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Abstract

The ability to accurately predict multiple human motions and behaviors is crucial for mobile
robots operating in human-populated environments. It is essential to incorporate the context of
the scene and the states of objects within the environment because human behaviors are inherently
influenced by their surroundings. Although prior research focuses primarily on predicting actions
in single-human scenarios from an egocentric view, robotic applications require understanding
multiple human behaviors from a third-person perspective. In contrast, there are fewer pre-existing
datasets that captures multi-human behavior, especially from a third person perspective. The gap in
data availability further complicates the development of accurate and efficient prediction methods for
real world applications. This thesis addresses the problem of forecasting actions of multiple humans
within a scene from a third person’s point of view. By leveraging Vision Language Models (VLMs)
and Scene graphs, this thesis proposes a framework that is capable to predict multiple-human
behavior in an indoor environment. Due to a lack of suitable dataset for multiple human behavior
prediction, this thesis also fine-tunes open source VLMs with synthetic human behavior data and
evaluates the resulting models on both synthetic sequences and real-world video recordings to assess
their generalization capabilities. Additionally, this thesis also outlines the process of generating
synthetic data generated by using a photo-realistic simulator. This thesis presents VISTA, which
stands for Vision And Scene Aware Temporal Action Anticipation, a fine tuned VLM which is
capable to predict human behavior up-to 5 seconds in a single-shot manner. This work also details a
fine-tuning pipeline for VISTA utilizing methods such as Supervised Fine-Tuning (SFT) and Direct
Preference Optimization (DPO) resulting in an 13% improvement over existing methods. In the end,
this thesis also presents several ablation studies to examine different components of the framework
and to understand the factors influencing the behavior prediction.
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1 Introduction

Human action prediction is an important research area that lies at the intersection of computer
vision, machine learning, and robotics. Being able to predict human behavior in shared space
provides the robot with valuable information to take appropriate actions. An intra-logistics robot
that has to navigate a warehouse with human workers present on its own is an example of a practical
use case in the industrial sector. Predicted motion in this instance o�ers crucial information to
allow for human-aware robot navigation that stays clear of obstacles and collisions without being
unduly cautious [48]. Anticipating future human behaviors can also be advantageous for robots in a
domestic setting. They can reduce undesired human-robot interactions that annoy people by taking
them into account when planning tasks. Similarly, in autonomous driving, predicting the intention
of a pedestrian is a key factor [5]. Human motion and behavior prediction can also be applied where
anticipating the activities of other road users is also essential. This includes pedestrians, especially
to ascertain as soon as possible if they plan to cross the street so that the autonomous car can react
with a non-disruptive and safe action [58]. Furthermore, human action prediction has signi�cant
implications in healthcare, where it can be used to monitor patient behavior, assist in rehabilitation,
and even detect early signs of neurological disorders by identifying abnormal movement patterns
[4].

Figure 1.1: Use case of Human Action Prediction.Left: Human Aware Robot Navigation [7].
Right: Predicting Pedestrian Crossing [5]

Human behavior is generally complex, which involves a wide range of motions and gestures that
di�er in terms of intent, speed, and intensity [49]. Human Action Recognition (HAR) is the task
to determine human activities from various kinds of sensor inputs. The required data is usually
obtained from either ambient sensors at �xed locations or wearable sensors contained in smart
devices, such as phones or watches [23]. Early representations of human actions relied heavily
on low-level features such as silhouette shapes, optical �ow, and motion trajectories extracted
from video frames [61]. Although these representations work well in controlled settings, they are
constrained by their incapacity to convey context and higher-level semantic information [61]. There
are techniques that include geometric and semantic representations [19]. Statistical techniques such
as Dynamic Time Wrapping (DTW) and Hidden Markov Models (HMMs) gave a better accuracy
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1 Introduction

for temporal variability [63]. Although these approaches had good results in gesture recognition
and activity analysis, their reliance on handwritten features ultimately limited their scalability and
generalization in complex, real-world scenarios [49].

The �eld of human behavior prediction is still unexplored, despite the fact that human action
recognition has been thoroughly studied. Predictive models face many challenges because of
the dynamic nature of real-world environments and the inherent variability and complexity of
human behavior [9] [49]. In addition to having trouble processing noisy or incomplete data, many
traditional methods frequently lack the ability to generalize across a variety of scenarios [64] [17].
Furthermore, accurate and computationally e�cient models are required for real-time prediction in
high-stakes applications like autonomous driving and robotics [58].

Figure 1.2: Egocentric Action Anticipation [48]

The task of action anticipation involves predicting future human actions based on observed video
sequences [34]. Recent research strongly focus on �rst-person action anticipation [80] [18] using
large-scale egocentric datasets [21]. Egocentric data is particularly relevant for applications such
as augmented reality, as it captures an agent's viewpoint while interacting with the environment,
as shown in Figure 1.2. First-person data is mainly limited to the visual �eld of a single agent.
Existing datasets such as Ego4D [21] captures human actions in various outdoor scenes from an
egocentric point of view and EPIC-Kitchens-55 [13] captures human actions in kitchen scenario.
EGTEA GAZE+ [40] focuses on what a person is doing and where they are looking based on the
analysis of video captured by a head worn camera.

As predicting the future comes with a high degree of uncertainty, it can be helpful to integrate
information from di�erent modalities. Visual data from an egocentric point of view and text
have cues, so the combination provides a more detailed view on predicting future actions. This
limitation poses challenges in scenarios where a robotic system needs to understand interactions
between multiple agents, predict actions in dynamic environments, or make real-time decisions
based on external observations [48]. In robotics applications, a shift towards action anticipation
in third-person view is necessary for practical deployment. Third-person action anticipation, in
contrast, allows for a more detailed analysis of spatial relations and contextual cues, making it more
suitable for robots operating in industrial or collaborative environments [19].
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The thesis is speci�cally focused on multiple human behavior prediction, as human movements are
not isolated but are also dependent on the surrounding environment. While the spatial arrangement
of obstacles is important for the trajectory, the behavior depends more on the type, states and
properties of objects available nearby, i.e., the environment semantics [9]. Humans tend to act in a
goal-directed manner, with their movements often driven by the intention to interact with objects
in their surroundings [80]. Such interactions are commonly represented as action-object pairs,
such as (sit, chair) or (open, dishwasher) which includes the relationship between human action
and the surrounding environment. Therefore an accurate prediction of human action requires the
incorporation of scene in which the human is located.

A scene can be represented using 3D Scene Graphs which provides richer semantic and topological
information, enabling a more detailed understanding of object a�ordances and potential interactions.
A 3D Scene graph (3DSG) is a data structure to organize and represent logical and spatial
relationships within a three-dimensional scene [3]. It is typically structured as a graph or a tree,
where each node represents an entity such as object and edges represents relationships between
these entities. A 3DSG often include semantic information by organizing scenes in hierarchical
layers such as buildings, rooms, objects, and cameras [3]. It often includes not just spatial but also
functional relationships, modelling how objects interact for e.g., a handle operates a door [79].

Recent advancements in Large Language models (LLMs) have excelled in Natural Language
processing task including text classi�cation and machine translation [69]. LLMs have a broad
understanding of the world because of their extensive and varied pretraining on textual data. [6].Vision
Language Models (VLMs) expand this capacity by adding visual modalities and can now complete
tasks that call for both textual and image-based reasoning [16]. In the context of human behavior
prediction, VLMs provides the bene�t of jointly processing human actions from video data and
representing the surrounding environment using structured scene information, like a 3D scene
graph.

The thesis addresses the potential applications for Human Behavior Prediction based on the above
introduction, outlining the limitations of current models in terms of spatial reasoning. The main
focus of the thesis will be on predicting human behavior in natural language which has proven to be
signi�cantly more promising when working with VLMs [69] [16].

This thesis makes the following key contributions:

ˆ To address the aforementioned vacancies in the research �eld, this thesis proposes a novel
VLM-based framework to enable a more e�cient multiple human behavior prediction from a
third-person view.

ˆ To further improve the prediction accuracy of the competitive open-source VLMs, both
Supervised Fine Tuning (SFT) and Direct Preference Optimization (DPO) are utilized to
�ne-tune and align the VLMs, which helps in capturing and anticipating multiple human
actions in a scene.

ˆ Due to lack of suitable datasets, this work introduces a new synthetic dataset, generated by a
photo-realistic simulator, comprising video sequences of multiple human actions in indoor
environments, designed to facilitate research on multi-human action prediction.

ˆ Evaluated with both synthetic and real-world recorded data, the �ne-tuned model achieves
13% improvement over existing baselines, indicating more accurate predictions.
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1 Introduction

The remaining chapters of the thesis are structured as follows. Chapter 2 will introduce the
necessary background on VLMs and the prompting techniques such as In-context learning (ICL)
and �ne tuning techniques such as Supervised Fine Tuning (SFT) and Preference Optimization
(DPO) Methods. The related work for human motion and behavior prediction will be discussed in
Chapter 3. Next, Chapter 4 will present the VLM-based system developed during this thesis for
human action prediction with scene context and formulate the speci�c prediction task focused on
interactions. The evaluation of the system on human behavior prediction is presented in Chapter 5,
including a detailed analysis of the di�erent system components. Finally, Chapter 6 will conclude
the �ndings of the thesis and give some insights to the future works.
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2 Background

In this chapter, Section 2.1 covers an overview of Language Models including Large Language
models and Vision Language models including its architecture and pretraining methods. Section 2.2
covers details about prompting techniques such as In-context learning. Section 2.3 covers detail
about Fine Tuning methods used in this thesis and Section 2.4 provides a description on the simulator
that is used for dataset generation.

2.1 Language Models

2.1.1 Large Language Models

In Natural Language Processing (NLP), large language models (LLMs) have become transforming
tools that fundamentally change how text is produced, understood, and applied over many domains.
Transformer architecture shown in 2.1 [69] which uses self-attention mechanisms to imitate complex,
long-range dependencies in textual data at least partially drives this revolution. Transformers
process data in parallel, unlike conventional recurrent neural networks (RNNs) and convolutional
neural networks (CNNs), so greatly lowering training times and increasing scalability [69].

Built on an encoder�decoder architecture, the transformer architecture consists of several layers
including feed-forward neural networks and self-attention [16]. Self-attention helps the model
to dynamically balance the relevance of every word in a sentence, independent of its location,
so enabling the capture of complex contextual relationships. From language translation and
summarizing to sentiment analysis and question answering, this design innovation has been essential
in attaining state-of- the-art performance on a wide spectrum of NLP tasks.

Model scale has fast increased in the �eld over the last few years [32]. LLM iterations one after
another have expanded exponentially in terms of the number of parameters; models such as GPT-3
with 175 billion parameters [6]. Larger models are able to capture more varied patterns and
dependencies in language, thus this dramatic increase in scale has been closely related to improved
performance. Scaling rules help to explain the phenomena since they show that the predictive
performance of language models increases with model size given enough computational resources
and training data [32]. Ho�mann et al. [26] contend, however, that rather than the largest possible
models, smaller models with more training data produce the best performance when considering a
given training compute budget. Aiming for models that are less expensive at inference and can be
served more readily, the openly published LLaMA models [68] change the focus from training
compute budget to inference budget. They show that small models with 7B parameters outperform
past models with far more parameters since they keep improving even after more than 1T training
tokens.
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2 Background

Figure 2.1: Transformer Architecture [69]

2.1.2 Vision Language Models (VLMs)

Vision language models (VLMs) bridges the distance between language and vision by integrating of
textual and visual modalities inside a single framework [16]. Tokenization and positional encoding
is the process by which conventional transformer architecture converts input sequences into a set of
contextualized embeddings. Like tokens in a sentence, images in visual data are �rst divided into
�xed-sized patches as seen in Figure 2.2 [16]. Usually with an additional spatial arrangement
capture by means of a positional embedding, each image patch is then �attened and projected into
a high-dimensional vector space. Popularized by the Vision Transformer (ViT), this method lets
images be handled in a way akin to text, so enabling the transformer to attend over visual elements
with the same mechanism it applies for words [16]. Combining both modalities, CLIP (Contrastive
Language�Image Pre-training) learns visual concepts from natural language supervision [54].
Encoders for both modalities are trained jointly using a large set of image-caption pairs to guarantee
that matching image and text pairs lie near in the shared embedding space [54].

VLM Architecture

Vision Language Models typically consists of three main components as shown in Figure 2.3 [71].
A Vision Encoder to extract information from input images, a Language Model backbone and a
Projection Layer ensuring the connection from visual input to the language space.

A Vision Encoderbackbone is responsible for extracting high-level visual representations from
raw image or video inputs. This backbone processes pixel-based data through convolutional layers
or transformer-based operations which encodes the spatial and semantic information into a compact
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Figure 2.2: Vision Transformer [16]

feature space. The encoded visual representations are then aligned with textual embeddings from
the language model backbone which facilitates multimodal understanding. Most VLMs rely on
language-supervised CLIP models [54], as these come with the bene�t of massive pretraining
on text-image data. This way, the visual space is already pre-aligned with language, allowing an
easier adaption of the visual tokens into the LLM token space. VLMs are not limited to one single
vision encoder, but can use multiple at the same time. However, as di�erent architectures come
with di�erent strengths, the performance can be further improved by combining multiple encoders.
While CLIP models generally uses Vision Transformer (ViT) as their backbone, di�erent kinds of
backbones are available depending on the requirements. For example, OpenCLIP ConvNeXt [45] is
majorly used in tasks that involves high resolution image processing and CoAtNet [11] which is
hybrid model combining convolutional layers with attention mechanisms to capture local features
while e�ectively modeling long range dependencies.

TheLanguage modelis the architecture which is responsible for processing and generating text. It
serves as the fundamental structure upon which additional modalities, such as vision or audio, are
integrated. The backbone typically consists of transformer-based architectures. Commonly used
backbones in VLMs include GPT [55], Meta's LLaMa family [68], Google's Gemma models or
Alibaba's Qwen [71].

The Projection Layer is responsible for guaranteeing interoperability between the visual and
language domains. This adapter module can be implemented using a variety of architectures,
including linear layers, Transformer-based modules, or cross-attention layers that are incorporated
into the LLM [8]. The conceptually simplest approach is represented by linear layers, which project
the visual features into the textual embedding space using a linear mapping. This can be executed in
either a single-layer or multi-layer perceptron (MLP). The Q-Former, which is featured in BLIP-2, is
the source of transformer-based adapters [39]. The Q-Former facilitates the exchange of information
between the two modalities by utilizing two Transformer blocks with shared self-attention layers to
bridge the vision and language space. The interaction between the image features and learnable
queries vectors enables the extraction of speci�c relevant information.
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2 Background

Figure 2.3: Llava-VL architecture [42]

Multimodal Pretraining

Large-scale video-text datasets are used in video-language pretraining to either perform self-
supervised or unsupervised learning, to obtain generalized multimodal representations [50]. The
pretraining tasks meant to improve various aspects of video-language comprehension. Important
tasks include Masked Frame Modeling (MFM), which focuses on predicting mask-based visual
frames to improve temporal representation learning, and Masked Language Modeling (MLM),
which masks and recovers textual tokens to enable language prediction [14]. While Video-Language
Matching (VLM) guarantees cross-modally alignment by discriminating related video-text pairs,
Language Reconstruction (LR) improves sentence generation by reconstructing textual sequences
from partial inputs [14]. By training the model to predict the proper order of textual descriptions
and video frames respectively, Sentence Ordering Modeling (SOM) and Frame Ordering Modeling
(FOM) also enforce temporal coherence [14]. These activities taken together help the model to
learn sequential dependencies, multimodal alignment, and video caption generation, so enhancing
its capacity for strong video-language reasoning.

This training can be either be done in one single stage or in a two-stage process [8]. Both
approaches use an auto-regressive objective, which is standard for LLMs by optimizing the cross-
entropy loss for next token prediction. A signi�cant advancement in vision-language pretraining
is Contrastive Language-Image Pre-Training (CLIP), which employs contrastive loss to acquire
multimodal representations from weakly supervised datasets. Trained on a large-scale corpus of
400 million image-text pairs [54], CLIP has demonstrated remarkable performance in zero-shot
visual recognition tasks, including image classi�cation.

VLM Benchmarks

There are various benchmarks evaluating VLMs on di�erent types of multimodal tasks. Tong et
al. [67] examine the most often used benchmarks to evaluate VLM across several multimodal tasks
in order to evaluate how accurately they test multimodal ability. They contrast VLM performance on
these tests both with and without visual input. When visual input is included, benchmarks such as
MMMU [78] and MathVista [46] show only a small variation, implying that their main emphasis
is on the language component rather than the visual aspect. They further divide the benchmarks
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into four groups: General, Knowledge, Chart & OCR, and Vision-Centric. The few benchmarks
that are really vision-oriented, such as MMVP [58] and Real World QA [33], have a rather limited
sample count.

To address these limitations, Tong et al. [67] present the Cambrian Vision-Centric Benchmark
(CVBench) to help overcome these constraints. As shown in Figure 2.4, CVBench highlights 2D
understanding by evaluating spatial relationships between objects and object counting as well as
3D understanding by ordering objects by depth or relative distance to an anchor. The objects to be
placed are textual input along with their matching bounding boxes in the image; hence, the VLM is
needed to show referring ability, as already mentioned. Given its emphasis on real-world visual
understanding in both 2D and 3D, CVbench is especially pertinent for VLM applied in embodied
arti�cial intelligence, such robotics and autonomous vehicles, which must interpret and negotiate
their physical environments.

Figure 2.4: Cambrian Vision-Centric Benchmark (CV-Bench) [48] assesses VLMs on core 2D and
3D visual understanding skills, which are crucial for embodied AI systems operating in
real-world environments. [67]

Designed to assess environmental understanding through natural language questions, OpenEQA
[47] is introduced as an open-vocabulary benchmark dataset for Embodied Question Answered
(EQA). It mostly addresses two important uses. The �rst is episodic memory, in which responses
must be derived from a �xed history of observations captured by a wearable device, say smart
glasses. A common query might be, "Q: I can't �nd my keys; where did I leave them? A: In the
island kitchen.The second use is active exploration, in which a mobile robot independently gathers
the required data to address a question by navigating its surroundings. For instance: "Q: Do we
have home canned tomatoes? A: I did discover some canned tomatoes in the pantry. Since this
benchmark is meant for foundation models including VLM integrating perception with language
reasoning and general world knowledge calls for both The questions cover many spheres, including
object localization, attribute recognition, state identi�cation, and spatial or functional reasoning.

2.2 In Context Learning

Large language models (LLMs) have a major quality in their great pre-training on enormous amounts
of internet-sourced data [14]. Strong zero-shot capabilities are made possible by the great range of
texts included in the training data. Originally proposed in computer vision, the idea of zero-shot
learning describes the capacity to identify or classify objects not included in training data [76].
In the framework of LLMs, a zero-shot environment denotes that the model gets only a textual
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description of the task within the prompt. By contrast, one-shot or few-shot learning gives the
model task-speci�c examples in its environment [6]. These examples show the intended behavior
by means of input-output pairs. Following these examples, the real input is provided, which forces
the model to create an output by following the shown pattern. Using the example of sentiment
prediction from food reviews, an example is shown in Figure 2.5.

Figure 2.5: In Context Learning: ICL requires prompt context containing few examples written
in natural language.LLMs are responsible for making predictions using this prompt
and query. [15]

The term in-context learning comes from the reality that learning happens through input-output
example pairs limited to the current context of the model. Unlike classic training examples, these
do not change the weights of the model [6]. Two main bene�ts of this method surpass those of
task-speci�c �ne-tuning. First, in-context learning can be done during inference, so saving the need
for extra training since it does not call for changing model weights [6]. Second, it greatly reduces
the required quantity of training examples. Few-shot learning can achieve comparable results with
just 10 to 100 examples, depending on the context window size of the model, even if �ne-tuning
usually calls for thousands of labeled examples [76]. Although �ne-tuning o�ers great performance
on optimized tasks, the growing scale of large language models both in size and pre-training data
has led to improved few-shot generalizing [6]. LLMs can thus be used for a widening spectrum
of tasks where in-context learning is su�ciently successful, so lessening the need for intensive
�ne-tuning.

Extending in-context learning from text-only domains to multimodal inputs makes it much more
challenging. Flamingo models [1] are �exible architecture able of processing text interleaved with
images or videos in arbitrary sequences to enable visual in-context learning. These models can
manage several visual inputs since they are trained on vast web data including images and text.
Flamingo can process several image-text pairs as few-shot learning examples during inference, not
just one image [1] . Every extra image, however, has to be converted into a lot of visual tokens,
which greatly increases inference costs. Scaling up the few-shot example count rapidly becomes
resource intensive and usually reaches the maximum context length the VLM can support. Given
these restrictions, downstream performance depends much on the relevance of particular examples.
The limitations will be discussed in the Evaluation section. Flamingo uses the Retrieval-based In-
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Context Example Selection (Rices) method [77] to maximize example choosing. Using visual
features derived by the vision encoder, the system searches a support set for most similar images for
a given query image. These retrieved examples are also arranged such that the most pertinent ones
show toward the end of the input sequence, so mitigating recency bias [81] in LLMs. This method
guarantees inclusion of the most important visual examples while maintaining a reasonable total
input token length.

2.3 Fine Tuning Methods

2.3.1 Supervised Fine Tuning

Supervised �ne-tuning (SFT) is a crucial method in machine learning that develops after pre-trained
models to adapt them for particular tasks. When pre-training on large, general datasets is conducted
and �ne-tuning improves the model's capacity for more specialized uses, this process is particularly
valuable. After a model has been pre-trained on a large, generic dataset [14], �ne-tuning means
changing its parameters to maximize its performance on a given task [51]. Usually beginning
with pre-training parameters learned, the model uses a supervised learning technique to update
all parameters during �ne-tuning, so leveraging labeled data particular to the current task at hand.
Usually, this process is generally known as Instruction Fine Tuning [73].

One common method is to �ne-tune a pre-trained model such as a CNN for image classi�cation
or a transformer-based model for NLP by means of a target task. Using a smaller task-speci�c
labeled dataset [14], �ne-tuning adapts the model for particular NLP tasks, such sentiment analysis
or question answering, from pre-training using a massive text corpus [14]. Using pre-trained
MiniGPT-v2 weights from generally broad domains, PefoMed [25] further �ne-tune the models
using multimodal medical datasets in two stages. Google Gemini models [65] perform supervised
�ne tuning on downstream task by using the Gemma Pretrained models as shown in Figure 2.9.
[66]

Parameter E�cient Fine Tuning

The computational requirements associated with the �ne-tuning of Pretrained Language Models
(PLMs) have grown to be a major di�culty as their scale keeps increasing. Models such BERT, with
110 million parameters [14] and T5, with 770 million parameters, show this trend and culminate in
large-scale architectures such Falcon-180B, which may need minimum of 5120 GB of computational
resources for Instruction �ne-tuning [2]. Parameter-e�cient �ne-tuning (PEFT) has become a
feasible substitute for these computational limits [27]. PEFT uses several deep learning methods to
drastically lower the number of trainable parameters while preserving performance on par with full
�ne-tuning. Usually involving either adding extra trainable parameters or updating only a small
subset of the pretrained parameters, this method preserves the knowledge embedded in the PLM
while customizing it to particular downstream activities. Moreover, since the size of the �ne-tuned
dataset is usually far smaller than the pretrained dataset, full �ne-tuning to update all the pretrained
parameters could cause over�tting, which is avoided by the PEFT either selectively or not-updating
the pretrained parameters.
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PEFT introducesAdapter based training method [27]. Adapters are usually small neural network
modules inserted between layers of a pre-trained transformer as shown in Figure 2.6. The original
model remains mostly unchanged, and only the adapter layers are updated. Many adapters use
low-rank transformations such as LORA (which is brie�y discussed in next subsection) to e�ciently
capture task-speci�c knowledge. This approach signi�cantly reduces the number of parameters that
need to be updated, making �ne-tuning more e�cient in terms of memory and computation. The
architecture of the adapter module is determined by the developer's design choices. The authors
conducted experiments with multiple complex architectures and identi�ed the depicted design (as
shown in the Figure 2.6) as the most suitable con�guration based on empirical evaluations [27].

Figure 2.6: Architecture of Adapter Module and its integration with transformer.Left: Adapter
Module is added twice to each transformer layer.Right: Internal Layers of a Single
Adapter Module [25]

Low Rank Adaptation Algorithm

Low-Rank Adaptation (LoRA) [28] is a parameter-e�cient �ne-tuning technique designed to adapt
large-scale pre-trained models to new tasks with minimal computational overhead. While the
original authors uses GPT-3 as the test case and focuses on language models and NLP tasks, this
technique is quite generalizable. It can be applied to various models in multiple contexts [28].
This thesis uses LoRA method to �ne tune the VLM on downstream tasks, which is covered in
subsequent chapters.
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Previous studies have demonstrated that over-parameterized large models tend to lie on a low-
dimensional intrinsic manifold [38]. LoRA builds upon this insight by saying that the change
in weights during model adaptation also exhibits a low intrinsic rank or dimensionality [28].
Speci�cally, if , =–: represents the weight matrix of a given layer, and� , =–: denote the change in
these weights during the adaptation process. The LoRA framework proposes that� , =–: is as a
low-rank matrix, hence the adaptation takes place in a much smaller-dimensional subspace than the
original weight space [28]. By constraining the complexity of the weight changes, this assumption
enables more scalable and e�ective model �ne-tuning.

LoRA creates low-rank matrices from the weight updates in transformer models. Instead of directly
�ne-tuning the full-rank weight matrix, , LoRA represents weight updates as:

� , = ��

where� 2 R3� A and� 2 RA� 3 are learnable matrices with rankA� 3. These matrices capture
task-speci�c knowledge while keeping the pre-trained model weights frozen as shown in Figure 2.7.
A random Gaussian initialization is used for A and B is initially to 0, so BA=0 at the start of training.
The update BA is additionally scaled with a factorU/r, where r is the rank of the matrix andU is
scaling factor [28]. LoRA is primarily applied to attention layers, improving e�ciency without
sacri�cing performance.

Figure 2.7: Reparameterization of LoRA. Only Matrices A&B are trained [28]

LoRA primarily helps with the decrease in training time [28]. Using the decomposition� , = � � �
helps one to adjust the justA¹= ¸ : º parameters. This number of parameters is much less than
the total number of parameters (=: ) in the full-rank weight matrix, so lowering the memory
and computational expenses related with �ne-tuning. From this comes a more e�cient adaption
mechanism. LoRA also ensures that during model deployment no more inference time is involved.
Computation of, 0 = , ¸ � � and storage of the results preserves the inference process unchanged,
so ensuring no extra latency during producing use [28]. Moreover, LoRA simpli�es task switching
since only the LoRA weights rather than the whole set of parameters have to be swapped between
tasks, so enabling faster and more economical model adaptation to di�erent tasks. Once the LoRA
weight matrices are aggregated into the whole weight matrix to cut further inference time, task
switching loses �exibility. This process makes it more di�cult for one to rapidly change jobs.
Moreover, using LoRA in a situation involving several tasks involving di�erentA andB matrix
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becomes challenging when batch inputs from several tasks in a single forward pass. Separate
low-rank updates for every job lead to this issue, so complicating the batching process and maybe
reducing computational e�ciency.

Once the LoRA weight matrices are merged into the full weight matrix to eliminate additional
inference time, the �exibility of task switching is compromised [28]. This process reduces the ease
with which one can quickly swap between tasks. Additionally, when using LoRA in a scenario
where multiple tasks with di�erent� and � matrices are involved, it becomes challenging to
batch inputs from di�erent tasks in a single forward pass. This issue arises due to the need for
separate low-rank updates for each task, complicating the batching process and potentially reducing
computational e�ciency.

2.3.2 Alignment Techniques

Reinforcement Learning from Human Feedback

Reinforcement Learning from Human Feedback (RLHF) is a method to align responses of LLMs
with human preferences and values [10]. This process is important to make sure that the responses
from LLMs aligns with human expectations, values and following critical safety requirements [52].
RLHF uses human feedback to de�ne the responses as desirable or undesirable to guide the models
behavior.

The RLHF framework involves three components[52].

Reward Model Training: Human Annotators provide feedback on LLM outputs, generally by
ranking or rating criteria. This feedback is used to train a separate reward model that predicts how
well the given output aligns with human preferences.

Policy Optimization: In the next step, the trained reward model is used in place of human.
The LLM is then �ne-tuned using reinforcement learning algorithms such as Proximal Policy
Optimization [52] as shown in �gure 2.9.

Iterative improvement: The process is iterative, as the LLM improves, new outputs can be
evaluated by humans, further re�ning reward model and the LLMs behavior.

Direct Preference Optimization

VLMs and LLMs have great wide knowledge but their unsupervised training makes it di�cult to
produce organized output according to human preferences [14]. Traditionally, these models have
been taught by methods such as RLHF as described in the above section, which alters the model's
outputs to �t human expectations [10]. Still, this process can be complicated and unpredictable.
A new approach, Direct Preference Optimization (DPO) [56] simpli�es this from the beginning.
Often referred to DPO, this preference tuning method avoids actual reinforcement learning and
RLHF [10]. DPO combines direct human feedback to raise the accuracy and e�ciency of the AI
decision-making process. DPO changes the reward model in RLHF, thus simplifying the �ne-tuning
process as shown in Figure 2.9 and ensuring stability. It eliminates the need for ongoing training
constant adjustments and repeated sampling.
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Figure 2.8: Di�erence between RLHF and DPO training methods: Left �gure shown training
process of RLHF and Right �gure shows training process of DPO [56]

LLMs/VLMs like ChatGPT are built in three stages:

Pre-training: First, a base model such as GPT-3 [50] or Llama 3 [68] is trained on internet-scale
data to predict the next word which gives the model general internet knowledge and language
skills [14].

Supervised Fine-Tuning (SFT):Uses particular examples like to �ne-tune the base model. For e.g.,
dialogues or question-answering to direct it towards a speci�c use case, so enhancing the outputs of
it appropriate for tasks.

Preference Tuning (RLHF/DPO): After SFT, models are �ne-tuned based on human preferences.
Instead of just giving the model good examples, humans compare outputs and choose which one
they prefer. Early on, this was done with RLHF, but now DPO is often used because it's simpler.
This step makes models much better at being helpful, harmless, and aligned.

Google Gemini model white paper [65] provides a nice visual representation of these stages.

Figure 2.9: Di�erent training stages of Google Gemini Model [65]

For given environment, DPO depends on a dataset of human preferences over pairs of model-
generated responses [56]. The language model's direction towards intended behaviors depends
critically on this preference data. The preference dataset� comprises of tuples¹G¹8º– H¹8ºF – H¹8º; º:
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ˆ G¹8º is the input or prompt directed toward the language model.

ˆ H¹8º
F is the preferred response selected by a human labeler for the promptG¹8º from a pair of

produced responses.

ˆ H¹8º
; is the dis-preferred response from the pair for the same promptG¹8º.

Usually, this preference data is gathered by having a base language model often a supervised
�ne-tuned model generate pairs of responses for di�erent stimuli [56]. Human labeler then evaluate
these two answers and indicate which one they would like based on particular standards (e.g.,
helpfulness, safety, quality). Without explicitly learning the reward functionA� ¹G– Hº, the DPO
training process seeks to directly maximize a language model policyc \ ¹HjGº to align with the given
preference data.

2.4 Simulator Overview

This thesis utilizes Virtual Home simulator [53], created by Puig et al. (2018), to simulate household
activities. This section provides an overview of the simulator's key features and describes the
environments used in our experiments.

Virtual Home is a 3D simulation environment built using the Unity 3D game engine. Its primary
purpose is to simulate a wide range of human actions and common household activities by driving
arti�cial agents to execute prede�ned programs. Given an indoor scene and an activity sequence
consisting of atomic actions, the simulator generates the character's pose over time and, if needed,
provides renderings from cameras within the environment. The Virtual Home simulator provides
a range of indoor environments with varying room layouts and item availability. Virtual Home
provides 6 environments in total. An example of environment is shown in Figure 2.10. All
environments consist of three rooms. During the experiments, all 6 environments are utilized to
generate simulations.

The core concept of Virtual Home revolves around representing activities as programs, which are
sequences of simple, symbolic instructions. Each instruction references an atomic action for e.g.,
sit, walk or interaction for e.g.,pick-up object, Switch on/o� and speci�es the objects involved (e.g.,
"pick-up juice"). This program-based representation o�ers a clear and non-ambiguous description
of all the steps needed to complete a task. Atomic actions in the Virtual Home simulator are
encoded in the following simulator-speci�c format.

[action] h; 9i ¹ � � 9º ...

Here,; 9 represents the semantic label of an item (e.g., "mug"), while� � 9 denotes the item's unique
identi�er, as multiple instances of the same item may exist within a program. An action may be
linked to zero, one, or multiple items.

Six agentsare total accessible in the Virtual Home environment. These agents navigate in the
surroundings and engage with di�erent objects. Every agent is shown as an entity in the surroundings
and speci�ed by a di�erentcharid. Among the charid values might bemale1, female1, male2,
female2, and so on. Virtual Home's agents interact via pre-de�ned programs, which comprise
ordered sets of instructions de�ning the actions each agent should take and the objects they should
interact with. Such programs follow this kind of structure:
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Figure 2.10:Virtual Home Environment Scene 1 the layout includes a washroom on the left, a
bedroom at the top, a kitchen in the center, and a living room at the bottom. [53]

<char{id1}> »action1¼ h; 9i ¹ ID 9º

In the simulation, a human agent will consistently refer to the same item if multiple instances share
the same identi�er within a given program. For instance, in the activity program below, the agent
will select an arbitrary mug from the available mugs, walk towards it, and subsequently grasp that
speci�c mug:

ˆ [Walk] hmugi¹ 1º

ˆ [Grab] hmugi¹ 1º
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If the second instruction be written as[Grab] hmugi¹ 2º, the agent would try to select an other mug
than the one it �rst came upon. The item recognition does not create a �xed mapping to a particular
simulation item. Rather, the simulated agent de�nes dynamically the objects to interact with. The
simulator also controls inverse kinematics and path planning to create realistic character motions.

To enable thorough scene coverage, Virtual Home uses a system of several �xed cameras placed
within every room. Based on agent visibility, the system dynamically moves between cameras
during simulation recording and modulates camera settings to maximize agent-object interaction
capture. The camera attributes including position, angle, and �eld of view help to improve the
variety of the produced video data. Specifying the intended camera mode allows to manually choose
the recording camera or activate multi-camera recording. This thesis concentrates on obtaining
third-person perspective videos. Virtual Home de�nes its spatial coordinates (x, y, z) to enable
functionality for positioning a camera at a given index inside a room. Then, by adjusting the camera
mode, one can activate the designated camera.

Figure 2.11:Agent executing generated programs from descriptions, in Virtual Home. [53]

These examples highlight the level of detail captured in the programs and the capability of Virtual
Home to animate these programs in a simulated 3D environment.
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This chapter provides a comprehensive overview of related work in the literature. Section 3.1 covers
a general action anticipation overview. Section 3.1.1 presents an analysis of existing methodologies
that utilize an egocentric perspective, focusing on approaches leveraging �rst-person visual input for
action anticipation. Section 3.1.2 examines techniques based on an third person viewpoint, detailing
methods that rely on third-person observations to predict human actions. At the end Section 3.2
describes the available datasets.

3.1 Action Anticipation

Action anticipation is the study of future human behavior characterized as actions represented by
verb-noun pairs [80] [34]. With the advances in deep learning especially in LSTMs, the �eld
has shifted towards learning temporal dependencies directly from raw data which achieves greater
accuracy [83] [36].Most works are now focused on egocentric action anticipation with the rise of
large-scale �rst-person view datasets and related di�culties like EPIC-Kitchens [12] and Ego4D
[21]. Ego4D groups tasks involving action anticipation depending on the prediction horizon. Short-
Term Object Interaction Anticipation speci�cally targets the prediction of approaching human-object
interactions. The aim of this work is to predict the following important components.

ˆ Spatial positions of the active objects the person will interact with next (e.g. bounding boxes
marking the objects)

ˆ Categories of the next active objects (e.g., �knife�, �tomato�)

ˆ Actions, describing how the active objects will be used (e.g., �take�, �cut�)

ˆ Time to contact, when the person will start the interactions by touching the objects (e.g., �in
0.5s second�)

In contrast, the long-term action anticipation (LTA) task does not stop at the next action, but aims to
predict a whole sequence of up to 20 future actions [80] [34]. Due to the longer time horizon, the
focus is not on anticipating all the details of the interactions, but rather on capturing the correct
sequential order of the actions, which are formulated as verb-noun pairs (e.g., �rst �take dough�,
next �knead dough� etc.).

Action Anticipation task can be categorized into egocentric and third person action anticipation
based on the camera perspective. Egocentric action anticipation utilizes �rst-person video input,
capturing the scene from the viewpoint of the acting individual, thereby providing direct visual
and contextual cues about the person's intent, hand movements, and interactions with objects [21].
This perspective is particularly useful for applications such as augmented reality. In contrast, third
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person's action anticipation relies on observing actions from an external viewpoint. This perspective
is bene�cial for developing assistive/mobile robots. The following sections will be a brief overview
of various existing methods covering both types of action anticipation tasks.

3.1.1 Egocentric Action Anticipation

Action Anticipation using latent goal learning

Roy et al. [60] proposes a model that uses an abstract representation of the goal, termed a latent
goal, to anticipate the next action. The concept of a latent goal has been previously applied in
areas like pedestrian intent detection [5] and trajectory prediction [61], where it represents a single
intent like reaching a destination. In complex activities like cooking, however, the original authors
describes the latent goal can represent a sequential intent as the person interacts with various
objects sequentially. The proposed action anticipation model e�ectively uses latent goal information.
It employs alatent goalrepresentation as a proxy for thereal goal of the action sequence and
uses this information to predict the next action. The model is designed to compute the latent
goal representation from the observed video and use it in conjunction with the observed visual
representation to predict the next action and its potential resulting visual representation. Their
solution involves using stacked LSTMs (Recurrent Neural Networks), which can create levels of
abstraction from input observations across di�erent timescales. A stacked LSTM, with a number
of layers related to the average number of actions per video in a dataset, is used. Each layer can
be thought of as representing an intermediate action leading to the latent goal. The prediction of
the next action depends on both the observed visual feature and the latent goal. Because multiple
actions might be plausible next steps, an LSTM is used to sample possible action candidates. They
train the model using three loss functions: Anticipation loss, observation loss & Goal Consistency
loss. The losses are applied to the chosen candidate during training to ensure the model learns to
follow the de�ned properties.

Figure 3.1: Next action anticipation depends on the underlying goal [60].
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Anticipative Video Transformer (AVT)

Girdhar et al. [18] is an end-to-end video modeling architecture speci�cally designed for anticipating
future actions from observed video. Unlike the above described methods, AVT leverages a purely
attention-based transformer architecture to process video sequences, allowing it to maintain the
sequential progression of observed actions while capturing long-range dependencies crucial for
accurate anticipation. The AVT architecture consists of a two-stage process. First, a backbone
network operates on individual frames or short clips of the input video, extracting a feature
representation for each frame. While various video backbones can be utilized, the paper proposes an
alternate backbone, AVT-b, which adopts the Vision Transformer (ViT) architecture. This backbone
processes each frame to generate a sequence of feature vectors representing the observed video.
Second, a head architecture takes these frame-level features as input and employs causal attention
modeling to predict future actions and future frame features. This describes the model predicts the
future based solely on the information from the frames observed so far. The entire AVT model is
trained jointly to predict the next action in the video sequence while simultaneously learning frame
feature encoders that are predictive of successive future frame features. This training is inspired
by self-supervised learning objectives, encouraging the model to learn representations that are
inherently predictive.

Figure 3.2: Anticipative Video Transformer [18].

AntGPT: Can Large Language Models Help Long-term Action Anticipation from
Videos?

Zhao et al. [80] is a framework for long-term action anticipation (LTA) that leverages LLMs
by representing egocentric video observations as sequences of human actions (verb-noun pairs)
obtained from an action recognition model. The architecture adopts a dual approach�bottom-up
and top-down. The bottom-up approach focuses on modeling temporal dynamics to predict the
next actions one at a time. The top-down approach, on the other hand, �rst determines the person's
overall goal and then predicts the actions necessary to achieve that goal. First they extract visual
features from the video segments using a pre-trained vision backbone model, such as CLIP [54].
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Subsequently, an action recognition model (implemented as a Transformer encoder) processes these
visual embeddings to generate discrete action labels in the form of verb-noun pairs. In bottom-up
approach, the sequence of recognized action labels is fed into an LLM, which is then tasked with
autoregressively predicting the subsequent actions as a sequence completion problem. This allows
the LLM to leverage its pre-trained knowledge of common action sequences and transitions to
forecast future behaviors. In top-down approach, �rst they provide the recognized action labels to
LLM which generates a textual-description of the inferred goal. This inferred goal can then be used
to condition the prediction of future actions, e�ectively performing goal-conditioned procedure
planning.

Figure 3.3: AntGPT architecture describing dual approach and Inferring with LLMs [80]

PALM: Prediction Actions with Language Models

Kim et al. [34] also a novel framework designed for LTA in egocentric videos. PALM leverages
the power of Vision-language models (VLMs) and LLMs to forecast future action sequences over
extended periods. Its architecture comprises three key modules as shown in Figure 3.4: an image
captioning module(VLM), an action recognition module(ARM), and an action anticipation module
based on LLMs. The method starts with an untrimmed egocentric video as input. Analyzing the
recorded video up to a given moment, the action recognition module (ARM) creates labels for
the past actions. Usually representing the sequence of actions the camera wearer performs, these
labels are verb and noun pairs. PALM uses a sliding input video window of several consecutive
action segments (empirically determined as four) to capture the temporal context, and aggregating
predictions across many overlapping windows determines the top-1 action for every segment.

For the action recognition task, PALM employs a frozen video encoder from EgoVLP, a vision-
language model pre-trained on egocentric data, followed by transformer layers and classi�cation
heads that are trained to predict the verb and noun components of the actions. Simultaneously, the
image captioning module, which utilizes a frozen vision-language model (VLM), extracts relevant
environmental details and context from the input video. Speci�cally, PALM formulates image
captioning as a question-answering problem to enhance the descriptive power of the generated
captions. By posing questions related to key concepts such as intention, interaction, and prediction
to the VLM (empirically found to yield informative descriptions), PALM generates textual narrations
(visual context) that complement the discrete action sequence. PALM employs VideoBLIP, a VLM
�ne-tuned on the Ego4D benchmark, for this image captioning module. The core of PALM lies
in its action anticipation module, which uses an LLM such as LLaMa2 [68]. By providing the
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recognized actions and the caption, they prompt the LLM to forecast future actions. PALM designs
a prompt that combines the recognized past action sequence and the generated textual narration.
To enhance the LLM's predictive capabilities, PALM utilizes In-Context Learning (ICL) [6] by
incorporating a few relevant examples from the training data into the prompt. The selection of these
examples is crucial and PALM employs a Maximal Marginal Relevance (MMR) strategy to choose
examples that are both semantically similar to the query and diverse.

Figure 3.4: PALM architecture [34]

3.1.2 Action Anticipation from Third-Person View

When will you do what ?

Farha et al. [17] introduces two primary architectures, an Recursive Neural Network(RNN)-based
and a CNN-based approach, for anticipating a considerable amount of future actions and their
durations in videos. Both approaches follow a two-step process: First, inferring the activities from
the observed part of the video, and then predicting the future activities based on these inferred past
activities. For the �rst step, a hybrid RNN-HMM (Hidden Markov Method) approach is utilized
to obtain a sequence of activity labels from the observed video frames. This inferred sequence
of activities then serves as the input for future anticipation models. The RNN-based anticipation
interprets future action prediction as a recursive sequence prediction task. The sequence of observed
activity segments is sent to the RNN, which is represented by its normalized length and class label
(as a 1-hot encoding). The RNN then predicts 3 outputs: the class label and length of the subsequent
activity segment, as well as the remaining length of the �nal observed segment. The process is then
repeated to make predictions farther into the future until the desired time horizon is reached, after
which this predicted segment is appended to the observed sequence. Instead of using a recursive
approach, CNN-based anticipation seeks to predict every future action in a single step. The inferred
activity sequence is encoded into a matrix, with rows denoting temporal segments and columns
denoting action classes. Depending on the intended prediction horizon, one may choose between
RNN and CNN. RNN performs better for shorter horizons, while CNN is more reliable for longer
predictions.
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Figure 3.5: When will you do What? [17]

Geometrically Grounding Large Language Models for Zero-shot Human Activity
Forecasting in Human-Aware Task Planning

Graule et al. [20] is a system intended for zero-shot human activity forecasting in human-aware task
planning. As shown in Figure 3.7, the system operates in three sequential modules. This module
gathers data from connected devices and observations from many sources, including video feeds,
so producing a narration of past human activity. The next reasoning module's input comes from
this narration; The foundation of GG-LLM is symbolic-geometric reasoning. It uses a pre-trained
LLM, such LLaMA2 [68], to deduce, from past activity narration, the human's next most likely
actions. One important factor is the geometrical grounding of these expected movements. GG-LLM
connects the symbolically expected actions to particular places inside a semantic map of the
surroundings. This is accomplished by asking the LLM to forecast where the human will travel
next and subsequently mapping those forecasts to the semantic labels of objects in the surroundings.
This stage is zero-shot, using the natural world knowledge of the LLM without requiring particular
�ne-tuning for activity prediction. This last module combines the spatial grounding, predictions
of future human activities of the LLM, into a task planner for an assistive robot. This enables the
robot to design its actions such that they consider the expected future behavior of the human, so
reducing negative interactions between humans and robots.

Context-Aware Human Behavior Prediction Using Multimodal Large Language
Models

Liu et al. [43] takes user instructions and historical visual observations as input and forecasts
human behavior. The task is de�ned as predicting interaction labels, such asverb-nounpairs like
touch-table, at a future time step (speci�cally 3 seconds in the future in the evaluation), based
on the current visual scene context, historical interaction labels from the past and a set of ICL
examples. An interaction label can represent human behavior as a list of multiple labels. The
system's key components include a central MLLM module, input structure (which includes history
of past interactions, visual input, captioning), prompt design using ICL, and an auto-regressive
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3.1 Action Anticipation

Figure 3.6: GGLLM-Architecture [20]

prediction step for intermediate predictions. Evaluation is performed on datasets derived from
PROX and PROX-S, which provide RGB image sequences and semantic interaction labels from a
third-person view in indoor environments.

Figure 3.7: Context-Aware Human Behavior Prediction Using Multimodal LLMs [43]
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