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Context-Aware Human Behavior Prediction Using Multimodal Large
Language Models: Challenges and Insights
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Abstract— Predicting human behavior in shared environments
is crucial for safe and efficient human-robot interaction. Tra-
ditional data-driven methods to that end are pre-trained on
domain-specific datasets, activity types, and prediction horizons.
In contrast, the recent breakthroughs in Large Language Models
(LLMs) promise open-ended cross-domain generalization to
describe various human activities and make predictions in
any context. In particular, Multimodal LLMs (MLLMs) are
able to integrate information from various sources, achieving
more contextual awareness and improved scene understanding.
The difficulty in applying general-purpose MLLMs directly for
prediction stems from their limited capacity for processing large
input sequences, sensitivity to prompt design, and expensive
fine-tuning. In this paper, we present a systematic analysis
of applying pre-trained MLLMs for context-aware human
behavior prediction. To this end, we introduce a modular
multimodal human activity prediction framework that allows
us to benchmark various MLLMs, input variations, In-Context
Learning (ICL), and autoregressive techniques. Our evaluation
indicates that the best-performing framework configuration is
able to reach 92.8% semantic similarity and 66.1% exact label
accuracy in predicting human behaviors in the target frame.
Project webpage: https://cap-mllm.github.io/

I . I N T R O D U C T I O N

The ability to accurately predict human behavior is es-
sential for robotic systems operating in environments shared
with humans [1]. This skill is critical for ensuring safety and
efficiency across a wide range of applications, including au-
tonomous driving [2], intralogistics [3], and home automation
[4]. Predictive collision avoidance [5], anticipatory human-
robot interaction (HRI) [6] and safe navigation [7] all rely
on the system’s capacity to anticipate human actions and
movements effectively. Traditional learning-based methods
struggle with transferring to unseen environments and activi-
ties that were not part of the training set [8]. In contrast, Large
Language Models (LLMs) exhibit promising generalization
capabilities. Leveraging rich contextual embeddings and vast
commonsense knowledge, LLMs can handle a large variety
of environments and domains, considerably improving the
performance and efficiency of the downstream tasks [9].
However, directly applying LLMs for human behavior pre-
diction is challenging since they can only process unimodal

1Corporate Sector Research and Advance Engineering, Robert
Bosch GmbH, Germany, {yuchen.liu2, luigi.palmieri,
andrey.rudenko, sebastian.koch2}@de.bosch.com

2Service Computing Department, Institute of Architecture
of Application Systems, University of Stuttgart, Germany,
marco.aiello@iaas.uni-stuttgart.de

3Visual Computing Group, Ulm University, Germany, {lino.lerch,
sebastian.koch, timo.ropinski}@uni-ulm.de

This work was partly supported by the EU Horizon 2020 research and
innovation program under grant agreement No. 101017274 (DARKO).

Fig. 1: Context-aware human behavior prediction using Multimodal
Large Language Model (MLLM). The MLLM (shaded zone) is
the main component of the prediction system. It consists of an
LLM, a visual encoder, and an adapter (e.g., MLP, Q-Transformer,
or cross-attention layers for generating tokens passed to the LLM).
The MLLM takes the user instruction and the historical visual
observation as input, and forecasts the human behavior.

information, i.e., textual tokens, and lack visual understanding
capabilities. As a result, they often hallucinate the contents
of the scene, which is particularly problematic for long-term,
real-world human behavior forecasting tasks [10]. Extended
with visual encoders and adapters, Multimodal Large Lan-
guage Models (MLLMs) can process several types of inputs
and ground them in the real world, as illustrated in Fig. 1.
This grounding makes MLLMs suitable for a wide range
of vision-enabled robotics applications and offers promising
avenues for predicting human behavior by combining visual
scene understanding with natural language reasoning [11].

With the goal of analyzing the applicability of pre-trained
MLLMs for context-aware human behavior prediction, we
introduce a modular MLLM-based prediction framework
and conduct rigorous experiments analyzing the impact of
different model components on prediction performance. In
particular, we make use of several representative proprietary
and open-source general-purpose MLLM backbones, In-
Context-Learning (ICL) prompt techniques, and encodings
of historical observations described with past activity labels,
images, and scene captioning. We also review the effect of
varying the numbers of ICL examples (including zero-shot)
and applying autoregressive vs. direct output.

Prior art human behavior prediction systems typically
address the problem of predicting the end-point of the video
sequence as early as possible, using the few initial frames as
input. These methods are pre-trained on a given domain and
produce a single action label as the prediction. In contrast, we
propose to use general-purpose MLLMs to predict potentially
several future activities at an arbitrary future time instance.
To the best of our knowledge, this is the first attempt to sys-
tematically analyze how MLLMs can be applied to anticipate
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potentially multiple human activities in the same frame. To
that end, we formulate and evaluate several hypotheses on
building a performant prediction system:

H1: MLLMs are capable of correctly predicting non-trivial
sequences of human activities (i.e., such where the target label
is different from the latest observation, or where multiple
correct activity labels are given as the ground truth).

H2: Adding visual context yields more accurate predic-
tions, compared to using purely text-based LLMs.

H3: Prediction accuracy generally improves with the
number of ICL examples, compared to zero-shot prediction.

H4: Predicting intermediate actions between the current
and the target time frame in an autoregressive manner
improves the accuracy.

In our extensive evaluation on PROX and PROX-S datasets
[12], [13], the best-performing configuration (in terms of
the visual representation type, number of ICL examples, and
autoregressive prediction method) is able to reach 92.8% se-
mantic similarity and 66.1% exact label accuracy in predicting
multiple human behaviors in the target frame. Our findings
indicate that a small number of ICL examples benefits the
performance of the state-of-the-art MLLMs. Compared to
textual inputs, images provide significant additional value in
improving visual scene understanding capability, and image
captioning further improves prediction accuracy.

I I . R E L AT E D W O R K

Human behavior prediction has been a central focus
in various fields, ranging from robotics to video analysis.
Early approaches mainly relied on classical Deep Learning
(DL)-based and data-driven techniques, leveraging models
like Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs) to process spatiotemporal patterns
from visual input data, such as images, videos, or sensor
signals, for activity recognition and trajectory prediction tasks
[1], [14]–[18]. Approaches like Social LSTM [15] and Social
GAN [16] use RNNs and Generative Adversarial Networks
(GANs), respectively, to predict pedestrian trajectories by
learning interactions between individuals in shared spaces.
However, these conventional methods often struggle with the
growing prediction horizon and the complexity of human-
object interactions [14], [19]. Furthermore, these data-driven
approaches have difficulties in generalizing to unseen en-
vironments and human behaviors [20]. The challenges can
be tackled with the rapid development of more advanced
methods, such as LLMs and MLLMs.

The rich embedded common-sense knowledge enables
LLMs to achieve great performance as zero-shot reasoners
[21]. Recent advances in LLM-based human behavior pre-
diction include action anticipation, represented often as verb-
noun pairs. The shift toward egocentric action anticipation,
influenced by large-scale datasets, such as Epic-Kitchen [22]
and Ego4D [23], has opened new pathways for predicting
human-object interactions and long-term action sequences
from egocentric view. Systems like PALM [24] demonstrate
how LLMs can predict action sequences from visual inputs.
Zhao et al. [25] introduces AntGPT that leverages LLMs
to model temporal dynamics and infer high-level goals from

video embeddings. Moreover, multimodal approaches such
as M-CAT [26] combine textual and visual cues for action
anticipation, enriching LLMs’ predictions through contrastive
learning. These LLM-based frameworks emphasize the utility
of integrating visual context, past actions, and In-Context
Learning (ICL), notably boosting the performance in pre-
dicting human behavior. Nevertheless, many of the LLM-
driven action anticipation approaches rely on egocentric
visual inputs, i.e., human actions from a first-person perspec-
tive. Research utilizing LLMs to predict human behaviors
from a third-person perspective is relatively uncommon. For
instance, Gorlo et al. [27] leverages LLMs and scene graphs
to predict human interaction sequences and trajectories in
a synthetic dataset. Moreover, predicted human behaviors
further benefit the downstream decision-making applications,
enabling human awareness and achieving undisturbed task
and motion planning [28], [29].

In this paper, we propose a modular framework to bench-
mark pre-trained general-purpose MLLMs to predict future
human behavior from a third-person robot perspective, us-
ing past human interaction labels and RGB images. Our
framework does not require fine-tuning the MLLMs, can
be applied on flexible prediction horizons and efficiently
directed towards the action space in a specific domain with a
small number of ICL examples. We systematically build the
prediction pipeline and motivate the design choices for input
representation, prompt composition, and task reasoning.

I I I . M E T H O D O L O G Y

A. Problem Definition

We aim to reveal the capabilities of various MLLMs in
predicting future human behaviors. The task is defined as
predicting the interaction labels at a future time step based
on the current visual context and the history of past interaction
labels. An interaction label refers to a symbolic “verb-noun”
pair, such as “touch-table”, while a behavior can be a list
comprising multiple interaction labels, e.g., [“sit on-sofa”,
“touch-table”]. Let Lt and Vt denote the interaction labels
representing the human behavior and the visual scene context
at time step t, respectively. Using the MLLM-based prediction
system f , the objective is to predict the interaction labels L̂3
at a time step t = 3 seconds in the future, based on the current
visual scene context V0, the historical interaction labels L−2:0
from up to 2 seconds in the past, and a set of ICL examples
En. The prediction is given by:

L̂3 = f (V0,L−2:0,En) (1)

where En = {e1,e2, . . . ,en}. Each example ei is a tuple of
the label history from t =−2 to t = 0 and the ground truth
future label at t = 3 which can be formulated as:

ei =
(

L(i)
−2:0,L

(i)
3

)
(2)

The interaction label L̂3 can also be predicted autoregres-
sively with intermediate predictions L̂1 and L̂2 at the time
steps t = 1 and t = 2, respectively. In this case, the prediction
is reformulated as follows:



Fig. 2: System overview for human behavior prediction with scene context. The top part depicts the ground truth human interactions.
The prediction system is illustrated in the lower part, which consists of an MLLM that is instructed with a prompt including the task
description to predict future interaction labels and a set of In-Context Learning (ICL) examples. We ablate the visual input with four types
of visual context representations: blind (no visual input), image, image sequence, and image caption, varying from one to three past
time steps. An autoregressive prediction step is added to improve the predictions, which predicts the intermediate action labels.

L̂3 = f
(
V0,L−2:0,En, L̂1, L̂2

)
(3)

A common problem with a short prediction horizon (e.g.,
1 or 2 s) is that the activity is not likely to change in a
short time, leading to a trivial prediction problem. In order to
meaningfully examine the prediction ability of the MLLMs,
we therefore select a 3-second prediction horizon. More
details are explained in Sec. IV-B. An example of the problem
definition in the prompt is shown on the right side of Fig. 2.

B. System Overview

We propose a flexible and modular framework to bench-
mark MLLMs in predicting human behavior using 2D scene
images and interaction histories. The system is designed to
work with general-purpose MLLM backbones and handle
the prediction task without task-specific model fine-tuning.
The key components of our system are illustrated in Fig. 2.
Firstly, there is the choice of a central MLLM module. The
MLLM interprets the visual context to identify the human in
the scene, ongoing activity and relevant objects. Secondly,
there is the input structure which includes the history of past
interactions, visual input, and captioning. Thirdly, there is the
prompt design, which guides the reasoning process of MLLM
in defining the specific prediction task and constraining the
output format. The ICL technique is used to that end. Finally,
there is the autoregressive prediction step which generates
intermediate predictions.

C. Multimodal Large Language Model (MLLM)

MLLMs typically consist of three main components [30]: a
language model backbone, a vision encoder, and a vision-to-
language adapter (see Fig. 1). The language model backbone
provides a foundation of general world knowledge and
instruction-following capabilities. The visual encoder makes
use of existing pre-trained models, with most MLLMs relying
on language-supervised CLIP models [31]. The vision-to-
language adapter ensures interoperability between the visual

and language domains, and can be realized with different
types of architectures, such as linear layers, Transformer-
based modules, or cross-attention layers.

Based on the state-of-the-art in the video analysis bench-
marks, such as VideoMME [32], we adopt one proprietary
and two open-source MLLM families, and two models from
each family with different model sizes, namely GPT-4o and
GPT-4o-mini [33], Qwen2-VL-72B- and -7B-Instruct [34],
as well as LLaVA-NeXT-Video-34B- and -7B-DPO-hf [35].
While GPT-4o can process data with the most modalities,
i.e., text, images, and audio, Qwen2-VL is designed to handle
images, text, and bounding boxes as inputs, and can produce
both text and bounding box outputs. Qwen2-VL’s 72B model
has been noted to outperform GPT-4o in certain metrics,
especially in document understanding tasks. LLaVA-NeXT-
Video is an extension of the LLaVA series [36], focusing on
video comprehension. It is built upon the Qwen2 language
model and has demonstrated strong zero-shot performance in
video tasks, even when trained only on image data.

D. Visual Context Representations

Visual context can be represented in several ways to
enhance the accuracy of behavior predictions. We consider
three visual representations relevant for the prediction task:
a single image, a multi-frame image sequence capturing the
motion over time, to provide a richer context for predicting
future behavior, and a scene caption generated by the MLLM
that describes the person, relevant objects and actions, and
possible affordable actions. In addition, we evaluate a textual
representation as a baseline (i.e., blind), where no visual
context is provided, and predictions rely solely on historical
interaction labels. The illustration of the visual context
representations is shown in Fig. 2.

E. In-Context Learning (ICL)

As LLMs are general-purpose models, they need to be
directed to follow a specific task format. To this end, the
concept of ICL is widely adopted, whereby the task is



Fig. 3: Examples of human behavior predictions. The last row depicts a false prediction that differs from the ground truth.

demonstrated by including examples of input-output pairs
in the model prompt [37]. In our case, each visual ICL
example [38] is a tuple with the interaction label history and
the respective ground truth prediction, as shown in Fig. 2.
Using the ICL examples in the prediction task has several
advantages: it demonstrates the desired output format, defines
the set of common, domain-specific interaction labels, shows
the common temporal patterns in the interactions, and thus
helps improve the predictions. We motivate using ICL over
fine-tuning because it can be applied at inference time,
without the need of updating the model weights (i.e., a quite
expensive procedure).

F. Autoregressive Prediction

Inspired by Chain-of-Thought (CoT) [39], we try to guide
the behavior prediction by adding intermediate prediction
steps. Unlike CoT, these steps do not contain natural lan-
guage reasoning but are intermediate predicted interactions
that follow the same “action-object” format. Given LLMs’
autoregressive generation of output, the preceding steps are
automatically incorporated into the context for the final 3-
second prediction. In consequence, all predictions at timesteps
1, 2, and 3 seconds can be performed in a single response.

I V. E VA L U AT I O N

We evaluate the prediction quality of our system and the
impact of the possible design elements, outlined in Sec. III.

A. Experiments

We systematically analyze the impact of individual com-
ponents on the prediction performance of the overall system.
To this end, we propose the following experiments:

Visual Context Representations. We ablate the following
four representations of the input sequence: blind, single
image, image sequence, and caption, as illustrated in Fig. 2.

Number of ICL Examples. The number varies from 1 to
15. Since GPT-4o can process a maximum of 50 images
per request1, and the ICL examples have the same visual
representation type as in the queries, with the sequence and

1https://learn.microsoft.com/en-us/azure/ai-services/openai/quotas-limits

caption types containing 3 images in each, the maximal
number of ICL examples under the limit is 15, i.e., 3 images×
(15examples+1query) = 48.

Autoregressive Prediction. We compare the performance
with and without autoregressive prediction, i.e., intermediate
predictions at timesteps 1, 2, and 3 seconds in the future.

The experiments benchmark GPT-4o (version 2024-05-13),
GPT-4o-mini (version 2024-07-18), Qwen2-VL-72B-Instruct
and -7B-Instruct (in the following denote as Qwen-72B and
Qwen-7B), LLaVA-NeXT-Video-34B-DPO-hf and -7B-DPO-
hf (denote as LLaVa-34B and LLaVa-7B). The GPT models
are deployed with Azure OpenAI Service, while the Qwen
and LLaVA models with two Nvidia H200 GPUs.

B. Datasets
While recent studies focus on human behavior prediction

from an egocentric view, for deployments on robotic systems
and operation in human-cluttered environments, we choose
human behavior datasets in a third-person view, i.e., PROX
(Proximal Relationships with Object eXclusion) [12] and
PROX-S datasets [13], to build the evaluation sets and
ICL examples. PROX is a dataset for 3D human pose
estimation consistent with the 3D scene. It contains RGB
image sequences of human motion and scene interaction in
indoor environments from a third-person view and is sampled
in 30 frames per second. The 12 scene environments cover
bedrooms, living rooms, offices, and sitting booths. PROX-S
extends the PROX dataset by adding semantic interaction
labels on a frame-level. The interaction labels are formulated
as action-object pairs, containing 17 different actions and
42 unique interactions, describing the common human-scene
interactions. There can be multiple interaction labels present
for a frame if the human interacts with several objects, e.g.
[“sit on-sofa”, “touch-table”]. The MLLMs should predict
the correct and the correct number of interaction labels.

We derive an evaluation dataset by combining the scene
images from PROX with the semantic interaction labels from
PROX-S. As shown in Fig. 3, each data sequence is sampled
with at least 4 frames across a 6-second time interval, i.e., 3
historical frames at time steps -2, -1, and 0 s, and a future
frame at time steps 3 s. For autoregressive prediction, 2 more

https://learn.microsoft.com/en-us/azure/ai-services/openai/quotas-limits


frames at time steps 1 and 2 s are sampled additionally. We
sample the data sequences with a 1.5-second time difference
between the first frames. Using the test split of PROX-S, it
yields an evaluation dataset of 329 data sequences. Aiming
for a meaningful investigation of the prediction ability of
different MLLMs with respect to H1, and targeting a practical
short-term human activity anticipation for assistive robots,
we set the horizon to 3 seconds, such that 47.4% of the
sequences in the evaluation dataset have different target and
latest historical interaction labels (i.e., at time step 0s), and
25.8% of the sequences have two or more interaction labels
in the target frames, while with 1 and 2s horizon, 74.8%
and 60.8% of the data have identical target and past labels,
respectively. The ICL dataset is randomly sampled over the
entire evaluation dataset according to an equal distribution.

C. Metrics

We evaluate the prediction performance with the following
commonly-used metrics [14]:

Cosine Similarity. It evaluates the cosine of the angle
between the vector embeddings of two strings. It reveals
the semantic similarity of two phrases and produce a value
between −1 and 1, where 1 infers identical meaning. Let A
and B denote the vector representations of the text strings,
the cosine similarity is defined as:

Cosine Similarity =
A ·B

∥A∥∥B∥
(4)

Edit Distance. The minimum number of operations (dele-
tions, insertions, or substitutions) required to transform the
predicted sequence P into the ground truth sequence G. It
reports the character-level similarity and is defined as:

ded(P,G) = min


ded(P1:m−1,G1:n)+1 (del.)
ded(P1:m,G1:n−1)+1 (ins.)
ded(P1:m−1,G1:n−1)+1Pm ̸=Gn (sub.)

(5)

where P1:m and G1:n refer to the first m and n characters of
the prediction P and the ground truth G, respectively. The
value of edit distance also varies between 0 and 1, where 0
indicates a full match.

Accuracy Score. It measures the accuracy-like score based on
the overlap between prediction and ground truth interaction
labels for the same future single frame, considering both exact
and partial matches. It returns a value between 0 and 1, where
1 means fully matched. It is computed as follows:

Accuracy =
2×|P∩G|
|P|+ |G|

(6)

where P and G are the sets of predicted and ground-
truth interaction labels, respectively. Achieving high accuracy
when considering multiple human activity prediction is quite
challenging: recent state-of-the-art baselines with ego-centric
view can reach an accuracy on average of 0.6 [25].

Computational efficiency and a more dedicated analysis
considering different distillation techniques are out of the
scope of the present work and left for future research.

Visual Repr. MLLM Accuracy ↑ Cos. Sim. ↑ Edit Dist. ↓

Blind

GPT-4o 0.569 0.920 0.372
GPT-4o-mini 0.462 0.874 0.384
Qwen-72B 0.493 0.835 0.387
Qwen-7B 0.575 0.911 0.313
LLaVA-34B 0.553 0.897 0.298
LLaVA-7B 0.497 0.876 0.350

Image

GPT-4o 0.584 0.898 0.303
GPT-4o-mini 0.517 0.880 0.347
Qwen-72B 0.504 0.872 0.352
Qwen-7B 0.533 0.891 0.337
LLaVA-34B 0.582 0.903 0.289
LLaVA-7B 0.560 0.911 0.300

Sequence

GPT-4o 0.586 0.907 0.289
GPT-4o-mini 0.523 0.882 0.343
Qwen-72B 0.534 0.885 0.297
Qwen-7B 0.584 0.913 0.294
LLaVA-34B 0.587 0.905 0.293
LLaVA-7B 0.516 0.885 0.348

Caption

GPT-4o 0.611 0.908 0.272
GPT-4o-mini 0.550 0.894 0.308
Qwen-72B 0.559 0.894 0.285
Qwen-7B 0.588 0.901 0.295
LLaVA-34B 0.578 0.908 0.327
LLaVA-7B 0.551 0.903 0.306

TABLE I: Results of Zero-Shot Prediction. Higher values of
accuracy and cosine similarity and lower value of edit distance
indicate better performance. Bold numbers indicate the best results
in each visual representation.

V. R E S U LT S

The comprehensive quantitative evaluation results, which
include all MLLMs and visual representation types condi-
tioned on the number of ICL examples are presented in Fig. 4.

A. Visual Context Representations

In this section, we compare the zero-shot prediction perfor-
mance of the MLLMs across different visual representation
types. Extracting the first columns from each cluster in Fig. 4
results in Table I. Despite being extensively trained with
visual datasets, Qwen-7B achieves the highest accuracy at
0.575 in blind representation, slightly surpassing GPT-4o at
0.569, while all other MLLMs perform the worst compared to
other representations. Qwen-72B reports the lowest value of
cosine similarity and highest edit distance, and GPT-4o-mini
returns the worst accuracy compared to the other represen-
tation types. This suggests that the absence of visual input
limits the performance, highlighting the importance of visual
information in context-aware human behavior prediction.

With the image representation, the models perform slightly
better than with the blind representation. Among them, GPT-
4o achieved the highest accuracy at 0.584, and GPT-4o-
mini gains the most improvement in accuracy by 11.9%
(0.517 vs. 0.462). However, the accuracy of Qwen-7B is
even lower than the blind approach by 0.042 (0.533 vs.
0.575). No major changes are shown in terms of cosine
similarity or edit distance. This possibly infers that compared
to textual interaction histories, adding a single image alone
may introduce ambiguity or lack sufficient context of human
behavior or the environment.

The results with sequence representation are generally
better than in both single-image and blind settings. The
improvement is more pronounced for Qwen-7B, where the



Fig. 4: Quantitative comparison of all models conditioned on input representations, number of ICL examples, and autoregressive prediction.



accuracy score increases by 9.6% (0.584 vs. 0.533 in image
representation), and it also achieves the best cosine similarity.
For the other MLLMs, the performance gain is moderate but
consistent. It means that alongside the textual labels and a sin-
gle image, having multiple images in a continuous sequence
provides a richer temporal context. Since human behaviors
are usually dynamic, a sequence of images helps the models
to capture intent, motion, and cause-effect relationships better
than a single static image.

Caption and sequence representations are both designed to
capture the temporal context in human behavior prediction
tasks. However, adding a textual scene caption provides
additional descriptive information that may enhance scene
understanding of the MLLMs, and can potentially help reduce
ambiguity in behavior prediction. Both representations show
very similar performance patterns, where caption consistently
outperforms sequence setting by circa 2%−3% in accuracy.
Among them, GPT-4o achieves the highest accuracy at 0.611,
which is also the best overall result in zero-shot prediction.
However, the accuracy and edit distance of LLaVA-34 are
worse in caption than in sequence representation, where
adding further captions provides only redundant information
that the model has already extracted from the visual sequences
themselves. On the other hand, only minor variations are
observed in cosine similarity and edit distance.

In summary, incorporating visual inputs generally enhances
model performance in human behavior prediction tasks. Thus,
we confirm H2. Notably, the addition of textual captions to
image sequences provides significant improvement for GPT-
4o, but only marginally for the other models.

B. Number of In-Context Learning Examples

Observing the results from the changing number of ICL
examples across the models in Fig. 4, we observe a gen-
eral trend that the performance improves with the growing
number of ICL examples, providing evidence in favor of
H3. All models show a consistent improvement in all three
metrics as the number of ICL examples increases from 0
(i.e., zero-shot) to 15, except for Qwen-7B, whose accuracy
score considerably drops when the number of ICL examples
grows from 0 to 5, especially in blind and image settings.
Furthermore, both Qwen models encounter a performance
saturation in all three visual-based representations, especially
with more than 10 examples. This is possibly related to the
inconsistent quality of the examples since they are randomly
sampled over the entire evaluation dataset. Another possible
reason can be potential overfitting with small example sets,
causing it to focus too heavily on specific features from those
few examples rather than generalizing appropriately.

Unfortunately, the LLaVA models seem to be unsuitable
for ICL. This is potentially caused by its prompt template
that always first renders all images before processing the
text 2. The missing tokenize-in-place ability leads to the mis-
matching of example and query images, therefore consistently
resulting in failures and generating corrupted output tokens.
Hence, we do not report the ICL results of the LLaVA models

2https://cap-mllm.github.io/

in Fig. 4. Moreover, we also observed that LLaVA models
perform poorly in generating structured output, making it
difficult to extract the predicted interaction labels.

C. Autoregressive Prediction

By predicting the intermediate interaction labels at
timesteps of 1s and 2s, the autoregressive prediction shows
minimal improvement over the accuracy score and edit
distance with 15 ICL examples of GPT and Qwen models,
and zero-shot prediction results of LLaVA models, and has no
major impact on the cosine similarity, as depicted in the last
columns of each cluster in Fig. 4. On average, autoregressive
prediction improves the accuracy score for each MLLM
by circa 1%. This indicates that autoregressive prediction
can smooth out the final outcome, but only acts as a minor
refinement step rather than a major performance booster. At
this point, it is not possible to conclude in favor of H4.

D. Summary and qualitative results

Our evaluation shows that many configurations can deliver
competitive values of cosine similarity (over 0.9) and edit
distance (close to 0.2). Achieving high accuracy is the
most challenging task. The combination of GPT-4o with
caption representation, 15 ICL examples, and autoregressive
prediction obtains the highest accuracy at 66.1%. In Fig. 3,
we provide several examples to showcase some of the
challenging aspects of the behavior prediction problem: third-
person view from the robot in cluttered environments with
challenging lighting, partial occlusions, limited visibility of
objects, and potentially multiple ground truth labels. Overall,
we find evidence in favor of H1, concluding that MLLMs
can successfully predict non-trivial sequences with potentially
multiple ground truth labels.

V I . L I M I TAT I O N S

A. Limitations of In-Context Learning

While ICL improves the performance, it faces scaling lim-
itations, as the performance gains plateau after 10 examples
for most cases. However, computational costs increase with
more examples, posing challenges for real-time applications.
Additionally, the effectiveness of ICL depends on exam-
ple quality and diversity, and also vaires across different
model families. Vision-based MLLMs such as Qwen models
show marginal improvement with ICL comparing to general-
purpose MLLMs such as GPT models. Thus, optimizing ICL
requires balancing example selection, context constraints, and
computational efficiency to maximize the performance.

B. Limitations of MLLMs in visual and spatial reasoning

The experiment results show that the MLLMs heavily
depend on additional context (i.e., ICL examples) to achieve
higher accuracy, with zero-shot performance being notably
weaker. This indicates the limitations of pre-trained MLLMs
in visual and spatial reasoning. While the GPT models
benefit from richer multimodal input, the Qwen models show
minimal difference between textual (i.e., blind) and visual
representations, suggesting that they struggle to extract mean-
ingful spatial information directly from visual inputs without

https://cap-mllm.github.io/


textual guidance. This is further evidenced by sequence and
caption representations producing similar results in the Qwen
models, where all metrics level out, demonstrating a clear
ceiling effect in spatial reasoning capabilities, and indicating
inefficient utilization of temporal-spatial information. These
findings highlight the challenges of grounding spatial under-
standing in MLLMs across architectures.

V I I . C O N C L U S I O N

In this paper, we presented a modular and generic frame-
work for human behavior prediction based on Multimodal
Large Language Models (MLLMs). We performed a sys-
tematic evaluation in terms of the quality of the generated
predictions by varying the type of input context, number
of In-Context Learning (ICL) examples, and the addition
of autoregressive prediction. The findings suggest that the
best-performing model configuration reaches 92.8% semantic
similarity and 66.1% exact label accuracy in predicting
potentially multiple human behaviors in the target frame.

Our evaluation supports the hypotheses H1, H2, and H3
presented in Sec. I. Firstly, many configurations can deliver
competitive results without additional fine-tuning for correctly
predicting non-trivial sequences of human activities. Further-
more, incorporating additional visual context and more ICL
examples yields the best performance.

In future work, we aim to extend this evaluation to real-
world experiments, consider other input modalities (e.g.,
audio, depth), and analyze computational efficiency.
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