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Abstract— Effective human-robot collaboration in industrial
settings requires robots to understand human intentions and as-
sist with task planning, reducing workload. Recent works have
explored the use of Multi-modal Large Language Models (MM-
LLMs) for task planning in such data-scarce scenarios, lever-
aging in-context learning to interpret user actions and generate
long-horizon action plans in natural language. However, MM-
LLMs inherently lack an understanding of system states and do
not track state transitions, often leading to hallucinated actions
that deviate from the intended goal. Additionally, generating
action plans in natural language tends to limit the generated
plans to a high level, introducing ambiguity in action execution.
To address these limitations, we propose the State-aware Task
Estimator and Planner (STEP), which prompts a MM-LLM
to explicitly estimate the state of the system and predict the
state transitions resulting from executed actions. By forecasting
future states alongside actions, STEP ensures task-convergent
planning while also providing additional assistance parameters
necessary for executing the predicted actions. We evaluate STEP
in a simulated environment using a robot assembly task. Our
approach outperforms the state-of-the-art by 32.8% in action
executability and 14.8% in final-state error.

I. INTRODUCTION

As robots have become more affordable and versatile, their
applications have expanded, particularly in industries requir-
ing greater human interaction and generalization. Human-
robot collaboration improves efficiency by drawing on their
respective strengths. However, effective teamwork requires
shared control and mutual understanding. For seamless col-
laboration, robots must be able to infer human intentions
and take over some of the workload. Relieving control
over to a robot can enable a person to supervise multiple
robots or take on a creative role by developing a vision
and delegating execution to the robot [1]. However, several
tasks in which robot assistance would help are intrinsically
human and designed for human-centric environments, and
training robots to infer human goals and generate actionable
plans requires extensive data collection, which remains a
significant challenge [2]-[4]. An alternative approach that
has recently gained popularity is the use of MM-LLMs for
long-term action anticipation (LTA) from observations [5]—
[8]. Prior work has explored the in-context performance of
MM-LLMSs to infer a human’s goal and predict the future
actions needed to achieve it, based on the sequence of actions
performed by the human [9]. However, directly querying an
MM-LLM for planning robot actions has several limitations.
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Since MM-LLMs lack real-world interaction during pre-
training, they struggle to track the effects of their planned
actions [10]-[12]. As a result, an agent that executes the
generated actions often deviates from the intended goal state.
To address this, recent work has proposed explicitly querying
MM-LLMs to track the state of the system, allowing them to
measure progress toward the goal [13]-[17]. However, these
approaches either rely on assumptions such as the ability to
comprehensively describe system states in natural language
or affordably query the environment for state information; or
they constrain their focus by treating state tracking separately
from task planning. In this paper, we extend prior research
on LTA by relaxing some of the assumptions and constraints
to better match a real-world industrial setting.

Another key challenge in applying MM-LLMs to robotics
is handling the high dimensionality of the action space. Since
MM-LLMs fail to consider the nuances of real-world execu-
tion, several previous works limit their output to a cursory
action plan of “verb, noun” pairs (e.g., “pick, cup”, “pour
from, cup”, “place on, table”), while relying on predefined
functions to abstract away the other parameters [11], [14],
[18]-[20]. However, this often leads to ambiguity during
action execution. For instance, executing “place on, table”
with a cup requires determining a placement location on the
table, while accounting for other objects, and the orientation
of the cup after placement (upright, upside down, etc.). Some
works mitigate this by incorporating feedback, either from
humans in the loop or by querying the environment, and
re-planning for any failures.

In this paper, we propose STEP to explicitly estimate
and propagate a structured representation of the environ-
ment state. Specifically, we consider an ubiquitous industrial
scenario in which an operator is assembling a structure on
a workstation and wishes to hand over the planning for
building the structure to a robot. Our mock task serves as
a proxy for real-world industrial tasks, such as machine
assembly or modular fixture construction, where human-
robot collaboration would be beneficial. As shown in Fig.
1, we use the actions already performed by the operator
and an image of the workstation, along with a small cu-
rated set of in-context examples, to prompt an MM-LLM
to estimate - the overall structure the operator is trying
to build (task estimation) (See §III-A) and a structured
state representation of the workstation in a JSON format
(state representation generation) (See §1II-B), followed by
the remaining actions required to construct the structure
(action prediction) (See §III-C) and the future states of the
environment after executing the proposed actions (state prop-
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Fig. 1: STEP with robot system setup. Predicting structured state representations along with future actions allows STEP
to quantitatively measure the distance of a state from the goal and deduce assistance parameters required for executing the

predicted actions.

agation) (See §III-D), without requiring any interaction with
the environment. Propagating a structured representation of
the environment allows us to predict assistance parameters
required to complete the predicted actions that could not be
expressed as a “verb, noun” pair. It also allows us to track
the distance from the inferred goal quantitatively. We use this
distance metric to truncate and regenerate the future action
plan and states iteratively, to ensure progress towards the
inferred goal (rollouts) (See §III-E). STEP employs an MM-
LLM for explicitly estimating and predicting a structured
state representation to support robotic action planning in
an industrial setting. Such industrial settings (1) offer a
valuable opportunity for human-robot collaboration, (2) are
inherently structured, making our choice of a structured state
representation well-suited, and (3) remain underrepresented
in existing MM-LLM pre-training datasets, posing unique
challenges for model generalization.

We evaluated our approach on a dataset from a simulated
block assembly scenario, in which human operators teleop-
erate two Franka robot arms situated on either side of a
table (See §IV-A) [21]. The goal of the assembly scenario is
to construct a structure using five identical wooden blocks.
We use several metrics (See §1V-B), including executability,
longest common subsequence (LCS), and final-state error
to test our generated action plans. Overall, our method
increased action executability by 32.8% and decreased final-
state error by 14.8%, compared to a state-of-the-art baseline

(See §V).
II. RELATED WORK

STEP is inspired by papers on shared autonomy and
LTA using LLMs. We address some of their limitations by
extending prior work on tracking a state representation of
the environment for LTA.

A. Shared autonomy in teleoperation

The idea of shared teleoperation has gained popularity in
industry as a way to increase production while empowering
humans to assume a supervisory role [1]. Previous work
has approached shared teleoperation by having a semi-
autonomous robot provide assistance to an operator [22]—
[24]. Usually, the robot starts as non-autonomous and at-
tempts to infer the user’s goal [25]-[28], or form a reasonable
estimate of it [29], by observing their actions. The robot then
provides assistance to complete the task by taking control
[30] or providing visual, haptic, or multi-modal cues [24],
[31]-[33]. In this paper, we follow a similar pipeline, by
taking as input the actions performed by the user as a
sequence of natural language actions (e.g. “Pick block 17,
“Stand block 17, “Withdraw”) and predicting the user’s goal,
followed by the actions required to complete the goal.

B. Large language models and long-term action anticipation

Large Language Models (LLMs), and their images + text
counterparts, MM-LLMs, have shown great performance
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Fig. 2: After a hand-over by the operator, the overall task and current system state are estimated. They are then used to
iteratively rollout next actions and states multiple times. Each rollout selects the closest state to the goal to guide actions

towards the estimated task.

on diverse tasks [34]-[40]. Particularly useful is their in-
context learning ability, where LLMs used as frozen models
can generalize across domains when few domain-specific
examples are provided during inference [41], [42]. Several
studies have proposed using in-context learning to ground
LLM output in robot-actionable steps [11], [18]-[20]. In-
context learning is especially useful in robot task planning
for industry, as LLMs are often not trained on data that is
relevant for these scenarios. Like shared autonomy planning,
LTA involves forecasting an agent’s future actions from
an initial sequence of observed behavior [5]-[8]. Previous
research has explored converting a video into a sequence of
natural language actions and using that as input to LLMs
to predict future actions. AntGPT [9] proposes a method in
which an LLM predicts the overall goal of an agent from a
sequence of natural language actions and then generates the
remaining actions required to achieve that goal. VidAssist
[43] proposes to take as input the initial sequence of actions
and the overall goal to iteratively build a tree of possible
future action sequences and find the sequence that will best
satisfy the given goal. Inspired by these approaches, our
prediction pipeline further extends this framework by also
predicting and propagating the state of the environment.

C. State estimation using language models

LLMs often struggle with planning and reasoning tasks.
Being trained for auto-regressive sequence-to-sequence
translation, LLMs lack any motivation to keep track of the
state of a system [12]. As a result, LLMs often hallucinate
actions that diverge from the intended goal. To overcome
this limitation, previous research has explored using chain-
of-thought reasoning to explicitly track the state of the
system with LLMs [44], [45]. RAFA [13] proposes iteratively
building a tree of action and state sequences, followed by
utilizing these sequences to query an LLM to select the best
action to perform. However, RAFA requires access to the
initial ground-truth state of the system to begin planning.
Similar to RAFA, LLM-State [14] and Kaige et al., [15] also
output the future state representations in natural language to
guide an agent’s actions. However, a natural language state
representation is often not expressive enough to represent the
state of a robot workspace and only allows prior works to

get a vague guidance towards the goal state. In our method,
we query an MM-LLM to estimate the environment state
and propagate it as a structured JSON object, allowing us to
calculate a quantitative distance from the goal state. Statler
[16] proposes querying an LLM to infer and update the state
of a system as a structured representation. However, Statler
does not consider the problem of action planning and only
propagates the state for one action. Wall-E [17] proposes to
predict future actions and propagate a state representation.
However, it needs the initial ground-truth state of the system
as input and an exploratory phase to learn the rules about
the world, which might not be feasible in the real world.

III. APPROACH

STEP takes as input the actions performed by an operator
and an image of the workstation, along with a set of example
interactions to prompt an MM-LLM. As illustrated in Fig. 2,
our pipeline predicts the overall task the operator is trying
to accomplish. Simultaneously, it also estimates a structured
state representation of the current workspace from its image.
It then uses the estimated task and action history to predict
future actions required to complete the task. The current
state is then propagated to estimate the future states of the
workstation. Using the structured future state representations,
it calculates their distance from the goal state of the estimated
task and truncates the future actions at the state with the
least distance. STEP also repeats the action prediction and
state propagation steps for multiple rollouts to iteratively get
closer to completing the task.

A. Task Estimation

Following prior work [9], we employ a top-down approach
by first estimating the overall task (7") that the operator wants
to complete. STEP takes as input the actions performed
by the operator so far (A, Ao, ..., A;) and the image of
the current workstation (I) to prompt an MM-LLM for
the task. In the prompt, we also include examples (of the
format (actions, <image>) -> Task) from a small
pre-collected dataset, and a list of all possible tasks (see §IV-
A) to guide and constrain the MM-LLM output.



B. State Representation Generation

We prompt an MM-LLM with the image of the work-
station (/) for a structured representation of the state (.5).
We follow a chain-of-thought approach to query the model
multiple times, each time asking it to describe various parts
of the workspace layout. First, we query it to get the locations
(top right, top left, center right, etc.) of each of the 5 blocks
in the image. These locations of the blocks in the image
help us ground our subsequent prompts in the image, where
we query the model to provide the following information
for each block: (i) the block’s placement location (including
the number of the block it is placed on, if any) (ii) the
block’s orientation (i.e., standing, lying face down, or lying
on side) (iii) the block’s top face orientation (facing parallel
or perpendicular to the camera) (iv) If the block is on another
block, describe its location relative to the base block. We also
include a brief description of the workstation and example
images of the workstation in the prompts. In the end, we
combine the collected information and ask an MM-LLM to
format it as a JSON object (See Fig. 3 for more details).

For block_1id in {1,2,3,4,5}:
Block block_1id:
Block location: {Table, Block (with number), Gripper}
Block orientation:  {Stand, Lie on face, Lie on side, NA}
Top face orientation: {Parallel, Perpendicular, NA}
Specific location: {Left, Center, Right, NA}

Fig. 3: For each of the blocks our structured state represen-
tation records the block location (table/another block with its
number), block orientation (stand/lie on face/lie on side/NA),
top face orientation (long-side parallel/perpendicular to cam-
era/NA), specific location (left/right/center if the block is on
another block, otherwise NA). The modular state design also
allows extension to other scenarios by adding descriptors -
‘nearby objects’, ‘facing’, ‘containing objects’ etc.

C. Action Prediction

We use the estimated task (7)) and the action history
(A1, Ao, ..., A) to prompt the MM-LLM for the future
actions (Ax+1, Ak+2, ..., Ap) that need to be performed to
complete the task. We also include examples (of the format
- performed actions -> future actions) in the
prompt, taken from the pre-collected dataset for completing
the estimated task. During our experiments, we discovered
that including multi-modal data in the prompt for this stage
degraded the performance, so we did not use the state or
image information for action prediction.

D. State Propagation

We propagate the estimated current state of the work-
station (S) to track the changes resulting from execut-
ing the predicted actions. We prompt the MM-LLM using
Ay, Ag, ..., Ak, S and Agiq, to get as output the next
state (Sk41), also as a JSON object. We then iteratively
set the propagated state as the current state and predict
the states resulting from executing all predicted actions

(Sk+1, Sk+2, ..., Sn). For example, getting Sy would in-
volve - Al,AQ, ...,Ak,Ak+1, Sk—i—ls Ak+2 —> Sk;_l,_Q. Exam-
ples of the same format relevant to the estimated task are also
included in the prompt. During our experiments, we found
that using a chain-of-thought approach to break down the
state propagation into two parts improved performance. For
propagating the state at each action, we first ask the MM-
LLM to describe the changes in the state in natural language,
and then use the description to get a JSON representation of
the next state.

E. Rollouts

Using a structured state representation of the workstation
allows us to manually calculate its distance (dr) from the
estimated task completion state. We calculate the distance as
the total number of differences between the state and the task
completion state. Since our state representation has 5 blocks
and each block has 4 different characteristics, dp can range
from O to 20 (See Fig. 3). For every rollout, we query the
MM-LLM for the future actions and states. We then calculate
dr for all states (current and predicted), and truncate the
predicted actions and states after the state with the first
instance of the lowest dp (e.g. S; could be the state with
the lowest dr). For the next rollout, we set .S; as the current
state and use Ay, ..., Ag, ..., A; and S; for action prediction
and state propagation. Since S; has a dp equal to or lower
than S, with each rollout STEP identifies a state closer to
the inferred goal than the state at the start of the rollout, and
helps guide the action plan towards the goal. We repeat the
rollouts for max_rollout times, which is a hyperparameter,
or until we reach a state with dr = 0. After the final rollout,
we return the predicted action sequence (Ag+1, ..., A;) and
state sequence (S, Sk+1, ..., S1), where dp of S; is the lowest
among all states.

IV. EVALUATION

We compared our method with a state-of-the-art LTA
baseline inspired by the top-down approach proposed by
AntGPT [9]. The baseline consisted of using the same inputs
as our method, for task estimation (§III-A) followed by a
single rollout of action prediction (§11I-C), with no state
information. We selected this comparison to directly examine
the impact of explicitly estimating and tracking the system
state on action prediction accuracy. To isolate and study
this effect, we deliberately excluded potential confounding
factors such as interactive planning or human-in-the-loop
feedback. Also, several related works we examined impose
constraints such as requiring access to the initial ground-
truth state of the system for planning, an assumption that
is often unrealistic in real-world industrial human-robot
collaboration scenarios. Moreover, many approaches address
only specific subcomponents of the overall action planning
problem rather than the complete pipeline. Considering these
factors, we identified AntGPT [9] as a suitable inspiration for
our baseline.



A. Experimental Setup and Dataset

We evaluated our method on a dataset of teleoperated
manipulation sequences collected by Baskaran et al. [21].
The collected manipulation sequences involved users
teleoperating two robots in real time within a simulated
environment using HTC Vive Pro controllers [46]. The
simulated workstation composed of a table mounted with
two Franka Emika robot arms [47] on either side, and
five identical wooden block assembly pieces. The collected
dataset had 495 instances from 19 users, where each
instance involved operators accomplishing the goal of
assembling the blocks into one of the 8 different structures
shown in Fig. 4 - Tuning fork, Low base tuning
fork, Bridge, Arch, Snake, Horse, Frame
and Stacking. Please see Baskaran et al. [21] for more
details on the dataset collection procedure. We manually
annotated the dataset instances to add labels and post-
processed them to get the following features per instance:
Task (7)), Recorded actions (Aj, As, ..., A,), Images of
the workspace (lo,I4,...,1,), States of the workspace
(So,S1,...,5,) and Possible tasks (T'pg,Tp1, ..., Tpn).
T denotes the goal structure. A recorded action A;
is of the format <Left robot action (A4jy),
Right robot action (A;)>. A; and A, can be
one of the nine actions - Pick block B,, Stand
block B, Lie block B, Side-lie block
B,, Stand-on-block block B,, Lie-on-block
block B,, Side-lie-on-block block B,, Idle,
and Withdraw. An image [; is taken from the video where
A; ends and A;;; begins. We also added block numbers
to the images in post-processing to distinguish the blocks
(See Fig. 2). S; is the structured state representation of
I;. T'p; refers to all possible structures that share S; as an
intermediate state, as some tasks may overlap with others.
For example, the Arch task overlaps with the Bridge and
Horse tasks (see Fig. 4). For our evaluation we used the
initial part of the recorded actions (Aj, Ao, ..., Ax) and the
image of the workstation after completing those actions
(Ix), to predict the remaining actions required to complete
the task (7).

Tuning fork

Low base tuning fork Bridge Arch

Stacking

Snake

Fig. 4: The eight block assembly tasks.

B. Metrics

To calculate quantitative metrics for the predicted actions,
we first manually propagate the ground-truth current state
of the workstation using hand-crafted rules. Our rules take
as input the predicted actions, and the predicted states which
help to determine assistance parameters to remove ambiguity
from action execution. The baseline (See §IV) does not
predict future states and thus suffers from ambiguity in
execution. So we randomly select a state from the set of
possible states that can result from executing the actions
predicted by the baseline. Note that here we select a state
only from those reachable by the predicted actions, not from
all possible states. Following existing research [18], [19], we
show results across three metrics: executability, final-state
error, and longest common subsequence. We also provide
the task correctness and current state error to measure the
correctness in predicting the overall task and the error in
inferring the current state of the workspace.

Executability ensures that the predicted actions follow a
logical order and satisfy execution constraints (e.g., proper
object poses, action preconditions, etc.). We perform checks
for executability and truncate the predicted action sequence
at the first action that fails the checks. We report executability
as the percentage of predicted actions that passed all the
checks.

Final-state error measures the error of the ground truth
task completion state from the final state that could be
successfully achieved by executing the predicted actions. For
the final achievable state, we select the resulting state from
the last predicted action that can be executed successfully.
This metric measures the difference between the result and
the expected goal.

Longest Common Sub-sequence (LCS) is defined as the
length of the longest common sub-sequence of actions in the
predicted actions and the remaining recorded actions from
our dataset, divided by the length of the longer sequence
between predicted actions and remaining recorded actions.
Following prior work [18], [19], [48], we allowed gaps
to exist between the actions in the common sub-sequence,
provided their order was the same. We report LCS as a
percentage. A high LCS can mean that the predicted actions
are relevant to the task and have short-term order. However,
it does not provide a complete picture of correctness on its
own, as there can be multiple correct action sequences with
varying LCS values. A high LCS also does not guarantee
that the predicted actions will execute successfully.

Task correctness measures the accuracy of task estimation
(See §III-A). It is assigned 1 if the predicted task matches
any of the possible tasks at inference time; otherwise, it is
set to 0.

Current state error compares the distance between the
current state output of state representation generation (See
§III-B) and the ground-truth state at the time of inference.

V. RESULTS & DISCUSSION

We used the GPT-40 [49] model offered by the OpenAl
API [50] for our main results. Every time we prompt the



TABLE I: Comparison of executability, final error, and LCS of STEP with the baseline, along with task correctness and

current state error for multiple task completion percentages.

Task Comp. Exec % 1 Final Error | LCS % 71 Task Corr.  Curr. St.
% Base STEP Base STEP Base STEP % 1 Err. |
30 64.25 8529 596 5.08 49.62 45.37 74.14 2.48
50 65.51 84.55 479 4.05 4446 38.82 69.70 3.11
70 7344 8530 3.23 2.64 38.01 33.88 67.47 3.99
90 81.34 8238 141 091 20.00 15.66 75.15 4.87

MM-LLM, we sample 5 outputs and pick the output with
the maximum log-probability returned by the model.

A. Comparison with Baseline

To model variations in user delegations to STEP, we
conduct experiments at multiple task completion percentages
of 30%, 50%, 70%, and 90%. A task completion of x%
signifies that the initial £% of the actions from the recorded
action sequence were used as input for evaluation.

As can be seen in Table I, STEP predicted action plans that
were more executable than the baseline, for all percentages of
task completion. Also, by predicting future states along with
actions, our method resulted in a state that was closer to the
intended goal of the operator, when compared to the baseline.
However, we noted that the baseline method had a higher
LCS than our method. This behavior can be attributed to
STEP truncating the predicted actions after the state with the
least distance from the goal. As a result, our predicted action
sequence was on average approximately 3 actions shorter in
length than the baseline’s predictions. We suspect that the
extra actions produced by the baseline caused it to have more
number of actions in common with the recorded actions,
thus increasing the baseline LCS. However, the higher LCS
of the baseline resulted in unnecessary actions that were
less executable and less correct in the resultant state. Action
plans generated by STEP were more efficient, as they had
a lower final error compared to the baseline, while being
shorter on average. We hypothesize that noise in the recorded
actions, caused by operator errors when collecting the data
also contributed to LCS being a questionable metric in our
evaluation.

We noticed that with increasing task completion percent-
age, both the methods achieved a better final error, since
the robot started from a state closer to the goal state, as
more of the assembly was completed by the operator. With
increasing task completion, the task correctness first declines
due to increasing noise in longer input action sequences and
more occlusion of the block structures in the images, and
then increases as the structure being built becomes more
discernible. We suspect that the current state error increased
as the task progressed because the structure became more
complicated and blocks got closer together in the image.

B. Ablations

We ablated the number of rollouts conducted before calcu-
lating the metrics. Table II shows the effect of the number of

TABLE II: Ablation of rollouts for 50% task completion.
Final error improves with rollouts showing that additional
rollouts decrease the distance from goal.

Rollouts | Exec. % 1t Final Err. | LCS % 1
1 88.98 4.40 31.06
2 85.60 4.11 374
3 84.55 4.05 38.82

rollouts on performance for 50% task completion. We noticed
that each rollout predicted a longer action sequence than the
preceding rollout, with action plan length increasing by 0.7
actions on average with each rollout. LCS increased with
more rollouts, which is explained by the increased number
of actions in the action plan. The increasing actions did cause
the executability to decrease. However, as seen from the
decreasing final error with more rollouts, the added actions
that could execute were necessary as they were able to result
in a final state closer to the goal with increasing rollouts.

TABLE III: Ablating MM-LLM to compare executability
and final error of STEP with the baseline for 50% task
completion. Results for 45 random dataset instances.

Model Exec. % 1 Final Error | Task Corr.
Base @ STEP Base STEP % 1
GPT-40 71.68 7812 4.53 4.38 62.22
GPT-40 mini | 82.60 82.16 4.49 4.93 26.67
GPT-4.1 8228 92.02 4.80 4.11 71.11
GPT-5.1 69.24 82770  4.80 3.71 73.33
GPT-5.2 76.64 8444 473 4.49 71.11

We compared STEP with the baseline for various MM-
LLMs - GPT-40, GPT-40 mini, GPT-4.1, GPT-5.1, and GPT-
5.2, offered by the OpenAl API [50]. These models were
selected to cover a range of model sizes and generation
paradigms (regular LLMs and reasoning LLMs). To reduce
computational cost and runtime, this ablation was conducted
on a representative subset of 45 dataset instances. These
instances were randomly sampled from our dataset while
ensuring coverage across all eight task categories (see Fig. 4).
As seen in Table III, STEP outperformed the baseline across
most models in terms of both executability and final error,
demonstrating its robustness and generalizability across dif-
ferent MM-LLMs. For GPT-40 mini, however, the baseline
achieved slightly better results than STEP. We observed that
GPT-40 mini exhibited a notably low task correctness score,



which measures the task estimation stage, the first step in
our pipeline, and consequently propagated errors throughout
subsequent stages for both methods. As a result, the outputs
corresponded to an incorrect task, rendering these results less
reliable compared to those from other models. We attribute
this behavior to GPT-40 mini’s relatively smaller model size,
which likely limits its task estimation capabilities.

TABLE IV: Ablation of task correctness for 50% task
completion. All metrics improve with correct task prediction.
Improvement in earlier stages improves downstream perfor-
mance.

Task corr. | Exec. % 1 Final Err. | LCS % 1

1 84.63 3.64 41.16
0 84.37 4.9 33.45

TABLE V: Ablation of current state error for 50% task
completion. Executability and final error improve with no
error in the current state estimation.

Curr. st. err. ‘ Exec. % T Final Err. | LCS % 1

0 86.38 3.93 36.08
>0 84.41 4.06 39.07

We also studied the impact of task and state estimation on
action prediction and state propagation. Table IV compares
the results for the data instances that had a correct task pre-
diction with the instances with an incorrect task prediction.
Similarly, Table V shows the results for instances that did not
have any errors in their current state prediction compared to
the other instances. On average, we saw an improvement in
performance of the predicted actions if the task and current
state were predicted correctly. This ablation also shows the
modularity of our approach as stages can be worked on
independently and an improved performance earlier in the
pipeline can reliably be transferred to better results for the
final predicted actions.

VI. CONCLUSION

We introduce STEP, a method to enhance long-term action
anticipation with MM-LLMs by explicitly modeling state
transitions, leading to more accurate and executable robot
action plans in collaborative industrial tasks. We construct a
multi-staged pipeline composed of first estimating the overall
task a robot operator is trying to perform, along with a
structured representation of the current state of the robot’s
workstation. We then pass this information on to later stages
to predict the actions required to complete the task and
propagate the state representation to obtain the assistance
parameters required to successfully execute the predicted
actions for the desired task. We also track the distance
between the propagated states and the goal state and guide
predicted actions towards the goal.

We extensively evaluated our method on a dataset of
an assembly scenario with teleoperated robots. Our results
highlight our contribution towards bridging some of the gaps

in the existing literature by demonstrating improved perfor-
mance in executability and final error over the existing state-
of-the-art. However, we see some areas for improvement.
One limitation of STEP is that its current implementation
is specific to the block assembly scenario. Industry may
extend STEP to other scenarios by using information rel-
evant to the new scenarios, by modifying the prompts, state
representation structure, and function implementations. This
investment in modifying STEP for a new scenario would
only be required once at the start. However, future work
can explore ways to generalize STEP to various scenarios
with minimal modifications. A potential avenue of research
could be using an MM-LLM to analyze a scenario and
automatically craft the required prompts, state representation
structure, and function implementations.

Additional work is also required to make STEP real-
time before it can be adopted for practical use. In order to
propagate states and guide the generation of action plans
towards the goal, STEP queries an MM-LLM several more
times than the baseline. However, this causes STEP to trade
off speed for performance accuracy. In our experiments, we
observed that the baseline had a shorter run time (M =
18.24, SD = 4.23 sec) than STEP (M = 148.07, SD = 55.03
sec). Future research could investigate hosting an MM-LLM
locally or finetuning a smaller model to reduce the latency
of each query. We hope that our work encourages further
inquiries into the potential of MM-LLMs in long-horizon
reasoning for human-robot collaboration.
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