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Abstract

Large-scale generative language and vision-language models (LLMs and VLMs)
excel in few-shot in-context learning for decision making and instruction following.
However, they require high-quality exemplar demonstrations to be included in
their context window. In this work, we ask: Can LLMs and VLMs generate their
own examples from generic, sub-optimal demonstrations? We propose In-Context
Abstraction Learning (ICAL), a method that builds a memory of multimodal ex-
perience from sub-optimal demonstrations and human feedback. Given a task
demonstration that may contain inefficiencies or mistakes, a VLM abstracts the tra-
jectory into a generalized program by correcting inefficient actions and annotating
cognitive abstractions: causal relationships, object state changes, temporal subgoals,
and task-relevant visual elements. These abstractions are iteratively improved and
adapted through human feedback while the agent attempts to execute the trajectory
in a similar environment. The resulting examples, when used as exemplars in
the prompt, significantly improve decision-making in retrieval-augmented LLM
and VLM agents. Moreover, as the agent’s library of examples grows, it becomes
more efficient, relying less on human feedback and requiring fewer environment
interactions per demonstration. Our ICAL agent surpasses the state-of-the-art in
dialogue-based instruction following in TEACh, multimodal web agents in Visu-
alWebArena, and action anticipation in Ego4D. In TEACh, we achieve a 12.6%
improvement in goal-condition success. In VisualWebArena, our task success rate
improves over the SOTA from 14.3% to 22.7% using GPT4V. In Ego4D action
forecasting, we improve over few-shot GPT-4V and remain competitive with super-
vised models. We show finetuning our retrieval-augmented in-context agent yields
additional improvements. Our approach significantly reduces reliance on manual
prompt engineering and consistently outperforms in-context learning from action
plans that lack such abstractions.

1 Introduction

Humans exhibit remarkable few-shot learning capabilities, rapidly generalizing from a single task
demonstration to related conditions by integrating the observed behavior with their internal world
model. They discern what is relevant and irrelevant for success and anticipate potential failures.
Through repeated practice and feedback, they quickly find the right abstraction that helps to imitate
and adapt the task to various situations. This process facilitates continuous refinement and transfer of
knowledge across a diverse range of tasks and contexts.
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Figure 1: ICAL (In-Context Abstraction Learning) is a method for efficient agent learning from both
noisy visual demonstrations and human feedback using large language / vision models. Left: The
agent can take in a video demonstration, and generate a refined example with language annotations to
be used later by the VLM via in-context learning. Right: Humans provide feedback, correct errors
and supply additional knowledge.

Recent research has explored the use of large language models (LLMs) and visual-language mod-
els (VLMs) 1 to extract high-level insights from trajectories and experiences. These insights
are generated through the model’s introspection and are used to enhance performance by ap-
pending them to prompts, leveraging their strong in-context learning abilities [39, 70, 56, 60].
Existing methods often linguistically focus on task reward signals [70, 56, 76, 79], store hu-
man corrections following failures [88, 15, 68], use domain experts to hand-write or hand-pick
examples without introspection [68, 73], or utilize language to shape policies [30, 74] and re-
wards [61, 3, 27, 21, 26, 59, 74, 35, 54]. Critically, these methods typically are text-based and do not
incorporate any visuals cues or demonstrations, or use introspection only in case of failures, which is
only one of several ways that humans and machines can consolidate experiences and extract insights.

In this work, we teach VLMs novel tasks by learning in-context experience abstractions given
sub-optimal demonstrations and human natural language feedback. We present In-Context
Abstraction Learning (ICAL), a method that prompts VLMs to create multimodal abstractions for
unfamiliar domains. Unlike previous works that only store and retrieve successful action plans
or trajectories [68, 76, 44], our approach emphasizes learning abstractions that encapsulate the
dynamics and critical knowledge of tasks, as illustrated in Figure 1. Specifically, ICAL tackles four
types of cognitive abstractions: task and causal relationships, which identify the fundamental
principles or actions needed to achieve a goal and how elements are interconnected through cause
and effect [75]; changes in object states, which describe the various forms or conditions an object
will take [4]; temporal abstractions, which break down tasks into subgoals [6]; and task construals,
which highlight critical visual details within a task [31]. When provided with optimal or suboptimal
demonstrations, ICAL prompts a VLM to transform these demonstrations into optimized trajectories

1Throughout the remainder of the paper, we refer to multimodal large language models capable of processing
both text and images (e.g., GPT-4V) as ‘VLMs’.
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while also creating pertinent language and visual abstractions. These abstractions are then re�ned
through executing the trajectory in the environment, guided by natural language feedback from
humans. Each step of abstraction generation leverages previously derived abstractions, enabling the
model to improve not only its execution but its abstraction capabilities as well. Collectively, the
learned abstractions summarize crucial information about action sequences, state transitions, rules,
and focus areas, articulated through free-form natural language and visual representations.

We present a comprehensive evaluation of our agent, equipped with the learned example abstrac-
tions, across three benchmarks: TEACh [63] for dialogue-based instruction in household settings,
VisualWebArena [37] for multimodal autonomous web tasks, and Ego4D for video action anticipa-
tion [28]. In TEACh, our agent sets a new state-of-the-art, outperforming VLM agents reliant on raw
demonstrations or extensive domain-expert hand-written examples, demonstrating the effectiveness
of ICAL learned abstractions for in-context learning. Speci�cally, our approach achieves a 12.6%
improvement in goal condition success compared to the previous SOTA, HELPER [68]. We show
that this approach leads to increasing performance gains on unseen tasks as the external memory
grows, and achieves a 14.7% performance increase after only ten examples. Moreover, our agent
becomes increasingly ef�cient over time by leveraging stored abstractions, requiring 38.8% fewer
environment steps and 71.6% less human feedback per example in the latter half of demonstrations
processed. Integrating our learned examples with LoRA-based �ne-tuning of an LLM [32] further
improves goal-condition performance by 4.9%. In the VisualWebArena, our agent surpasses the
state-of-the-art, GPT4 + Set of Marks [37], improving from 14.3% to 22.7% using GPT4V and from
18.9% to 23.4% using GPT4o. In the Ego4D setting, ICAL outperforms few-shot GPT4V using chain
of thought, reducing the noun and action edit distance by 6.4 and 1.7, respectively, and competes
closely with fully supervised methods, despite using 639x less in-domain training data. Our approach
signi�cantly reduces reliance on expertly-crafted examples and consistently outperforms in-context
learning from action plans or trajectories that lack such abstractions [68, 76, 44].

2 Related Work

VLM Agents LLMs and VLMs trained from large scale vision-language data have been adapted
for task planning and decision making tasks through in-context prompt optimization or �netuning.
VLMs have been used to plan over high-level actions or code [80, 76, 68, 44, 72], incorporate error
feedback [52, 45, 88], and understanding game instruction manuals [83]. Some studies use VLMs
for learning from human feedback through retrievable knowledge [88], question asking [66, 15],
or converting language to actions or rewards [49, 50, 36, 11, 14]. Our work utilizes noisy visual
demonstrations, and integrates multiple types of multi-modal abstractions during the learning process.

Instructable Interactive Agents Benchmarks for embodied instruction following include question
answering [25, 16, 93, 18, 17, 23], navigation [42, 41, 10], interactive dialogue, and instruction
following [86, 71, 63, 22]. Virtual agent benchmarks focus on web tasks where agents navigate
static [53, 19] and dynamic web environments [92, 37, 85, 38], covering personal shopping, travel
assistance, software engineering, and operating system tasks [51, 34, 69, 47]. This includes visual
grounding and multi-turn planning, with prior studies using �netuning or few-shot prompts. In
agent-based domains, retrieval-augmented prompting and prompt optimization have improved task
planning in instructional contexts [73] and open-world gaming [79, 76, 56, 62]. Unlike studies
that rely solely on static external memory or text-based prompting, our research demonstrates that
multi-modal, generalizable abstractions learned from a few noisy trajectories and human feedback
via in-context learning or �netuning can signi�cantly enhance instruction-following performance.

3 In-Context Abstraction Learning (ICAL)

In-Context Abstraction Learning (ICAL) aims at automating the acquisition of generalizable examples
and knowledge for in-context agents. ICAL operates by receiving a language instructionI with a
noisy trajectory of observations and actions, denoted� noisy = f o0; a0; : : : ; oT ; aT g in a new task
domainD . A new domainD represents changes in task variables not captured in VLM pretraining,
such as a different environment (e.g., kitchen #1 vs. kitchen #2), task (e.g., "add the cheapest red bike
to my wish list"), or user preference (e.g., "I prefer the red cup for coffee"). The core aim of ICAL
is to abstract each noisy trajectory into a single examplee, which then forms part of a memory set
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