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Abstract

Understanding human intentions from visual observations
is essential for proactive human–robot collaboration. While
recent vision–language models excel at scene description,
they struggle with goal-directed reasoning beyond surface
correlations. We propose CP-VLM, a framework that en-
hances intention inference through causally inspired struc-
tured prompting. Using efficient low-rank adaptation,
we fine-tune the language decoder without architectural
changes. Experiments on the JRDB-Social dataset demon-
strate that CP-VLM improves F1 by +27.8% over baselines
with comparable inference time, showing that causal struc-
ture enables deeper and more robust intention inference
with minimal overhead.

1. Introduction

Understanding human intentions [12] is essential for au-
tonomous systems in real-world environments, including
service robots [14, 29] and human-centered AI [24]. Re-
cent vision–language models (VLMs) [1, 2, 16, 22] achieve
strong performance on descriptive tasks such as visual ques-
tion answering (VQA) [7, 10]. However, practical deploy-
ment requires not only recognizing what occurs but also in-
ferring why it happens, demanding causal reasoning. This is
particularly important in domains such as eldercare [5, 17],
customer service [4, 34], and collaborative work [28, 33],
where anticipating human goals [21, 27] enables proactive
assistance [6]. While current VLMs capture observable cor-
relations, they struggle to uncover the underlying causes of
behavior [10]. Bridging this gap requires integrating visual
perception with causal reasoning [3, 23, 25, 26].

Scene graphs [13, 15, 19, 35] provide structured rela-
tional representations but remain observational and lack
causal semantics. Consequently, surface actions (e.g.,
standing in a queue) are often misinterpreted as intentions,
whereas causal reasoning reveals deeper goals (e.g., order-
ing food). As illustrated in Fig. 1, conventional approaches

Figure 1. Comparison between conventional and proposed meth-
ods. Conventional methods rely on surface correlations in VLMs,
whereas our method enables intention inference via structured
prompting with latent scene-level and causal structures.

rely on observational mappings within VLMs, capturing
surface correlations.

In contrast, our method employs structured prompting to
induce latent scene and causal structures for goal-directed
intention inference. We formulate intention understanding
as reverse causal inference, reconstructing latent goals from
observable behaviors through causally inspired prompting.
This process is conceptually explained by a Generative Path
inducing latent structures and an Inference Path performing
causal Chain-of-Thought reasoning [30, 31].

Based on this formulation, we propose CP-VLM, which
integrates causal prompting into VLMs for human intention
inference. CP-VLM induces latent relational and causal
structures through structured prompting, without explicit
scene graph detectors, and is efficiently adapted via LoRA
fine-tuning of the language decoder. Experiments on JRDB-
Social [12, 18] show consistent F1 improvements over base-
line prompting methods with comparable inference time.

The main contributions are summarized as follows:
• We introduce CP-VLM, a framework that enhances

VLMs with structured and causally inspired prompting
for human intention inference.



• We present an efficient LoRA-based adaptation strategy
that preserves the base architecture.

• CP-VLM achieves a +27.8% F1 improvement on JRDB-
Social over baseline prompting methods with minimal
overhead.

2. Related Work
2.1. Vision-Language Models for Human Intention
Recent large-scale VLMs [1, 2, 16, 32, 36] achieve strong
performance on descriptive tasks such as VQA, but remain
limited in inferential reasoning, particularly for human in-
tention understanding. This limitation stems from their
reliance on surface correlations rather than causal depen-
dencies. While prior work has explored intention recogni-
tion [12, 18] and action planning with VLMs [8, 9, 28, 33],
our approach enhances reasoning purely through structured
prompting without modifying model architectures.

2.2. Scene Understanding with Scene Graphs
Scene graphs [13, 15, 19, 20, 35] model entities and rela-
tions in structured scenes and have been widely applied to
visual reasoning tasks. However, they are inherently obser-
vational, capturing spatial relations and interactions without
causal or temporal semantics required for intention infer-
ence. Consequently, they describe visible actions but fail to
represent the underlying goals driving behavior.

Instead of proposing a new graph representation,
we leverage VLM reasoning to reinterpret latent rela-
tional structures as causal dependencies through structured
prompting.

2.3. Causal Reasoning
Causal reasoning [3, 23, 25, 26] provides principled frame-
works for understanding event dynamics and human behav-
ior. Although causal modeling has improved robustness and
interpretability in vision, integrating causal semantics into
VLM-based intention inference remains challenging.

We address this by converting structured relational in-
formation into causally inspired prompts, enabling VLMs
to perform cause–effect reasoning for deeper intention in-
ference.

3. Method
Fig. 2 presents CP-VLM, which enhances intention infer-
ence by embedding causal structure into prompts and train-
ing the VLM with LoRA. Our method is organized around
two complementary paths that reflect the causal semantics
of the task: (i) a Generative Path that specifies how inten-
tions give rise to observations through a latent scene graph,
and (ii) an Inference Path that inverts this process to re-
cover intentions from observations via a two-stage prompt-
ing design. In practice, the Inference Path is instantiated

by scene graph prompting and causal prompting. The re-
sulting prompt–answer pairs are then used for LoRA-based
Fine-tuning of the language decoder.

3.1. Generative Path
The generative process proceeds in the forward causal di-
rection, from human intention C to observable image I via
the latent scene graph R:

p(I,R,C) = p(I | R,C) p(R | C) p(C), (1)

Here, p(C) denotes the prior distribution over intentions,
p(R | C) represents the conditional generation of scene
graphs given the intention, and p(I | R,C) models the
likelihood of the image conditioned on both the intention
and the scene graph. In this formulation, the scene graph
R serves as a structural bottleneck connecting between la-
tent intentions and observed visual evidence. This factoriza-
tion corresponds to the Generative Path illustrated in Fig. 1,
where intentions cause actions that produce the observable
scene. In particular, the observable image I corresponds to
the effect, generated as a consequence of the intention C
through the scene graph R. By explicitly modeling this di-
rection, we provide a causal interpretation of how human
goals become observable behavior. These equations are
conceptual abstractions used to motivate prompt design, not
models for causal identification or intervention.

3.2. Inference Path
The goal of inference is to recover the underlying human
intention C given an observed image I . This is achieved by
integrating out the latent scene graph R:

p(C | I) =
∫
R

p(C | I,R) p(R | I), (2)

Here, R acts as an intermediate representation that me-
diates between the observation and the intention. Opera-
tionally, this posterior is instantiated as a two-stage reason-
ing procedure: (1) inducing multiple plausible latent scene
graphs conditioned on the observation (scene graph prompt-
ing, approximating p(R | I)), and (2) inferring the intention
given both the observation and the causally structured scene
graph (causal prompting, modeling p(C | I,R)). Impor-
tantly, the marginalization over R reflects that the model
does not commit to a single explicit scene graph. Instead,
through implicit Chain-of-Thought reasoning, it integrates
over multiple latent relational structures, thereby avoiding
the need to deterministically output one graph while still
benefiting from causal structure in intention inference. This
formulation aligns with the Inference Path illustrated in
Fig. 1, where the model leverages Chain-of-Thought rea-
soning to invert the generative process from observation
back to intention.



Figure 2. Overview of the proposed CP-VLM framework. An input image and causal prompting template are fed into the LoRA-tuned
language decoder to infer human intentions. The model is trained with cross-entropy loss, encouraging structured, goal-oriented reasoning
beyond surface-level correlations.

3.3. LoRA-based Fine-tuning

The VLM is fine-tuned using LoRA [11], injecting train-
able low-rank matrices into the cross-attention layers of the
language decoder (query and value projections) while keep-
ing the original weights θ frozen. The objective is to max-
imize the likelihood of the ground-truth intention given the
causally structured prompt. Let y = (y1, . . . , yL) denote
the target intention tokens, z the visual embedding, and
x(p) the tokenized prompt. The cross-entropy loss is de-
fined as:

LCE = −
∑
t∈Tans

logPθ

(
yt | y<t, z,x(p)

)
, (3)

where Tans indexes the answer tokens on the assistant side.
Supervision is applied only to these tokens, ensuring that
the model learns intention predictions consistent with the
causal structure encoded in the prompts. Intention inference
is formulated as conditional language modeling.

4. Experiments and Results

4.1. Dataset and Evaluation Protocol

We evaluate CP-VLM on the JRDB-Social dataset [12],
a large-scale benchmark for human intention understand-
ing in social environments. The dataset consists of video
sequences annotated with multiple intention labels across
11 categories: wandering; discussing an object or matter;
studying, writing, reading, or working; waiting for some-
one or something; socializing; excursion; attending a class,
lecture, or seminar; eating or ordering food; commuting;
navigating; and unknown (Fig. 3). Following the official
split [12], we use 2,589 training and 841 validation se-
quences, and report results on the validation set. We adopt
mean F1 score as the primary metric and measure average
inference time per frame to evaluate efficiency under the of-
ficial protocol.

4.2. Implementation Details
We adopt Qwen2.5-VL-7B [1] as the base vision–language
model and fine-tune it using LoRA [11] with all base pa-
rameters frozen. LoRA adapters are applied to the query
and value projections of the decoder’s cross-attention lay-
ers, while the vision encoder remains fixed. We use a LoRA
rank of r = 8, scaling factor α = 8, and dropout rate
of 0.2. Training is performed for 5 epochs on a single
NVIDIA RTX 2080 Ti GPU using AdamW with a learn-
ing rate of 2 × 10−5 and a batch size of 32, with gradient
accumulation over 4 steps, cosine learning rate scheduling
with warmup, and gradient clipping at 1.0. All experiments
use a fixed random seed. During inference, we apply deter-
ministic greedy decoding (num beams = 1, temperature = 0)
with a maximum output length of 128 tokens. The prompt
templates are provided in Fig. 2.

4.3. Ablation Study on Prompting Strategies
To validate the effectiveness of each component, an ablation
study comparing three prompting strategies is conducted;
the results are summarized in Table 2.
• Base Prompting [12]: A standard VQA-style prompt

for direct intention querying, following the JRDB-Social
baseline.

• Scene Graph Prompting: A prompt that encourages
the model to reason about subject–relation–object triplets,
capturing the structure of a scene.

• Causal Prompting: A prompt that further guides the
model to infer latent cause–effect relationships underly-
ing observed actions.
As shown in Table 2, LoRA-based fine-tuning consis-

tently improves performance across all prompting strate-
gies. Starting from base prompting with LoRA (F1:
31.0%), incorporating structured scene reasoning yields a
substantial gain (scene graph prompting with LoRA: 55.4%,
+24.4). Further introducing causal reasoning provides
an additional improvement (causal prompting with LoRA:
58.8%, +3.4). Overall, CP-VLM achieves a +27.8% im-



Figure 3. Example images from the JRDB-Social dataset [12], illustrating the ground-truth human intentions in diverse scenes.

Table 1. Qualitative comparison of outputs under different prompting strategies in diverse scenes. Inferences matching the ground-truth
human intentions are highlighted in bold.

Scene Prompting Strategies Output Inferred Intention

Café
Base Prompting [12] – waiting for something
Scene Graph Prompting people, standing in line, queue waiting for something
Causal Prompting waiting for someone/something → standing in line eating/ordering food

Open Space
Base Prompting [12] – working
Scene Graph Prompting person, sitting, on chair working
Causal Prompting using computer at desk → sitting, on chair working

Campus
Base Prompting [12] – commuting
Scene Graph Prompting people, riding, bicycle commuting
Causal Prompting riding, bicycle → moving forward commuting

Room
Base Prompting [12] – waiting for something
Scene Graph Prompting people, standing, in a line waiting for something
Causal Prompting facing each other in pairs → standing in a line discussing a matter

Table 2. Performance comparison of baseline and proposed
prompting methods on the JRDB-Social dataset [12].

Method F1 (%) Time (s)
Base Prompting [12] 19.2 1.84
Base Prompting with LoRA 31.0 1.84
Scene Graph Prompting 22.6 1.90
Scene Graph Prompting with LoRA 55.4 1.90
Causal Prompting 24.3 1.92
Causal Prompting with LoRA(Ours, Full) 58.8 1.92

Table 3. Effect of causal prompting across different open-source
VLMs (F1 score [%] in a zero-shot setting).

Model Base Scene Graph Causal
LLaVA-1.5 [16] 1.5 6.1 13.7
Qwen2.5-VL-7B [1] 19.2 22.6 24.3
InternVL2.5-8B [22] 30.7 35.4 37.6

provement in F1 score over the base prompting with LoRA,
while maintaining comparable inference time. These results
highlight the importance of embedding a causal structure
into prompts for enhancing intention inference in VLMs.

The generality of causal prompting is further validated
in different VLMs. As shown in Table 3, both LLaVA-
1.5 [16] and InternVL2.5-8B [22] achieve improvements
with causal prompting, even in a zero-shot setting. These
results indicate that causal prompting benefits diverse archi-
tectures. The main experiments focus on Qwen2.5-VL-7B

as a widely adopted baseline, with LoRA fine-tuning high-
lighting the added benefits of lightweight adaptation.

4.4. Qualitative Analysis
To qualitatively evaluate reasoning, Table 1 compares
predictions across prompting strategies in diverse scenes
(Fig. 3). As prompting evolves from base and scene graph
to causal prompting, outputs shift from shallow interpre-
tations (e.g., waiting) to structured reasoning paths (e.g.,
waiting → standing in line) that support deeper intentions
such as ordering food. Even when final intentions remain
unchanged (e.g., working or commuting), causal prompting
promotes reasoning beyond surface correlations, highlight-
ing the benefit of causal structure. However, it is not al-
ways accurate: in the Room scene, it yields a plausible but
incorrect intention (discussing a matter) instead of attend-
ing class, indicating sensitivity to ambiguous cues. Causal
prompting typically follows a two-stage process from action
relations to intention inference.

5. Conclusion
We propose CP-VLM, a framework that improves human
intention inference in VLMs via causally inspired prompt-
ing with LoRA-based fine-tuning. CP-VLM moves beyond
surface correlations by inducing interpretation of intentions
grounded in scene-level relations, achieving a +27.8% F1
improvement on JRDB-Social. These results demonstrate
that structured causal prompting is an effective strategy for
human-centered AI.
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