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Abstract. Human Activity Recognition (HAR) from videos is a chal-
lenging, data intensive task. There have been significant strides in re-
cent years, but even state-of-the-art (SoTA) models rely heavily on do-
main specific supervised fine-tuning of visual features, and even with
this data- and compute-intensive fine-tuning, overall performance can
still be limited. We argue that the next generation of HAR models could
benefit from explicit neuro-symbolic mechanisms in order to flexibly ex-
ploit rich contextual information available in, and for, videos. With a
view to this, we propose a Human Activity Recognition with Context
Prompt (HARCP) task to investigate the value of contextual informa-
tion for video-based HAR. We also present a neuro-symbolic graph neural
network-based framework that integrates zero-shot object localisation to
address the HARCP task. This captures the human activity as a sequence
of graph-based scene representations relating parts of the human body
to key objects, supporting the targeted injection of external contextual
knowledge in symbolic form. We evaluate existing HAR baselines along-
side our graph-based methods to demonstrate the advantage of being
able to accommodate this additional channel of information. Our eval-
uations show that not only does context information from key objects
boost accuracy beyond that provided by SoTA HAR models alone, there
is also a greater semantic similarity between our model’s errors and the
target class. We argue that this represents an improved model alignment
with human-like errors and quantify this with a novel measure we call
Semantic Prediction Dispersion.

Keywords: context · human activity recognition · neuro-symbolic inte-
gration · graph neural network · human alignment

1 Introduction

Video-based Human Activity Recognition (HAR) captures spatial and temporal
information in videos to identify human activities [6]. It is being widely used
in ambient intelligent systems like public security surveillance and virtual as-
sistants [13, 41, 46]. Compared to the recognition of objects, recognising human
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Fig. 1: The architecture of our proposed framework for the HARCP task.

activities has proven difficult to achieve, and we focus here on two possible rea-
sons that have been identified in the literature [32, 34, 51]. First, in HAR, there is
a high intra-class variability, meaning different videos of the same activity class
can be visually very different, and this difference can be large relative to the typ-
ical difference between videos from two closely related activity classes. Second,
recognition of an activity is influenced by the context in which it is happening,
like its location and held objects. For example, a person crouching can be in-
terpreted in different ways depending on whether they are picking up an object
or dodging a blow. Accordingly, HAR systems must utilise all this information,
e.g. human pose, movement, class-class relationships, and relative positions of
key objects and body parts to support robust and accurate predictions.

State-of-the-art (SoTA) video-based HAR models include Two-stream Con-
vNet [42, 8], 3D ConvNet [47, 16, 20] and video Transformer [4, 7]. All achieve
excellent performance in certain datasets, but are computationally intensive to
fine-tune on downstream tasks. Moreover, these backbone models for video clas-
sification may be insufficient for activities that are visually similar in terms of
body gesture movements and require contextual cues — specifically, key objects
related to the activities—to help disambiguate them. For instance, when observ-
ing a person holding a glass and moving it toward their mouth, it is sometimes
the liquid in the glass that helps distinguish between drinking water and drinking
beer. Some efforts have been made to incorporate additional knowledge for fine-
tuning in specific domains [32, 12], but this still involves retraining and provides
no mechanism to directly inject such contextual information. Instead, we argue
that an HAR system should be sensitive to context and capable of incorporating
contextual information as external input without the need for retraining.

Additional concerns for these HAR models arise from their black-box na-
ture. Predictions from these models cannot be readily interpreted in order to
be verified and ultimately trusted, and this limits their use in domains such as
healthcare and security. We take the viewpoint from [38] that an interpretable
model should have an interpretable decision-making process rather than provid-
ing post-hoc explanations for the decision, and see structured representations,
namely graphs, as a natural way to achieve this for HAR models (see also [15,
54, 44, 49]). The use of spatio-temporal graph representation can be linked to the
hypothesis in cognitive science that people may recognise an activity by decom-
posing it into a hierarchical structure [53, 26]. More precisely, a human-centric
activity can often be recognised by reasoning from a sequence of spatial rela-
tions between involved body parts or between those parts and related objects,
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and a neuro-symbolic integration between low-level neural perception and high-
level reasoning capability is an effective way to formulate this problem [3]. Some
works have demonstrated the success of the graph representation for the boost
of performance in HAR [19, 21, 33, 43, 49, 50]. However, all of these rely on anno-
tated bounding boxes for objects in the videos, or similar human-labor-intensive
annotations, which makes the framework less generalisable. Moreover, the im-
portance of context to HAR, as well as an effective way to build and evaluate
interpretable HAR models, are still under-investigated.

Why the HARCP task? To begin to address these concerns, we introduce
a new human activity recognition with context prompt HAR (HARCP) task
as part of an evaluation framework for context-sensitive HAR. Here, we would
like to first differentiate our framework from SoTA video-question-answering
(Video-QA) models such as LlaVA [29] and VideoBLIP [52]. Although prompts
are used in both cases to query the videos, our task addresses different chal-
lenges compared to those faced by Video-QA models. Our framework is specif-
ically designed to investigate how contextual information regarding key objects
can enhance both the performance and interpretability of activity recognition in
videos, which is achieved by injecting the names of key objects as prompts. Our
framework could be conceivably embedded within a Video-QA system to support
the solving of questions involving recognition of activities such as “What is that
person doing with the spoon?" This type of question can be transformed into
a task where the machine knows the name of a certain related object and aims
to recognise the activity involving this specified object. Previously mentioned
Video-QA models use questions as prompts directly and do not facilitate the
decomposition of humans and context or the construction of their interaction.
We demonstrate here that there are benefits to such decomposition and repre-
sentation, both in terms of granular interpretability of model predictions (via
the nodes and edge weights within the graph), the targeted injection of addi-
tional sources of information (here contextual objects) and controlled evaluation
of the impact of such knowledge injection (exemplified by our context evalua-
tions). Put simply, in our task, a video is presented alongside the names of key
objects observable in the video and we aim to explore how this simple, high-level,
additional input can boost recognition within suitable models. As presented in
Figure 1, our proposed framework for this task comprises three main compo-
nents: zero-shot context localisation, a human tracker, and a graph attention
model to represent spatial relationships between pairs of elements in the scene.
Compared to previous graph-based models with detectors trained on a specific
set of objects, our model supports zero-shot object detection using Grad-CAM
and pretrained large image-language models. Like other recent graph-based HAR
approaches, e.g. STRG [49], we construct spatio-temporal graph-based represen-
tations that capture key regions of interest within videos and relate these to one
another. Note that our framework is highly modular and various components
can be swapped out for alternative approaches. For instance, the components
for context detection (here a CLIP based segmenter) can be replaced with any
future approaches that serve the same functions but achieve more advanced per-
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formance. A key difference to previous approaches, is that our model uses a
human tracker to detect the key points of the human body before converting
these to image regions corresponding to body segments. These regions for body
segments are integrated with the context prompt (as text) and detected objects
(as image regions) within a spatial relational graph for each video frame, before
temporally aggregating them. Previous models, such as STRG [49], SRNN [18]
and LSTGN[51], regard the human body as a whole entity and locate it with
a unified object detector, treating humans and related object equally. Separat-
ing the detection of human body segments from objects allows us, for the first
time, to systematically evaluate the contribution of contextual objects to model
performance and interpretability.

Building and Evaluating Interpretable Models Here, we address our
concern regarding the black-box issue: how to build and evaluate interpretable
HAR models. Our graph-based HAR model is designed to expose the state of,
and key interactions between, objects and body parts. We then describe how
to interpret these model features to understand their relevance to the final pre-
diction. The attention mechanism is used to specify which pair of interactions
contribute most to the final predictions. Put another way, it determines which
pair of interactions should receive the most focus throughout the entire sequence
of frames. In addition, we propose a new way to measure one aspect of a model’s
interpretability, we call Semantic Prediction Dispersion (SPD). Our SPD mea-
sure is based on three underlying ideas. First that, given all else is equal, humans
are more likely to confuse two semantically similar classes than those that are
semantically distinct. For instance, the actions of slicing an onion and dicing an
onion are very similar in terms of objects used and how the body operates to
perform them, but are both distinct from opening a fridge door. These similari-
ties and differences relate directly to the underlying meaning of these actions –
their semantics. The second idea is to utilise measures of semantic similarities
constructed by recent large language models to capture the semantic difference
between classes. The intuition is supported by [10], which demonstrates that the
representation space for action concepts in a large language model is similar to
that of the human mind to a certain degree. Therefore, in this work, we employ
CLIP Language [36] to construct the vector embeddings, although any reliable
proxy encoder of human concepts could be used as a replacement. The final idea
associates the interpretability of a model with how similar its errors are to those
of a human–a form of human-AI alignment [39, 9]. This doesn’t mean a model
cannot outperform a human, but that the error profile of the machine should be
dominated by mistakes that are also more common for humans. This is informed
by recent work that argues that the level of consistency between a model’s er-
rors with those of humans can indicate to what degree the model constructs its
predictions using similar analogous processes to humans [14].

The main contributions of this work are three-fold: 1) our HARCP task, and
associated evaluation framework, designed to investigate how simple information
about the context (key objects) can be exploited to improve HAR predictions; 2)
an interpretable graph attention framework integrating zero-shot context locali-
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sation using Grad-CAM to address the HARCP task alongside a comprehensive
series of experiments to evaluate our proposed framework; and 3) a novel eval-
uation metric named SPD to evaluate a key aspect of interpretability relating
to human-machine error alignment. Key findings are that our graph model for
human activities with a context prompt substantially outperforms fine-tuned
large backbone models without context prompt, and that our model with con-
text information has a lower (better) SPD than a baseline graph model without
context, and ViViT, our SoTA video-transformer baseline.

2 A Graph-Based Interpretable Framework for HARCP

This section presents the relational graph-based neuro-symbolic framework for
context-sensitive HAR with the proposed HARCP task, and a novel evaluation
metric to interrogate the model’s error alignment with humans named Semantic
Prediction Dispersion (SPD) . A HARCP task is to identify a human activity,
given a video and context: thus, the input consists of a video, V – a sequence of
image frames showing one human activity from a set of possible activity classes,
A, alongside a context prompt, SJ – a collection of strings each describing an
object which plays a key role in that activity. Our framework is said to localise
those context objects in a zero-shot manner if it does so without domain-
specific object detection training. Within the framework, for each video frame,
once the key elements, including both body segments and contextual objects,
are enclosed by bounding boxes, existing pre-trained feature extractors, such
as ResNet [16] and ViT [11], are employed to capture the visual features from
these regions of interest. A graph attention model, a method argued to be an
effective way to conduct relational learning [27], is then utilised to capture the
information flow between the visual features for those key elements and construct
the spatial relationships between each pair of them. We wish to emphasise that
the information passed in messages along edges in the graph capture all relevant
information from one node to the other, so attention weights on these edges
inform us about the general relatedness of one node to another, at a given layer
of graph processing, and do not isolate specific named relationships between
entities. Hence some care is required when interpreting the attention weights
between nodes. Nonetheless, these attention weights provide key information
about the strength of connections between pairs of elements (objects or body
parts) at a given point in the video.

More formally, a video V, corresponds to an activity class â 2 A. Given video
sequence, V, and context prompt, SJ, we aim to learn a scoring function F (:)
that returns the correct activity with:

â = arg max
a2A

F (ajV;SJ): (1)

Video V is represented as a set of T video frames (or images) V = fitgT�1
t=0 .

Each frame it (width X, height Y ) gives pixel information, itxy, at locations
(x; y) 2 f1; : : : ; Xg � f1; : : : ; Y g. Context prompt, SJ, is a collection of one or
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more strings describing key objects related to the activity shown in the video,
denoted s 2 SJ. For each frame it, we specify two families of regions of interest:
human body parts RB[it] and object contexts RJ[it], where it is clear we denote
these asRB andRJ respectively. For a given frame, rB 2 RB is a region containing
a body segment of the person performing the activity, and rJ 2 RJ is a region
containing a context object.

Our approach uses V and SJ to determine RB and RJ in each frame, then
combines this textual, visual and spatial information within a graph represen-
tation. Temporal aggregation is then applied to integrate these spatio-visual
representations over time. This allows the model to capture the activity as a
higher-level abstraction of the spatial and temporal relationships among vari-
ous related components, such as body segments and related objects. The overall
architecture of our method is presented in Figure 1.

2.1 Zero-Shot Context Localisation

Although some previous graph-based methods for HAR have used context in-
formation [51, 49], these methods involve training object-detectors on the object
classes, and this limits their applicability. More recently, large image-language
models pretrained on very large datasets, such as CLIP [36], have demonstrated
excellent performance on downstream zero-shot object detection tasks. We there-
fore propose using these joint image-language foundation models to implement
zero-shot localisation for arbitrary context prompts as part of our framework.

A Class Activation Map (CAM) [55], which is commonly employed to in-
vestigate the retrospective explainability of a model, reveals the distinctive re-
gions in an image that a model relies on to recognise a specific category. The
Gradient-weighted CAM (Grad-CAM) [40] generates a localisation map by lever-
aging gradients from a target concept that flows into the final feature map. This
map highlights crucial regions in the image for predicting the given concept and
has been adopted in some Weakly-Supervised Localisation tasks [2, 1, 28], show-
ing promising results. Different from the vanilla Grad-CAM which is applied
to CNN-based models, we apply Grad-CAM to the ViT model because of its
SoTA performance. The details of the implementation of Grad-CAM on ViT
are illustrated in Appendix C.1. Based on the top K most activated regions in
the frame, we apply semantic segmentation [24] to get the bounding box for the
target context. We denote the whole process as a context object detector Do.

2.2 Graph Representation for Human Activities

Reasoning with spatial relations is common in everyday life [31]. When iden-
tifying a human activity, the spatial relations between the involved parts are
arguably one of the decisive factors. As hypothesised in cognitive science, people
can recognise an activity by decomposing it into a hierarchical structure [53, 26].
To be more specific, a human-centric activity can often be represented as a se-
quence of spatial relations between the involved body parts or between the body
parts and related objects. To facilitate the identification of arbitrary activities,




