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ABSTRACT

Human action anticipation remains a key challenge to achieve efficient human-robot interaction due
to the difficulties to learn the higher level of abstraction. This work explores three action anticipation
pipelines as a guideline for future work. Specifically, two pipelines adopt a top-down approach: they
recognize current actions and then anticipate future actions using either traditional machine learn-
ing models or Large Language Models (LLMs). The third pipeline follows a bottom-up strategy by
first forecasting future motions and then inferring actions. Our results show that top-down pipelines
achieve higher accuracy and robustness, demonstrating the advantage of abstract reasoning over

direct motion-based inference.

1. Introduction

Action anticipation is critical for applications like
human-robot collaboration [1] and robot motion genera-
tion [2]. However, understanding and forecasting human
behavior from visual data is a long-standing challenge.
These tasks become increasingly difficult as the pre-
diction horizon extends further into the future, due to
greater uncertainty and variability in human behavior
[3-5]. In this work, we distinguish between ‘motions’
as the low-level physical trajectories of body joints over
time, and ‘actions’ as higher-level, semantically mean-
ingful descriptions of activities (e.g. cutting, reaching).
Following this distinction and in line with prior works,
we use (action) anticipation’ to denote high-level action
predictions and (motion) forecasting’ to denote low-level,
coordinate-based motion predictions [6,7]. We use pre-
diction only as a general term for these computer vision
tasks in introductory and related discussions. In addi-
tion, we use the expression predicted actions to refer
to labels produced by predictive models, distinguishing
them from the direct outputs of language models, which
we call anticipated actions.

In realistic settings, people interact with other indi-
viduals and objects in shared environments. Model-
ing these interactions is important for accurate fore-
casting, as they can serve as contextual cues [8-10].
However, such modeling remains difficult due to the
complexity of social dynamics and the challenges
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of curating representative and accurate interaction
datasets. As a result, multi-person scenarios are under-
explored despite being common in real-world applica-
tions [11].

Many prior approaches rely on RGB or multimodal
inputs, which can be sensitive to visual variations such
as background and appearance [12,13]. Skeleton data,
by contrast, offers a compact and generalizable repre-
sentation of motion that abstracts away low-level visual
cues [14,15]. While often used for low-level motion fore-
casting, skeleton data has high potential for appearance-
agnostic action forecasting [15,16]. Nonetheless, how to
robustly perform action anticipation in a social setting
remains an open question.

In this paper, we investigate three pipelines for
action anticipation using the ‘Humans in Kitchens’ (HIK)
dataset [7], which represents realistic, multi-person inter-
actions through 3D skeletonlines investigated in this. As
shown in Figure 1, two of the pipelines follow a top-down
strategy: they first recognize ongoing actions and then
forecast future ones, using either classical machine learn-
ing (ML) models or large language models (LLMs) for
the anticipation task. The third pipeline adopts a bottom-
up approach, first forecasting future motion sequences
and then inferring actions from the predicted move-
ments. This setup enables a systematic comparison of
different anticipation strategies in a unified and realistic
input-output setting.
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Figure 1. The three pipelines investigated in this paper. The first pipeline Recog.- > LLM uses a machine learning model to recognize
current actions, which are then fed into an LLM to forecast future actions. The second pipeline Recog.- > ML also recognize current actions
while using a predictive model for the action anticipation. The third pipeline Motion- > Recog. first forecast the future motions, and then

uses these predicted motions to recognize the actions.

The contributions of this paper are therefore three-

fold:

e We formulate a challenging action anticipation task,
featuring complex observer-view scenarios with mul-
titasking subjects, and support varied label formats.

e We design and implement three distinct model
pipelines to solve this task, including two top-
down (action-first) and one bottom-up (motion-first)
approaches.

e Webenchmark these pipelines on a naturalistic, multi-
person dataset of solely skeleton data, providing a
systematic comparison of performance baselines.

2. Related work

The task of action prediction is compelling in computer
vision, spanning tasks from recognizing ongoing actions
to anticipating future ones. The task of anticipation is par-
ticularly challenging, as uncertainty and potential errors
grow with the prediction horizon [3]. While action recog-
nition is a well-established field with large-scale bench-
marks such as NTU RGB+D [17] and AVA [9], action
anticipation remains less explored despite its clear real-
world utility.

To model the complex temporal dynamics of human
action, a variety of architectures have been explored,
including CNNs, RNNs, Transformers, and transitional
models [5,18-21]. Recently, Large Language Models
(LLMs) have emerged as a powerful tool for this task,
leveraging textual cues or recognized action labels for
high-level sequential reasoning [22-24]. Since LLMs
do not operate directly on video features, this necessi-
tates a two-stage, top-down approach: first recognizing
actions, then prompting the LLM for future anticipa-
tions [25,26]. The alternative is a bottom-up strategy,
which first forecasts low-level motion and then applies
recognition to those predicted movements [27,28]. While

both top-down and bottom-up strategies are cognitively
inspired, they have not yet been systematically compared,
particularly in a realistic, multi-person setting.

A significant gap in this field stems from the lim-
itations of datasets. Many benchmarks for observer-
view action recognition, for instance, rely on scripted
behaviors or provide only a single action label per
clip [17,29-31], which simplify the task at the cost
of real-world applicability. While newer, LLM-based
studies leverage more natural datasets, they are almost
exclusively benchmarked from an egocentric perspec-
tive [25,26,32], which limits the analysis to a single
actor’s primary task and overlooks the complexity of nat-
ural multitasking. Meanwhile, the related field of motion
forecasting has demonstrated that incorporating contex-
tual and social cues significantly enhances anticipation
performance of models [16,33]. These parallel efforts
highlight a gap in benchmarks that combine realism,
multi-person interaction, and observer-view settings. To
address this, we turn our attention to the recently-
released ‘Humans in Kitchens’ (HIK) dataset [7], which
was previously benchmarked only for motion forecasting
but also includes high-level action annotations, making it
well-suited for our study.

3. Method and materials
3.1. Modeling approaches

Our work systematically compares three distinct pipelines
for action anticipation using skeleton data, as illustrated
in Figure 2. Specifically, we focus on high-level action
anticipation using low-level skeleton data, which pro-
vides rich spatio-temporal information suitable for mod-
eling human motion while avoiding biases present in ego-
vision or RGB-based approaches. We investigate two top-
down (action-first) pipelines that first recognize ongoing
actions and then use these high-level labels to anticipate
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Figure 2. Detailed pipelines investigated in this paper, with the functionality blocks color-coded. The upper pipeline represents the top-
down methodology, which branches into two variants due to different forecasting strategies used in the second stage. The lower pipeline
represents the bottom-up methodology, where the second stage employs the same models as the first stage of the top-down approach.

future actions. These are contrasted with a bottom-up
(motion-first) pipeline that first forecasts future motions
and then infers actions from the predicted motions. This
experimental design allows us to directly compare the
effectiveness of abstract, label-based reasoning against
low-level temporal modeling within a unified frame-
work. Unlike prior benchmarks on skeleton-based action
recognition that typically focus on scripted or indepen-
dent actions, our setup leverages a realistic, interaction-
rich dataset, extending recognition to inter-dependent,
real-world actions and connecting functional blocks to
achieve generalizable anticipation.

All pipelines are built upon a shared action recognition
backbone, a tailored model built upon Hyperformer [34],
a high-performing transformer that demonstrated strong
action recognition performance on the NTU RGB+D
dataset [17], with reconfigured and fine-tuned to ensure
it is fully adapted to the setting of the multi-person and
multi-label dataset. To ensure compatibility with both
upstream and downstream modules, we train the action
recognition models to produce two distinct output for-
mats. We use hard labels (one-hot vectors) to identify
the dominant action, as their clear class boundaries are

beneficial for tasks like class re-balancing. In parallel, we
use soft labels (float vectors to show the proportion of
each action’s presence in a period) because they pro-
vide a detailed representation of the multiple, overlapping
behaviors common in our setting. The two top-down
pipelines use these labeled recognitions to feed either a
classical ML model or an LLM, which learn to antici-
pate future actions. The bottom-up pipeline, in contrast,
employs a fine-tuned implementation of SAST [16] to
first future skeleton motions before they are interpreted
by the same recognition module.

3.2. Dataset and pre-processing

Aligning with our motivation, we select skeleton data
as our primary input modality to promote model gen-
eralizability and ensure robustness against variations
in appearance, lighting, and background. Our experi-
ments are grounded in the ‘Humans in Kitchens’ (HIK)
dataset [7], which collected 3D skeleton sequences
from realistic, unscripted multi-person interactions.
HIK is particularly suitable as a benchmark for action
anticipation because it provides both low-level motion
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Figure 3. Temporal presence of action labels for Person 1 in Scene A. The x-axis represents video frames, and the y-axis denotes action
label indices. Each dot indicates that a specific action (y-axis) is annotated as occurring at a given frame (x-axis).

(skeletons) and high-level action annotations of real-
world activities at a per-frame resolution, as presented
in Figure 3, thereby enabling direct comparisons across
levels of abstraction. Meanwhile, to maintain clarity
while preserving meaningful distinctions, the annotation
scheme in HIK [7] merges actions that differ semantically
but not functionally, e.g. all eating or drinking activi-
ties are grouped together, while keeping distinguishable
actions, e.g. carrying a plate versus carrying a whiteboard
marker. This ensures that the filtered label set aligns
with our skeleton-only representation and avoids unsup-
ported object- or tool-specific distinctions. Prior bench-
marks of it, however, have focused almost exclusively
on motion forecasting [16], leaving the task of action
anticipation underexplored in this modality.

A key distinction of our setting is the need for a multi-
label formulation. In realistic scenarios, individuals often
perform several actions concurrently (e.g. standing while
talking and carrying a plate). Rather than collapsing these
into a single class through one-hot encoding, we rep-
resent each time window with a soft label, which is a
vector and every entry is a proportion between 0 and
1 indicating the fraction of frames annotated with that
action. This provides a faithful description of overlapping
behaviors and better reflects the richness of real-world
activity.

While the realism of the HIK dataset makes it an
excellent setting for understanding human activities in
multi-person scenarios, it also introduces challenges that
are common in real-world data. First, the social environ-
ment is highly dynamic, meaning the number of indi-
viduals present is not constant. People naturally appear
and disappear from view, which leads to dense periods of
co-occurrence, with up to nine individuals present simul-
taneously in the test scene (Scene A) and even up to 14
in others. Second, this complexity extends to individual
behavior, as people frequently perform multiple actions
concurrently. This results in a single person having up
to six simultaneous action labels, as visualized in Figure
3. Finally, the unscripted nature of the actions leads

to a highly imbalanced data distribution, where com-
mon activities like sitting are far more noted than events
like starting a dishwasher. Taken together, it is precisely
these challenges that make HIK a difficult yet well-suited
benchmark for developing anticipation models robust
enough for real-world applications.

To establish a standardized framework, we first define
the overall pipeline configuration. The core anticipation
task is set as observing a 10-second (250-frame) window
to predict the subsequent 10 seconds. We refined the orig-
inal 82 action categories of HIK into a more tractable
set of 34 labels. This reduction follows two clear crite-
ria: (1) the action must appear for at least 250 frames in
more than one scene; and (2) it must have at least one
continuous instance of more than 300 frames. Actions
that failed both conditions were not taken into account,
as they are insufficient for training anticipation models.
For example, highly fragmented or single-scene activi-
ties were excluded from the dataset that we used, while
ambiguous actions that cannot be resolved from skeleton
data alone, e.g. talking, were also removed. This yields the
benchmark to be less affected by label scarcity and better
aligned with what skeleton-based models can realistically
capture.

In addition, HIK has an inherent significant imbal-
ance due to its setting that applying a 250-frame window
with a uniform stride would contain up to 80% of a
dominant class, leaving all others below 10%. In such
cases, a trivial model that always outputs the dominant
action could already achieve deceptively strong scores.
Since augmentation of skeleton data might include more
noise, we apply a dynamic sliding window strategy dur-
ing training to specifically counter this. Specifically, the
stride is adjusted between 1 and 250 based on frequency
and continuity of each action, ensuring that the result-
ing training samples are distributed more evenly across
the filtered 34 classes. This reduces the risk of bias in
dominant categories and allows less frequent but mean-
ingful actions to contribute more effectively to model
learning.



3.3. Metrics and evaluations

We use a 10-second observation window followed by
a 10-second anticipation window for the core anticipa-
tion task, providing a consistent temporal context for
comparison across all pipelines. Two types of inputs are
considered: (i-1) one hard label per second and (i-2) one
soft label over the period; and three types of outputs: (o-
1) one hard label per second, (0-2) one hard label over
the period, and (0-3) one soft label over the period as
previously described.

Pipeline performance is primarily evaluated using
Top-1 and Top-5 accuracy on the predicted actions,
expressed as percentages. While some shared metrics,
such as Top-k accuracy, are reported, these cannot be
directly compared across different output types. For
example, an ‘any-hit’ criterion is applied for soft-label
anticipation, favoring models that better capture prob-
abilities or action presence. For LLM-based pipelines,
accuracy is assessed after a lemmatization process, where
if the processed label cannot be matched to any action in
the predefined pool, it is treated as an anticipation that no
relevant action occurred. In addition, the first generated
response is taken as the effective prediction for calcu-
lating the Top-1 accuracy because their predictions are
not ranked by probabilities. Additionally, edit distance is
used to compare LLM outputs, providing insight into the
models” ability to anticipate verbs and nouns correctly.
Component-level evaluations employ task-specific met-
rics that, at the action-label level, hard-label anticipations
use mainly cross-entropy, while soft-label anticipations
are assessed additionally with mean squared error (MSE);
at the motion level, forecasting in the bottom-up pipeline
is evaluated using both MSE and Normalized Directional
Motion Similarity (NDMS) [35]. To enhance readability,
we use 1/] indicators in the result tables in Section 4,
but include them only at their first occurrence to avoid
unnecessarily size expansion of them.

To ensure consistency across pipelines and enable fair
comparisons, we create a fixed test set from Scene A
of HIK, based on the aforementioned filtering criteria.
For more detailed, component-level analyses, we include
additional configurations and input-output tasks, cov-
ering train-test splits by person versus by scene, com-
parisons across ML methods, and evaluations of zero-
shot versus fine-tuned LLMs. Because the accuracies are
mostly computed once over a single fixed test set, we
report it without standard deviation; in contrast, per-
sample metrics include standard deviation (std.) when
they serve as primary criteria, e.g. MSE or NDMS for
motion forecasting. In addition, we additionally report
the std. of Top-1 accuracy of LLMs, since the responses
are unranked. These metrics and evaluation procedures

ADVANCED ROBOTICS e 5

provide a standardized framework to quantify both
end-to-end pipeline performance and individual mod-
ule contributions, highlighting strengths and limitations
across diverse input-output configurations.

4. Experimental results

In this section, we present the experimental results.
We first compare the performance of the three com-
plete action anticipation pipelines, followed by a detailed
analysis of the individual modules, i.e. skeleton-based
action recognition, skeleton-based motion forecasting,
and label-level action anticipation. This two-level evalua-
tion allows us to assess both the end-to-end effectiveness
of each pipeline and the specific contribution of each
component.

4.1. Overall performance comparison of pipelines

As shown in Table 1, our evaluation reveals clear trade-
offs between the pipelines, with the preferable method
depending on the specific anticipation task and desired
output.

As shown in the table, top-down approaches exhibit
a distinct performance pattern depending on the gran-
ularity and output type of the task. The Recog.-
> LLM pipeline performs best for fine-grained and prob-
abilistic reasoning, achieving the highest Top-1 accuracy
for both per-second hard label and period-level soft label
anticipations. Its strength comes from leveraging knowl-
edge and reasoning capabilities of LLMs acquired during
their pre-training phase to model temporal dependen-
cies, making it well-suited for applications that require
either the most likely instantaneous action or a compre-
hensive anticipation over time.

On the other hand, the Recog.- > ML pipeline is more
effective at producing a final probabilistic output for an
aggregated future period. This suggests it excels at con-
solidating complex observations into a reliable probabil-
ity forecast. These results emphasize the complementary
expertise of the two pipelines: the Recog.- > ML pipeline
is preferable for a single aggregated probabilistic antici-
pation, whereas the Recog.- > LLM pipeline is better for
sequential action anticipation or generating a diverse set
of possibilities.

In contrast, the bottom-up pipeline suffers from
error propagation: inaccuracies in motion forecasting
degrade action recognition performance, particularly
when recognition is based on individual (separate) and
short observation windows (i.e. conducting the recogni-
tion on motions per second). Nevertheless, this approach
still yields reasonable Top-5 accuracy, suggesting the
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Table 1. Performance comparison of the complete action anticipation pipelines, evaluated by Top-1 and Top-5 accuracy.

Anticipation Task Method Specified Configuration Top1 Acc.[%] T Top5 Acc.[%] T
Hard label per second Recog.- > LLM recog. - > original GPT-4 14.02 17.91
Using hard label per second 2424 35.89
Recog.- > ML Using hard label per second 17.54 34.56
Motion - > Recog. random forecasts - > recog. 0.82 9.81
Forecast with full observations 18.15 68.83
Forecast with last 25 framesx 8.44 58.5
Hard label over 10 second Recog.- > LLM Using hard label per sec. 21.30 27.27
Using soft label over 10 sec. 20.61 24.60
Recog.- > ML Using hard label per sec. 15.49 29.47
Using soft label over 10 sec. 44.08 48.16
Motion - > Recog. Forecast with full observations 15.03 62.06
Forecast with last 25 frames 15.78 58.13
Soft label over 10 second Recog.-> LLM Using hard label per sec. 23.15 72.89
Using soft label over 10 sec. 20.01 76.09
Recog.- > ML Using hard label per sec. 18.16 36.16
Using soft label over 10 sec. 2743 40.06
Motion - > Recog. Forecast with full observations 13.36 50.52
Forecast with last 25 frames 12.92 49.95

Note: Two baselines, shown in italics, are benchmarked on the hard-label-per-second task: using a zero-shot learning for the Recog.- > LLM pipeline (‘recog.-
> original GPT-4') and a random forecaster for the Motion- > Recog. pipeline (‘random forecasts— recog’.). Configurations marked with an asterisk (x) use a
different input to match the original setting as in [16], as discussed further in Section 4.3.

Table 2. Action recognition performance on its independent test set.

Recognition Task Training Loss Data Split Top1 Acc. Top5 Acc. CEJ MSE |
Hard label for 1 sec. Cross-Entropy person 35.25 72.90 3.29 -
Cross-Entropy scene 7.94 24.20 6.28 -
Hard label for 10 sec. Cross-Entropy person 62.21 93.03 1.52 -
Cross-Entropy scene 20.52 71.00 3.69 -
Soft label for 10 sec. Cross-Entropy person 61.64 92.68 8.44 178.6
Cross-Entropy scene 27.86 72.00 10.93 265.4
MSE person 60.41 91.59 7.74 2352
MSE scene 28.17 71.95 11.04 267.4

Note: Metrics include Top-1/Top-5 accuracy, Cross-Entropy (CE), and MSE for soft-label tasks.

action recognition model is robust to suggest proper sets
of candidate anticipations against noisy forecasts, yet to
a limited extent. Overall, the results confirm that the
Motion- > Recog. pipeline is a viable method, but top-
down approaches are relatively more coherent and robust
against error accumulations.

4.2. Action recognition performance

The action recognition models are evaluated indepen-
dently, with results presented in Table 2. The models
achieve higher accuracy with a longer, 10-second obser-
vation window. Interestingly, while cross-entropy for
soft-label recognitions is higher due to their complex-
ity, the ‘any-hit’ accuracy remained comparable to that
of hard labels. We also observed that the choice of train-
ing loss (MSE or cross-entropy) does not significantly
impact the final accuracy on soft-label anticipation tasks.
Nevertheless, Table 2 shows a shared and noticeable per-
formance drop over all configurations when the train-
test split is based on the scene rather than the person.
This suggests the model generalizes effectively to new
action performers but struggles with unfamiliar scene
layouts, likely because variations in object placement and
orientation are difficult to normalize.

4.3. Motion forecasting performance

For motion forecasting, the first stage of our bottom-
up pipeline, we replicate the SAST model from [16] but
adapt its configuration to align with the pipelines’ shared
configurations by extending the input observation win-
dow from the original 1 second to 10 seconds. Our
benchmark results, presented in Table 3, show a slight
performance improvement over the original SAST pub-
lication. We attribute this to methodological differences,
including the use of a comparatively easier test set (Scene
A vs. D) and an action-label-based frame filtering strat-
egy in place of uniform sampling. More critically, we find
that forecast quality measured by MSE does not always
correlate with the success of the downstream recognition
task. Instead, higher NDMS scores prove to be a more
reliable forecaster of improved recognition performance,
a relationship we summarize in Table 1.

4.4. Action-level anticipation performance

4.4.1. Machine learning on categorical action labels

Table 4 summarizes the performance of three classical
ML methods on the test set of label-level anticipation.
Among them, k-Nearest Neighbors (k-NN) significantly
outperforms in terms of Top-1 accuracy, showing its
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Table 3. Motion forecasting performance on its independent test set. Metrics include MSE and NDMS [35]. The first row shows the

published benchmarks [16] for comparison.

Forecasting Task Model MSE NDMS 1
Observe 25 frames, forecast next 250 frames Benchmarked in [16] - 0.17
Replicated 0.330 £0.11 0.19 £0.11
Observe 250 frames, forecast next 250 frames Replicated 0.339 +0.38 0.23 +0.05
Table 4. Action anticipation performance on its independent test set.
Anticipations Observations Model Type Top1 Acc. Top5 Acc. CEJ MSE |
Hard label per sec. Hard label per sec. k-Nearest Neighbors 59.44 63.03 3.97 -
Random forest 18.62 76.97 242 -
Logistic Regression 12.06 59.16 12.6 -
Hard label over 10 sec. Hard label per sec. k-Nearest Neighbors 58.22 61.55 422 -
Random Forest 4.62 67.67 2.62 -
Logistic Regression 4.02 31.73 13.60 -
Soft label over 10 sec. k-Nearest Neighbors 57.15 61.39 1.59 -
Random Forest 50.52 64.56 1.42 -
Logistic Regression 4.46 65.98 3.13 -
Soft label over 10 sec. Soft label over 10 sec. k-Nearest Neighbors 98.68 99.97 4.56 0.015
Random Forest 98.93 100.0 13.3 0.015
Logistic Regression 98.21 99.91 36.0 0.015

Note: Metrics include Top-1/Top-5 accuracy, Cross-Entropy (CE), and MSE for soft-label tasks.

capability to more effectively identify the most likely
action by directly comparing observations in the three
forms to similar patterns in the training data. Ran-
dom forests slightly outperform in Top-5 accuracy by
capturing a broader distribution of plausible actions,
which could also lead to the lower cross-entropy that
it achieves. Logistic regression generally underperforms
due to its limited capacity to model the complex rela-
tionships inherent in this task. This illustrates a trade-
off between anticipating the single most probable action
versus modeling the overall distribution.

Taken together, while random forests offer some
advantages in Top-5 accuracy and cross-entropy, these
benefits are marginal compared to the substantial deficit
in Top-1 accuracy relative to k-NN, motivating its selec-
tion as the preferred model for label-level anticipation,
where accurately identifying the next action is critical.

4.4.2. LLMs on descriptive action labels

Our evaluation of LLM-based anticipation, summarized
in Table 5, demonstrates clear gains from integrating
LLMs into the action anticipation task. Even without
adaptation, the zero-shot model performs reasonably
well in settings where inputs and outputs share the same
representational form (e.g. per-second hard label to per-
second hard label, or over-period soft label to over-period
soft label). After fine-tuning, the models show substantial
improvements over zero-shot baselines, producing more
structured and accurate outputs across conditions. They
not only become more reliable in these point-to-point
tasks but also succeed in resolving harder input-output
mismatches, leading to greater robustness and overall
stronger performance as summarized in Table 1. Taken

together, these results indicate that the LLM stage is not
the primary limiting factor of the Recog.- > LLM pipeline.
Furthermore, when errors from the upstream task, i.e.
action recognition, inevitably propagate downstream and
cap the achievable performance, the LLM stage demon-
strates higher robustness than the Recog.- > ML pipeline.

As shown in the two examples below, fine-tuned LLMs
can produce outputs that are properly formatted and con-
sistent with task-specific instructions. In many cases, the
model correctly highlights the relevant action keywords
once its vocabulary has been adapted through training
prompts. This makes the anticipations readily usable for
further qualitative or quantitative analyses.

However, drawbacks remain that require additional
processing to fully exploit these outputs. A central issue
is semantic inaccuracy, where the model generates plau-
sible but incorrect labels, often in the form of synonyms
or over-detailed descriptions. For instance, the process of
‘making coffee’ may be expanded into ‘stir coffee, taste
coffee, adjust taste, sip coffee’. While the format is cor-
rect, such verbosity complicates mapping anticipations
back to the predefined action categories. To address this,
an additional language model would be needed to post-
process the outputs (e.g. in this case, we used spaCy
for lemmatization), so as to align with the target action
dictionary.

Another challenge arises when the task desires soft
labels. Although the anticipations remain reasonable and
achieve strong Top-k accuracy under the ‘one-hit’ eval-
uation policy, their MSE remains higher than that of
classical ML models, even after fine-tuning. This likely
stems from the LLM’s tendency to distribute probabil-
ity mass across a broader set of plausible actions, which
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Table 5. Performance of LLM models for action anticipation on the test set, including fine-tuned results and zero-shot performance

using the original OpenAl GPT-4 model.

Antici-pations Observ-ations Model Top1 Acc. Top5 Acc. CE CE ED verb ED noun MSE MSE’
Hard label per sec. Hard label per sec. zeroshot 824403 86.8 6.33 4.74 0.96 1.01 - -
finetuned 873+ 04 94.9 4.57 1.84 0.49 0.51 - -
Hard label over 10 sec. Soft label over 10 sec. zeroshot 12.14+0.1 73.0 36.0 35.8 0.99 0.76 - -
finetuned 92.1+04 95.1 2.85 1.77 0.04 0.05 - -
Soft label over 10 sec. Soft label over 10 sec. zeroshot 62.2+0.3 95.7 15.0 5.12 - - 0.316 0.071
finetuned 833+ 0.1 100 1.50 0.32 - - 0.125 0.019

successfully broadens the ‘hit space’ but has limited capa-
bility in achieving numerical precision.

Asillustrated in the examples below, formatting incon-
sistencies can still occur even with properly crafted
prompts. For fine-tuned models, outputs occasionally
deviate from the required structure, producing ver-
bose or conversational text that complicates automated
parsing. These cases typically require additional post-
processing to convert the anticipations into structured
action labels usable by downstream modules. The issue
is more pronounced in zero-shot deployments, where
the model frequently generates unstructured outputs that
cannot be directly mapped to the expected labels. Such
outputs necessitate alternative evaluation strategies and
highlight the practical challenges of using LLMs without
adaptation, consistent with observations in prior work
[25].

These persistent challenges with both semantic and
structural reliability underscore a practical reality: lever-
aging LLMs within an automated pipeline requires a
robust post-processing setting. This fact hints that, rather
than being used purely as direct prediction engines,
LLMs may be most effective in a complementary role
alongside structured models. A promising future direc-
tion could be to reposition the LLM as a supervisory layer
that validates, refines, or critiques the outputs of more
structured models, a concept explored in recent works
such as [26].

5. Conclusion

In this work, we present and systematically evaluate three
distinct pipelines for skeleton-based action anticipation.
Our experiments are grounded in the realistic multi-
person Humans in Kitchens dataset, where social inter-
actions emerge naturally rather than following scripted
patterns. This setting poses challenges for action rep-
resentation, as behaviors are continuous, overlapping,
and observed from multiple perspectives. Under this sit-
uation, soft labels, which take proportionate of action
presence time instead of binary values that form one-hot
encoding, can more faithfully capture concurrent actions
than simply hard labeling the dominant action.

Our results show that top-down strategies, which
first recognize current actions to anticipate future ones,
are generally more reliable than a bottom-up approach
that suffers from error accumulation. Specifically, among
the top-down methods, classical machine learning mod-
els demonstrate robust and efficient performance on
simplified, temporally abstracted inputs. LLM-based
forecasters achieve higher accuracy and can suggest
a broader range of plausible future actions; however,
they entail greater computational cost, require additional
post-processing, and cannot fully exploit the numeri-
cal information encoded in soft labels. Together, these
results highlight the complementary strengths of the
two approaches and suggest opportunities for hybrid
pipelines or further refinements in model design.

While it is demonstrated that explicit contextual infor-
mation, such as other individuals or environmental fea-
tures, benefits low-level motion forecasting [16], it can
also introduce scene-specific biases. In our study, shared
performance drops are noted when the train-test split
is based on scenes rather than individuals in the action
recognition section indicates that the skeleton-based
models are able to generalize to new performers but
struggle with unfamiliar layouts. These results high-
light a trade-off between robustness and informativeness:
avoiding environmental biases improves generalization,
whereas leveraging context can enhance high-level recog-
nition. Future work could pursue complementary direc-
tions, including mitigating scene-specific biases, incor-
porating richer contextual cues into high-level modules,
and integrating semantic knowledge of actions to focus
on practically relevant distinctions, such as differentiat-
ing ‘sit and eat’ from merely ‘eat’ or ‘drink’.
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