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Abstract
In this technical report, we present our solution
for the EgoPlan Challenge in ICML 2024. To
address the real-world egocentric task planning
problem, we introduce a novel planning frame-
work which comprises three stages: long-term
memory Extraction, context-aware Planning, and
multi-iteration Decision, named EPD. Given the
task goal, task progress, and current observation,
the extraction model first extracts task-relevant
memory information from the progress video,
transforming the complex long video into summa-
rized memory information. The planning model
then combines the context of the memory infor-
mation with fine-grained visual information from
the current observation to predict the next ac-
tion. Finally, through multi-iteration decision-
making, the decision model comprehensively un-
derstands the task situation and current state to
make the most realistic planning decision. On
the EgoPlan-Test set, EPD achieves a planning
accuracy of 53.85% over 1,584 egocentric task
planning questions. We have made all codes avail-
able at https://github.com/Kkskkkskr/EPD.

1. Introduction
Egocentric task planning is a crucial aspect of human ac-
tivity, requiring the perception and understanding of the
world from the egocentric perspective to make informed
decisions in complex environments and solve real-world
problems. This kind of task has broad research prospects
in applications such as robotics. To accurately and com-
prehensively evaluate the egocentric task planning capabili-
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ties of Multimodal Large Language Models (MLLM), the
EgoPlan-Bench (Chen et al., 2023) has been proposed. It
is built based on egocentric real-world video datasets from
Epic-Kitchens (Damen et al., 2022) and Ego4D (Grauman
et al., 2022). To correctly answer the task planning ques-
tions in EgoPlan, models must comprehend real-world task
objectives, track the progress of long-term tasks, perceive
the environment from an egocentric perspective, and infer
the next steps based on their own knowledge. This places
new demands on the models’ abilities to process long videos
and understand complex context.

Currently, most existing work is based on a single visual
modality, adapting video models through fine-tuning to
bridge the domain gap between exocentric videos and ego-
centric videos, transforming them into planners capable of
real-world egocentric task planning. This approach lever-
ages the strong long-video processing capabilities of video
models and captures fine-grained visual information in
videos through fine-tuning for task planning. However, the
training process of video models is highly time-consuming
and resource-intensive, which brings limitations. On the
other side, a common approach is designing templates to
prompt large language models (LLMs) (Wang et al., 2024;
Zhang et al., 2023a), leveraging their powerful understand-
ing abilities. Although this method often faces challenges
due to the performance limitations of LLMs, making it dif-
ficult to perfectly adapt to the specific characteristics of
downstream tasks, it requires significantly less time and
resources and can fully utilize the extensive knowledge em-
bedded in LLMs. Therefore, in this challenge, we decide to
design our solution by designing templates to prompt the
MLLM.

Unlike long video summarization and visual question an-
swering, egocentric task planning requires the model to com-
prehensively understand the task goals, real-time progress,
and current observations, as well as the relationships among
them. For example, when the task goal is “Add garlic to
the food and stir” and the chopping board is currently held
in hand, the model needs to select “add garlic to food” to
advance the task, rather than choosing to repeat “pick up
chopping board” simply because a similar action appears in
the progress video. In egocentric task planning, despite the
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progress video comprising a large proportion of the visual
input, it holds equal importance to the current observation
represented as a single image. Therefore, the model must
fully understand the meaning and connections among task
objectives, progress, and current state to effectively plan the
next action. This presents significant challenges for current
MLLMs.

To address these issues, we propose a novel long-term mem-
ory Extraction, context-aware Planning, and multi-iteration
Decision framework (EPD) , which tackles the aforemen-
tioned problems through three stages: (1) long-term mem-
ory extraction: To extract core action information from
video frames, we design a long-term memory extraction
mechanism, leveraging MLLMs to understand, extract, and
memorize key content from continuous clip segments; (2)
context-aware planning: To enable the planning model to
comprehensively understand the context and make informed
plans, we use memory information along with current ob-
servations as multimodal inputs and design corresponding
prompts to assist MLLMs in planning; (3) multi-iteration de-
cision: Given the difficulty for MLLMs to capture all details
in a single attempt, we employ a multi-iteration decision-
making process, allowing the decision model to compare
different planning processes and determine the most reason-
able plan as the answer. Notably, the EPD framework we
propose is training-free, so our method does not require ad-
ditional training time and computational resources. Through
this training-free approach, we achieves a planning accuracy
of 53.85% on the EgoPlan-Test set, which is approximately
a 10% improvement over the baselines.

2. Methodology
As shown in the Figure 1, given a process video, memory
extraction model first extracts the video content, excluding
the current observation, into memory text information. The
memory text information, along with the current observa-
tion, is then input to the planning model to plan the next
action. Finally, multi-iteration decision is employed to al-
low the decision model to select the most reasonable answer
from different answers.

2.1. Long-term Memory Extraction

The videos provided by EgoPlan consist of multiple action
segments within specified time frames. To obtain the mem-
ory text information for each action, we extract four frames
from each action video segment, including the first and last
frames and two evenly selected frames within the segment,
and input these frames into a memory extraction model.
This model needs to accurately extract the action content
of the segment in a single sentence. For model selection,
we initially try the existing video processing model LaV-
iLa (Zhao et al., 2023) and VideoRecap (Islam et al., 2024),

but they have failed to accurately recognize objects, result-
ing in missing object descriptions. Ultimately, we choose
the GPT-4o model for memory extraction.

2.2. Context-aware Planning

Once the memory text information is obtained, it is input
into the planning model as task process descriptions, trans-
forming the complex fine-grained video understanding into
textual planning. We use both the memory text informa-
tion and the current visual observation as multimodal input,
prompting the task planning model through in-context learn-
ing to output the next-step planning. In this process, the task
planning model includes both GPT-4o and Claude 3.5. We
use different models to obtain different results, which serve
as input for subsequent multi-iteration decision.

2.3. Multi-iteration Decision

Through multi-iteration decision, we can leverage the com-
prehensive reasoning ability of GPT-4o and the fine-grained
textual reasoning ability of Claude 3.5, allowing the two
models to complement each other’s performance. During
the decision process, we provide the different planning re-
sults from GPT-4o and Claude 3.5 to the decision model,
which compares the different planning processes and de-
cides the most reasonable answer. Since GPT-4o achieves
the best single-model results, we choose GPT-4o as the
model used in the decision process. We also attempt multi-
iteration decision by selecting the most frequent option
among multiple answers, and the results are close to the
optimal decision results obtained through multi-iteration
decision with GPT-4o.

3. Experiment
3.1. Performance Comparison

According to the current leaderboard, the existing results are
shown in Table 1. On the EgoPlan-Val out-of-domain set,
the best training-free baseline is GPT-4V, with an accuracy
of 36.90%. The best trained baseline, enhanced Video-
LLaMA, is obtained by fine-tuning Video-LLaMA (Zhang
et al., 2023b) on the EgoPlan dataset and achieves an accu-
racy of 44.42%. Our method EPD achieves an accuracy of
53.85% on the EgoPlan-Test set, significantly surpassing all
previous baselines. This demonstrates the effectiveness of
our approach.

3.2. Solution Evolution

The iterative optimization process of our solution is illus-
trated in Table 2. Initially, we compare the overall frame-
work performance using LaViLa and GPT-4o as memory
extraction models. The results demonstrate a 4.3% perfor-
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Decision Prompt

[OBSERVATION]

Given two answers, you must
choose the option that is more
reasonable ......

[DESCRIPTION]: 
Based on the observation, C
is holding an egg over the
counter ......

[ANSWER]: 1

[DESCRIPTION]: 
In the current observation,
C's hands are interacting with
a kitchen sink area ......

[ANSWER]: 0

MLLM

MLLM

#C C scoop out the paper from
the rice cooker ......

MLLM

[CAPTION]

OPTION 0: put serving spoon in
rice cooker.
OPTION 1: place egg.
OPTION 2: pick up egg from rice
cooker.
OPTION 3: scoop paper in rice
cooker.

[OPTION]

The task goal is Scoop out the
paper from the rice cooker and
put it in the sink. What action is C
about to take?

[QUESTION]

[REASON]:
ANSWER 1 is more
reasonable because
it accurately reflects
the observation and
details ......

[ANSWER]: 1

ANSWER 2

ANSWER 1

Final Answer

VIDEO FRAMES

Stage 1 Stage 2 Stage 3

#C C scoop out the
paper from the rice
cooker.

#C C move paper
towards the sink.

#C C dispose of
paper in the sink.

Planning Prompt

[CAPTION]

[OBSERVATION]

You are a visual question answering
expert. You must choose ......

Figure 1. Framework of our solution EPD.

Table 1. Performance Comparison on EgoPlan-Val OD(out-of-domain) and EgoPlan-Test

MODEL EGOPLAN-VAL OD EGOPLAN-TEST TRAINING-FREE

VIDEO-LLAMA 30.44 30.30
√

GPT-4V 36.90 37.25
√

ENHANCED VIDEO-LLAMA 44.42 ×
EPD 53.85

√

mance improvement with GPT-4o over LaViLa, as GPT-4o
produces memory text information with more accurate ob-
ject descriptions. Subsequently, in our prompt research, we
identify that insufficient examples lead to inadequate under-
standing of the planning and reasoning process. To address
this, we adopt four-shot in-context learning, carefully select-
ing four examples from the validation dataset. We extract
memory text information and manually complete the rea-
soning steps, achieving a 2.46% performance improvement.
Throughout our experiments, the importance of the current
observation becomes increasingly evident. By changing the
input of the current observation to a high-resolution origi-
nal image and prompting GPT-4o to first describe its visual
content in text, we enhance the model’s understanding of
the current observation, resulting in a 3.79% performance
improvement. During the multi-iteration decision phase, we
initially try a simple option counting method, selecting the
most frequently occurring option from five results, which
improves performance by 0.88% compared to a single result.
In further exploration of multi-iteration decision, we use
GPT-4o to decide whether GPT-4o’s planning or Claude
3.5’s planning is more convincing, selecting the more rea-
sonable answer. This method improves performance by

1.14% over the previous decision approach, achieving the
optimal accuracy result of our solution.

3.3. Ablation Study

We examine the impact of different planning models, and
the inclusion of video input on the results, as shown in Table
3. It is evident that GPT-4o exhibits stronger multimodal
planning capabilities on EgoPlan compared to Claude 3.5.
However, we also find that although training-free models
require less time and resources, they cannot attain improved
fine-grained egocentric visual understanding capabilities by
training on the EgoPlan dataset. We attribute this to the
inability of simple in-context learning methods to achieve
complex visual understanding.

3.4. Case Analysis

Although GPT-4o exhibits strong performance as a multi-
modal large language model, it still lacks fine-grained visual
understanding. As shown in the Figure 2, despite the action
being “pick up knife”, GPT-4o incorrectly interprets it as
“pick up broccoli”. This aligns with the key issue discussed
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Table 2. Solution Evolution

ORDER ACCURACY MODIFICATION

1 41.28 USE LAVILA TO EXTRACT MEMORY
2 45.58 USE GPT-4O TO EXTRACT MEMORY
3 48.04 ADOPT FOUR-SHOT IN-CONTEXT LEARNING
4 51.83 USE HIGH-RESOLUTION OBSERVATION AND OUTPUT DESCRIPTION
5 52.71 MULTI-ITERATION DECISION WITH FIVE GPT-4O RESULTS
6 53.85 MULTI-ITERATION DECISION WITH GPT-4O AND CLAUDE-3.5 RESULTS

Table 3. Ablation Study

PLANNING MODEL INPUT VIDEO WITH MEMORY INFORMATION ACCURACY

CLAUDE 3.5 × 47.22
GPT-4O

√
49.68

GPT-4O × 51.83

VIDEO FRAMES

pick up the knife

Extraction Prompt

You are a visual question answering expert. Based
on the [VIDEO], [OVERALL GOAL] and
[COMPLETED STEPS], you can accurately
determine the [SUB GOAL] of this video.Your task is
to output the [SUB GOAL] as a brief phrase based
on the [VIDEO] and [OVERALL GOAL]

[VIDEO]
Four frames are shown
[OVERALL GOAL] 
Add garlic to the food and stir 
[SUB GOAL] pick up the broccoli

GPT-4o

Ground-Truth

Figure 2. Wrong Extraction with GPT-4o

in EgoPlan-Bench: although our solution EPD achieves low
time and resource consumption in the EgoPlan Challenge,
fine-grained visual understanding on real-world egocentric
datasets can only be attained through further training.

From this perspective, the problem posed by EgoPlan is
highly significant in practical terms. Additionally, trainable
models have substantial potential in addressing the EgoPlan
task, with considerable room for improvement.

4. Conclusion
This paper proposes a real-world egocentric task planning
framework, EPD, which achieves a planning accuracy of
53.85% in the EgoPlan Challenge in ICML 2024, demon-
strating the effectiveness of this approach. Additionally, we
identify the limitations of training-free models in capturing
fine-grained visual semantics, providing new insights for

improving trainable models on EgoPlan in future research.
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