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Abstract

As robots and intelligent systems increasingly interact with humans,
the ability to understand users by anticipating their actions becomes
significantly more important. Current approaches to action anticipation
leverage the inference capabilities of large foundational models but are
limited in their application by the complexity and resource requirement,
as well as the difficulty of training. This work introduces a novel neuro-
symbolic approach, SymAnt, that unifies the expressiveness of neural
networks with symbolic knowledge in the form of knowledge and scene
graphs as context to effectively anticipate actions from short videos. By
leveraging symbolic context, our approach significantly reduces model
size as well as the need for extensive contextual observations. We present
a joint-graph search approach that utilizes scene and knowledge graphs
to reason over objects’ spatial relationships as well as their attributes,
affordances, and actions, allowing for action predictions with less context.
Inspired by diffusion models, we propose an iterative action denoising
approach that uses symbolic knowledge as initialization and refines the
predicted sequence of future actions to improve accuracy, coherence, and
plausibility. Through our experiments, we demonstrate the effectiveness
of our neuro-symbolic approach, outperforming current state-of-the-art
methods by up to 5% on a set of four diverse datasets, including Breakfast,
50 Salads, EPIC Kitchens, and EGTEA Gaze+ while reducing the model
size by over 98% compared to the best neural-only baseline.
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Chapter 1

Introduction

Figure 1.1: Overview of our neuro-symbolic approach (contributions in purple): We
utilize a scene graph (SG, green nodes) and knowledge graph (KG, blue nodes for
entities, purple for attributes/affordances/actions) to capture spatial and contextual
information about the scene to initialize a novel diffusion-inspired decoder capable of
predicting long-horizon actions from short video contexts.

Action anticipation refers to predicting a temporally ordered sequence of future

actions after observing only a brief snippet of past video. Action anticipation is crucial

for intelligent agents in tasks such as human–robot collaboration [10, 25], autonomous

driving [36, 50], and reconnaissance [7, 47]. Accurately forecasting the behaviour

of other agents allows systems to adjust their own behaviour proactively, providing

valuable time for planning, resource allocation, and hazard avoidance. Early work
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1. Introduction

treated the problem as sequence modelling with recurrent neural networks (RNNs) and

gated variants such as LSTMs, which captured short-term dynamics but struggled with

long-range dependencies. CNN–RNN hybrids improved spatial encoding yet retained

the sequential bottleneck. The introduction of self-attention enabled transformer-

based architectures, which model long-range context in parallel and dramatically

improved accuracy. Most recently, generative diffusion frameworks—including Future

Transformer and DiffAnt [29, 82]—frame anticipation as an iterative denoising process

that can represent multiple plausible futures. However, these approaches still require

large datasets and extensive observations. To address this challenge, we propose

the integration of symbolic knowledge as additional context for action anticipation.

Figure 1.1 provides an overview of our method, which uses a Mamba [33] video

encoder and object detector, a joint graph search approach, and an iterative action

refinement.

We introduce a method that represents this context as a scene graph (SG)—a

directed graph whose nodes are detected object instances and whose edges encode pair-

wise spatial relations such as next to, on, or holding. Scene graphs were popularised

by the Visual Genome dataset and are now a standard intermediate representation

for image retrieval, VQA, and robotic manipulation. Likewise, we employ a knowledge

graph (KG), a semantic network that stores class-level facts, attributes, and affordances

(e.g., tomato→ cuttable), giving the model access to commonsense information that

is not always visually observable. A key contribution of our work is the joint-graph

search: For example, a tomato node in the KG is connected to an affordance node

cuttable, while the SG represents a knife with the affordance can cut next to it; a

likely future action could therefore be cut tomato. Combining spatial and contextual

information is crucial for successfully making inferences. To this end, we propose

to combine scene graphs that encode spatial relationships and account for multiple

object instances with the knowledge of affordances and actions in the knowledge

graph through a dynamic graph-merging and a subsequent search approach. This

unified representation lets the model exploit both where objects are and what they

can do.

To ultimately predict actions in dynamic environments with humans where be-

haviors may quickly change, in our second contribution, we take inspiration from

diffusion models [17] that can iteratively adjust and refine the sequence of antic-
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1. Introduction

ipated actions. Given their ability to iteratively refine their predictions from an

initialization conditioned on some context, diffusion models are well suited to not

only generate images [39], videos [69], or motion control [72], but also to predict

and continuously refine a sequence of future actions. By leveraging past video ob-

servations for conditioning, diffusion models can generate plausible future action

sequences [82]. However, applying diffusion models to action anticipation introduces

unique challenges. Traditional diffusion processes operate in either fully discrete [6] or

continuous [52, 63] state spaces, with respect to their inputs and outputs. In contrast,

action anticipation requires inputs comprising learned continuous representations of

observed video sequences and symbolic context, while the outputs are discrete action

sequences. Recent works [30, 82] address this issue by embedding discrete actions in

a continuous latent space. Although effective, this approach requires two additional

networks: one to embed discrete actions into the latent space for the forward diffusion

process, and another to decode latent actions back into discrete ones. This reliance

on extra networks adds complexity, increases computational overhead, and risks error

propagation during both training and inference. Inspired by the diffusion process and

in contrast to existing approaches, our action decoder is initialized with a symbolic

context, instead of noise, iteratively refining it into a continuous action representation

conditioned on the latent video encoding.

In summary, we propose the following contributions:

• Our novel approach integrating scene and knowledge graphs as supplementary

context, achieving fast action anticipation from minimal observation while

allowing for smaller models compared to other approaches.

• We introduce a diffusion-inspired action decoder that iteratively refines action

sequences from symbolic context.

• We demonstrate state-of-the-art performance of our approach on four datasets

(Breakfast, 50 Salads, EPIC Kitchens, and EGTEA Gaze+) across short- and

long-context prediction benchmarks while significantly reducing model size.
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Chapter 2

Related Work

This section reviews related work relevant to our neuro-symbolic action anticipation

framework. We begin by discussing symbolic knowledge and its role in computer

vision, followed by an exploration of diffusion models, including their application to

action anticipation and related tasks such as trajectory prediction. Finally, we review

prior work specifically focused on action anticipation.

2.0.1 Symbolic Knowledge for Computer Vision

The integration of structured domain knowledge, particularly through knowledge

graphs [43], into vision models is significantly enhancing grounding, interpretability,

and performance [51, 56, 57, 84]. Neuro-symbolic vision pipelines [44] leverage the

structure and hierarchy of knowledge graphs to enhance a wide range of vision tasks,

including object detection [22, 48], scene graph generation [76], transfer learning [15,

58], vision-language pre-training [4], classification [71, 78], and image captioning [79,

83]. For example, [57] introduces a graph search mechanism over knowledge graphs,

and subsequent work [8] extended this to include novel concepts. NeSCA [9] builds

upon this insight to identify object affordances and apply this additional information

to action anticipation. In parallel, scene graphs have also been extensively utilized

in computer vision for tasks such as object detection, image captioning, and visual

question answering [13, 16, 38, 53, 59]. In the realm of action anticipation, scene

graphs have been employed to predict future actions by modeling object interactions

5



2. Related Work

and their temporal evolution [65]. While previous methods either leveraged knowledge

graphs or scene graphs, our approach uniquely integrates both to create a richer

contextual framework. This allows our approach to not only reason over general

object knowledge but also over the number of object instances and their spatial

relationships. To our knowledge, our approach is the first to leverage a combination

of scene and common-sense knowledge information for action anticipation.

2.0.2 Diffusion Models

Denoising diffusion models [39] have recently emerged as a powerful class of generative

models that learn complex data distributions through the iterative denoising process.

These models have achieved notable success across diverse domains, including im-

age generation [20, 66, 74], natural language generation [31, 52, 75], text-to-image

synthesis [34], and audio generation [49], object detection [14], video forecasting,

infilling [40], and action segmentation [55]. Additionally, diffusion models have also

been investigated for discrete state-spaces [6, 67]. Some recent action anticipation

works [30, 82] have used diffusion models to generate latent embeddings of discrete

actions. However, unlike these works, we initialize the denoising process with a

symbolic context, improving accuracy while reducing parameters and the need for

extensive observations.

2.0.3 Action Anticipation

Action anticipation addresses the problem of predicting future actions based on

previously observed behavior, generally utilizing video clips of humans or agents

performing various tasks. Early work focused on action anticipation from third-person

video perspectives [2, 26, 29, 45]. However, recently, with the development of multiple

challenge benchmarks [18, 19, 32], action anticipation has increasingly been considered

from the perspective of first-person (egocentric) vision. Early methods for long-term

action anticipation used RNNs [2, 24] and TCNs [3] to model action progressions over

time. More recently, Transformer-based models [27, 29, 61, 81] have demonstrated

superior performance in learning long-range temporal relationships, making them the

preferred choice for long-term action anticipation. NeSCA [9] focuses on short-context

anticipation where the observed time horizon is relatively smaller, and additional

6



2. Related Work

context can be very beneficial. Our approach achieves state-of-the-art performance

across both third-person and egocentric video datasets, excelling in both short-context

anticipation and general long-term action anticipation, demonstrating its versatility

and effectiveness.
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Chapter 3

Methodology

Figure 3.1: The overall architecture of our novel approach for long-term action
anticipation: Utilizing a short video of prior observations, we extract a relevant scene
graph and utilize a knowledge graph as additional context to predict a sequence
of future actions. We propose a joint graph search to capture additional context,
utilizing it as a prior for a diffusion-inspired iterative action refinement.

In this section, we introduce our method, SymAnt, a novel approach for action

anticipation that utilizes symbolic domain knowledge as additional context to improve

prediction through a diffusion-inspired action decoder. We first explain the problem of

action anticipation and our overall pipeline before highlighting the components of our

method as shown in overview fig. 3.1, specifically our symbolic context aggregation

framework, followed by the video encoder and action decoder architectures.

3.0.1 Problem Statement

Given a set of features from an observed video (Vo), F ∈ RL×G with G dimensions for

L frames, the objective of the anticipation task is to predict the subsequent future

9



3. Methodology

actions Z after the end of the shown video. These actions consist of action classes

A ∈ RZ×C and their corresponding durations d ∈ RZ×1, where C represents the total

number of action classes. On a high level, as shown in fig. 3.1, SymAnt utilizes a

Mamba-based encoder (E = fenc(F)) to encode the video observations and a novel

denoising action decoder fdec(. . . ), initialized with learned prior fSN(. . . ) from the

temporal scene graph and symbolic knowledge.

3.0.2 Symbolic Context Aggregation

The key to our approach is utilizing symbolic knowledge to derive additional context

information from the objects that can be seen in a short-context video observation.

We achieve this by creating a joint-graph from a scene graph created using the video

observations Vo and a fixed, external, knowledge graph K = {Kn,KA} providing
additional information for the detected entities, whereKn,KA are nodes and adjacency

matrix of K, respectively. Given an observed video sequence and a knowledge graph,

which contains various concepts such as objects, their attributes, affordances, and

actions, we utilize a context aggregation module that effectively integrates this

information. Our context aggregation module operates in three key steps to achieve

this integration, which are explained as follows:

1. Temporal Scene Graph Generation: Scene graphs excel at capturing

spatial relationships between entities in the scene; however, for the purpose of action

anticipation, we modify them to capture temporal changes as well. We start by

utilizing GroundedSAM [64] on each of the observed frames V l
o to detect initial

concepts cl in the scene, where l is the frame number. This forms the basis of

our frame-level scene graphs Sl. Spatial relationship between two scene entities is

predicted with a neural network fedge(), classifying whether or not two nodes have

a spatial relationship, and if so, estimates the relationship type with a respective

weight, indicating its importance. The set of spatial relations are: ‘on’, ‘next to’,

‘behind ’, ‘in front of ’, ‘above’, ‘across’, ‘below ’, ‘inside’, ‘under ’, ‘left ’, ‘right ’, ‘in’.

Concepts in the SG are represented by a representation fV iT (box) [21] derived as a

latent representation of the entity represented in SAM’s bounding box. To aggregate

scene graphs Sl across multiple time frames and construct a temporal scene graph

S, we adopt a dynamic update mechanism. For each new frame l, any object not

10



3. Methodology

Algorithm 1 Graph Merging Process

Input: Scene Graph S = {Sn,SA}; Knowledge Graph K = {Kn,KA}
Initialize: Merged Graph M{Mn,MA} = (S,K); Active Nodes Mactive = {}
for each Si

n ∈ Sn do
Connect Si

n and Kj
n in M, where Kj

n is the node corresponding to Si
n in K

Mactive ← Mactive + {Si
n,K

j
n}

end for

already present in the temporal scene graph is added, along with its relationships to

the existing nodes. When a relationship between two pre-existing nodes is updated,

the new relationship is added to the graph while retaining the previous one. To

prevent the accumulation of stale information, the importance of older relationships

is decayed over time. This decay mechanism naturally diminishes the significance of

outdated relationships as new observations are incorporated.

2. Graph Merging Module: The goal of this module is to combine scene-

specific information from the temporal scene graph S with domain knowledge from the

provided knowledge graph K based on the common entities present in the environment.

This merging process creates a comprehensive joint-graph M that integrates spatial

and domain-specific information, as explained in algorithm 1.

Given a temporal SG S = {Sn,SA}, where Sn and SA are nodes and adjacency

matrix of S respectively, we form connections between the graphs by linking the

mutual nodes between the scene and knowledge graph to create the joint-graph

M = {Mn,MA}, which includes the entire scene and knowledge graph. In scenarios

where the scene graph contains multiple instances of the same node, all such instances

are connected to the corresponding single node in the knowledge graph. The nodes

that link the scene and knowledge graph are referred to as active nodes Mactive. These

nodes serve as the starting points for our joint-graph search (see the next section for

details about graph search).

3. Joint-Graph Search: The goal of joint-graph search is to iteratively expand

nodes around the currently active nodes, using both scene data and knowledge

graph information related to these active nodes, providing comprehensive contextual

information about the scene. The expansion continues until all relevant domain

information is obtained, i.e., when no additional nodes contribute meaningful context

to the current observation. We conduct the joint-graph search using a three-stage

11



3. Methodology

Algorithm 2 Joint-Graph Search Network

Input: Observed Video Features: F ; Active Nodes : Mactive

while True do
Step 1: Get all inactive neighbors of Mactive

Mnei ← get neighbors(Mactive, M )
Step 2: Propagate active nodes and neighbors
Mnei, Mactive ← fprop(Mnei, Mactive, M)
Step 3: Identify Important Neighbors
for each Mi

nei ∈Mnei do
Ii ← fimp(M

i
nei, F)

if Ii > γ then
Mactive ← Mactive + Mi

nei

end if
end for
Step 5: Dynamic Propagation for Expansion
Imax ← max(I)
if Imax < η then
Break the loop: Expansion threshold did not meet

end if
end while
Step 6: Get the context from fully expanded graph
zT = fcont(Mactive,F)

approach inspired by [5, 8, 57] (also see algorithm 2). The individual stages include

1) a propagation network, which calculates the node representations of the neighbors

of currently active nodes Mactive in the graph, 2) an importance network, which

decides which nodes should be expanded and iteratively prunes the graph during the

search, and 3) a context network which generates a context embedding from the fully

expanded graph. Inspired by prior work [5], we utilize a dynamically determined

number of iterations of the propagation and importance network until no additional

relevant knowledge is added in a single iteration. The functions of each individual

network are as follows:

• Propagation Network: The propagation network, fprop(. . . ) updates the

states of active nodes Mactive, as well as the states of neighboring nodes that

are connected to these active nodes given the context of the video F.

• Importance Network: The Importance Network, fimp(. . . ) operates in al-
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3. Methodology

ternation with the Propagation Network, deciding whether adjacent nodes

to currently active ones should be activated, thereby preventing exponential

growth of the contextual graph.

• Context Network: The context network, fcont(. . . ) generates a final embed-

ding zT using the active nodes in the fully expanded graph, which is subsequently

used as context for the decoder initialization.

3.0.3 Video Encoder

In addition to the symbolic knowledge derived from the observed video, we extract

features directly from the video frames using I3D [33], which employs 3D convolutions

to learn rich motion and appearance representations. These input features F are

further transformed using the Mamba [33] model as it improves training and infer-

ence speed without compromising accuracy compared to transformer-based encoders

utilized in FUTR [29] and DiffAnt [82] (see ablations for details). We combine the

image features with a sinusoidal positional encoding P ∈ RL×D, enable the Mamba

encoder to generate refined representations E ∈ RL×D. These representations are

then processed through a linear classifier to map them to the discrete actions, en-

abling recognition of observed actions in videos, denoted as Ãobs. Training these

representations for action recognition ensures that they capture meaningful temporal

and spatial structures. This representation is used as conditioning for the iterative

action denoising process, as explained in the next section.

3.0.4 Iterative Symbolic Action Diffusion

We combine and utilize the complementary strengths of high-level abstract information

encoded in the fully expanded joint-graph and the fine-grained visual details present

in the video stream in our denoising decoder. Inspired by the reverse process of

diffusion models, our approach is built on the hypothesis that the context embedding

zT derived from the fully expanded graph inherently contains a noisy representation of

future events. Consequently, the decoder, utilizing a transformer backbone, iteratively

refines this noisy representation through multiple denoising steps—from step T to

step 0 as detailed in algorithm 3. This iterative refinement gradually transforms the

13
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Algorithm 3 Iterative Symbolic Action Decoding

Input: Symbolic Context: zT , Encoded Observations: E, Action Queries: Q
Initialize: LAR ← 0 ; zT ← zT +Q
for t = T to 1 do
Step 1: Temporal Encoding
z̃t ← zt +TE(t)
Step 2: Refinement Step
zt−1 = refinement step(z̃t, E)
Step 3: Projection
˜At−1, ˜dt−1 ← projection net(zt−1)

Step 4: Calculate Intermediate anticipation Loss
LAR ← LAR + λLant( ˜At−1, ˜dt−1)

end for
Step 5: Calculate Final Anticipation Loss
LAR ← LAR + Lant(Ã, d̃)

noisy representation into coherent predictions of upcoming actions. Importantly, each

refinement is conditioned on the video features, ensuring that the predictions are

semantically meaningful and closely aligned with the observed visual content.

To facilitate focused reasoning for each action while maintaining their interde-

pendencies, we employ a query-based approach [11, 29]. The action queries, denoted

as Q ∈ RN×D, consist of N learnable tokens temporally aligned with future action

sequences, with each query corresponding to a specific action [29]. Importantly, these

queries are not fixed representations; rather, they are learned dynamically, allowing

the model to refine their embeddings throughout training. These action queries are

combined with the context embedding zT from the joint graph-search to form the

input for the action decoder at the initial denoising step T .

To ensure effective learning of the denoising process, we apply supervision at

each refinement step. At each refinement step t, the model transforms the action

embeddings zt into intermediate action outputs Ãt ∈ RN×(C) and timestamp outputs

d̃t ∈ RN×1 using an output projection module. This module comprises two fully

connected multi-layer perceptrons, each followed by a softmax activation that gen-

erates probabilities for action classes and durations, respectively. By aligning these

intermediate outputs with the ground truth, the model progressively refines its pre-

dictions rather than depending solely on the final output. This iterative supervision
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is enforced through an anticipation loss as explained in the section 3.0.5. After T

refinement steps, the final prediction z0 is processed by the same output projection

module to generate the final action labels Ã and durations d̃, which serve as the

model’s outputs.

3.0.5 Training Losses

This section details the loss functions used in end-to-end training SymAnt. We begin

with the action recognition loss for observed actions, followed by the importance

loss for joint-graph search. Finally, we describe the iterative refinement loss and

initialization loss for the decoder.

Recognition Loss

We apply an action recognition loss to align the predicted and ground truth action

sequences for the observed portion of the video. This serves a dual purpose: first, it

ensures that the model learns to recognize past actions accurately; second, it enhances

the quality of past video embeddings, making them more informative for future action

anticipation. The recognition loss Lrec is formulated as a cross-entropy loss between

the predicted action logits Aobs and ground truth action Ãobs as:

Lrec = −
L∑
i=1

C∑
j=1

Aobs
i,j log Ãobs

i,j (3.1)

where L is the observed video frames and C is the number of actions.

Importance Loss

The importance loss ensures that the joint-graph search network correctly identifies

and activates the relevant actions and affordances. To achieve this, we compute L2

loss between the predicted importance scores Ĩ and the ground truth importance

scores I:

Limp =
W∑
w=1

(Iw − Ĩw)
2

(3.2)
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where W represents the set of active nodes along with their directly connected

inactive neighbors. The ground truth importance scores are derived from the future

action labels. Specifically, nodes corresponding to actions, affordances, and entities

associated with the ground-truth future actions are assigned an importance score of

1, while all other nodes are assigned a score of 0. This loss guides the model to focus

on the most relevant parts of the joint-graph.

Action Refinement Loss

The action refinement loss LAR ensures both the proper functioning of the decoder’s

iterative refinement steps and the accuracy of the final predicted actions. It encourages

the decoder to progressively refine its predictions while ensuring that the final output

actions remain reliable. This loss is computed as a weighted sum of the anticipation

loss (defined later) at the intermediate refinement steps and at the final output. The

action refinement loss is given by:

LAR = λ
1∑

t=T−1

Lant(Ãt, d̃t) + Lant(Ã, d̃) (3.3)

where T is the number of steps in the denoising process, and λ is the weight for

the intermediate losses, taken as 1/T .

The anticipation loss is a combination of action loss and duration loss. The action

loss Lant
action is defined as the cross-entropy between ground-truth actions A, which

are provided by the dataset and predicted actions Ã, while the duration regression

loss Lant
duration is defined using the L2 loss between target durations d and predicted

durations d̃.

Lant
action = −

N∑
i=1

C∑
j=1

Ai,j log(Ãi,j) (3.4)

Lant
duration =

N∑
i=1

(di − d̃i)
2 (3.5)
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Initialization Loss:

The initialization loss ensures that the symbolic initialization is correctly interpreted

by the neural decoder and that this information is preserved throughout the iterative

denoising process. Specifically, it enforces that action nodes that are active in the fully

expanded joint-graph remain present in the final predictions. The initialization loss is

formulated as cross-entropy between active action nodes in the expanded joint-graph

and the predicted action logits Ã:

Linit = −
N∑
i=1

C∑
j=1

1j∈CK
log(Ãi,j) (3.6)

where 1j∈CK
is an indicator function that is 1 if j ∈ CK and CK is a subset

actions that are active in the joint-graph after expansion.

Total Loss

The total training loss Ltotal for SymAnt is a weighted summation of all individual

loss components described above. These include the recognition loss, importance loss,

action refinement loss (which itself includes anticipation and duration losses), and

the initialization loss. Formally, it is defined as:

Ltotal = Lrec + γLimp + LAR + δLinit (3.7)

where γ, and δ are scalar weights that control the contribution of importance

and initialization loss terms during training which are typically taken 0.1 and 0.01

respectively.

17



3. Methodology

18



Chapter 4

Experiments

In this section, we evaluate our approach on four widely used action anticipation

datasets: 50 Salads [70], Breakfast [46], EpicKitchens [19], and EGTEA Gaze+ [54],

and compare the results with neuro-symbolic and neural-only baselines, including large

language model baselines. Additionally, we present qualitative results on a custom

real-world kitchen setup and conduct ablation studies to analyze the contributions of

different components of our neuro-symbolic approach, demonstrating its efficiency

and performance for action anticipation from short contexts over long prediction

horizons.

4.0.1 Datasets

Breakfast [46] and 50 Salads [70] are fixed camera datasets. The Breakfast [46]

dataset consists of 1,712 videos featuring 52 different individuals making breakfast

in 18 different kitchens, totaling 77 hours of footage. Each video is categorized

into one of 10 activities related to breakfast preparation and annotated with 48

fine-grained actions. The 50 Salads [70] dataset includes 50 top-view videos of 25

people preparing a salad, containing over 4 hours of RGB-D video data annotated

with 17 fine-grained action labels and 3 high-level activities. EpicKitchens [19]

and EGTEA Gaze+ [54] are egocentric datasets. EpicKitchens comprises 39,596

segments labeled with 125 verbs, 352 nouns, and 2,513 verb-noun combinations

(actions), totaling 55 hours of video. EGTEA Gaze+ contains 28 hours of videos with
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10.3K action annotations, including 19 verbs, 51 nouns, and 106 unique actions. We

also utilize a real-world mini-kitchen setup from [9] for fine-tuning our model,

which contains 20 videos recorded in a controlled kitchen environment.

4.0.2 Training and Architecture Details

We configure the hidden dimension D to 128 for the Breakfast dataset and 512 for all

other datasets. The number of action queries N is set to 8 for Breakfast and 20 for 50

Salads. For EpicKitchens and EGTEA Gaze+, even though the task involves multi-

label action classification [60], we still predict sequential actions, setting N = 50. To

ensure a fair comparison with state-of-the-art long-term action anticipation methods,

we use pre-extracted I3D features [12] as input visual features F for all datasets,

provided by [23] and [60]. We sample the I3D features with a stride of 3 for the

Breakfast and 50 Salads datasets, and with a stride of 1 for EpicKitchens and EGTEA

Gaze+. During training, the observation rate α is set to {0.05, 0.1, 0.2, 0.3, 0.4,
0.5} for Breakfast and 50 Salads, and additionally to {0.6, 0.7, 0.8} for EpicKitchens

and EGTEA. We used the Adam optimizer and trained for 70 epochs for 50 Salads

and 50 epochs for the other datasets. The total number of denoising steps is set

to T = 10, and these configurations were optimized via hyperparameter tuning.

The average training time across all four datasets is approximately 5 hours on an

Nvidia RTX 6000 GPU, with an inference time of around 16.5 ms per video (using a

pre-computed scene graph). Despite incorporating a graph-based symbolic network

alongside traditional neural networks, training and inference times remain largely

unchanged, as we generate only a single joint graph for each input video. During

training, GPU utilization is approximately 18 GB.

4.0.3 Evaluation Metrics

Mean Accuracy over Classes (MoC): We evaluate performance on the Breakfast

and 50 Salads datasets using the mean accuracy over classes (MoC). For a given

anticipation duration, MoC is computed as the average accuracy per class over all

future timestamps. Building on prior work [2, 29, 82], we first observe an initial

portion of the video, denoted by α (typically 0.2 or 0.3). To evaluate short-context

action anticipation, we also include α = 0.05 and 0.1, following [9]. Anticipation
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Table 4.1: Comparison of long-term anticipation performance with short observation
horizons (α = 0.05, 0.1) on the Breakfast dataset. The table shows results for different
values of β.

Breakfast β (α = 0.05) Breakfast β (α = 0.1)

Method 0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

KG[8] 5.44 4.95 4.22 3.98 6.02 5.15 4.86 4.51
CNN[2] 5.76 5.52 5.45 4.80 7.84 6.62 6.02 5.17
RNN[2] 6.16 5.60 5.53 4.96 7.67 6.73 6.15 5.22
Deepseek-r1[35] 5.34 8.25 5.00 6.23 7.41 10.20 7.06 8.09
FUTR[29] 9.54 7.24 6.42 5.58 14.70 12.55 12.10 11.71
ChatGPT o1[62] 7.61 6.67 7.89 5.15 - - - -
NeSCA[9] 9.91 7.95 6.86 5.88 15.53 13.52 13.07 11.94
Ours 12.19 9.80 8.91 8.15 17.11 14.32 14.06 12.92

begins immediately after the observed frames, but the predicted segment length is

determined by β ∈ {0.1, 0.2, 0.3, 0.5}, which is defined as a fraction of the entire

video—not just the unobserved portion. We evaluate performance across 4 splits for

the Breakfast dataset and 5 splits for the 50 Salads dataset.

Mean Average Precision (mAP): For the EpicKitchens and EGTEA Gaze+

datasets, we evaluate performance using mean average precision (mAP) following [60],

which is a multi-label classification metric that quantifies the accuracy of predicting

specific action classes. In our approach, an initial portion of each untrimmed video, α is

used as input to forecast all subsequent action classes, which occur over the remaining

(1 − α) duration of the video. Consistent with [60], we set α = {0.25, 0.50, 0.75}
during evaluation and report mAP scores separately for low-shot (rare) and many-shot

(frequent) scenarios.

4.0.4 Comparison to the State-of-the-art

We present our experimental results for long-term action anticipation on the 50 Salads

and Breakfast datasets in tables 4.1 to 4.4. In tables 4.1 and 4.2, we evaluate the

model’s anticipation performance using short observation contexts (α = 0.05, 0.1).

We compare SymAnt with neuro-symbolic methods (e.g., NeSCA [9]), neural-only

approaches [2, 29, 82], a purely symbolic KG-Baseline [9] and state-of-the-art large

language models (LLMs), including OpenAI’s ChatGPT o1 [62] and Deepseek-r1 [35].
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Table 4.2: Comparison of long-term anticipation performance with short observation
horizons (α = 0.05, 0.1) on the 50 Salads dataset. The table shows results for different
values of β.

50 Salads β (α = 0.05) 50 Salads β (α = 0.1)

Method 0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

KG[8] 6.92 6.21 6.01 5.58 7.13 6.48 6.07 5.78
CNN[2] 7.42 6.97 6.67 6.40 8.50 7.80 7.45 6.92
RNN[2] 7.98 6.90 6.48 6.42 8.78 7.92 7.57 7.26
Deepseek-r1[35] 6.67 5.36 4.04 2.80 10.20 6.92 4.95 3.30
FUTR[29] 8.90 7.46 7.29 8.63 15.17 11.34 11.31 11.36
ChatGPT o1[62] 15.64 13.12 13.38 11.18 15.18 15.07 13.47 12.29
NeSCA[9] 17.86 16.25 10.84 9.38 23.15 17.28 16.62 13.96
Ours 21.98 19.41 17.75 14.33 27.92 23.82 20.01 18.83

Table 4.3: Long-term anticipation results on the Breakfast dataset for observation
horizons α = 0.2, 0.3. SymAnt consistently outperforms both non-symbolic and
symbolic baselines.

Breakfast β (α = 0.2) Breakfast β (α = 0.3)

Method 0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

Deepseek-r1[35] 15.77 11.94 10.61 6.60 16.40 13.13 9.87 6.08
CNN[2] 17.90 16.35 15.37 14.54 22.44 20.12 19.69 18.76
RNN[2] 18.11 17.20 15.94 15.81 21.64 20.02 19.73 19.21
UAAA[1] 16.71 15.40 14.47 14.20 20.73 18.27 18.42 16.86
TempAgg[68] 24.20 21.10 20.00 18.10 30.40 26.40 23.80 21.20
Timecond.[45] 18.41 17.21 16.42 15.84 22.75 20.44 19.64 19.75
Cycle Cons[3] 25.88 23.42 22.42 21.54 29.66 27.33 25.58 25.20
A-ACT[37] 26.70 24.30 23.20 21.70 30.80 28.30 26.10 25.80
FUTR[29] 27.70 24.55 22.83 22.04 32.27 29.88 27.49 25.87
ActFusion[30] 28.25 25.52 24.66 23.25 35.79 31.76 29.64 28.78
Diffant[82] 25.33 24.59 24.39 22.74 32.13 31.83 31.18 30.77
Ours 28.22 27.55 27.02 25.67 34.22 32.06 31.19 30.11
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Table 4.4: Long-term anticipation results on the 50 Salads dataset for observation
horizons α = 0.2, 0.3. SymAnt achieves strong performance improvements across all
prediction lengths.

50 Salads β (α = 0.2) 50 Salads β (α = 0.3)

Method 0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

Deepseek-r1[35] 7.83 5.87 3.76 2.30 6.00 4.99 3.56 2.39
CNN[2] 21.24 19.03 15.98 9.87 29.14 20.14 17.46 10.86
RNN[2] 30.06 25.43 18.74 13.49 30.77 17.19 14.79 9.77
ChatGPT o1[62] 21.60 21.75 17.86 12.93 28.38 25.08 20.44 15.99
UAAA[1] 24.86 22.37 19.88 12.82 29.10 20.50 15.28 12.31
TempAgg[68] 25.50 19.90 18.20 15.10 30.60 22.50 19.10 11.20
Timecond.[45] 32.51 27.61 21.26 15.99 35.12 27.05 22.05 15.59
Cycle Cons[3] 34.76 28.41 21.82 15.25 34.39 23.70 18.95 15.89
A-ACT[37] 35.40 29.60 22.50 16.10 35.70 25.30 20.10 16.30
FUTR[29] 39.55 27.54 23.31 17.77 35.15 24.86 24.22 15.26
Obj.Prompt[77] 37.40 28.90 24.20 18.10 28.00 24.00 24.30 19.30
ActFusion[30] 39.55 28.60 23.61 19.90 42.80 27.11 23.48 22.07
Diffant[82] 36.13 34.00 30.46 25.29 34.09 30.14 26.34 20.23
Ours 40.78 35.08 31.19 28.19 35.23 30.94 29.34 25.50

Specifically, for ChatGPT-o1—which can ingest any number of images before making

predictions—we sampled images from observed videos (based on the observation ratio

α) and prompted the model to predict subsequent future actions along with their

relative durations. We then compared the predicted actions with the ground truth

using a prediction ratio β, similar to our model’s evaluation. For Deepseek-r1, since

its API does not accept images, we prompted it with the ground truth observed

actions while keeping the remaining prompt and evaluation the same. Due to budget

constraints, we evaluated ChatGPT-o1 only using the 0.05 observation split of the

Breakfast; this split was chosen because it yields results closest to those on the 50

Salads dataset when compared to our model. SymAnt outperforms all baselines,

surpassing the closest one by 2–3% and LLM baselines by at least 5% MoC accuracy.

In tables 4.3 and 4.4, we report anticipation performance with increased observation

context (α = 0.2, 0.3), which is commonly used in prior work [29, 30, 82]. Our

comparison includes methods that utilize action labels from observed video [1, 2, 45]

as well as approaches that rely solely on latent features such as I3D [3, 29, 37, 68, 77].

We also compare against the LLM baselines [35, 62] as well as recent diffusion-based

action anticipation methods [30, 82], which are most similar to our approach but
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Method EPIC Kitchens EGTEA GAZE+

All Freq. Rare All Freq. Rare

I3d[12] 37.7 53.5 23.0 72.1 79.3 53.3
ActionVLAD[28] 29.2 53.5 18.6 73.3 79.0 58.6
TimeCeption[41] 35.6 55.9 26.1 74.1 79.7 59.7
VideoGraph[42] 22.5 49.4 14.0 67.7 77.1 47.2
EGO-TOPO[60] 38.0 56.9 29.2 73.5 80.7 54.7
ANTICIPATR[61] 39.1 58.1 29.1 76.8 83.3 55.1
Diffant[82] 38.1 55.0 31.0 77.3 83.5 61.4
Ours 42.47 59.32 32.27 78.66 84.96 65.51

Table 4.5: Performance comparison of our method on the EPIC Kitchens and EGTEA
GAZE+ datasets. We use the mAP metric to evaluate performance across all dataset
splits, including rare and frequent action types.

do not incorporate symbolic knowledge. Note that we exclude ANTICIPATR [61]

from these experiments due to its different evaluation protocol [80]. The results

indicate that SymAnt outperforms LLM baselines [35, 62] by an average of 15%,

non-symbolic and non-diffusion-based baselines [29, 37] by an average of 4–5% and

achieves a 2–3% MoC accuracy improvement over recent diffusion-based non-symbolic

baselines [30, 82]. These results, particularly the higher margin of improvement for

longer prediction horizons, show the effectiveness of our joint-graph approach in

encoding long-term contextual information and ultimately validate the efficacy of our

method.

We further evaluate our approach on the EpicKitchens and EGTEA Gaze+

datasets, as summarized in table 4.5. We compare our method against conventional

methods [12, 28, 41, 42, 60], transformer-based techniques such as ANTICIPATR [61],

and recent diffusion-based approach Diffant [82]. Consistent with prior work [60, 82],

we report results for all, rare, and frequent splits. Our method surpasses all baselines,

achieving an average improvement of 3 mAP score on EPIC Kitchens and 2 mAP

score on EGTEA GAZE+. This demonstrates its superior ability to capture and

anticipate even the rarest action categories.
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Figure 4.1: Qualitative evaluation of scene and knowledge graph integration in real-
world kitchen scenario. Observed video and actions on the left, with predicted actions
on the right, demonstrating the expanded graphs (SG in green, KG in blue). Only
the relevant portions of the joint graph are shown.

4.0.5 Qualitative Analysis on Real-world Videos

We conducted a qualitative analysis to demonstrate the effectiveness of incorporating

symbolic context from scene and knowledge graphs, particularly in handling challeng-

ing real-world corner cases. We captured real-world overhead videos in our dummy

kitchen setup, focusing on scenarios where small but crucial details, such as the

presence or absence of a knife, were altered. To adapt our model to this real-world

mini-kitchen setup, we first fine-tuned it on the general salad-making activities dataset

from [9], recorded in a similar kitchen environment. We then evaluated our model on

these challenging cases by observing 10% of each video and successfully predicting

the subsequent 50% of the content. Figure 4.1 illustrates two such cases, along with

their corresponding expanded joint-graphs (showing only the relevant parts) and the

predicted actions. In the first example, a tomato is already cut and placed in a bowl

when the observation is made. The scene graph explicitly captures the “in” relation

between the tomato and the bowl, allowing our model to recognize that no further

tomato-related actions are necessary – a crucial detail that non-symbolic, neural

models, which rely solely on visual features, might overlook. In the second example,

the scene graph correctly identifies the absence of a knife, and the knowledge graph

further reasons about it, ensuring that no cutting action is predicted. Unlike neural

models that might overlook such minor details, our method explicitly reasons about
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Breakfast 50 Salads

β(α = 0.2) β(α = 0.3) β(α = 0.2) β(α = 0.3)

Enc. Dec. KG 0.1 0.5 0.1 0.5 0.1 0.5 0.1 0.5

T T - 27.03 20.82 32.77 24.89 36.77 20.12 31.43 18.61
M T - 26.70 20.25 31.50 23.76 36.20 21.60 32.81 17.84
M R - 27.20 23.60 32.25 28.58 37.20 27.70 34.76 20.13
- R I 17.81 11.86 22.55 18.31 25.20 12.41 23.65 16.54
M D C 27.50 24.08 32.58 29.92 38.70 27.44 34.82 23.67
M R C 27.10 25.41 33.70 29.42 39.58 27.61 34.57 23.93
M R I 28.22 25.67 34.22 30.11 40.78 28.19 35.23 25.50

Table 4.6: Comparison of anticipation accuracy across different model configurations
for Breakfast and 50 Salads dataset/. Enc. (Encoder): M (Mamba), T (Transformer),
– (None). Dec. (Decoder): R (Iterative Refinement), T (Transformer), D (Diffusion
model with explicit forward process [30, 82]). KG (Knowledge Graph Integration): I
(Initialization), C (Conditioning), – (None).

individual concepts in the scene separately. Overall, these examples demonstrate how

our explicit symbolic reasoning significantly enhances the model’s ability to capture

and act upon subtle yet crucial scene details, improving its overall robustness in

real-world scenarios.

4.0.6 Ablation Studies

In the following section, we ablate various components of our method to assess

their impact. Specifically, we evaluate the effectiveness of the Mamba encoder, the

contributions of symbolic domain knowledge, and the role of our iterative refinement

architecture for the decoder. Additionally, we present a quantitative analysis of

symbolic initialization on neural predictions, examine the effect of different loss terms

on anticipation accuracy, and analyze the effect of refinement steps.

Encoder, Decoder and Knowledge Integration

We conduct an ablation study to compare different choices for the encoder, decoder,

and symbolic knowledge integration, and assess their impact on action anticipation

performance. Table 4.6 presents results on the Breakfast and 50 Salads datasets,

omitting results for (β = 0.2, 0.3) as they follow a uniform trend across different
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EPIC Kitchens EGTEA Gaze+

Enc. Dec. KG All Frequent Rare All Frequent Rare

T T - 37.9 55.3 29.3 72.1 75.4 59.2
M T - 38.6 56.1 29.7 72.1 76.8 59.4
M D C 38.5 55.3 29.8 73.6 78.4 61.6
M R - 39.7 56.4 31.8 74.4 79.7 63.8
M R I 42.4 59.3 32.2 78.7 84.9 65.5

Table 4.7: Comparison of anticipation accuracy across different model configurations
for EPIC Kitchens and EGTEA Gaze+ dataset. Enc. (Encoder): M (Mamba),
T (Transformer). Dec. (Decoder): R (Iterative Refinement), T (Transformer), D
(Diffusion model with explicit forward process [30, 82]). KG (Knowledge Graph
Integration): I (Initialization), C (Conditioning), – (None).

values of β. Rows 1 and 2 indicate no statistically significant difference between the

Mamba (M) and Transformer (T) encoders, suggesting that Mamba can serve as a

drop-in replacement for Transformer-based video encoding. Comparing rows 2 and

3 demonstrates that incorporating an iterative denoising decoder (Refinement, R)

significantly enhances long-horizon action anticipation, particularly for larger β values.

Additionally, rows 3 and 7 highlight the impact of knowledge-guided initialization

(I), showing a 2–3% performance improvement on average across all observation and

prediction settings. Rows 4 and 7 compare the impact of symbolic initialization

without video feature conditioning. The lower performance in row 4 underscores the

importance of low-level visual features for accurate predictions. Furthermore, rows 5

and 7 reveal that a traditional diffusion-based decoder Diffusion(D), which follows a

conventional forward-reverse denoising process, significantly underperforms compared

to our iterative refinement approach. Finally, rows 6 and 7 show that conditioning

the decoder on symbolic knowledge (C) instead of using it for initialization results

in a significant accuracy drop, emphasizing the effectiveness of our design choice.

Similar trends are observed for the EPIC Kitchens and EGTEA Gaze+ datasets and

are shown in table 4.7. Rows 1 and 2 indicate no statistically significant difference

between the Mamba (M) and Transformer (T) encoders. However, comparing rows

2 and 4 reveals that incorporating an iterative denoising decoder (Refinement, R)

substantially improves mAP. Additionally, rows 4 and 5 highlight the impact of

knowledge-guided initialization (I), yielding an average mAP increase of 4 across
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Figure 4.2: Quantitative analysis of anticipation accuracy when we manually alter
the expanded graph. The results show a drop in accuracy when nodes are explicitly
deactivated and a 100% accuracy when nodes are explicitly activated, highlighting
the impact of symbolic context on action anticipation.
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Figure 4.3: Analysis of intermediate denoising steps. We show mean and standard
deviation accuracy over intermediate inference steps for a model trained for 10
denoising steps on Breakfast dataset.

all splits. Furthermore, rows 3 and 5 demonstrate that a conventional diffusion-

based decoder (Diffusion, D), which follows a standard forward-reverse denoising

process, significantly underperforms compared to our iterative refinement approach.

This demonstrates that symbolic knowledge enhances performance over neural-only

approaches, and further underscores the benefits of our iterative denoising process.

Quantitative Impact of Symbolic Knowledge

To quantitatively assess the impact of symbolic initialization on our model’s final

neural predictions, we designed an experiment to evaluate how each activated action
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Figure 4.4: MoC accuracy vs. number of steps in the refinement process on the
Breakfast dataset, showing that accuracy at 50 and 100 steps does not significantly
improve compared to 10 steps.

node in the expanded graph influences the model’s output. Specifically, we manually

altered (activated or deactivated) selected action nodes in the graph and examined

the resulting changes in neural predictions. This experiment was performed on the 50

Salads dataset, focusing on the actions Cut Tomato, Cut Lettuce, and Serve Salads.

For each target action, we generated a filtered subset of the dataset in which the action

is guaranteed to appear in the ground-truth anticipation. Anticipation accuracy for a

target action on its respective subset is defined as the percentage of samples in which

the action appears in any of the model’s N predicted actions. First, we measured the

baseline accuracy—i.e., the model’s standard behavior without any manual graph

modifications. Next, we conducted two separate experiments: one in which we

manually deactivated the target node in the expanded graph (regardless of its initial

status) and another in which we manually activated the target node irrespective of

its original state. By comparing the anticipation accuracy under these conditions, we

evaluated the influence of symbolic initialization on the final predictions. The results,

shown in fig. 4.2, reveal significant accuracy variations corresponding to different

graph modifications. Notably, removing the target node leads to a substantial drop

in accuracy, whereas enforcing its activation increases the accuracy to 100%. These

findings underscore the critical role of graph context and initialization in shaping the

model’s predictions, thereby highlighting the importance of symbolic context during

inference.
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Analysis of Refinement Steps

To analyze the impact of the number of refinement steps on model accuracy, we

evaluated performance using different numbers of steps in the denoising process, as

shown in fig. 4.4. In this experiment, we used Breakfast dataset with an observation

rate of 0.2% and a prediction rate of 0.5%. Since the accuracy achieved at 50

and 100 steps was not statistically better than the mean accuracy obtained at 10

steps, we selected 10 as the ideal number of steps to balance runtime and accuracy.

Furthermore, fig. 4.3 presents the accuracy at various intermediate steps for a model

trained with 10 refinement steps on the Breakfast dataset. For each split, we trained

ten models and reported the overall mean and standard deviation of the accuracy at

each inference step. Our observations reveal that the accuracy starts low, increases

to a peak as more refinement steps are applied, and is accompanied by a decreasing

standard deviation. This behavior indicates that our model is effectively capable of

iteratively refining its anticipated actions.

Impact of Different Loss Terms

To evaluate the impact of different loss terms on the model’s performance, we con-

ducted an ablation study on various loss components using the Breakfast and 50

Salads datasets, as shown in table 4.8. The results reveal that recognition loss signifi-

cantly enhances accuracy, highlighting its importance in the model’s performance.

While initialization loss does not lead to substantial improvements in accuracy, both

qualitative and quantitative analyses of symbolic knowledge’s influence on the model’s

predictions suggest that it plays a critical role in maintaining proper alignment

between the neural and symbolic components. This alignment, as discussed in the

thesis, ultimately improves the overall observability and coherence of the model’s

predictions.

4.0.7 Parameter Efficiency

In this section, we discuss the efficiency of our model with respect to its parameter

size, which is an important metric when deploying models on various, potentially

limited hardware. Table 4.9 summarizes the results on the Breakfast dataset for
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Breakfast 50 Salads

β(α = 0.2) β(α = 0.3) β(α = 0.2) β(α = 0.3)

AR Rec. Init. 0.1 0.5 0.1 0.5 0.1 0.5 0.1 0.5

✓ 23.75 19.21 26.64 23.28 32.19 22.05 30.61 17.52
✓ ✓ 24.02 19.44 26.21 23.75 32.78 22.70 31.74 17.26
✓ ✓ 28.07 25.81 34.12 29.51 40.69 27.98 35.51 25.31
✓ ✓ ✓ 28.22 25.67 34.22 30.11 40.78 28.19 35.23 25.50

Table 4.8: Results for different loss terms on the Breakfast and 50 Salads datasets,
highlighting the significant impact of the recognition loss on model performance.

β(α = 0.2) β(α = 0.3)

Method Param 0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

Ours 400k 25.27 23.88 23.49 22.87 30.41 28.60 26.54 25.00
FUTR 1M 27.70 24.55 22.83 22.04 32.27 29.88 27.49 25.87
Ours 800k 26.41 24.54 23.32 21.58 31.10 30.61 29.58 27.63
Diffant 80M 25.33 24.59 24.39 22.74 32.13 31.83 31.18 30.70
Ours 1.2M 27.83 27.54 25.91 25.05 32.54 31.56 31.06 29.78
Ours 3M 28.22 27.55 27.02 25.67 34.22 32.06 31.21 30.11

Table 4.9: Performance comparison of different variants of our model with vary-
ing parameters, alongside closest baselines on the Breakfast dataset. Our model
demonstrates comparable performance to larger models, even with fewer parameters,
highlighting its efficiency.

different values of α and β. Our models with 3M and 1.2M parameters consistently

outperform all baselines with a 3% and 2% average performance improvement over

the best baseline (with 80M parameters). The 800k model demonstrates competitive

results, on par with state-of-the-art methods, only demonstrating a 1% performance

reduction. Notably, even our 400k model, despite having 200 times fewer parameters

than the baseline, only drops by about 1.5% in performance. These results underline

the efficiency of neuro-symbolic approaches by leveraging symbolic knowledge as part

of their inference pipeline.

4.0.8 Relaxed Evaluation and Improved Training

In standard Mean over Class (MoC) accuracy evaluations, we perform a one-to-

one matching between the ground truth future actions and the predicted future
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Breakfast β(α = 0.2) 50 Salads β(α = 0.3)

Model 0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

FUTR 28.19 24.29 23.90 24.10 45.11 46.78 42.88 45.43
Ours (G) 35.63 34.47 30.88 34.38 52.11 51.35 46.67 45.16
Ours (I) 32.87 34.76 28.97 32.01 75.57 72.81 73.31 70.56

Table 4.10: Performance comparison under a relaxed evaluation criterion, highlighting
the impact of our improved training strategy for modeling action interdependencies.
G : General Training, I : Improved Training.

actions, training the model to replicate the exact future sequence. However, this

strict approach may not be ideal for real-world tasks, where the precise order of

actions is not critical. Instead, the model should learn a generalized distribution

allowing flexibility in the order agnostic tasks while ensuring that crucial dependencies

are maintained. For instance, in a salad-making task, while serving the salad must

always occur after all preparation steps, the model can predict cutting actions in

any sequence. To accommodate this, we introduce a relaxed evaluation criterion

based on the concept of temporal constraints. For each action, we define a set of

subsequent actions that are expected to occur only after it. For instance, the action

”Cut Tomato” is typically followed by ”Put Tomato in Bowl,” ”Mix Ingredients,” and

”Serve Salad.” While evaluation, a predicted action is considered correct if it satisfies

two conditions: first, it appears before all its associated temporal constraints actions

in the predicted sequence, and second, it is present in the ground truth sequence.

This evaluation ensures the logical correctness of the temporal order of actions while

allowing flexibility when the precise sequence is not essential.

Following our relaxed evaluation criterion, we designed a training paradigm that

better captures the interdependencies between actions (accounting for both order-

sensitive and order-agnostic relationships) instead of simply predicting a fixed action

sequence. Although our approach already excels at modeling these dependencies,

we further refine our training methodology, particularly in how training labels are

constructed, to enhance the model’s understanding of these relationships. Specifically,

we modify the original ground truth video labels to reflect the principle that while

individual tasks within a subtask may require strict temporal order, the overall

sequence of subtasks can be order-agnostic. To achieve this, we first categorize actions
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into three groups based on their temporal constraints: initial actions (those with a

large number temporal constraints), terminal actions (those with minimal temporal

constraints), and intermediate actions (all remaining tasks). Next, we compute

transition probabilities for each action using training data, representing the likelihood

of one action following another. Finally, using the ground truth sequences, transition

probabilities, and the defined action hierarchy, we generate multiple anticipation labels

for each video. In these labels, the order of actions within a subtask—after the initial

action—is determined probabilistically based on the transition probabilities, while

the order of initial actions across subtasks is randomized. This training paradigm

enables the model to learn both the structured dependencies within subtasks and

the flexibility across subtasks, ultimately leading to more accurate and context-aware

action anticipation.

Table 4.10 presents the results with our relaxed evaluation on the 50 Salads and

Breakfast datasets. Rows 1 and 2 compare the performance of our model without

the improved training against FUTR, demonstrating that incorporating symbolic

knowledge, along with iterative refinement, enhances the prediction of long-term action

possibilities and better captures the interdependencies between actions, resulting in

an average improvement of 6%. Rows 2 and 3 compare the performance of our method

with and without the improved training. For the Breakfast dataset, no significant

improvement is observed with the improved training, while for the 50 Salads dataset,

there is an average performance boost of approximately 20%. This improvement is

primarily attributable to the presence of multiple interchangeable subtasks in the

50 Salads dataset, an aspect not observed in the Breakfast dataset. Overall, these

results show that our improved training strategy is particularly effective in tasks with

interchangeable subtasks within higher-level tasks.
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Chapter 5

Limitations and Future Work

While our method shows promising results for action anticipation, particularly due to

the use of symbolic context, our method requires the existence of a sufficiently rich

knowledge graph. While extensive knowledge graphs are available online [73] or can

be generated from recent advances in large language models, we created our graph

specifically for the cooking sub-task across our four major datasets. In particular,

we want to avoid activating irrelevant nodes, such as those related to driving, when

operating in kitchen-based environments without having to learn that such nodes

would not be helpful overall. However, it’s worth noting that since we use the same

knowledge graph across all datasets and benchmarks, the effort required to generate

it is relatively small. Furthermore, our dynamic propagation method is capable of

explicitly learning which nodes are useful, making it robust to non-perfect knowledge

graphs. In the future, we plan to explore the automatic knowledge graph generation

pipeline either through lifelong learning or extraction from large foundational models.

Another limitation is the potential leakage of information from the neural pipeline.

As demonstrated in fig. 4.2, even when certain action nodes are removed from the

graph, the model still predicts the corresponding actions, indicating some level of

information leakage bypassing the symbolic components. While we demonstrate that

changing the graph still has a significant influence on the predicted action sequence,

future work will focus on disentangling the information encoded in the symbolic

knowledge with the information flowing freely through the graph.
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Chapter 6

Conclusion

In this work, we introduce SymAnt, a neuro-symbolic framework that merges scene

graphs with an external knowledge graph through a joint-graph search and refines this

symbolic prior using a diffusion-inspired iterative decoder. By allowing the decoder

to start from a semantically meaningful prior instead of random noise, SymAnt

achieves unified symbolic-neural reasoning—the first approach of its kind for action

anticipation. Across the Breakfast, 50 Salads, EPIC-Kitchens, and EGTEA Gaze+

datasets, it improves accuracy by up to five percentage points over the best purely

neural baselines while reducing model parameters by approximately 98%. Ablation

studies confirm that both symbolic initialization and iterative refinement are essential

to these gains, and models as small as 400 k parameters remain competitive. Even

when only 5–10% of a video is observed, the symbolic prior steers the model toward

reliable predictions, outperforming purely neural and large-language-model baselines

and enabling practical on-device inference for mobile robots and drones. SymAnt still

depends on a well-curated domain knowledge graph, making graph construction a non-

trivial upfront cost, and a small amount of semantic information can leak through the

neural pathway when corresponding graph nodes are suppressed, suggesting the need

for tighter disentanglement. Future work will explore automatic, continual knowledge-

graph construction and stronger gating mechanisms to keep neural and symbolic

signals aligned, broadening the applicability of neuro-symbolic anticipation across

diverse environments. In summary, this thesis demonstrates that coupling structured

knowledge with compact neural encoders yields an action-anticipation system that
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is accurate, interpretable, and resource-efficient, offering a practical blueprint and a

motivation for re-introducing symbolic reasoning into modern, data-driven perception

pipelines.
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