generate K motions
with a frozen reference model. These motions are then ranked according to their relevance
with the input description. This motions-text-ranking tuple constitutes a sample in our
“Pick-a-Move” (PaM) preferential dataset. At train time, we divide motions into two
sets of best and worst generations, according to these rankings. By sampling from these
sets, we form a winner-loser pair that is used to refine the target model using DPO.

In contrast, Multimodal Distance (MM-Dist) quantifies the degree of alignment
between the generated motions and their associated textual descriptions.

The Fréchet Inception Distance (FID) [102] assesses the similarity between the
generated motions and ground truth distributions. FID is a well-established metric
[103, 101], especially in image synthesis, which is more consistent with the human
judgment of image quality compared to the Inception Score (IS) [104] and is used as
a main performance indicator by capturing both diversity and fidelity to the ground
truth dataset.

Diversity evaluates the variety of motions generated for a specific text input.
To compute it, the data is randomly split into two equal-sized subsets, denoted as
{x1, . . . , xXd} and {x

Õ
1, . . . , x

Õ
Xd

}, each containing motion feature vectors, where Xd

represents the number of motions in each subset. Diversity is then defined as:

Diversity = 1
Xd

Xdÿ

i=1

||xi ≠ x
Õ
i|| (3.14)

Multi-Modality quantifies the variation of generated motions across the entire
dataset for di�erent text descriptions. This is calculated by first selecting a set
of Td text descriptions from the dataset. For each description, two subsets of
generated motions, each with Xd elements, are randomly sampled. These subsets
are represented as xt,1, . . . , xt,Xd

and x
Õ
t,1, . . . , x

Õ
t,Xd

.
Multi-Modality is then defined as:

MM = 1
Td · Xd

Tdÿ

t=1

Xdÿ

i=1

||xt,i ≠ x
Õ
t,i|| (3.15)
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3.5.2 Quantitative Evaluation

We aligned MLD and MDM using PaM, with results for HumanML3D and KIT-ML
presented in Table 3.1 and Table 3.2, respectively. To align MLD with MoDiPO for
the KIT-ML dataset, a re-trained MLD was used because of the unavailability of the
original model. For HumanML3D, using both TMR and Guo as rankers, we achieve
improvements in FID and Multi-Modality for MLD, while for MDM we improve
FID whereas other metrics remain consistent, a trend that also holds for KIT-ML.
We consistently achieve improvements in FID while preserving Multi-Modality and
RPrecision performance. This is particularly significant as alignment processes can
sometimes lead to mode collapse, a problem that, as our results demonstrate, does
not occur.

Table 3.1. Results for HumanML3D. Each group of results corresponds to the base models,
aligned models, and current SOTA backed by a RAG framework. Italic is for best results
overall, while bold represents best results among base models and MoDiPO-aligned ones.

Model Top3 ø MMDist ¿ Diversity æ FID ¿ MM ø

Real .797±.002 2.974±.008 9.503±.065
.002±.0 -

MotionGPT [95] .778±.002 3 .096 ±.008 9 .528 ±.071
.232±.008 2.008±.084

T2M-GPT [96] .775±.002 3.118±.011 9.761±.081
.116 ±.004 1.856±.011

MotionDi�use [105] .782 ±.001 3.113±.001 9.410±.049
.630±.001 1.553±.042

MLD [81] .755±.003 3.292±.01 9.793±.072
.459±.011 2.647±.11

Ours MLD-TMR .758±.002 3.267±.01 9.747±.077
.303±.007 2.663±.111

Ours MLD-GUO .753±.003 3.294±.010 9.702±.075
.281±.007 2.736±.111

MDM [80] .703±.005 3.658±.025 9.546±.066
.501±.037 2.874±.070

Ours MDM-TMR .706±.004 3.634±.026 9.531±.073
.451±.031 2.822±.069

Ours MDM-GUO .704±.005 3.641±.025 9.495±.071
.486±.031 2.832±.066

ReMoDi�use [99] .795±.004 2.974±.016 9.018±.075
.103±.004 1.795±.043

To demonstrate that models aligned with MoDiPO are more consistent, even when
generating multiple motions for the same prompt, we synthesized eight di�erent
motions for each prompt in the HumanML3D and KIT-ML test sets and ranked
them using the Guo ranker, with the results shown in Table 3.3 and Table 3.4
respectively. Here we computed all evaluation metrics specifically for the worst and
best motion sequences from each set of eight generations. MLD exhibits a significant
di�erence in FID scores between the worst and best motions, while MoDiPO-aligned
MLD significantly reduces the di�erence between the FID scores for loser and winner
motions. In particular, we observe a gap reduction of 15.05% (from 0.711 to 0.604)
for HumanML3D and of 96.51% (from 0.172 to 0.006) for KIT-ML. It is worth
noting that the FID score for losers decreases from 0.997 to 0.789 (an improvement
of 20.86%) for HumanML3D and from 1.037 to 0.769 (an improvement of 25.84%)
for KIT-ML. Besides the reduced gap between loser and winner, the lower overall
FID for the aligned model suggests that MoDiPO is a practical solution for improving
the consistency of motion quality in motion di�usion models.
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Table 3.2. Results for KIT-ML. Each group of results corresponds to the base models,
aligned models, and current SOTA backed by a RAG framework. Italic is for best results
overall, while bold represents best results among base models and MoDiPO-aligned ones.

Model Top3 ø MMDist ¿ Diversity æ FID ¿ MM ø

Real .779±.006 2.788±.012 11.08±.097
.031±.004 -

MotionGPT [95] .680±.005 3.527±.021 10.35±.084
.510 ±.016 2 .328 ±.117

T2M-GPT [96] .745 ±.006 3.007±.023 10.92±.108
.514±.029 1.570±.039

MotionDi�use [105] .739±.004 2 .958 ±.005 11 .10 ±.143 1.954±.062 0.730±.013

MLD [81] .718±.005 3.156±.023 10.921±.108
.733±.032 1.595±.087

Ours MLD-GUO .720±.006 3.166±.03 11.022±.074
.623±.037 1.660±.068

MDM [80] .726±.005 3.098±.023 10.690±.088
.496±.028 1.829±.037

Ours MDM-GUO .725±.005 3.097±.023 10.681±.086
.450±.026 1.821±.038

ReMoDi�use [99] .765±.055 2.814±.012 10.80±.105
.155±.006 1.239±.028

Table 3.3. Performance of Winner (W) and Loser (L) among the 8 generations per-prompt
of MLD and MLD aligned with MoDiPO (Ours) for HumanML3D.

Model Top3 ø MMDist ¿ Diversity æ FID ¿

Real .797±.002 2.974±.008 9.503±.065
.002±.0

MLD .755±.003 3.292±.010 9.793±.072
.459±.011

MLD L .511±.003 4.822±.014 9.249±.079
.997±.026

MLD W .914±.001 2.341±.004 9.942±.075
.286±.007

Ours .753±.003 3.294±.010 9.702±.075
.281±.007

Ours L .487±.002 4.945±.014 9.056±.069
.789±.021

Ours W .916±.001 2.303±.007 9.873±.079
.185±.005

Table 3.4. Performance of Winner (W) and Loser (L) among the 8 generations per-prompt
of MLD and MLD aligned with MoDiPO (Ours) for KIT-ML.

Model Top3 ø MMDist ¿ Diversity æ FID ¿

Real .779±.006 2.788±.012 11.080±.097
.031±.004

MLD .718±.005 3.156±.023 10.921±.108
.733±.032

MLD L .619±.007 4.001±.034 10.829±.100 1.037±.053

MLD W .799±.006 2.672±.024 11.302±.115
.865±.039

Ours .720±.006 3.166±.030 11.022±.074
.623±.037

Ours L .615±.004 4.048±.026 10.805±.106
.769±.047

Ours W .802±.005 2.646±.022 11.297±.114
.763±.034
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(a) A person is jogging around

(b) A person walks forwards, sits

(c) A man steps forward vigorously and then kicks something low with his left leg

(d) A man touches his head with both hands before lowering them

Figure 3.3. Qualitative Examples
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3.5.3 Qualitative Evaluation

To perform qualitative evaluation, we generate motions using our best-performing
model on HumanML3D. Fig. 3.3 compares MLD (in blue) with the MoDiPO-aligned
MLD (in yellow). In Fig. 3.3a, the motion generated by MLD is visibly unnatural,
with the character’s arms crossed behind its back. In contrast, the motion produced
by MoDiPO is significantly more realistic and avoids this issue. Similarly, in Fig. 3.3b,
the aligned model better captures the transition from standing to sitting. Moreover,
the motion is more coherent with the prompt, and the same holds for Fig. 3.3c and
Fig. 3.3d. In particular, Fig. 3.3c illustrates how MoDiPO places greater emphasis on
the execution of the kick. Additionally, Fig. 3.3d demonstrates the model’s enhanced
ability to capture subtle prompt details. For instance, when prompted with “the
man moves both of his hands” MoDiPO-aligned MLD generates a motion in which
both hands indeed move, unlike the MLD model, which only moves one hand. These
examples demonstrate the e�ectiveness of MoDiPO in enhancing the quality and
realism of generated motions.

3.5.4 User Study

To evaluate the quality of the motions generated by MLD aligned with MoDiPO,
compared with those produced by MLD, we conducted a User Study.

The annotation interface, depicted in Fig. 3.4, includes:

• A detailed description of the task, including instructions for the evaluators
and judging criteria for choosing the “best” GIF;

• A textual prompt describing a motion;

• A pair of GIFs depicting the corresponding motion as generated by MLD and
MoDiPO-aligned MLD, in a random order;

• Four buttons for selecting the user’s preferred motion:

– “First” or “Second” to choose the motion that best suits the given prompt,
preferring the motion with greater smoothness and plausibility or smaller
presence of foot sliding e�ect if the two motions equally represent the
prompt;

– “Both” if both of the motions match the prompt and the user cannot see
di�erences in other aspects;

– “None” if none of the motions match the prompt and the user cannot see
di�erences in other aspects.

We collect as feedback 751 votes from 17 evaluators over a sample of 85 pairs of
motions. We select people with expertise in Computer Vision and Deep Learning,
best suited to a full understanding of their task. The results show that motions
from MoDiPO-aligned MLD are selected as the best one 53.6% of the time, MLD’s
motions are preferred 15.5% of the time, while 30.9% of the time the users cannot
choose between the two motions. These results show that the alignment with MoDiPO

improves the quality of the generated motion, including its realism, smoothness,
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Table 3.5. Ablation study with MLD model on HumanML3D dataset. Stoch stands for
stochastic selection of pairs, default is edge selection. GTp is the probability of ground
truth being used as winner. Online for online generation and ranking with the reference
model. PaM+ is PaM with generations of both MLD and MDM used for the winner-loser
pair selection.

Scorer Stoch. GTp Online PaM+ Top3 ø MMDist ¿ Diversity æ FID ¿ MM ø
without alignment .755±.003 3.292±.010 9.793±.072

.459±.011 2.647±.110

Guo X .753±.003 3.294±.010 9.702±.075
.281±.007 2.736±.111

TMR X .758±.002 3.267±.010 9.747±.077
.303±.007 2.663±.111

Guo .752±.003 3.300±.010 9.714±.077
.336±.009 2.736±.110

TMR .759±.002 3.262±.010 9.714±.079
.325±.007 2.630±.107

Guo X .25 .745±.002 3.324±.010 9.674±.077
.261±.007 2.834±.119

Guo X .5 .745±.003 3.327±.010 9.614±.076
.273±.007 2.826±.117

Guo X X .677±.003 3.701±.013 9.241±.079
.276±.008 3.477±.144

Guo X .25 X .714±.003 3.496±.010 9.489±.074
.293±.009 3.179±.128

Guo X X .761±.003 3.252±.010 9.851±.071
.335±.008 2.610±.110

TMR X X .759±.002 3.266±.010 9.798±.073
.345±.007 2.592±.104

and adherence to the given textual prompt. Furthermore, the human evaluation
supports the evidence given by the FID reported in Sec. 3.5.2, which is better for
MoDiPO-aligned MLD than for MLD.

Figure 3.4. User Study Interface

3.6 Ablation Studies
We conducted a series of experiments to analyze the impact of specific choices
within the proposed method. In Sec. 3.6.1, we investigated the e�ects of using
stochastic or edge sampling of winner-loser pairs for the ranking process. Sec. 3.6.2
covers the evaluation of performances for di�erent ranking methods used within
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the framework. In Sec. 3.6.3, we describe the advantages and disadvantages of
using motions generated by models other than the model we aim to align. Finally,
Sec. 3.6.4 illustrates an online alignment experiment.

3.6.1 Pair Selection

Leveraging the multiple motions generated for each prompt in PaM, we develop two
strategies, “edge” and “stochastic” selection, for determining winners and losers. In
the edge selection strategy, we take the highest-ranked sequence as the “winner”
and the lowest-ranked sequence as the “loser” from the ordered list of generated
motions. In the stochastic selection, instead, we divided the list into two parts with
potential winners in the first half, and potential losers in the second. According
to our experiments, reported in Table 3.5, this second strategy performs better if
compared to the edge selection. Subjected to di�erent generations for the same
textual prompt, models aligned with MoDiPO retain their RPrecision and Multi-
Modality performances while also reducing the FID. We further experiment by using
the ground truth motions as winners with a probability of 0.25 or 0.5, to enhance
the generation of realistic motions. However, as depicted in Table 3.5, even if this
setting helps decrease FID and increase Multi-Modality, it deteriorates RPrecision
performances.

3.6.2 Ranking Method

As described in Sec. 3.4.1, we propose to synthetically rank generated motions
starting from two models: TMR and Guo. While TMR has been proposed to tackle
retrieval tasks, Guo was originally introduced for evaluation purposes. For both the
used datasets, KIT-ML and HumanML3D, we annotated each set composed of text
motions with Guo. Instead, TMR was used only for HumanML3D annotation, since
it uses a data representation for KIT-ML which is incompatible with the one used
by MLD and MDM. This prevents the use of TMR for KIT-ML synthetic ranking.
Results of experiments done with both the used rankers are available in Table 3.5.

3.6.3 Alignment with generations from other models

In this section, we investigate whether increasing the number of winner-loser pairs
helps maintain both Multi-Modality and RPrecision performance. To this end, we
enhance the diversity of the training sequences by incorporating motions generated
by MDM during the tuning of MLD, namely PaM+, evaluating whether this broader
motion set yields additional benefits. However, as shown in Table 3.5, this approach
did not yield superior results. The performance of the target model decreases if
compared to using only its own generated motions for tuning. This is because by
employing models with generations that have di�erent distributions, we encourage
our model to generate motions that fall between the two distributions, which results
in decreased performance.
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3.6.4 Online Alignment

We explored an alternative approach using online alignment with MLD. This approach
is feasible due to MLD’s latent-space operation, which significantly reduces the time
required to generate output motions if compared to MDM.
In this scenario, the frozen reference model generates motions which are then ranked
and from which we select winner-loser pairs using the stochastic selection. This
entire process occurs online, o�ering potential benefits in terms of e�ciency and
adaptability.
However, initial results show a trade-o� between di�erent metrics. While the target
model’s FID decreases, suggesting improved quality in distribution similarity, the
RPrecision Top3 metric also decreases. One possible explanation for these results is
that, in the online setting, each motion is encountered only once during the entire
alignment process. On the contrary, processing the same motion multiple times,
as occurs when using PaM as the alignment dataset, is necessary to achieve better
performances across all metrics.

3.7 Conclusions
The findings of this study demonstrate that preference-based alignment can sub-
stantially enhance the quality of text-to-motion generation. By applying Direct
Preference Optimization with AI feedback, MoDiPO achieves improvements in mo-
tion plausibility while preserving semantic accuracy and generative diversity. The
reductions in FID reflect not only statistical gains but also perceptual improvements,
with outputs that are smoother and more human-like. Perhaps more importantly,
the narrowing gap between best and worst-case generations suggests that aligned
models consistently avoid implausible outputs, reducing the need for users to filter
through multiple samples (Sec. 3.5.2). This consistency is particularly significant
for downstream applications such as animation, gaming, and virtual reality, where
unrealistic movements can break immersion and undermine usability.

These contributions position MoDiPO within a broader e�ort to align generative
models with human intent. In text-to-motion research, earlier approaches leveraged
stochastic diversity as a strength but were prone to producing suboptimal outputs
[93, 80, 81]. Retrieval-based methods o�ered improvements by grounding generations
in real motion samples [99], yet required large databases and introduced additional
computational cost [79]. MoDiPO provides an alternative: it internalizes alignment
directly into the generative process, avoiding reliance on external retrieval at inference
time while still ensuring plausible, text-faithful results. From a methodological
perspective, this work extends DPO, originally explored in natural language and
image generation [76, 77], to the motion domain. It also joins a growing body of
research showing that synthetic, AI-generated preferences can e�ectively substitute
for expensive human annotations [90, 91, 88]. Our results confirm that rankings
derived from motion-text retrieval models not only correlate with human judgments
but also transfer e�ectively into alignment, reinforcing synthetic feedback as a
practical and scalable resource.

Beyond demonstrating feasibility, this work opens several directions for future
exploration. Improving the quality of ranking mechanisms remains a central challenge.
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Current retrieval-based rankers [79, 78] focus primarily on semantic correspondence,
but future models could incorporate dimensions of physical realism, style consistency,
or biomechanical plausibility. Such richer evaluators could provide more precise
feedback signals, pushing generative models toward higher fidelity across multiple
criteria. Expanding the framework beyond binary winner–loser comparisons toward
graded or multi-aspect evaluations would also allow finer control over alignment.

In summary, MoDiPO demonstrates that AI-feedback-driven alignment is an e�ec-
tive and scalable strategy to improve the quality, realism, and reliability of generative
models. By constraining stochastic diversity within AI-preferred boundaries, it en-
sures both variety and plausibility, laying a foundation for future systems that are
both creative and dependable across a range of generative applications.
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Chapter 4

MonSTeR: a Unified Model for
Motion, Scene, Text Retrieval

4.1 Overview
Intention drives human movement in complex environments, but such movement can
only happen if the surrounding context supports it. Despite the intuitive nature of
this mechanism, existing research has not yet provided tools to evaluate the alignment
between skeletal movement (motion), intention (text), and the surrounding context
(scene).

In this work, we introduce MonSTeR, the first MOtioN-Scene-TExt Retrieval
model. Inspired by the modeling of higher-order relations, MonSTeR constructs a
unified latent space by leveraging unimodal and cross-modal representations. This
allows MonSTeR to capture the intricate dependencies between modalities, enabling
flexible but robust retrieval across various tasks.

Our results show that MonSTeR outperforms trimodal models that rely solely on
unimodal representations. Furthermore, we validate the alignment of our retrieval
scores with human preferences through a dedicated user study. We demonstrate the
versatility of MonSTeR’s latent space on zero-shot in-Scene Object Placement and
Motion Captioning.

4.2 Introduction
“She asked me to stay and she told me to sit anywhere. But I looked
around and I noticed there wasn’t a chair."

— Norwegian Wood, The Beatles

Humans can navigate and interact with environments by balancing their inten-
tions with the opportunities presented by their surroundings. For instance, when
the intended action is to “sit on a chair" and the corresponding movement is per-
formed, it would be perplexing if the environment lacked a chair (Fig 4.1). This
highlights the necessity for strong coherence and plausibility among intentions
(text), movements (motion), and environments (scene) to create a scenario where
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MonSTeR MonSTeR
“A person walks 
to the chair 
near the table 
and sits down” 

96.8 % 33.2 %

Figure 4.1. MonSTeR can estimate coherence among text, motion, and scene by embedding
them into a unified latent space. In the left image, all three modalities are coherent.
However, in the right image, this coherence decreases, as there is no chair available in
the scene.

human-scene interaction can naturally take place. Also, multiple captions could
potentially describe the motion in Fig. 4.1 in isolation, but given the scene context,
it is evident that the provided one is the most accurate. This confirms that exists a
strong interdependence between these modalities.

However, existing human motion generation and retrieval approaches are far from
e�ectively leveraging this trimodal relation and fully capturing the interdependence
between texts, motions and the environment in which they occur. In fact, recent
retrieval models [78, 79, 106, 107] are unable to incorporate environmental context,
causing motions to be depicted in an empty space and overlooking their intrinsic
connection to the scene. Similarly, the methods for evaluating Human Scene Interac-
tion models fail to provide a global measure of coherence/realism [4, 108, 109]. In
fact, they try to obtain a score based on a number of di�erent metrics, including
person-scene interpenetration or distance to the target location. By contrast, we
argue that these evaluations should take into account other critical aspects often
neglected, such as the path taken, the plausibility of the motion, and the coherence
among the three modalities.

Thus motivated, we introduce the first MOtioN-Scene-TExt Retrieval model,
which we call MonSTeR. This model is designed with a unified latent space that
enables the assessment of coherence across three modalities: text (t), motion (m),
and scene (s).

Motivated by recent progress in topological deep learning [110], we model inter-
modal dependencies using higher-order interactions that go beyond pairwise relations.
Unimodal terms, encoded by variational encoders, can be represented as nodes in a
graph describing their interaction. In the same graph, we use cross-modal encoders
to embed pairs of modalities, ts, ms, mt, representing its edges. To capture the
higher-order interactions, we align unimodal and unimodal-bimodal representations:
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(st, m) aligns the scene-text cross-modal representation with motion, (mt, s) aligns
the motion-text one with the scene, and (ms, t) aligns the scene-motion one with
text. The proposed modeling produces cohesive representations that deliver superior
retrieval performance compared with approaches that align the three modalities
using only unimodal terms. Furthermore, it provides the flexibility to perform
various related tasks: retrieving a sample from one modality given another, a sample
from one modality given a representation of two modalities, or vice versa.

Additionally, we show that MonSTeR can serve as an evaluator for text-conditioned
Human Scene Interaction models. Specifically, we conduct (1) a dedicated user study
confirming that its assessments align with human judgment, and (2) an evaluation
revealing that MonSTeR exhibits scene-motion grounding capabilities by assigning
lower scores to motions that follow incorrect paths or interpenetrate the scene,
confirming that our method can be used to assess path-scene plausibility. Finally,
we leverage the descriptiveness of the latent representations by performing Motion
Captioning and zero-shot in-Scene Object Placement.

In summary, our contributions include:

• A new retrieval model that explicitly models higher-order relations to unify
text, motion, and scene, for the first time, within a unique latent space.

• A new method to ground the generations of text-conditioned Human Scene
Interaction models within the scene and consequently evaluate their quality.

• Zero-shot evaluation of our model on the tasks of in-Scene Object Placement
and evaluation on the downstream task of Motion Captioning.

4.3 Related Works

This section introduces existing text-to-motion retrieval models, multimodal align-
ment, and aggregation techniques.

4.3.1 Text-Motion Retrieval

Text-to-motion retrieval involves discriminating which motion sequence corresponds
to a given text (t2m task) and, conversely, identifying the correct text description
for a query motion sequence (m2t task). These tasks are often modeled using
Contrastive Learning: a shared latent space is constructed between text and motion,
where cosine similarity serves as a measure of coherence between the two modalities
[78, 111, 79, 112, 106, 107]. In particular, [111] initiated this field by aligning texts,
motions, and image renderings of the motions. Additionally, [79, 112] proposed an
e�ective and lightweight model to address this task and introduced several evaluation
protocols for benchmarking. Existing approaches [79] represented motions through
velocities and rotations in root space [78] or tackled this by encoding motions as
image patches [106] processed via a pre-trained Vision Transformer (ViT). Unlike
previous work, we o�er a latent space that can estimate coherence not only between
text and motion but also with the scene itself.
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4.3.2 Beyond Two-Modal Alignment
Recent works extending beyond text and motion have proposed various strategies
for aligning multiple modalities within a shared latent space. Specifically, [113,
114, 115, 116, 117] align all modalities to one modality (or a subset) chosen as a
reference. Alternatively, [118, 119, 120] align each modality with all the others,
creating intricate interactions among modalities. Particularly relevant to our task,
[120] presents a trimodal learning framework that incorporates human-centric videos,
motion, and textual instructions.

In this work, we explore both approaches. Since MonSTeR is designed to harness
the interdependence between modalities, it is trained by aligning individual modality
representations and paired modalities, achieving an all-to-all alignment. We validate
our approach through an ablation study, aligning scene and motion solely with text,
showing degraded performance compared to MonSTeR.

4.3.3 Modality Aggregation
Early approaches used separate encoders for each modality, combining them via
latent averaging [113, 119], or adopted conditional generation—e.g., generating
scenes from motion [121, 122, 123] or motion from scenes [124, 125]. However,
these approaches do not explicitly model modality interdependence in the latent
space, limiting the ability to learn joint representations. Other strategies, such
as those in [126, 127], process all modalities through a shared encoder to exploit
cross-modal interactions, yet still produce separate embeddings per modality. This
prevents the model from representing multiple modalities jointly or retrieving a
single modality from a composite latent representation. Additionally, [128] aligns
global (multi-modal) and per-modality encoders, but lacks the flexibility to encode
partial modality combinations into a unified representation. Finally, [129] encodes
pose, image, and instruction together into a unified embedding and can reconstruct
the original modalities. In contrast, MonSTeR promotes cross-modal learning by
explicitly combining unimodal and pairwise cross-modal encoders, which provides
richer representations that span all the available modalities.

4.4 MonSTeR
In this section, we present the design of MonSTeR. We start with data representation,
then detail the high-order decomposition that informed our latent space, and conclude
with the chosen optimization objective.

4.4.1 Data Representation
Following [79], we use DistilBERT [130] to obtain an initial representation for text
t, in the form of a 768-dimensional feature vector, i.e. t œ R768. As in [131, 132],
the scene s is treated as a colored point cloud of N points containing objects with
semantic information, i.e. s œ RN◊6, where the six features are the concatenation of
the (x, y, z) coordinates and the RGB colors. We represent the 3D human motion m

as vectors m œ RT ◊3◊22, where T is the number of frames, 3 the x, y, z coordinates
of joints, and 22 the number of joints.
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Figure 4.2. MonSTeR’s Architecture Overview. Each input modality t, s, m is processed by
its single-modality encoder. From the first output tokens of T, M, S we sample vectors
vt, vm, and vs. The remaining tokens of each encoder’s output, namely Át, Ám, Ás, are
pairwise concatenated and passed through cross-modal encoders to generate joint latent
vectors (vst, vmt, vms).

4.4.2 Designing MonSTeR’s latent space

Aligning scene, motion, and text into a unified multimodal latent manifold is a
challenging goal. The complexity arises from the need to capture the many-to-many
relationship among these modalities: a single text may correspond to various motions,
and the appropriate motion may di�er depending on the scene context. The triplet
(scene, motion, text) defines an event with minimal ambiguity1. Unlike pairwise
alignments, this triplet captures higher-order interactions between the modalities,
providing a richer and more coherent representation of the underlying event [79].
Higher-Order Relations in Topological Spaces. Topology provides a robust
framework to analyze and extract insights from data [133, 110]. Therefore, we
set to exploit this theory to describe the process of embedding text, scene, and
motion in a unified latent space via contrastive learning. This requires modeling
part-whole relations and it is therefore di�erent from other contrastive objectives
targeting pairwise relation between unimodal terms. Turning to topological geom-
etry, this three-way relation represented by a polygonal face P = {tsm} can be
decomposed into the composition of the three edges that are a part of the triangle
E = {ts, sm, mt}. Similarly, each edge can be decomposed into the vertices that
define it, resulting in a set of vertices V = {t, s, m}. By aligning unimodal terms,
we encode their pairwise relationship in the latent space. On the other hand, by
aligning an edge with the opposite vertex, we encode their higher-order relation.
All in all, topology [134] demonstrates that representing the three-way relation of
(s, m, t) requires representing the single modes {s, m, t} and the pairwise cross-modal
terms {sm, mt, ts}. We verify this empirically, cf. Sec. 4.5.3.
Contrastive Learning to Learn High Order Relations. We align unimodal to
unimodal and unimodal to cross-modal terms via contrastive learning. The goal is
to embed this trimodal interaction in the latent space. Following the schematics of
Fig. 4.2, we encode the unimodal terms {t, m, s} using transformer-based variational
autoencoders. The output of each encoder is split into two: (1) the first two tokens

1Some ambiguity still exists, as underlying intentions and personal preferences influence human
movement
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Algorithm 1 Encoders’ Input–Output Processing
Require: Token sequence xi (modality iœ{t, m, s})
Ensure: • Unimodal latent vectors vi, vj œ R256

• Crossmodal latent vector vij œ R256

1: x̃i Ω [µi, ‡i, xi] Û prepend learnable tokens
2: (µ̂i, ‡̂i, ‘i) Ω Enci(x̃i)
3: ÷ ≥ N (0, I)
4: vi Ω µ̂i + ‡̂i § ÷
5: Repeat Lines 1–4 for a second modality j to obtain (‘j , vj)
6: ‘ij Ω [‘i, ‘j ] Û concatenate residual tokens
7: (µ̂ij , ‡̂ij , ≠) Ω Encij(‘ij)
8: ÷ ≥ N (0, I)
9: vij Ω µ̂ij + ‡̂ij § ÷

are interpreted as the mean and log-variance of the latent distribution, and they are
used to sample latent vectors vt, vm, and vs. (2) The rest of these tokens, namely
Át, Ám, Ás, are pairwise concatenated and processed by cross-modal encoders (e.g.
Ás and Át are concatenated to obtain the input of the ST encoder). Each one of
the three cross-modal encoders outputs mean and log-variance used to sample the
cross-modal latent vectors vst, vmt, and vms. Algorithm 1 illustrate the complete
encoding pipeline used in MonSTeR

2.

4.4.3 Training MonSTeR
Contrastive objectives are about maximizing the similarity between positive pairs, or
di�erent modalities representing the same object. In our objective, we include all the
terms needed to recover unimodal and cross-modal relations of the three modalities.
We exclude terms that could encourage the model to ignore one of the modalities
during alignment, leading to degenerate solutions, e.g., (st, t) or (st, s). This is to
prevent a collapse in the cross-modal encoders, that could simply learn an identity
function. This leaves us with the resulting terms for the contrastive objective:

K = {(t, s), (m, t), (m, s), (st, m), (mt, s), (ms, t)}

Once we collect all the latent vectors for all the modalities in a batch, we
proceed with the alignment procedure. Formally, for a batch of N tuples of latent
vectors (v1

t , v
1
m, v

1
s , v

1
st, v

1
mt, v

1
ms), · · · , (vN

t , v
N
m , v

N
s , v

N
st , v

N
mt, v

N
ms), we compute the N ◊

N cosine similarity matrices Ci,j for each pair of unimodal or cross-modal vectors
(i, j) œ K. Positive pairs appear on the main diagonal, while the o�-diagonal terms
represent negative pairs. For clarity, Fig. 4.3 illustrates the composition process
of two example similarity matrices: Cst,m which aligns unimodal to cross-modal
embeddings and Ct,m which relies solely on unimodal ones. Each similarity matrix is
then used to compute the InfoNCE loss [135], which we aggregate in the final loss:

Ltot = 1
|K|

ÿ

(i,j)œK

LNCE(Ci,j)
N

2For readability we write the encoder outputs as (µ̂, ‡̂). In practice the encoder returns (µ̂, \log ‡2),
and we recover ‡̂ = exp( 1

2
\log ‡2) before applying the re-parameterisation trick.
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Figure 4.3. Composition of Cst,m and Ct,m similarity matrices. For Cst,m, motion latents
v

n
m are compared with the cross-modal scene-text latents v

n
st, while for Ct,m, they are

compared only with text latents v
n
t . Green cells are the locations of similarity scores

between positive samples. Our optimization objective promotes assigning higher scores
to these cells in all matrices Ci,j .

This process pushes the model to bring the positive vectors (those belonging to the
same tuple) closer while distancing them from other vectors in the batch.
Cross-Modal Retrieval. The unified latent space enables retrieval of scenes,
motions, and texts, as well as their combinations, using either single modalities or
by specifying two of them. For instance, to retrieve the correct motion given a scene
and text (st2m task), we compute the scene-text cross-modal embedding using the
ST encoder in Fig 4.2, and then calculate its cosine similarity with the outputs of
the M encoder.
Implementation Details. In MonSTeR, T and M encoders are based on [136], while
we use [137] as S, augmented with Spatial Attention layers. For the cross-modal
encoders, we start from the unified encoder from [131] and modify it to produce a
single joint modalities’ representation via cross-attention between modalities and
projection layers. Our model incorporates a motion decoder [136] that stabilizes
training by introducing a reconstruction loss between the input motion and the
decoded motion. Additionally, the model’s encoders are VAE-based. Therefore, we
add to the Ltot the terms for KL divergence, Reconstruction, and Latent Loss, as in
[79].

4.5 Experiments

In this section, we describe the evaluation datasets, retrieval protocols, and MonSTeR

ablations, as well as its application to Human-Scene Interaction motion genera-
tion. We also perform In-Scene Object Placement and Motion Captioning tasks to
demonstrate the e�ectiveness of the learned representations.
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Table 4.1. Tasks and protocols’ results on HUMANISE+ [4] test set. Reported metrics
are mRecall computed across ranks {1,2,3,5,10}. Greyed-out results are not directly
comparable with those in the same column, as they do not leverage scene information.

Protocol Method st2m m2st ms2t t2sm tm2s s2mt t2m m2t s2m m2s t2s s2t avg.

All

TMR [79] 2.73 – 2.05 – – – 2.73 2.05 – – – – -
MoPa [106] 4.49 – 3.53 – – – 4.49 3.53 – – – – -
TMR + S 4.10 3.30 5.81 4.79 1.08 1.98 3.40 3.22 1.41 1.02 1.24 1.38 2.72
MoPa + S 2.10 2.45 1.62 1.94 3.28 3.06 1.15 0.70 1.86 2.21 1.07 1.19 1.88
MonSTeR 13.91 13.14 8.46 10.39 4.09 4.45 3.62 3.11 1.12 1.16 1.68 2.51 4.80

Small
Batches

TMR [79] 56.0 – 56.01 – – – 56.0 56.01 – – – – -
MoPa [106] 61.12 – 61.39 – – – 61.12 61.39 – – - – –
TMR + S 57.08 55.49 70.77 67.05 33.86 37.26 59.42 58.17 27.78 25.73 38.31 38.45 47.44
MoPa + S 48.83 40.73 40.46 39.23 48.37 40.73 28.47 27.00 36.80 36.66 35.17 37.45 38.32
MonSTeR 79.15 79.01 76.30 77.42 57.55 57.06 63.20 61.89 34.11 34.47 50.18 49.76 60.00

4.5.1 Datasets

To benchmark MonSTeR, we use two recent datasets, [4, 5]. We select these datasets
as they are large-scale options that feature a substantial variety of motions across
numerous scenes, all accompanied by textual annotations.

HUMANISE+. HUMANISE [4] is a synthetic dataset containing 19.6K text-
annotated human motion carefully aligned in 643 3D scenes. The text descriptions
in this dataset primarily reference an object of interaction, omitting details about
its spatial location, attributes, and other objects in the scene. When multiple
instances of the object exist, the descriptions fail to specify which one is relevant
to the associated motions. To address this limitation, we use LLAMA3-8B-it [138]
to recaption the original texts to include references to nearby objects and express
spatial context around the motion path. This model can generate an answer by
following a set of instructions and examples. After being given an initial context,
the LLM is tasked to ground captions using environmental cues from the scene. To
provide the LLM with this information, we first generate a list of scene elements
located within a small distance from the path traversed by the human in motion.
Next, we supply the LLM with the original caption, appending the generated list of
objects. The object classes or descriptions provided to the model are derived from
the segmentation labels included in the original HUMANISE dataset. This approach
substantially enhances the grounding of text descriptions within the scene as shown
in Fig. 4.4. We refer to this dataset as HUMANISE+.

TRUMANS+. TRUMANS [5] comprises 15 hours of motion-captured data repre-
senting human interacting with 100 varied indoor scenes and 20 distinct object types.
While TRUMANS texts’ describe the motion accurately, their connection to the
scene is not strong, primarily focusing on the object of interaction. Furthermore, the
3D scans of the environment are significantly larger than those in HUMANISE, often
containing irrelevant elements such as rooms unrelated to the motion. A recaptioning
process identical to that of HUMANISE+ was not feasible for TRUMANS due to
lack of detailed scene segmentation labels. For this reason, we recaption using
only the objects mentioned in the caption and explicitly present in the mesh file,
while keeping the rest of the pipeline the same, to reinforce alignment between text,
motion, and scene content. We refer to this dataset as TRUMANS+.
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(a) HUMANISE caption, “walk to the bed”, compared to HUMANISE+
recaptioning, “a person walks to the bed, passing by a nightstand, a
dresser, some books, and finally reaches the bed”. The new caption
mentions di�erent objects in the scene, e�ectively making it more
coherent with it.

(b) HUMANISE caption, “walk to the end table that is close to the door”, compared to
HUMANISE+ recaptioning, “a person walks towards the end table that is close to the
door, and passes by a wall and a chair”.

(c) HUMANISE caption, “walk to the chair that is next to the telephone”, compared to
HUMANISE+ recaptioning, “a person walks to a chair that is next to a telephone,
passing by a bag, a desk, and a whiteboard with some paper on it”.

Figure 4.4. Comparison between HUMANISE captions and HUMANISE+ recaptioning.

4.5.2 Retrieval Tasks

Tasks and Metrics. Given samples from three modalities, text (t), motion (m)
and scene (s), we evaluate our model across several retrieval tasks: retrieving one
modality given two others (st2m, ms2t, mt2s), retrieving two modalities given one
(m2st, t2ms, s2mt), and retrieving one modality given another single modality (t2m,
m2t, s2m, m2s, t2s, s2t). For instance, the m2st task requires finding the samples
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Table 4.2. Tasks and protocols’ results on TRUMANS+ [5] test set. Reported metrics
are mRecall computed across ranks {1, 2, 3, 5, 10}. Greyed-out results are not directly
comparable with those in the same column, as they do not leverage scene information.

Protocol Method st2m m2st ms2t t2sm tm2s s2mt t2m m2t s2m m2s t2s s2t avg.

All

TMR [79] 17.55 – 17.71 – – – 17.55 17.71 – – – – -
MoPa [106] 4.22 – 6.58 – – – 4.22 6.58 – – – – -
TMR + S 4.04 4.44 9.01 4.67 9.14 1.61 5.65 12.03 1.11 5.89 6.74 1.65 5.49
MoPa + S 4.83 5.20 4.11 4.39 13.20 2.14 3.52 3.85 2.06 10.79 8.30 1.04 5.28
MonSTeR 10.54 10.29 8.59 8.51 12.71 3.94 5.67 5.90 1.94 7.88 10.35 2.80 7.42

Small
Batches

TMR [79] 82.2 – 82.13 – – – 82.2 82.13 – – – – -
MoPa [106] 48.55 – 56.44 – – – 48.55 56.44 – – – – -
TMR + S 48.46 47.63 54.05 51.85 30.38 26.7 53.38 55.12 23.24 25.27 30.06 25.37 39.29
MoPa + S 42.40 44.84 52.76 52.99 46.50 43.66 42.20 42.35 39.41 43.62 31.59 29.12 42.60
MonSTeR 60.8 61.4 58.2 57.86 46.99 42.62 49.49 50.13 30.41 33.88 37.65 35.08 47.05

Table 4.3. Ablation Studies for MonSTeR performed on HUMANISE+ [4]. We report the
average mRecall computed across ranks.

Protocol Method st2m m2st ms2t t2sm tm2s s2mt t2m m2t s2m m2s t2s s2t avg.

All

MonSTeR 13.91 13.14 8.46 10.39 4.09 4.45 3.62 3.11 1.12 1.16 1.68 2.51 5.63
- w/o cross-modal 5.20 3.77 8.91 7.95 2.49 2.59 4.35 3.21 1.01 0.91 2.52 2.64 3.79
- w/o single 11.91 12.93 8.35 8.96 4.33 4.31 0.22 0.29 0.09 0.25 0.54 0.24 4.36
- w tri-modal 6.14 6.00 7.56 7.93 3.02 3.12 4.16 4.37 2.00 1.66 2.10 1.63 4.14

Small
Batches

MonSTeR 79.15 79.01 76.30 77.42 57.55 57.06 63.20 61.89 34.11 34.47 50.18 49.76 60.00
- w/o cross-modal 65.47 63.26 78.11 76.76 49.89 49.31 63.98 62.76 32.23 32.52 49.66 48.95 56.07
- w/o single 75.31 76.21 76.42 75.50 53.76 53.86 15.71 16.15 12.03 14.56 17.02 14.82 41.77
- w tri-modal 62.48 62.46 69.02 68.29 48.33 48.20 61.42 60.00 36.57 37.15 45.80 44.70 53.70

s and t which best suit the given m across a pool of possible pairs of scenes and
texts. For brevity, we refer to these tasks as double-to-single, single-to-double, and
single-to-single. Retrieval tasks are typically evaluated using Recall@K, where K is
a rank in {1, 2, 3, 5, 10}. This metric measures the percentage of times the correct
sample is among the top K results, ordered by the similarity scores provided by the
model. However, due to space constraints, we omit detailed Recall results at all
ranks, instead presenting the more concise Mean Recall (mRecall) from [129], which
represents the average Recall across ranks {1, 2, 3, 5, 10}.
Protocols. The evaluation adheres to the retrieval protocols outlined in [79, 78].
Specifically, the “All" protocol requires distinguishing correct modality samples
across all samples within the test set, while the “Small Batches" protocol requires
discrimination among batches of 32 samples.
Retrieval Results. In Table 4.1 and Table 4.2, we present MonSTeR retrieval
results. Since no other model has previously addressed retrieval across scene, text,
and motion, we compare it with two state-of-the-art text-to-motion retrieval models,
TMR [79] and MoPa [106]. We report t2m and m2t as proxies for the st2m and m2st
tasks and grey out these results, as they provide the extra input s which neither
TMR nor MoPa can use. To ensure a fair comparison (TMR+S and MoPa+S), we
start from their pretrained architecture and extend it with the same scene encoder
as MonSTeR, finetuning it on the target dataset. As they do not leverage cross-modal
encoders we average their unimodal representations to produce cross-modal ones
[113].

In the t2m and m2t tasks, MonSTeR consistently outperforms all baselines on
HUMANISE+, while TMR leads on TRUMANS+. We attribute this discrepancy
to the limited value of scene cues in TRUMANS+: individual scenes often support
several distinct motions. The dataset’s high motion diversity also makes text and
motion signals more discriminative than scene context, even after recaptioning.
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Table 4.4. Ablation Studies for MonSTeR performed on TRUMANS+ [5]. We report the
average mRecall computed across ranks.

Protocol Method st2m m2st ms2t t2sm tm2s s2mt t2m m2t s2m m2s t2s s2t avg.

All

MonSTeR 10.54 10.29 8.59 8.51 12.71 3.94 5.67 5.9 1.94 7.88 10.35 2.83 7.42
- w/o cross-modal 5.89 6.26 6.58 6.3 12.01 3.1 6.95 6.84 1.98 9.05 8.26 2.06 6.27
- w/o single 12.95 13.01 7.01 6.28 12.99 4.76 0.19 0.06 0.49 3.67 2.71 0.07 5.34
- w tri-modal 5.62 4.91 6.24 6.34 10.29 3.05 6.31 6.3 2.04 8.36 8.19 2.58 6.02

Small
Batches

MonSTeR 60.8 61.4 58.2 57.86 46.99 42.62 49.49 50.13 30.41 33.88 37.65 35.08 47.04
- w/o cross-modal 50.96 51.12 50.12 50.75 38.12 33.98 52.76 52.91 29.91 33.56 33.73 31.08 42.41
- w/o single 66.96 68.43 56.38 56.46 51.59 48.38 12.5 12.43 16.84 20.86 15.9 12.18 36.57
- w tri-modal 47.35 48.72 50.77 49.61 41.4 36.48 48.89 49.24 31.33 35.23 37.08 33.52 46.72

(a) Walk to the desk near
a computer and monitor,
passing by a cabinet.

(b) Stand up from the sofa
chair, which is near the
door, a table and a wall.

(c) Walk to a chair in front
of a laptop, passing by
a backpack and a black-
board.

(d) Stand up from the bed
close to the armchair.
Stand up from the bed,
far from the o�ce chair.
Stand up from the bed
near an armchair and a
suitcase.

(e) Walk past an armchair to
the table under the win-
dow. Walk to the table
near the fireplace and
a chair. Walk past a ta-
ble to the chair near the
cabinet.

(f) Walk past the wall and
extinguisher to the door-
frame. Walk to the door-
frame, passing by an exit
sign. Walk to the door,
passing by a table and
a cabinet.

Figure 4.5. Qualitative examples for st2m (4.5a, 4.5b, 4.5c) and ms2t (4.5d, 4.5e, 4.5f).
First, second, and third retrieved samples are shown. In each pictorial, GT=color
(top-left corner) indicates the correct corresponding motion (top row) and text (bottom
row)

TMR capitalizes on this with Guo features [78], which ignore spatial ties between
scene and motion and thus make tasks other than t2m/m2t impossible. By contrast,
HUMANISE+ contains similar text–motion pairs, so scene information is essential for
disambiguation. Note that this setting is the closest match to our target application
of evaluating Human-Scene Interaction generations.

Overall, MonSTeR emerges as the top performer for the majority of double-to-
single and single-to-double tasks. It improves “All” protocol’s st2m relative to the
best among the evaluated models by 209% on HUMANISE+. On average, MonSTeR
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(a) A person is standing up from the bed, which is near a suitcase, and clothes are nearby.

(b) A person is walking to a chair near a desk.

(c) A person is walking to the toilet, passing by a sink.

Figure 4.6. Qualitative examples for t2m. First, second, and third retrieved samples are
shown.

outperforms the best scene-aware models by 76.47% and 35.15% on the “All” protocol
on HUMANISE+/TRUMANS+, and by 26.47% and 10.44% on “Small Batches”,
showing superior multimodal alignment.

Additional Results. In Fig. 4.5 we provide qualitative results of MonSTeR’s rankings
for the st2m and ms2t tasks. This evaluation highlights both the complexity and
challenging nature of these tasks, as many samples exhibit high semantic relevance to
the conditioning modalities. Moreover, it demonstrates the e�ectiveness of MonSTeR

in retrieving motions that maintain a strong correspondence with the ground truth
in its top-ranked results.

Fig. 4.6 presents qualitative results of MonSTeR’ rankings for the t2m task and
Fig. 4.7 for the mt2s task. For each example in the first task, we show the first
three motions retrieved from the given text prompt. Note that here they are shown
together with the respective scene, even if it is not part of the task, just to provide
some context. In the second task, a scene is retrieved based on a pair composed of a
motion and a text prompt so, for this task, each result in every example shares the
same text and motion, while the scene varies.
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(a) A person is walking to the refrigerator, passing by a recycling bin, a cutting board, a
trash can, and a sink, and then noticing a window.

(b) A person is walking to the chair, passing by a backpack, surrounded by books on a
bookshelf.

(c) A person stands up from the toilet, with a mirror in sight.

Figure 4.7. Qualitative examples for mt2s. First, second, and third retrieved samples
are shown.

4.5.3 Ablation Studies on the Model Design

In Table 4.3 and Table 4.4 we test ablative variants of MonSTeR: the tested variants
still have the same architecture but they di�er by taking into consideration only
unimodal or cross-modal relations in the loss. Recalling Sec. 4.4.3, the ablation
studies vary the set K used for the contrastive terms. In “MonSTeR w/o cross-modal",
we remove all cross-modal encoders, which also eliminates all cross-modal terms
from the set K, resulting in the optimization of the set {(t, s), (m, t), (m, s)}. In
this case we use text as the bridging modality to align all three modalities and
average latents during inference to compute the cross-modal representations [113].
Predictably, this model has significant performance drops in most double-to-single
and single-to-double retrieval tasks. Next, in “MonSTeR w/o single" we remove all
terms involving only single-modality from K, resulting in optimizing the reduced
set {(st, m), (mt, s), (ms, t)}. This model aligns single modalities’ embedding to
cross-modal embeddings only. In some cases, the double-to-single retrieval task
of the ablated model outperforms the corresponding performance of MonSTeR on
TRUMANS+. This improvement likely stems from a closer alignment between
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training and test objectives in these instances. However, on average, this model’s
performance appears diminished compared to that of MonSTeR (see avg. in Table 4.3
and Table 4.4). Indeed single-to-single retrieval performance shows a significant drop,
highlighting the limitations of the ablated approach. In addition to these ablation
we also evaluate “MonSTeR w tri-modal", a single tri-modal architecture inspired
by [129]. Here, all modalities are embedded by the same tri-modal encoder and
decoded jointly to compute cross-modal embeddings. While this model performs well
on certain single-to-single retrieval tasks, it underperforms on double-to-single and
single to double tasks. These experiments confirm that superior performance can
be achieved by modeling higher-order relationships through the alignment of both
unimodal-to-unimodal and unimodal-to-cross-modal interactions while retaining the
rich feature semantics of the single encoders.

4.5.4 MonSTeR for Evaluation

In this section, we introduce MonSTeR as a tool to assess the quality of text-conditioned
Human Scene Interaction generative models (HSI). After testing its motion-scene
grounding properties, we validate the alignment of MonSTeR’s scores with human
judgment.
MonSTeR Metrics. FID and Recall@{1,2,3} are commonly employed in the
evaluation of text-to-motion models [81, 78, 139, 80]. However, these metrics do not
account for the scene and its interactions with text and motion, rendering them
less suited for evaluating HSI models. By leveraging MonSTeR’s latent space, we can
derive more informative versions of these metrics. We extend FID to assess both the
motions’ plausibility and their coherence with the scene leveraging the embeddings
from the cross-modal encoder MS of MonSTeR (cf. Fig. 4.2). We extend the Recall
[78], by using the m2st task embeddings to measure the adherence of a motion to a
text and a scene.
Evaluating Path Plausibility. To evaluate the scene-motion grounding capabilities
of MonSTeR, we assess if its latent space can di�erentiate between motions that adhere
to paths coherent with the provided text and scene a�ordances, and those that do
not. To this end, we rotate motions from the test sets of [4, 5], starting at an angle
of 0 radians and increasing incrementally up to fi, with the rotation pivot at the end
position of the original motion. We ensure that each rotated motion stays within
the scene boundaries and avoids interpenetrating any scene objects.

Solid lines in Fig. 4.8 show that both FID and Recall values computed using
MonSTeR embeddings deteriorate as the rotation increases. This is both expected and
desirable, as increased rotation results in a larger divergence between the original
and modified paths, leading to a loss of coherence between the motion, the scene, and
the conditioning text. This is more evident in [5] due to the precise descriptions of
contact interactions with small objects (e.g. pick up the keyboard on the desk); when
motions are rotated, the coherence is disrupted. The gap in Fig. 4.8 reflects datasets’
properties. TRUMANS+ mixes dynamic motions with small targets in wide spaces,
so small rotations quickly misalign modalities and lower scores. HUMANISE+,
dominated by static actions around large, nearby objects, is far less sensitive to the
same rotations.
Evaluating Compliance with the Scene. We repeat the experiment above but
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(a) (b)

Figure 4.8. MonSTeR’s FID ¿ (a) and Recall@1 ø (b) trends when motions are increasingly
rotated, from 0 to fi radians.

Table 4.5. Generation Results on HUMANISE+ [4].

Model goal distance ¿ contact ø non-collision ø Recall@1 ø Recall@2 ø Recall@3 ø FID ¿

MaYS [108] 0.168 0.94 0.996 0.43±0.002 0.62±0.003 0.74±0.002 2.157

cVAE [4] 0.596 0.855 0.997 0.33±0.004 0.49±0.003 0.59±0.002 32.857

enable motion rotations that would lead to interpenetration. In Fig. 4.8, comparing
the dotted lines to the solid ones, we see that including motions penetrating scene
objects causes an even further decline in these metrics. This suggests that the latent
space of MonSTeR has also internalized that natural motions should not involve
interpenetration with the scene.
Human Scene Interaction Evaluation We evaluate human scene interaction
methods using Recall@1,2,3 and FID calculated using MonSTeR, alongside commonly
used metrics for this task [4, 108], including goal distance, contact, and non-collision.
The evaluation is conducted on two state-of-the-art models: a two-stage di�usion
model (dubbed as MaYS) [108], and the conditional variational auto-encoder (cVAE)
from [4].

Traditional metrics, such as goal distance, contact, and non-collision, do not
account for the coherence between the text prompt and the generated motion. In
contrast, Recall@1,2,3 evaluates the alignment of all three modalities by assessing
the coherence between the conditioning text prompt and the combined motion-scene
signal. This makes Recall a more comprehensive metric for evaluating cross-modal
consistency. Additionally, traditional metrics provide only limited insights into scene
alignment. Conversely, FID, computed using MonSTeR’s motion-scene combined
representation, e�ectively captures discrepancies in scene-motion coherence.

Table 4.5 summarizes the results. Both MaYS and cVAE demonstrate strong
performance in maintaining appropriate motion-scene contact and avoiding inter-
penetration with the environment, with neither model achieving a significant edge
in these metrics. However, Recall@1,2,3 scores reveal that MaYS consistently out-
performs cVAE by a significant margin, indicating that MaYS generates motions
better aligned with the conditioning text descriptions within the scene. MaYS
exhibits superior performance in goal distance, reflecting its ability to generate



56 4. MonSTeR: a Unified Model for Motion, Scene, Text Retrieval

tm2s score

A person is walking near a couch and a table with a handbag on top

0

worst

1

best

Figure 4.9. In-Scene Object Placement scores visualized

motion trajectories that more closely align with the target destination.
These trends are further corroborated by the FID scores in Table 4.5, where

cVAE reports substantially higher values. This can be attributed to its greater
distance from the goal, compromising motion-scene coherence, as well as the presence
of generation artifacts (e.g., foot-skating) and motion implausibilities. As seen in
the path plausibility evaluation, MonSTeR-based FID is sensitive to implausible or
incorrect paths followed by motion trajectories, an aspect not captured by goal
distance, contact, or non-collision metrics.
Alignment to Human Preferences. We perform a user study to test the alignment
of MonSTeR’s ranking with human preferences. We generate motions using [4] and
[108]. For each pair of generated motions, we rank them using st2m score and
compare this ranking to human preferences. We collect 1122 annotations from 224
evaluators. The results show that MonSTeR’s rankings align with human evaluations
66.5% of the time, indicating agreement with human judgment.

4.5.5 Downstream Tasks

In Scene Object Placement. Given a text description and a motion input,
MonSTeR can retrieve not only the most relevant scene but also the most appropriate
scene layout, distinguishing between scenes that di�er only in the positions of one or
a few objects. We evaluate this capability in this downstream task. Notably, it can
serve as a valuable prior when synthesizing scenes from textual and motion inputs.
A qualitative illustration is shown in Fig. 4.9. To this aim, we extrapolate objects
of interest from the scene, and set up a 5 ◊ 5 ◊ 5 grid around their ground-truth
positions. Fig. 4.10 illustrates this grid, with z-axis slices used to display all the
available distances. Di�erent colors correspond to di�erent distances from the center.
The 125 positions in the grid correspond to specific cells with known distances from
the grid center. Assuming a unit step length along each edge, the distances of cells
from the center are distributed as follows:

• 1 cell at a distance of 0, representing the grid’s center;

• 6 cells at a distance 1;
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Figure 4.10. Visualization of the 5 ◊ 5 ◊ 5 grid used for the in-scene object placement
evaluation. The full grid (leftmost) shows all cells. Subsequent panels depict sliced
layers along the z-axis: z = 0 (second from left), z = (≠1, 1) (third), and z = (≠2, 2)
(rightmost). Distances from the center represented with colors, with values going from 0
(darker colors) to 2

Ô
3 (brighter colors).

• 6 cells at a distance 2;

• 8 cells at distance
Ô

3, corresponding to the one-step cube diagonal;

• 8 cells at distance 2
Ô

3, corresponding to the two-step cube diagonal;

• 12 cells at distance
Ô

2, corresponding to the one-step diagonal along a cube
face;

• 12 cells at distance 2
Ô

2, corresponding to the two-step diagonal along a cube
face;

• 24 cells at distance
Ô

5, corresponding to the diagonal length of 2◊1 rectangles
on the cube’s faces;

• 24 cells at distance
Ô

6, corresponding to the diagonal length of 2 ◊ 1 ◊ 1
rectangular parallelepipeds in the cube;

• 24 cells at distance 3, corresponding to the diagonal length of 2 ◊ 2 ◊ 1
rectangular parallelepipeds in the cube.

Using the defined grid, we shift the object into each of the 125 cells, generating an
equal number of scene variants. Then, we leverage the mt2s score of MonSTeR to eval-
uate the similarity between the text-motion embedding and each scene variant. This
process provides a score for each pairing ((text, motion), scenei), with i œ [1, 125].
We locate the object of interest by selecting the highest score provided by our model
and compute the L2 distance to its real position.

In this scenario, being L the translation step, the average error is given by

L

125(6(3) + 8(3
Ô

3) + 12(3
Ô

2) + 24(
Ô

5 +
Ô

6 + 3))

Using a translation step of 25 cm the error ranges in [0 cm, 86.6 cm], with the
maximum corresponding to two steps taken along a diagonal path in the grid. While
the average error corresponds to 58.98 cm, our zero-shot prediction scores only 18
cm. MonSTeR can accurately localize objects in a zero-shot setting, leveraging spatial
knowledge grounded in the text-motion latent representations.
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Motion Captioning. To test the descriptiveness of MonSTeR’s latent represen-
tations, we use its embeddings for the downstream task of Motion Captioning. In
particular, we freeze MonSTeR’s latent space and feed its motion embeddings to GPT2
[140] which we then train to caption motions. We then compare our results with
MotionGPT [95], retrained from scratch on both HUMANISE+ and TRUMANS+,
adopting the evaluation protocol from [95]. As shown by Table 4.6 and Table 4.7,
MonSTeR is able to surpass MotionGPT on most metrics by a significant margin.
Intuitively, the motion embedding from our model carries more semantic information
as it has previously been aligned with the scene. Moreover, the higher ROUGEL

and BertF 1 suggest that the model not only predicts captions that preserve the
word ordering of the ground truth but also generates descriptions that are closer to
natural human language.

Table 4.6. Captioning performances on HUMANISE+ [4].

Method BLEU 1 BLEU 4 ROUGE L CIDER BERT F1
mGPT 42.16 17.47 40.23 11.13 22.16

MonSTeR + GPT2 42.93 23.59 50.85 13.70 35.57

Table 4.7. Captioning performances on TRUMANS+ [5].

Method BLEU 1 BLEU 4 ROUGE L CIDER BERT F1
mGPT 39.62 18.13 40.62 15.08 17.59

MonSTeR + GPT2 42.82 21.59 45.98 12.24 26.66

4.6 Limitations
We train cross-modal encoders only on aligned modality pairs, due to the unfeasible
computational expense of training on unpaired data. Also, our scenes are static,
meaning human actions do not alter the scene layout. While only a few works explore
dynamic scene encoders, this remains a promising direction for future extensions of
MonSTeR.

4.7 Conclusion
We introduced a novel retrieval model that unifies text, motion, and scene within
a shared latent space. Inspired by topological deep learning, MonSTeR is designed
to capture higher-order interactions across all three modalities. We validated it
by performing retrieval tasks on individual and paired modalities, demonstrating
the e�ectiveness of our unified representation. Through comprehensive ablation
studies, we highlighted the contribution of each component to the model’s overall
performance. Also, we analyzed the use of MonSTeR as a tool for grounding Human-
Scene Interaction models within the scene context and evaluated its alignment with
human preferences. We further demonstrated the versatility of our model on in-Scene
Object Placement and Motion Captioning, showing its ability to generalize beyond
traditional retrieval scenarios.
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Chapter 5

Conclusions

This thesis explored three critical aspects of Human-Centric Computer Vision: the
analysis of human crowds, the synthesis of human motion, and the contextual
interplay between humans, their intentions, and their environments. We were
motivated by a foundational gap between the capabilities of current AI models and
the practical requirements of real-world applications. True human-centric computer
vision must move beyond shallow metrics and instead quantify the physical space
people occupy, ensure the plausibility of generated actions, and evaluate the coherence
of human-scene interactions.

First, to address the flaws of traditional crowd analysis, Chapter 2 moved beyond
simple headcounts to instead quantify human presence. We introduced the novel
task of Crowd Volume Estimation (CVE) as a more meaningful task for public
safety, comfort, and structural load assessment. To enable this, we developed
ANTHROPOS-V, the first large-scale photorealistic dataset for this task, with
careful alignment of its synthetic anthropometrics to real-world human data. We
then proposed STEERER-V, a novel model whose volume-specific supervision signal
demonstrated superior performance over both counting and Human Mesh Recovery
baselines, successfully providing a more meaningful, capacity-based understanding
of crowds.

Second, to tackle the challenge of implausible and uncontrolled motion generation,
Chapter 3 focuses on an alignment method that produces more plausible and
text-coherent motions. We introduced MoDiPO, a framework that successfully
leverages Direct Preference Optimization to align text-to-motion di�usion models.
By employing AI feedback to create the Pick-a-Move dataset, we avoided the
expensive and slow process of human annotation. Our experiments confirmed that
this alignment process yields significantly more realistic and desirable motions, as
evidenced by a threefold increase in human evaluators’ preferences, proving that the
creative diversity of generative models can be successfully harnessed for plausibility.

Third, to provide a necessary metric for human-scene interaction, Chapter 4
introduced a method for retrieving motion-scene-text tuples. We presented MonSTeR,
the first tri-modal model to embed motion, scene, and text into a unified latent space.
While this space proved e�ective for flexible retrieval, its most crucial application
is as a scene-aware evaluator. We validated its e�ectiveness by showing its scores
strongly correlate with human judgments of plausibility and correctly penalize
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interpenetrations and absurd interactions. At the same time, MonSTeR can also be
used for downstream tasks such as motion captioning and in-scene object placement.
This work provides the first reliable, global metric for assessing the complex coherence
between a person’s intention, their actions, and their physical surroundings.

These three contributions represent a significant step toward more physically-
grounded, preference-aligned, and context-aware solutions. Future work can build
upon these foundations. For CVE, richer datasets incorporating diverse weather
and lighting conditions could improve real-world robustness. For motion alignment,
future work could move beyond binary preferences to incorporate richer, multi-aspect
feedback, leading to generative models with even higher fidelity. For HSI, the unified
latent space of MonSTeR could be leveraged as a generative prior to guide the
creation of scene-aware motions directly, in a Retrieval Augmented Generation
fashion.

In summary, this thesis delivers foundational tools such as models, datasets,
objectives, and evaluators for building AI systems that can reason about humans
in space: from their physical volume to the plausibility of their motion and their
coherence within a scene.
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