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Abstract

Large language models (LLMs) have shown
strong capabilities as task-solving agents across
interactive domains. However, in complex en-
vironments, these agents may need to rely on
auxiliary guidance to reduce the search space
or make up for limited domain-specific knowl-
edge. Such guidance includes human-provided
manuals and demonstrations, retrieved exam-
ples from memory or external tools, and agent-
acquired knowledge from prior interactions.
However, this guidance may be imperfect. For
example, due to changes in the environment,
ambiguous or simplified language, or retrieval
errors from external sources, guidance can
be incomplete, outdated, or contextually mis-
matched, potentially causing errors or failures
during task execution. To address this, we intro-
duce MIRAGE, a benchmark for MeasurIng
Robustness of LLM Agents under Imperfect
GuidancE. MIRAGE includes procedurally
generated environments in navigation, cooking,
and gaming, where both the environment and
the auxiliary guidance vary in fidelity and rele-
vance. We further extend MIRAGE to realistic
web tasks using WebArena, incorporating noisy
or underspecified instructions derived from hu-
man demonstrations. Our findings reveal crit-
ical failure modes in current LLM agents and
motivate future work on improving their robust-
ness under imperfect guidance.

1 Introduction

Recent advances in large language models (LLMs)
have made them increasingly reliable at solving
complex decision-making tasks in diverse interac-
tive environments (Xi et al., 2023; Yao et al., 2022b;
Liu et al., 2023), including web navigation (Zhang
et al., 2025), embodied control (Liang et al., 2023),
and open-ended games (Paglieri et al., 2025; Wang
et al., 2023a). To further enhance the effective-
ness of LLM agents, many frameworks incorporate
auxiliary guidance to provide situational context,
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Figure 1: Examples of four types of guidance imperfec-
tion. (1) Incomplete – a critical step (e.g., uploading
a photo to review an order) is omitted; (2) Incorrect –
a weapon crafting recipe includes wrong components;
(3) Misaligned – originally correct navigation guidance
(“turn left”) becomes invalid because the road is under
construction; (4) Underspecified – cooking instructions
are vague and high-level, lacking actionable detail.

narrow the search space, or supplement domain-
specific knowledge. Such guidance may include
retrieved manuals or demonstrations via retrieval-
augmented generation (RAG) (Kagaya et al., 2024),
reusable workflows (Wang et al., 2024b), natural
language cues and strategies acquired through prior
interactions and memory (Zhao et al., 2023; Fu
et al., 2024), or clarifications and hints from in-
teractive dialogue with users (Wang et al., 2025;
Murzaku et al., 2025).

Unfortunately, this guidance is often imperfect,
introducing critical challenges for agent robustness.
Imperfections typically stem from two sources.
First, guidance may be intrinsically flawed. For
example, it may omit key steps or include vague
descriptions. Such imperfections are common in
real-world scenarios: human-written guidance may
contain typos, omissions, or misremembered de-
tails, and LLM-generated guidance may include
hallucinations, oversimplifications, or subtle mis-
statements of relevant information (Huang et al.,
2025). Second, guidance may be misaligned with
the environment, especially in dynamic, noisy set-
tings (Pan et al., 2024). A plan that was once valid
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may no longer apply due to changes such as system
updates, object movements, or seasonal variations,
resulting in undesired actions.

Given the prevalence of imperfect guidance,
a central research question emerges: Can LLM
agents detect and adapt to imperfect task-related
guidance effectively? To facilitate systematic study,
we introduce MIRAGE (MeasurIng Robustness
of LLM Agents under Imperfect GuidancE), a two-
part benchmark suite comprising: (1) MIRAGE-
World, a collection of procedurally generated envi-
ronments spanning navigation, cooking, and gam-
ing tasks; and (2) MIRAGE-Web, a set of 450 real-
istic web-based tasks derived from the WebArena
platform (Zhou et al., 2024b) across four domains
(shopping, gitlab, reddit, and shopping admin). For
both settings, we introduce controlled perturbations
to the guidance and the environment to systemat-
ically evaluate agent robustness. We categorize
guidance imperfections into four types based on
how they are constructed: incomplete (critical steps
are omitted), incorrect (false details are introduced),
misaligned (environment changes invalidate previ-
ously correct guidance), and underspecified (vague
or abstract phrasing obscures execution details).
These imperfection types, illustrated in Figure 1,
reflect failure patterns commonly encountered in
real-world scenarios, and enable structured analy-
sis of how well agents generalize and recover under
imperfect guidance.

All tasks in MIRAGE are carefully constructed
to be well-defined and solvable. Each task includes
a clear and stable goal that does not change and is
communicated unambiguously to the agent. What
we vary is the auxiliary guidance provided to sup-
port task completion, not the task specification it-
self. By design, every task—including those with
environment changes—remains solvable. For ex-
ample, in navigation scenarios where a road is
blocked due to construction, an alternative path
is always available. Agents can succeed if they are
able to reason about inconsistencies or adapt based
on feedback from the environment. In summary,
MIRAGE provides a unified testbed for guidance
robustness in LLM agents. Specifically, we sum-
marize our contributions as follows:

• We introduce MIRAGE, a benchmark suite for
evaluating LLM agent robustness under imper-
fect guidance. It includes over 450 real-world
web navigation tasks derived from WebArena,
and procedurally generated tasks across navi-

gation, cooking, and gaming.

• The benchmark systematically injects four
types of guidance imperfections—incomplete,
incorrect, misaligned, and underspecified—via
programmatic generation, LLM-based rewrit-
ing, and human verification, enabling con-
trolled and compositional benchmarking.

• We conduct thorough evaluations using widely-
adopted LLMs on MIRAGE. Results show that
current LLM agents often struggle to detect
flaws or adapt their behavior accordingly, high-
lighting the importance of guidance robustness
for LLM agents.

2 Related Work

Instruction Following in LLMs. As LLMs be-
come better at following instructions (He et al.,
2024; Heo et al., 2025), guidance retrieval has
emerged as a promising approach for improving
agent performance (Zhao et al., 2023; Chen et al.,
2024), though its success still highly depends on
the quality of the guidance. In practice, guid-
ance is often incomplete, ambiguous, or mislead-
ing (Paxton et al., 2019; Roh et al., 2020; Su
et al., 2024). This limitation is particularly well-
documented in domains such as embodied navi-
gation (Lin et al., 2021), robotics (Paxton et al.,
2019), and autonomous driving (Roh et al., 2020),
wherein misguided instructions from non-expert
users can cause critical safety issues if blindly fol-
lowed. Recent LLM research has begun studying
imperfect instructions, primarily focusing on am-
biguous user queries (Wang et al., 2025; Qian et al.,
2024; Andukuri et al., 2024), showing that LLMs
often make incorrect assumptions to compensate
for ambiguity, and on robustness against adversar-
ial attacks (Paulus et al., 2024; Kumar et al., 2023;
Xu et al., 2023), which is crucial for safe deploy-
ment. MIRAGE expands these lines of inquiry by
systematically benchmarking LLMs across multi-
ple imperfection categories and diverse domains.

Reflection and Error Recovery. Self-reflective
agents (Shinn et al., 2023; Fu et al., 2025; Zhou
et al., 2024a) aim to improve performance by it-
eratively revising plans or prompting models to
reason about their past failures. While methods
such as Reflexion (Shinn et al., 2023) incorporate
explicit mechanisms for self-reflection, recent find-
ings suggest that these mechanisms are often brittle
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Figure 2: Overview of MIRAGE. For navigation, cooking, and gaming, we first generate the environment and
task instance (e.g., map layout, recipe goal, or target boss). From this, we derive a perfect solution path, which is
then optionally perturbed to produce an imperfect guide. For web tasks, we extract guidance directly from human
demonstrations that we collected. We introduce two types of perturbations: Env Change (blue), which alters the
environment itself, and Guide Change (orange), which corrupts the instruction .
and unreliable, particularly in environments with
noisy or misleading feedback (Shinn et al., 2023;
Wang et al., 2023a; Kambhampati et al., 2024). At
the same time, most of these approaches implicitly
assume that errors stem from the agent’s internal
reasoning, rather than from flaws in external guid-
ance. In contrast, our setting introduces external
imperfections, which place greater demands on the
agent’s ability to question, revise, or recover from
faulty inputs. This makes reflection not only de-
sirable but essential: agents must learn not just
to correct themselves, but to recognize when the
information they were given is untrustworthy.

Benchmarks for Evaluating Robustness. A
growing set of benchmarks evaluate LLM agents
across web navigation, embodied control, and open-
ended domains (Liu et al., 2023; Wang et al., 2022;
Shridhar et al., 2021; Yao et al., 2022a; Paglieri
et al., 2025; Zhou et al., 2024b). However, these en-
vironments do not specifically test LLM agents’ ro-
bustness under imperfect guidance. MINT (Wang
et al., 2024a) explores agent improvement in re-
sponse to “lazy” user responses, which are similar
to our notion of underspecified guidance. We ex-
pand upon MINT by exploring additional types
of imperfections, and we focus on guidance pre-
sented prior to any attempt rather than feedback

presented after an attempt. DOROTHIE (Ma et al.,
2022a) studies recovery under unexpected events
in autonomous driving, but focuses on dialogue
rather than single-agent execution. In contrast, MI-
RAGE introduces controlled guidance imperfec-
tions spanning incomplete, incorrect, misaligned,
and underspecified and supports structured evalua-
tion of agent recovery behaviors.

2.1 Problem Setting

In MIRAGE, each interactive task is paired with
a clearly defined goal, such as reaching a destina-
tion or preparing a specific dish. We additionally
provide guidance, which refers to any form of aux-
iliary information intended to assist the agent’s
decision-making. This may include textual man-
uals, hints, or language skills designed to support
task completion.

In each task, the agent is given a goal and ac-
companying guidance guide. At each timestep
t, the agent receives an observation ot and pro-
duces an action at = πLLM(ot, goal, guide). Our
benchmark focuses on test-time settings where the
guidance may be noisy or misleading, and evaluates
how well agents can adapt to such imperfections.
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2.2 Benchmark Overview

MIRAGE consists of two parts: MIRAGE-World,
which includes procedurally generated environ-
ments in navigation, cooking, and gaming, and
MIRAGE-Web, which builds on realistic web nav-
igation tasks from WebArena (Zhou et al., 2023).
As shown in Figure 2, each domain supports correct
guidance that enables successful task completion.
From these, we systematically derive its imperfect
variants by either perturbing the guidance itself
or modifying the environment to break its align-
ment. This design enables controlled comparison
across both guidance fidelity and format, allowing
us to evaluate agent robustness, isolate the effects
of imperfection, and examine the performance gap
between effective and suboptimal guidance. Ta-
ble 1 gives a domain-level overview. Additional
environment details are provided in Appendix B.

2.2.1 Task domains
Navigation. We design procedurally generated
12×12 grid-based maps to simulate rural navigation
environments in which agents must reach specific
destinations. Each map features fixed structural
elements, such as houses, trees, and roads, which
differs in layout across episodes. Agents receive a
3x3 partial observable view. Some instructions are
precise and observation-independent (e.g., “move
north for three tiles”), while others are abstract and
depend on observations (e.g., “walk forward until
you see a maple tree on your right”).

Cooking. Agents are tasked with preparing
dishes by collecting and processing ingredients us-
ing various tools and appliances. They must nav-
igate between the kitchen, grocery store, fishing
dock, and farm to gather resources, and manage
time effectively during cooking by parallelizing
cooking steps. Guidance is provided through tex-
tual recipes and ingredient locations that vary in
completeness and correctness.

Roguelike Gaming. This domain features multi-
level dungeons in which agents must explore the en-
vironment, collect items, craft weapons, and defeat
enemies. The provided guidance may be detailed,
level-specific plans or general strategic instructions
such as “craft Fire Staff before reaching the boss.”

Web Navigation. Our web tasks are built on top
of WebArena (Zhou et al., 2023), a realistic and
open-ended environment for benchmarking lan-
guage agents on realistic websites. Each task speci-

fies a user goal (e.g., “post a message on Reddit”),
which the agent must achieve through a sequence
of natural language actions. We focus on four rep-
resentative domains: Reddit, Shopping, CMS (con-
tent management), and GitLab.

2.3 Guidance Imperfection
MIRAGE provides a unified framework for mod-
eling and evaluating imperfect guidance across di-
verse domains. As illustrated in Figure 2, each task
instance begins with a clearly defined goal and an
associated reference guidance, which is sufficient
to complete the task under ideal conditions.

To systematically introduce imperfections, we
apply two complementary mechanisms: Guide
Change and Env Change. Guide Change modi-
fies the content of the guidance itself, for example,
by omitting steps, introducing incorrect substitu-
tions, or abstracting specific actions. Env Change,
on the other hand, alters the environment in ways
that break alignment with otherwise correct guid-
ance, such as changes in UI layout or blocked paths.
This framework enables precise and controllable
perturbations to the fidelity of the guidance. Since
each type of imperfection is derived through a spe-
cific transformation of the original guidance, we
define imperfection categories based on how the
flawed guidance is constructed. Specifically, we
categorize imperfections into the following types:

• Incomplete: Deliberately removing key steps
or information (e.g., skipping the step to open
a product page before adding it to the cart).

• Incorrect: Altering factual or procedural ele-
ments in the guidance (e.g., providing an in-
valid crafting recipe that does not produce any
valid weapon).

• Underspecified: Merging, abstracting, or infor-
malizing details in the original guidance. This
category includes vague phrasing, high-level
goals, and compressed multi-step instructions,
requiring the agent to infer missing semantics
from context.

• Misaligned: Guidance that becomes invalid
due to changes in the environment (e.g., re-
named materials or blocked roads), resulting in
a task mismatch.

While these categories are clearly defined from a
designer’s standpoint, they may blur together from
the agent’s perspective. For instance, a skipped
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Table 1: Overview of MIRAGE, including task statistics and example imperfect guidance.

step (incomplete) may be perceived as an incorrect
guide or a misaligned reference. Our taxonomy
therefore emphasizes the source of perturbation
rather than the agent’s internal attribution, support-
ing systematic diagnosis of robustness under dis-
tinct failure conditions.

Table 1 summarizes the distribution of guidance
imperfections across domains. These imperfections
give rise to diverse challenges: from reasoning
over missing or abstract information (e.g., multi-
step actions such as “search”, which clicking and
typing), to grounding vague or inconsistent refer-
ences in observations (e.g., ambiguous spatial cues
in navigation), to adapting plans in response to
failed execution (e.g., invalid crafting recipes). Al-
though these imperfections are challenging, they
are never insurmountable. MIRAGE consistently
provides contextual clues that enable the agent to
infer the existence of imperfections and correct
them by backtracking and re-planning.

2.4 Environment Implementation and Task
Construction

All environments in MIRAGE-World are pow-
ered by a fully custom simulation engine built
from scratch, using Pygame (Pygame, 2024) and
CUTERPG pack (PixyMoon, n.d.). Unlike prior
work with fixed layouts, our engine supports dy-
namic environment generation, variable goal con-
figurations, and programmatic injection of guid-
ance imperfections. These imperfections are intro-
duced through strategies such as omitting key steps,
inserting incorrect actions, or generating abstract
instructions conditioned on local observations. The
engine provides both a Gym-style API (Brockman
et al., 2016) for agent interaction and a graphi-
cal interface for human use and debugging. For
MIRAGE-Web, we extend the WebArena frame-

work (Zhou et al., 2024b) and curate 450 task trajec-
tories from subsets of WebArena that are solvable
by humans. Imperfections are introduced via a
combination of hardcoded edits (e.g., step omis-
sions) and LLM-prompted rewrites, followed by
human review to ensure semantic consistency.

All tasks in MIRAGE are solvable by construc-
tion. During task generation, we first ensure that
a valid solution path exists under perfect guidance.
For example, in the gaming domain, we generate
the target boss, then select a compatible weapon,
distribute the necessary crafting materials across
levels, and assign a health threshold that matches
the weapon’s effectiveness. This guarantees that
a feasible solution exists before any imperfections
are introduced. For tasks involving environment-
level changes (e.g., blocked paths or missing items),
we apply dedicated solvability verifiers as part of
the generation pipeline to ensure that the perturbed
variant remains solvable. As an additional sanity
check, we conduct a human study in which five par-
ticipants attempt a representative subset of tasks.
While human performance is not used as a defini-
tive criterion, it provides further confirmation that
the tasks are interpretable and feasible for agents
with sufficient reasoning ability.

2.5 Extensibility and Difficulty Scaling

A key strength of MIRAGE-World is its extensi-
bility. As LLMs improve rapidly, our tasks can be
scaled to preserve challenge and diagnostic value.
All environments are procedurally generated and do
not rely on fixed layouts or solution paths, enabling
adjustable complexity across task instances. For
example, navigation difficulty can increase through
larger maps, added obstacles, or multi-goal ob-
jectives. Cooking tasks may involve multi-dish
requirements, tool constraints, or more complex
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Task Guidance Human ReAct P&S Reflexion
GPT-4.1

mini
GPT-4o

mini
Qwen-3

14B
Llama-3

70B
Qwen-3

235B
GPT-4.1

mini
GPT-4.1

mini

Nav

Perfect 96% 85% 63% 58% 38% 58% 56% 86%
Incorrect 72% 72% 19% 24% 12% 31% 25% 75%
Misaligned 78% 65% 24% 28% 15% 31% 22% 67%
None 44% 30% 32% 10% 1% 32% 10% 30%

Cook

Perfect 89% 98% 68% 88% 78% 93% 72% 98%
Incomplete 78% 96% 48% 88% 76% 94% 50% 98%
Misaligned 100% 91% 43% 46% 40% 72% 48% 94%
Underspecified 100% 94% 48% 79% 77% 90% 60% 94%

Game

Perfect 61% 70% 46% 45% 44% 69% 56% 70%
Incomplete 67% 48% 28% 17% 11% 32% 42% 50%
Incorrect 44% 12% 16% 19% 22% 26% 10% 12%
Misaligned 78% 42% 15% 28% 22% 42% 19% 44%
Underspecified 83% 52% 22% 15% 2% 39% 34% 55%
None 33% 16% 10% 1% 0% 8% 8% 18%

Table 2: MIRAGE-World results for ReAct, Plan & Solve (P&S), and Reflexion across different guidance. ReAct
and P&S are evaluated for 1 trial and Reflexion for up to 3 trials. Numbers denote success rates (%) out of 100 tasks
per condition, averaged across merged categories and rounded to the nearest integer.

recipe structures. Roguelike can scale via deeper
dungeons, more intricate crafting, and more com-
plex battle systems. These extensions are easy to
implement and ensure that MIRAGE remains rele-
vant as LLM capabilities grow.

3 Experiments

We evaluate a mix of LLM models and agent
frameworks. In MIRAGE-World, we benchmark
five models—GPT-4.1-mini (Kumar et al., 2025),
GPT-4o-mini (Menick et al., 2024), Llama-3-
70B (Grattafiori et al., 2024), Qwen-3-14B (Qwen
Team, 2025), and Qwen-3-235B (Qwen Team,
2025), each prompted with one-shot prompting.
Agents receive structured natural language inputs
that serialize the task description, goal, guidance,
current observation, and episode history. For
MIRAGE-Web, we evaluate GPT-4o on four We-
bArena domains: Reddit, Shopping, CMS, and
Gitlab with two-shot demonstrations. All agents
interact with the environment through natural lan-
guage actions. More details are in Appendix D.

3.1 MIRAGE-World Results

We evaluate agent performance under imperfect
guidance using three representative baseline meth-
ods. (1) ReAct (Yao et al., 2022b) combines
chain-of-thought reasoning with action execution,
prompting the LLM to interleave thoughts and ac-
tions in a step-by-step fashion. (2) We adopt a Plan-
and-Solve (P&S) strategy with iterative decomposi-

tion (Wang et al., 2023b; Jansen et al., 2024). The
agent incrementally generates and executes one
plan step at a time with a separate ReAct agent. (3)
Reflexion (Shinn et al., 2023) allows agents to learn
from prior failures by generating self-feedback af-
ter each episode. The agent iteratively updates its
behavior by incorporating insights from previous
attempts. Table 2 reports task success rates un-
der varying guidance conditions. We summarize
several key findings:

Perfect guidance boosts performance across all
models and domains compared to the no-guidance
baseline (i.e., one-shot ReAct).1 While humans
are generally robust to imperfect guidance and
may even benefit from it by becoming more atten-
tive, LLM agents typically suffer substantial perfor-
mance drops regardless of the model or prompting
framework. This reveals a core limitation of current
LLM agents: while the tasks themselves remain
solvable, agents struggle to detect flaws or adapt
their behavior when the auxiliary guidance is inac-
curate, outdated, or ambiguous. Figure 3 illustrates
qualitative examples where agents either fail to de-
tect imperfections in the guidance or are unable to
recover effectively.

The underperformance of Plan-and-Solve (P&S)
suggests that the challenge of MIRAGE-World
does not lies in long-horizon reasoning, but in re-

1We omit the no-guidance condition for cooking tasks, as
recipe information encodes critical task constraints. Without
it, agents lack a meaningful basis for decision-making.
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Task: Navigate to the destination.
Misaligned: The manual was created in summer, but you are navigating in winter.

Guide: turn left after you see
a cluster of green firs on the back-left
a dense cluster of red bushes

Observation:
a cluster of snow-covered firs on the back-left
a dense cluster of snow-covered bushes

Action: think[I see firs and dense bushes. But they are snow-covered. I should 
forward more until I see the target pattern.]
Observation: OK.

Action: forward

Same scenery in winter mode.
Correct position to turn!

Incorrect action! 
Cannot realize misalignment.

Task: Collect ingredients and prep for the dish.
Misaligned: Crops in the farm may disappear. Can be found in the store.

Guide: goto farm to harvest crops …

Observation: In the farm, you see some ripe tomatoes. However, corn needs a few 
more days to ripen. As a result, corn cannot be harvested now.

Action: goto store
Observation: In the store, you see raw corn in stock.

Action: think[I will not buy raw corn here because it is needed from the farm instead of 
the store according to the guide.]

Action: think[I cannot harvest corn, I will go back and start preparing ingredients I 
already have. I will wait for corn to ripen later.]

Cannot solve incorrectness.

Continue with defects.

Target is at a different place.

Figure 3: Two examples where the agent fails under imperfect guidance. Left: it does not recognize the misalignment.
Right: it realizes the guidance is inapplicable but cannot recover and continues with defects.

Domain Perfect Incomplete Underspecific Incorrect Misaligned None
Skip Step Narrative Merged UI Change Obs Delay

Reddit 86.67% 37.14% 35.23% 40.95% 56.19% 35.24% 11.43%
Shopping 62.14% 38.57% 44.29% 42.86% 53.57% 37.14% 32.09%

CMS 43.75% 18.75% 24.11% 18.75% 35.71% 18.75% 15.18%
GitLab 57.29% 36.46% 38.54% 35.42% 40.63% 30.21% 26.04%

Table 3: ReAct success rate with GPT-4o on WebArena tasks with imperfect guidance.

covering from misleading or missing information.
This is something that vanilla planning does not
adequately address. Reflection-based methods like
Reflexion perform slightly more robustly under im-
perfect guidance, confirming that agents benefits
from reasoning over time. This also indicates that
our environments provide cues, such as observable
outcomes or intermediate feedback, for agents to
learn and adapt. Nonetheless, our broader goal is
to enable agents to succeed within a single episode,
without relying on multiple retries.

The results also indicate that some imperfection
types are inherently more difficult. Incorrect and
misaligned guidance can be misleading, resulting
in steepest performance drops, while agents han-
dle underspecified and incomplete guidance better,
likely due to broad pretraining knowledge. These
findings validate the design of MIRAGE-World: it
presents diverse yet solvable challenges that probe
the guidance-following behavior of LLM agents.

3.2 MIRAGE-Web Results

To assess execution-time robustness in a realistic
setting, we evaluate GPT-4o on WebArena using
both perfect and perturbed guidance derived from
human demonstrations. Results are shown in Ta-
ble 3. Although the “perfect” guidance provides
one viable way to solve the tasks, tasks are not
all successful due to limitations unrelated to guid-
ance quality, such as difficulty interpreting tabu-
lar content or lack of persistent memory. Never-
theless, such guidance consistently leads to much
higher performance than the no-guidance setting,
confirming its utility. In contrast, all forms of

perturbed guidance result in notable performance
drops. Structural flaws such as skipped or merged
steps disrupt execution flow, while underspecified
narrative-style guidance degrades performance sub-
stantially (e.g., -51.44% on Reddit). These results
highlight the sensitivity of current LLM agents to
imperfect guidance, especially in long-horizon web
tasks with verbose, interaction-heavy observations.

3.3 Additional Analyses

3.3.1 Imperfect-Aware Agent
We evaluate ReAct agents that are augmented with
imperfection-aware prompting. This agent receives
natural language hints describing the expected im-
perfection type (for example, the direction may be
misleading) and a demonstration showing plausible
recovery behavior. To mitigate the potential influ-
ence of the provided few-shot demonstrations, we
selected 5 diverse examples and ran 1-shot experi-
ments with each of the examples.

Results are shown in Table 4, "IA" denotes
imperfection-aware prompting, where the agent
is informed that the guidance may be flawed; "NA"
indicates standard prompting, where no such aware-
ness is provided. In scenarios where the imperfec-
tion is easier to identify and recover from, such as
the storage loss setting in Cooking, the agent bene-
fits from the imperfect-aware prompting, suggest-
ing that simple priors can support more effective
reasoning. However, in more challenging cases
such as incorrect number of tiles in navigation, the
agent shows no improvement. Moreover, perfor-
mance under perfect guidance can also degrade, as
the additional hint causes the agent to second-guess
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accurate instructions and make unnecessary devia-
tions. Overall, while imperfection-aware prompt-
ing can enhance robustness in certain contexts, it
may also introduce new sources of mistakes.

Navigation Cooking

Agent Correct
Tiles

Wrong
Tiles

Construct
Tiles

Corret
Obs

Seasonal
Obs Perfect Storage

Loss

NA 90% 22% 8% 46% 33% 65% 48%
IA 90% 16% 6% 43% 30% 58% 60%

Table 4: Comparison between NA = Non-Aware and IA
= Imperfect-Aware agents.

3.3.2 Guidance Imperfection Severity
To better understand how guidance quality affects
agent performance, we design a controlled degrada-
tion experiment in the Reddit domain. Specifically,
we randomly omitting increasing proportions of
steps from the demonstration steps: 0% (perfect),
25%, 50%, and 100% of steps skipped.

As shown in Figure 4, agent performance drops
sharply as more steps are removed, demonstrating
that degraded guidance often does more harm than
good. In fact, when 50% of the steps are omitted,
performance is sometimes worse than no-guidance,
which suggests that partially flawed guidance can
mislead the agent more than it helps. These find-
ings show that current LLM agents heavily depend
on explicit, step-level instructions and struggle with
plans with skipped information that require infer-
ence or causal reasoning. Our results underscore
the value of robustness benchmarks with graded
imperfection levels, which help identify thresholds
where model performance breaks down.
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Figure 4: Effect of skipping steps in web guidance.

3.3.3 Error Analysis
Figure 5 shows common failure modes of GPT-
4.1-mini ReAct agent in MIRAGE-World. Errors
generally fall into four categories: (1) failing to
notice the imperfection, (2) recognizing the issue
but failing to recover, (3) not following correct
guidance, and (4) general execution mistakes.

We observe that the dominant error types dif-
fer across tasks. For example, under guidance

changes, navigation tasks often marked by the fail-
ure to notice flawed guidance, whereas gaming
tasks more frequently involve being misguided by
the changes. In contrast, when comparing navi-
gation tasks under guidance versus environment
changes, the former shows more instances of im-
perfection neglect, while the latter exhibits a higher
rate of misguidedness. This variation highlights
that current agents still struggle across multiple di-
mensions—including imperfection detection, rea-
soning, reflection, and robust execution.
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Misguided
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Figure 5: Error types of GPT-4.1-mini ReAct agents.

4 Conclusion

In this paper, we introduce MIRAGE, a bench-
mark for evaluating the robustness of large lan-
guage model agents under imperfect guidance. Our
framework spans procedurally generated environ-
ments in navigation, cooking, and gaming, as well
as realistic web-based tasks. By introducing guid-
ance imperfections such as omissions, inaccuracies,
and misalignments, we expose key limitations in
current agents and highlight the need for adaptive
behaviors like error detection context-aware correc-
tion. Our evaluation shows that even modest de-
viations from ideal guidance can cause significant
failures across common agent paradigms, highlight-
ing the importance of developing more resilient and
flexible agents. MIRAGE supports scalable task
difficulty and will be released to facilitate research
on robust decision-making in LLM agent design.

Limitations

While MIRAGE offers a flexible testbed for eval-
uating agent robustness under imperfect guidance,
several limitations remain. First, our experiments
focus entirely on prompted language models that
are fixed and pretrained. We do not explore how
agents behave when fine-tuned using guidance-
augmented data. This leaves several important
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questions unanswered. For example, does training
only on perfect guidance make a model more frag-
ile when later exposed to flawed instructions? If
trained on a subset of imperfect cases, can a model
generalize to other types of imperfection it has not
seen? What forms of reasoning traces are most
helpful for improving robustness during training?
Since MIRAGE-World supports large-scale proce-
dural generation of tasks and guidance variations,
it provides a strong foundation for conducting con-
trolled finetuning experiments. Understanding how
the type, frequency, and severity of imperfection,
along with the structure of reasoning traces pro-
vided during training, influence generalization at
test time remains an important direction for fu-
ture research. Second, although MIRAGE-Web in-
cludes realistic simulated changes such as renamed
interface elements, modified workflows with miss-
ing steps, and delayed observations, it does not
fully capture the long-term structural changes that
occur on real websites. In practice, websites evolve
over time through layout changes across versions,
the removal or replacement of features, and varia-
tion in response times. While our simulations are
designed to reflect plausible and realistic shifts, in-
corporating real-world data, such as archived snap-
shots of widely used websites, would support more
realistic and faithful benchmarking in dynamic dig-
ital environments.
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A Broader Impacts

This work introduces a benchmark for evaluating
the robustness of language agents in the presence
of imperfect guidance. We encourage its use as a
complementary resource within broader research
efforts on verification, interpretability, and agent
alignment. However, results from controlled set-
tings should not be overinterpreted when apply-
ing agents to real-world scenarios. Benchmarks
alone cannot guarantee safety or reliability. Agents
trained or evaluated using this benchmark may still
misinterpret flawed guidance or fail to recover from
subtle inconsistencies. Additional safety mecha-
nisms, human supervision, and verification pro-
cedures may be necessary to ensure responsible
deployment. While our benchmark can support the
development of more robust agents in applications
such as web automation, digital assistance, and in-
teractive education, we strongly discourage its use
for building systems that pursue harmful or decep-
tive objectives. We hope this work contributes to
the advancement of agents that are not only capable
but also trustworthy and adaptable.

B Environment Details

Our benchmark includes two components, MI-
RAGE-World and MIRAGE-Web, which provide
a comprehensive testbed for evaluating the robust-
ness of language agents under imperfect guidance.
MIRAGE-World consists of procedurally gener-
ated tasks across navigation, cooking, and gaming
domains, with full control over task complexity,
layout, and injected imperfections. MIRAGE-Web
is built on realistic websites from WebArena (Zhou
et al., 2023) and includes long-horizon browser-
based tasks in shopping, reddit, shopping admin,
and gitlab. Across both components, we introduce
imperfections at two levels: changes to the guid-
ance itself, such as missing steps or ambiguous
descriptions, and changes to the environment, such
as altered object placements, seasonal differences,
or dynamic obstacles. All tasks remain solvable
by design, and agents must learn to detect, rea-
son through, and recover from these deviations. In
the sections that follow, we describe each environ-
ment in detail, including task structure, observation
and action formats, and the guidance generation
process. At the same time, all environments in MI-
RAGE are procedurally generated or derived from
WebArena, which contains no personally identifi-
able or offensive content. We verified that no task

data or webpages include such material. We plan to
release all code upon acceptance of the paper. The
released artifacts will include detailed instructions
to facilitate full reproducibility of our experiments.
All materials will be made publicly available under
the MIT License, allowing free use, modification,
and distribution for research purposes. Any third-
party resources (e.g., datasets or pretrained models)
used in this work will be properly cited and linked
in the release documentation.

C MIRAGE Benchmark Framework

C.1 MIRAGE-World Navigation

C.1.1 Task Overview
In this task, the agent must navigate a procedurally
generated grid environment to reach a destination.
All experiments presented in the paper use a 12×12
map. The agent starts at a random location within
the farthest 25 percent of traversable tiles from the
goal. At each time step, it receives a partially ob-
servable 3×3 view centered on its current position,
along with its current facing direction (for example,
north). Each tile in the map corresponds to a 6× 6
unit region. Therefore, the agent gets an 18 × 18
unit visual field at each timestep.

Observation Space At each timestep, the agent
receives a 3× 3 first-person observation centered
on its current position, along with the direction it
is facing (for example, Direction: You are facing
north). Observations are presented in one of two
formats:

• Encoded language: Each tile within the ob-
servation window is described using natural
language. For example: “There is a group of
green pines on the front-right and right tiles.”

• Matrix format: The observation is rendered
as an 18× 18 grid corresponding to the 3× 3
tile window. Each tile is labeled with an object
type or ID (for example, road, house_2). Ob-
ject IDs such as tree_2 are used to distinguish
between different instances of the same type.

Action Space The agent can perform the follow-
ing actions:

• forward: The agent moves forward by one tile
in its current facing direction. Tiles such as
grass, trees, houses, and other obstacles are
non-traversable.
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Benchmark Domain(s) Task
Guidance

Guidance
Change?

Env
Change?

Easy
Extensibility

Procedurally
Generated?

Agent
Autonomy

WebArena
(Zhou et al.,
2023)

web ✗ ✗ ✗ ✗ ✗ Single-Agent

CEREAL-
BAR (Suhr
et al., 2019)

game ✓ ✗ ✗ ✗ ✗ Dialogue

R2RIE-CE
(Taioli et al.,
2024)

navigation ✓ ✓ (incorrect) ✗ ✗ ✗ Single-Agent

SDN (Ma
et al., 2022b)

autonomous
driving

✓ ✗ ✓ ✗ ✗ Dialogue

MIRAGE
(ours)

navigation,
cook, game,
web

✓ ✓ (incorrect,
underspeci-

fied,
incomplete)

✓ ✓ ✓ (for
Mirage-
World)

Single-Agent

Table 5: Comparison of MIRAGE and related benchmarks.

• turn left, turn right, turn around: Rotate
in place.

Reward The task ends either when the agent
reaches the tile adjacent to the destination or when
the episode exceeds a maximum step limit. The
task is considered successful if the agent reaches
the destination. The agent receives a reward at the
end of the episode, computed as

reward = 1− Distance to destination
Maximum possible distance

(1)

with the distance measured in number of tiles.

Environment Generation Maps are procedu-
rally generated by arranging patches of grassland
along a diagonal axis from the upper-left to the
lower-right corner of the grid. Each patch is sepa-
rated by a one-tile-wide road, which ensures that all
areas remain globally connected. After the terrain
layout is created, a destination is placed on a grass
tile adjacent to a road. Next, objects such as trees
and houses are added within the grass patches ac-
cording to predefined spacing constraints. Finally,
the agent is placed on a road tile from the farthest
25 percent of the map relative to the destination.

C.1.2 Guidance Generation
Perfect Guidance A BFS planner is run on the
map to generate an optimal path to the destination.
This path is then translated into three variants of
natural language guidance:

• Tile-based directional guidance. This format
provides precise step-by-step instructions us-
ing tile distances and turning directions. The

agent can follow the guidance directly to reach
the destination without needing to interpret its
surroundings. Example:

Start! You are currently facing east.
Step 1. Turn left to face north.
Step 2. Move forward 3 tiles (north).
Step 3. Turn left to face west.
Step 4. Move forward 2 tiles (west)
to approach the destination.

• Turn-based navigation cues. This format omits
exact movement distances and instead provides
directional instructions focused on when to turn.
The agent must rely on the observed road layout
to decide the appropriate moment to execute
each turn. Example:

Start! You are currently facing east.
Step 1. Turn left until you are facing
north.
Step 2. Continue going north; turn
left at the first intersection.
Step 3. Go straight. Your destina-
tion is just ahead, before any inter-
sections.

• Observation-anchored instructions. This for-
mat relies on visual descriptions of the envi-
ronment. The agent must monitor its 3 × 3
observation window to recognize when the de-
scribed scene appears and then decide how to
act based on that context. Example:

Start! You are currently facing east.
Step 1. Turn left until you are facing
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north.
Step 2. Walk forward (toward north)
until you see:

There is a group of green
pines on the back-right tile.

There is a house on the front-
right tile.

The front-left, left, right, and
back tiles are roads that you can step
on.
Step 3. Turn left until you are facing
west.
Step 4. Walk forward (toward west)
until you are close to the destination.

While all three formats are sufficient to complete
the task, they differ in the level of reasoning and
environment perception required. The first variant
is fully observation-agnostic and specifies an exact
action sequence that the agent can follow without
interpretation. In contrast, the latter two require the
agent to interpret its surroundings during execution
and adapt its actions based on local context.

Imperfect Guidance We implement several
types of imperfect guidance to introduce realistic
forms of noise and variability. These imperfections
fall into two broad categories. The first involves
flaws in the guidance itself. The second arises from
changes in the environment that make otherwise
accurate guidance less applicable. Such changes
may be long-term, including seasonal transitions,
terrain alterations, or urban development, or short-
term, such as moving pedestrians, passing vehicles
or dynamic visual signals. Examples are shown in
Figure 6.

1. Noisy Directions This variant introduces
small perturbations to the first two types of per-
fect guidance: tile-based directional instructions
and turn-based navigation cues. It alters movement
counts to simulate realistic cases where numerical
references may be slightly inaccurate. In every-
day communication, for instance, a person might
say “walk forward for about 200 meters” or “go
past two intersections”, even if the actual distance
differs. Such imprecision is common, as people
often rely on estimates or memory, leading to sub-
tle inconsistencies in the guidance they give. To
emulate this, we randomly apply a +1/–1 offset
to movement tiles or turns for some steps in the
perfect guidance. Notice that these changes only
affect the guidance text, not the environment itself.

As a result, the original path to the destination is
still valid, and the task remains fully solvable.

The environment naturally provides feedback
that helps the agent recognize imperfections in
guidance. For example, if the agent turns too early,
it may encounter non-traversable terrain such as
trees or houses. Likewise, if instructed to “walk
past three intersections” but only two are visible
before reaching the map boundary, the agent can
infer a mismatch. To support recovery more explic-
itly, we incorporate observation-based hints into
the guidance itself. This mirrors how humans often
rely on contextual clues and use visual markers to
verify progress. For instance, a person might say,
“Walk about 200 meters until you see a tower, then
turn left.” Even if the distance estimate is inaccu-
rate, the tower provides a clear signal for when
to act. Similarly, our guidance includes visual
anchors, such as: “Turn left at the first opportu-
nity when you see a house on the front-right tile.”
These observation-grounded phrases act as exter-
nal checkpoints, helping agents identify potential
imperfections in the guidance based on what they
see in the environment.

2. Seasonal Mismatch This setting introduces
a mismatch between the guidance and the current
environment’s visual appearance. The agent re-
ceives a guide written for a summer map but must
operate in a winter version of the environment.
Shared landmarks such as roads and houses remain
unchanged. However, many other visual elements
differ: for example, trees become snow-covered,
and new seasonal objects such as snowmen or ice
blocks are introduced. Some examples include:

• Summer-only: flowers, mushroom

• Winter-only: snowman with a hat

• Transformed objects: green oak tree → snow-
laden oak tree

Since the layout of the grasslands and roads re-
mains unchanged, the original path to the destina-
tion is still valid, and the task remains fully solv-
able.

3. Construction Blockages We simulate tem-
porary road closures by inserting construction
blocks, such as barricades or cones, along the orig-
inally optimal path. To make these disruptions
easier for agents to detect and reason about, all
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Figure 6: Four navigation environment variants. From left to right: (1) Standard — typical terrain layout; (2)
Seasonal — snowmen and ice blocks appear, flowers and mushrooms disappear, and trees become snow-covered; (3)
Construction — an intersection is blocked to simulate roadwork, requiring the agent to find a detour; (4) Dynamic
— a pedestrian moves toward the agent, and decorative lamps change color at each timestep.

construction blocks in this setting are placed as uni-
form 2× 2 regions. After insertion, we perform a
lightweight solvability check to ensure that at least
one valid path to the destination still exists. In most
cases, this check passes without issue due to the
connectivity of the map. In the rare case that no
valid path remains, we either relocate the construc-
tion block or regenerate the map. As a result, this
imperfection realistically captures scenarios such
as roadwork or temporary closures, where agents
must recognize unexpected obstacles and plan a
detour while still completing the task.

4. Dynamic Elements In contrast to long-term
environmental changes such as seasonal shifts, dy-
namic elements represent short-term variations that
occur within a few timesteps. These include visual
or physical disruptions that change over time, such
as flashing decorative lamps or moving pedestri-
ans. We introduce two forms of dynamics into the
environment:

• Color-changing lamps: Decorative roadside
lamps cycle through different colors every
timestep.

• Moving pedestrians: Human figures occasion-
ally walk into the agent’s path, temporarily
blocking forward movement before continuing
on their route.

These dynamic elements can mislead agents in
subtle but significant ways. For example, guid-
ance extracted from videos or step-by-step tutori-
als may instruct, “Turn right when you see three
blue lamps”. If the lamps change color and ap-
pear green when the agent arrives, it may become
confused or act prematurely. Similarly, if told to
“walk forward three tiles” but blocked by a mov-
ing pedestrian after the second tile, the agent may
incorrectly assume it has advanced. This type of
imperfection exposes a key limitation: language

agents often over-rely on static, snapshot-based
guidance and lack the situational awareness needed
to adapt to dynamic environments. By introducing
these short-term mismatches, we evaluate whether
agents can pause, reassess, and manage small in-
consistencies, which is essential for reliable behav-
ior in real-world settings.

C.2 MIRAGE-World Cooking
C.2.1 Task Overview
In this task, the agent takes on the role of a chef
working in a multi-location cooking environment.
The objective is to prepare and serve dishes based
on customer orders. To do so, the agent must nav-
igate between four key locations: the restaurant,
where cooking occurs, as well as the store, the
farm, and several harbor sites. Some ingredients
are available at the restaurant, while others must
be gathered from these external sources. Once all
required ingredients are collected, the agent returns
to the kitchen to prepare and serve the requested
dishes.

C.2.2 Task Generation
Each cooking task is generated by sampling one
or more dish templates from a predefined recipe
set. A dish template specifies required ingredients,
optional additions, preparation steps, and season-
ing constraints. For example, a taco may require a
tortilla as a base, with optional ingredients such as
shrimp or beef included depending on the task in-
stance. Each sampled dish is also assigned a flavor
profile, such as Spicy Citrus, which is associ-
ated with up to four seasonings. Ingredients are
linked to specific preparation methods; for instance,
chicken may be pan fried, deep fried, or grilled and
then chopped for use in a fried rice recipe.

Once selected, all ingredients and seasonings
are distributed across resource locations follow-
ing semantic constraints. For example, seafood is
primarily available through fishing at harbor sites,
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though some types may also be found at the store.
The ingredient pool includes six farm-harvestable
crops, twenty-two seafood varieties, five types of
meat, sixteen store-exclusive items, and twenty-
six seasonings. The benchmark currently supports
five core dish templates with varying preparation
complexity and ingredient diversity: sushi, fried
rice, salad, baked seafood, and taco. Season-
ing rules are enforced at execution time. Season-
ings designated for use during cooking must be
applied while ingredients are in tools such as pans
or grills, whereas those intended for after cooking
can only be added once ingredients are plated.

While the current benchmark emphasizes the
effects of imperfect guidance, the framework is
designed to be extensible along multiple dimen-
sions. It supports the addition of new dish tem-
plates and resource locations with minimal mod-
ification. More complex configurations, such as
time-sensitive processes or multi-agent coordina-
tion, can also be incorporated to further increase
task difficulty.

C.2.3 Observation Space

At each timestep, the agent receives a natural lan-
guage observation that reflects the result of its
most recent action, along with updated information
about the current environment state. This includes
changes such as cooking progress and tool usage at
the agent’s current location. Below are examples
of observations under different conditions:

• Change of location: describes the new loca-
tion’s contents and any associated updates.

Action: goto restaurant
Obs: You are now in the kitchen of
your restaurant.

You restock the fridge with raw
lettuce.

In the fridge, you see: raw tor-
tillas, raw lettuce.

In the cabinet, you see: olive
oil; lime juice.

There are 5 cooking tools in the
environment:

- pan_0, pan_1 are both empty.
Capacity: 0/4.

- cutting board, grill_0, grill_1
are all empty. Capacity: 0/1.

You’re not carrying anything
right now.

• Other actions: the observation reflects the im-
mediate outcome of that action.

Action: put raw shrimp into pan_0
Obs: You put raw shrimp into pan_0.
Please wait for 3 timesteps for it to
be cooked.

C.2.4 Action Space
The agent may choose one of the following actions
at each step:

• goto <location>

• harvest <crop>

• fish <seafood>

• buy <product>

• put <ingredient> into <tool>: place in-
gredients into one of eight types of cooking
tools.

• chop <ingredient>

• wait: wait for a timestep.

• plate from <tool> into plate<id>

• serve plate<id>

The current action space can be further decom-
posed into lower-level actions. For example, the
put action could be separated into two steps: first
take the ingredient, then put it into the specified
tool.

Not all actions are guaranteed to succeed. For
example, the environment includes multiple fishing
harbors, but only unoccupied harbors are accessi-
ble. If the agent attempts to go to a harbor that
is currently in use, the goto action will fail, and
the observation will indicate that the location is
unavailable. Similarly, the fish action has prob-
abilistic outcomes. The agent may fail to catch
anything or may catch a different type of seafood
than intended. These outcomes encourage agents
to reason under uncertainty.

C.2.5 Reward
The episode ends either when the agent serves all
required dishes or the maximum number of steps
is reached. The task is considered successful if all
required dishes are correctly served. At the end
of the episode, the agent receives a scalar reward
based on the number of correctly completed dishes:
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reward =
# of qualified dishes served

# of required dishes
(2)

A dish is considered correct only if it exactly
matches the corresponding recipe, as determined
by the environment’s internal validator. To be ac-
cepted, it must meet the following conditions:

• All required ingredients are present, and no
incorrect or extra ingredients are included.

• Each ingredient must have the correct prepara-
tion state (e.g., chopped and boiled).

• All required seasonings must be applied, with
correct timing and no extra seasonings added.

C.2.6 Guidance Generation
Perfect Guidance The agent receives complete
guidance generated based on the dish’s recipe tem-
plate and the distribution of ingredients across lo-
cations, including the following components:

• Recipe Overview: a textual description of the
required ingredients, seasonings, and cooking
procedure, formatted in a natural and structured
manner. For example:

Recipe for 1 serving of taco
(Smoky Lime)
Ingredients: raw chicken, raw lettuce,
raw shrimps, raw tortillas.
Seasonings (add during cooking):
cumin, lime juice, olive oil, paprika.
Steps:

– Grill the raw tortillas; then chop
the raw lettuce.

– Pan-fry the raw shrimp and raw
chicken.

– Add olive oil, paprika, cumin,
and lime juice to the pan.

– Wait for all ingredients to fin-
ish cooking, then assemble them
from the cutting board, grill, and
pan onto a single plate.

• Ingredient Locations: where each raw ingredi-
ent and seasoning can be found. For example:

Collect ingredients from the
following locations:
Farm: lettuce
Harbor_2: shrimp
Store: chicken, cumin, paprika

Imperfect Guidance For imperfections in the
guidance itself, we focus on two types: underspec-
ified and incomplete instructions. To introduce
environmental dynamics, we design scenarios with
varying complexity, ranging from simple disrup-
tions such as missing crops, where crops may have
been stolen or are not yet ripe, to more challeng-
ing situations like mistakes made by a rookie chef.
This spectrum allows us to evaluate agent robust-
ness across different levels of difficulty.

1. Missing Ingredient Locations The agent
is provided with a complete recipe but receives no
information about the locations of the required in-
gredients. Unlike in the perfect guidance setting,
this forces the agent to actively explore the envi-
ronment to find each item.

2. Abstracted Steps Fine-grained operations
and ingredient states in the recipe are replaced with
high-level descriptions. For example, a detailed
instruction such as chop raw mushroom. . . boil
the raw, chopped mushroom may be simplified to
chop the mushroom. . . boil the mushroom, omitting
explicit references to intermediate states.

3. Similar Recipe Substitution Instead of re-
ceiving the exact recipe for the target dish, the agent
is given a recipe for a similar dish. Key information
such as ingredients, seasonings, and preparation
states is still included, but step-by-step instructions
are missing. This setup mimics retrieval-based
guidance systems that return approximate but not
fully aligned instructions.

4. Crop Disappearance Certain ingredients
expected to be available at the farm may be miss-
ing due to simulated environmental events, such
as animal interference or weather-related damage.
To ensure the task remains solvable, the missing
item is guaranteed to be stocked at an alternative
location. The agent must detect the absence, adapt
its plan, and navigate to the alternative source. This
scenario provides a simple but essential test of the
agent’s ability to adapt when expected resources
are unavailable.

5. Storage Loss Some ingredients that were
initially available in the kitchen may later become
unavailable due to being used up or spoiled by the
time the agent returns from ingredient collection.
Missing or depleted items can be discovered either
upon arrival or when the agent attempts to use them,
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while spoiled ingredients are only revealed at the
moment of use.

6. Novice Execution Errors In some episodes,
the agent may follow the guidance correctly but still
face problems due to simulated action noise, mim-
icking the kinds of mistakes a novice chef might
make. For example, it may accidentally overseason
a dish or apply an unintended transformation. The
agent is expected to recognize the failure and adjust
its behavior accordingly. This scenario evaluates
the agent’s ability to detect execution errors and
maintain awareness of its own actions.

7. Tool Limitations The environment pro-
vides only a limited number of cooking tools (such
as two pans or cutting boards), yet the agent may be
required to prepare multiple servings. Since tools
cannot be duplicated, the agent must learn to sched-
ule actions efficiently, reusing tools across batches
while also coordinating the timing of operations
to complete the task under resource constraints.
Rigidly following a one-serving guidance can lead
to inefficient execution, as it may overlook opportu-
nities for tool reuse, parallelism, and multi-serving
coordination.

C.3 MIRAGE-World Gaming
C.3.1 Task Overview
In this domain, the agent plays a turn-based rogue-
like RPG with the goal of defeating the final-floor
boss. The environment features procedurally gen-
erated levels, each belonging to one of four types:
growth (item collection and crafting), combat (en-
emy encounters), shop (purchasing opportunities),
and boss (final or intermediate mini-boss battles).
Each level type offers distinct affordances, and suc-
cess requires careful management of health, inven-
tory capacity, and elemental effectiveness.

C.3.2 Task Generation
Each roguelike episode is procedurally generated
based on a predefined level layout. In the standard
configuration used throughout this paper, the level
sequence is fixed as:

growth → growth → combat

→ growth → shop → boss

The framework also supports more complex vari-
ants by extending or modifying the sequence, such
as adding extra levels or inserting intermediate chal-
lenges like a miniboss. Task generation begins

by sampling a final boss, which is assigned one
of eight possible elemental types: FIRE, WATER,
NATURE, LIGHT, DARK, ELECTRIC, ICE, or EARTH.
These types follow a predefined effectiveness ma-
trix—for example, ELECTRIC is highly effective
against WATER with a multiplier of 2.0 but ineffec-
tive against EARTH with a multiplier of 0.0. Based
on the boss’s element, the system identifies the
most effective counter-element and samples a cor-
responding advanced weapon as the agent’s ulti-
mate goal. The components required to craft this
weapon are then distributed across the levels using
a backtracking planner, which ensures that the total
number of items remains within the agent’s inven-
tory capacity and that distractor items are included
to maintain realism and increase challenge. Item
distribution is tailored to level types: in growth lev-
els, items appear on the ground or inside contain-
ers; combat levels contain enemies that may drop
items; and the shop level offers purchasable items.
The agent’s initial health is adjusted to match the
expected maximum possible damage following an
optimal plan, which assumes efficient crafting and
equipping of the best available weapons for each
enemy or miniboss encounter. A small safety mar-
gin is added to tolerate minor mistakes.

C.3.3 Observation Space
At each timestep, the agent receives a textual ob-
servation that reflects the outcome of its previous
action and the current environmental context. Ob-
servations are composed of three main components,
with the exact content determined by the type of
action taken:

• Action Feedback: The result of the most recent
action. The content varies based on the action
type. For example, combat actions return dam-
age exchanges such as: You attack with Dark
Dagger and deal 15 damage. Then, Ancient
Flame Sprite attacks and deals 7 damage.

• Level Context: A description of the agent’s
current surroundings, typically shown when
entering a new level. The details depend on the
level type:

– Growth Level: Lists nearby Collectible
Items, Containers, Readable Objects, and
NPCs.

– Combat Level: Lists current Enemies.
– Shop Level: Displays available items for

purchase, their costs, and optional NPC
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dialogue.
– Boss/Miniboss Level: Introduces pow-

erful enemies.

• Character Sheet: Shows the agent’s internal
state, updated as needed depending on the ac-
tion. It includes HP, coin count, and current in-
ventory (with elemental tags and item weights).

C.3.4 Action Space
The agent can issue one action per timestep, chosen
from the following list:

• collect <item>: pick up a listed collectible
item.

• open <container>: open a container and au-
tomatically collect its contents.

• craft <item>: combine the exact required
materials in the inventory to produce a crafted
item.

• discard <item>: drop an item to free up in-
ventory capacity.

• unequip: unequip the currently held weapon.

• equip <weapon>: equip a weapon from the
inventory.

• attack <enemy>: attack a target enemy.

• buy <item>: purchase a listed item from the
shop.

• talk <npc>: initiate dialogue with a non-
player character.

• read <object>: read a readable object (e.g.,
books, journals).

• leave: exit the current level and advance to the
next.

• back: return to the previous level, if allowed.

• recipes: display the list of all available craft-
ing recipes.

C.3.5 Reward
An episode ends when the agent defeats the boss,
exceeds the step limit, or is defeated by enemies.
The task is considered successful if the agent de-
feats the boss and finishes with positive HP. The

reward is defined as the ratio of final HP to initial
HP:

reward =
Final HP
Initial HP

(3)

This encourages efficient combat and strategic plan-
ning. The agent must balance exploration, craft-
ing, and combat to preserve health for the final
encounter.

C.3.6 Guidance Generation
Perfect Guidance Given full control over level
layout, item placement, and crafting dependencies,
we generate an optimal path to task completion us-
ing a backtracking planner. This path is then trans-
lated into natural language guidance that help the
agent defeat the final boss, which is automatically
generated and reflect a valid, solvable strategy.

• Action-oriented guidance
It provides details goals for each level, specify-
ing how the agent should maintain. Example:

Level 2 (growth):
- Fire Essence ×1 (available in the
tide pool or the wooden crate; only
one is needed)
- Water Crystal ×1 (on the ground;
used later for trading in the shop)

Imperfect Guidance We introduce several
types of imperfect guidance. These modifi-
cations are designed to introduce uncertainty
while preserving task solvability, either by al-
lowing recovery or by embedding helpful clues
in the environment.

1. Partial Removal In this setting, only a
subset of the level-by-level plan is provided.
For example, the guidance may include detailed
instructions for Level 2 and Level 5, but omit
information about Levels 3 or 4. This forces
the agent to interpolate or plan autonomously
for the missing levels.

2. Abstract Material List This variant pro-
vides a minimal form of guidance, without pro-
viding full information on how or where to ac-
quire required materials. We implement two
subtypes:

– Global checklist.
A flat list of all required materials for the
entire episode, presented without any per-
level breakdown. The agent must determine
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when and where to obtain each item across
the levels. Example:

You will need to prepare the
following materials:
- Fire Essence ×3
- Weapon Prototype ×1
- Magic Catalyst ×1
- Enchanted Cloth ×1
- Water Crystal ×1

– Per-level checklist.
A breakdown of required materials by level,
without revealing where they appear or how
to collect them. As a result, the agent must
explore each level to locate items. Exam-
ple:

Level 1 (growth):
- Fire Essence ×1

Level 2 (growth):
- Fire Essence ×1

...

3. Incorrect Crafting Recipe Here, the
agent is provided with a slightly incorrect craft-
ing recipe. For example, a recipe for a Fire Staff
that omits one required component or includes
an invalid substitute. Attempting to craft with
this recipe. However, the environment supports
a recipes function that the agent can invoke
at any time to retrieve the true, valid recipes.
This setting tests the agent’s ability to recognize
guidance failure, consult internal resources, and
adjust accordingly.

4. Renamed Elements Some collectible
items in the environment are renamed to un-
familiar terms. For example, Fire Essence
may appear in guidance, while the correspond-
ing item in the environment is labeled Fire
Residue. To help the agent resolve this mis-
match, we embed hints into the environment:
NPCs may explain local terminology differ-
ences, or readable objects may contain clues
about alternate names. Although the guidance-
to-environment mapping is distorted, sufficient
signals exist to bridge the vocabulary gap. This
setup evaluates the agents ability to integrate
environmental cues with imperfect guidance.

5. Localized Content Shuffling. In this vari-
ant, key items are shuffled within a level. For
instance, instead of finding a Magic Catalyst on

the ground, it may now appear inside a nearby
chest, or a required item may drop from a dif-
ferent enemy than originally indicated. Impor-
tantly, the shuffling is restricted to within-level
scope, preserving solvability. However, it chal-
lenges agents that rely too rigidly on detailed
location-specific instructions, for example, ex-
pecting to find an item specifically in the “stone
chest”.

C.4 MIRAGE-Web WebArena

C.4.1 Overview

WebArena (Zhou et al., 2023) is a high-fidelity,
standalone web interaction environment de-
signed to evaluate autonomous agents ability
to execute real-world tasks via a simulated
browser. It includes organically sourced con-
tent and fully functional web applications span-
ning diverse domains. In our benchmark, we
focus on four representative task types: E-
commerce website (OneStopShop), GitLab,
Reddit, and an online store content manage-
ment system (CMS). Each task is specified by
a natural language objective along with high-
level instructions, which may vary in imperfect
guidance conditions. Our use of WebArena is
consistent with its intended research purpose
and license terms, extending it for robustness
evaluation under imperfect guidance, maintain-
ing its non-commercial, research-only use.

C.4.2 Observation Space

At each time step, the agent receives an obser-
vation that mimics the human web browsing
experience. The observation includes:

– Task Intent: The natural language descrip-
tion of the user’s objective.

– Current URL: The URL of the web page
currently being viewed.

– Open Tabs: A list of all currently opened
tabs and their indices.

– Focused Tab Content: The content of the
current web page, rendered as an accessi-
bility tree.

– Previous Actions: A list of past actions
taken by the agent.

– Notes: A list of notes the action took from
the start of the trajectory.
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C.4.3 Action Space

The agent can issue one action per step from a
fixed set of browser-interaction primitives:

– Page Operation Actions:
* click [id]: Clicks on an element with

the specified identifier.

* type [id] [content]
[press_enter_after=0|1]: Types
content into an input field.

* hover [id]: Moves the cursor over the
specified element.

* press [key_comb]: Simulates press-
ing a keyboard shortcut (e.g., Ctrl+C).

* scroll [direction=up|down]:
Scrolls the page in the given direction.

– Tab Management Actions:
* new_tab: Opens a new tab.

* tab_focus [tab_index]: Switches
focus to the specified tab.

* close_tab: Closes the currently fo-
cused tab.

– Navigation Actions:
* goto [url]: Navigates to the given

URL.

* go_back, go_forward: Moves back-
ward or forward in browsing history.

– Memory and Timing Actions:
* write_to_note [content]: Stores

useful information as an internal note
for later use.

* wait: Takes no interaction, simulating
a wait action for dynamic content to
load.

– Completion:
* stop [answer]: Ends the episode and

optionally submits a text answer.

C.4.4 Guidance Generation

Perfect Guidance In MIRAGE-Web, per-
fect guidance is constructed by collecting high-
quality human demonstrations and converting
them into structured step-by-step action se-
quences. Specifically, we gather 450 success-
ful human-completed trajectories across the
four domains used in our benchmark: GitLab,
Reddit, E-commerce Shopping, and Shopping-
Admin(CMS). Human annotators followed the
task descriptions and prompts already included
in the WebArena framework, which specify the

goal, observations, past actions, and action for-
mats. The human annotations were performed
by the authors. No external annotators were
recruited or compensated, and therefore recruit-
ment and payment are not applicable. No demo-
graphic or geographic information is applicable
as well. Each trajectory is then translated into a
sequence of natural language instructions that
align with the action space.

To improve clarity, we augment raw action
traces with contextual information extracted
from the accessibility tree when elements ap-
pear multiple times on the same page. For ex-
ample, multiple links labeled “Edit” or “Issues”
may exist; in such cases, we append brief refer-
ences to nearby elements or structural cues to
help the agent identify the correct target. These
descriptions are concise but informative, en-
abling robust interpretation without requiring
pixel-level inputs. An example excerpt of a
perfect guidance sequence is shown below:

1. type [element_id] [primer design] where
[element_id] is searchbox Filter by name

2. click [element_id] where [element_id] is
heading Primer / design

3. click [element_id] where [element_id] is
link Issues; There are multiple Issues on
the page, this specific one is between link
Project information and StaticText 21

4. click [element_id] where [element_id] is
link Edit; There are multiple Edit links,
this one is between StaticText Assignee
and link Inayaili León

5. stop [your_answer]

Imperfect Guidance We implement several
forms of imperfect guidance to evaluate agent
robustness in realistic web navigation scenarios.
Some variants are generated programmatically,
while others are produced by prompting a lan-
guage model to rewrite the original guidance.
These LLM-generated rewrites sometimes con-
tain noise or hallucinations, reflecting the kinds
of errors commonly seen in LLM-generated
guidance, tips, or skills. To ensure quality and
consistency, we also create a cleaned version of
each variant by having human annotators read
and rewrite the steps manually. Below, we de-
scribe the different types of imperfect guidance
used in our benchmark:
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1. Skip Step In this variant, we randomly
drop one step from the original action sequence.
This simulates a common human oversight
where a user forgets to specify an intermediate
action, such as failing to mention that a menu
needs to be opened before a link becomes vis-
ible. The agent must detect that something is
missing and recover by reasoning or trial and
error.

2. Narrative Rewrite We prompt a language
model to translate each step of the action se-
quence into a natural language command. For
example, the original instruction "click [ele-
ment_id] where [element_id] is link Orders"
may be rewritten as "Click on the Orders link".
This format resembles how users typically ex-
press instructions in a more casual and descrip-
tive manner, which may introduce ambiguity or
underspecification.

3. Merged Steps This variant goes further
than the narrative rewrite by combining mul-
tiple low-level actions into a single sentence.
More specifically, we prompt LLMs to merge
action steps that are on the same webpage. For
example:

Original: scroll [down]
scroll [down]
scroll [down]
scroll [down]

Merged: Scroll down four
times.

Such merged forms reflect how users might
batch repeated or related actions into higher-
level abstractions. The agent must learn to map
this concise guidance back into multiple con-
crete steps.

4. UI Change Rather than modifying the
web environment directly, we simulate UI-level
variability by altering the element descriptors
in the guidance. For example, the original
step "click [element_id] where [element_id]
is link Orders" may be rewritten as "click [el-
ement_id] where [element_id] is link All Or-
ders". These changes involve replacing text
with near-synonyms, abbreviations, or slightly
altered phrasing, rather than introducing en-
tirely incorrect meanings.

C.5 Baselines

5. Observation Delay In this condition,
the agent’s action is successful, but the up-
dated observation is delayed. This reflects real-
world phenomena such as slow internet connec-
tions or UI latency. The challenge is that the
agent must not assume failure, nor proceed too
quickly based on outdated state.

D Evaluation Setting

In this section, we will describe the experimen-
tal settings, models used, compute resources,
and results with different types of imperfect
guidance.

We evaluate three agent baselines in the MI-
RAGE-World setting: ReAct, Plan-and-Solve
(P&S), and Reflexion. These methods repre-
sent different approaches to reasoning and ac-
tion planning under imperfect guidance. Below,
we briefly describe how each method is adapted
and implemented.

ReAct We follow the ReAct framework (Yao
et al., 2022b), which interleaves natural lan-
guage reasoning with environment actions. To
support flexible reasoning, we extend the ac-
tion space by introducing a think action. This
allows the agent to generate thoughts that do
not affect the environment and only return an
observation "OK". The agent is prompted in
a one-shot format, with a demonstration show-
ing how to interleave reasoning and actions
throughout the episode.

Plan-and-Solve (P&S) The P&S baseline
uses a hierarchical planning structure inspired
by prior work (Wang et al., 2023b; Jansen et al.,
2024). A high-level planner is prompted with
a one-shot demonstration and takes as input
the full episodic history, previously proposed
high-level steps, and any provided guidance. It
is tasked with generating the next high-level
plan that can be achieved in a few actions. A
separate ReAct-style agent is then prompted to
execute this step. The sub-process ends when
the agent issues a stop action or exceeds a pre-
defined step budget (twelve steps for navigation
and cooking, fifteen for gaming).
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Env Guidance G. GPT-4.1 GPT-4o Qwen3 LLaMA3 Qwen3
mini mini 14B 70B 235B

Navigation
Nav tile-based P 100.0±0.0 94.0± 0.0 99.0± 1.0 90.0± 3.0 97.0± 2.1

turn-based P 64.0± 2.4 29.0± 2.8 30.0± 2.6 10.0± 2.1 27.0± 5.8

obs-based P 90.0± 3.2 60.0± 4.3 44.0± 3.4 15.0± 3.1 50.0± 5.8

wrong tiles IN 68.0± 3.7 38.0± 5.1 20.0± 3.0 13.0± 4.2 34.0± 6.2

wrong turns IN 76.0± 4.0 23.0± 4.2 27.0± 4.2 10.0± 3.8 27.0± 4.0

None NA 30.0± 8.6 32.0± 4.9 10.0± 2.6 1.0± 1.0 32.0± 5.7

Nav-Season obs-based M 90.0± 3.2 52.0±12.0 43.0± 6.3 17.0± 3.7 56.0± 3.7

Nav-Block tile-based M 82.0± 6.6 16.0± 8.7 6.0± 2.7 5.0± 2.7 10.0± 3.3

turn-based M 72.0± 7.3 16.0± 3.7 18.0± 2.9 9.0± 3.1 19.0± 4.1

obs-based M 78.0± 7.3 6.0± 4.0 16.0± 4.3 6.0± 2.2 16.0± 4.3

Nav-Dynamic tile-based M 80.0± 4.5 70.0± 4.5 81.0± 3.5 70.0± 3.3 75.0± 4.3

turn-based M 46.0± 9.3 7.0± 2.6 15.0± 5.8 6.0± 2.2 25.0± 2.2

obs-based M 74.0± 6.8 26.0± 6.0 45.0± 5.2 8.0± 2.5 49.0± 7.2

Cooking
Cook full info P 98.0± 2.0 66.0± 6.8 88.0± 5.0 78.0± 2.9 93.0± 2.1

no ing location IC 96.0± 2.4 48.0± 9.7 88.0± 2.9 76.0± 2.7 94.0± 2.2

abstracted steps U 94.0± 2.4 48.0± 8.6 79.0± 3.5 77.0± 4.2 90.0± 3.0

similar recipe M 88.0± 2.0 30.0± 7.1 46.0± 3.4 56.0± 4.8 76.0± 3.7

Cook-Crops full info M 92.0± 4.9 42.0± 7.3 46.0± 5.2 42.0± 6.3 60.0± 3.0

Cook-Storage full info M 96.0± 2.4 60.0± 7.1 52.0± 3.6 43.0± 3.7 70.0± 3.0

Cook-Rookie full info M 88.0± 5.8 40.0± 8.9 43.0± 2.6 21.0± 4.1 81.0± 4.8

Roguelike
Rogue action-oriented P 70.0±18.2 46.0± 7.6 45.0± 6.2 44.0± 4.0 69.0± 4.8

global checklist U 42.0±14.6 16.0± 3.6 4.0± 1.6 0.0± 0.0 29.0± 6.0

per-level checklist U 62.0±16.9 28.0± 4.1 27.0± 4.7 4.0± 2.2 49.0± 5.3

partial removal IC 48.0±13.9 28.0± 4.7 17.0± 3.4 11.0± 3.1 32.0± 3.9

incorrect recipe IN 12.0± 5.8 16.0± 2.8 19.0± 2.3 22.0± 4.9 26.0± 6.2

None NA 16.0± 8.1 10.0± 3.9 1.0± 1.0 0.0± 0.0 8.0± 4.2

Rogue-shuffle action-oriented M 50.0±20.5 16.0± 5.7 37.0± 4.0 18.0± 3.9 38.0± 6.3

Rogue-rename action-oriented M 34.0±14.0 14.0± 2.8 20.0± 3.7 26.0± 4.5 45.0± 6.5

Table 6: MIRAGE-World results for ReAct across different guidance conditions. All results are from a single trial
per task. Each number denotes the success rate (%) out of 100 tasks (10 tasks across 10 seeds), rounded to the
nearest integer. Standard errors are computed across seeds. The column labeled G. indicates the type of guidance: P
= Perfect, NA = No guidance, IN = Incorrect, IC = Incomplete, M = Misaligned, U = Underspecified.
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Reflexion We implement Reflexion (Shinn
et al., 2023) to examine whether self-reflection
can improve agent performance across trials.
Unlike the other baselines, Reflexion is allowed
up to three full attempts per task. After each
trial, the agent is shown a brief summary of
general, high-level possible failure points and is
prompted to reflect in an open-ended way. The
environment is then rewound to its initial state,
and the agent begins a new trial. Its prompt is
augmented with a list of reflections and sug-
gestions for the new trial from all previous
attempts. Although Reflexion is not directly
comparable to single-episode agents, it demon-
strates how iterative reasoning and feedback
can improve performance and help reveal task
solvability.

For MIRAGE-Web, we use a ReAct-style
agent. The agent is prompted with a two-shot
demonstration and must think through the task
step by step before deciding on an action. The
final action must be wrapped in a code block
enclosed by triple backticks, following the re-
quired action format.

D.1 Hyper-parameters

For all MIRAGE-World experiments,
we use the following language mod-
els: GPT-4.1-mini (Kumar et al., 2025),
GPT-4o-mini (Menick et al., 2024), Llama-
3-70B (Grattafiori et al., 2024), Qwen-3-
14B (Qwen Team, 2025), and Qwen-3-
235B (Qwen Team, 2025). All model outputs
are generated with temperature set to zero to
ensure deterministic behavior, allowing us
to isolate the impact of guidance variation
without stochasticity from decoding. Each
type of imperfection is evaluated with 10
random seeds, each consisting of 10 unique
task instances, resulting in 100 total tasks per
condition.

For MIRAGE-Web, we use GPT-4o (OpenAI,
2024), as the tasks involve more realistic and
challenging web tasks with long, complex ob-
servations that demand stronger contextual rea-
soning.

D.2 Compute resources

We utilized the OpenAI API to run inference for
all OpenAI models tested, including GPT-4o,
GPT-4.1-mini, and GPT-4o-mini. The wall-
clock runtime varies across tasks and mod-
els. For example, for navigation tasks, GPT-
4o-mini takes about 12 minutes per 10 tasks,
while GPT-4.1-mini completes the same batch
in approximately 11 minutes. On cooking tasks,
GPT-4.1-mini takes around 8 minutes, and for
gaming, about 12.5 minutes for 10 sequential
tasks. Running a full set of 450 tasks for a sin-
gle imperfection type in MIRAGE-Web using
GPT-4o takes approximately 10 hours when ex-
ecuted sequentially. Running the whole Mirage-
World with gpt-4o-mini for 100 tasks each im-
perfection type will cost about 70 US dollars,
and running the whole Mirage-Web with gpt-4o
costs about 300 US dollars.

We utilized an internal computing cluster to
run inference on all open-weight models tested
(Qwen-3 14B, Qwen-3 235B, LLaMA-3 70B,
etc.). This computing cluster consists of five
machines with the following specifications:

1. 8 x RTX A6000 Ada (48 GB VRAM),
Xeon E5-2697A v4 (2.60GHz), 1024 GB
RAM

2. 6 x RTX A6000 (48 GB VRAM), AMD
EPYC 7313 (3.00GHz), 1024 GB RAM

3. 8 x RTX A5000 (24 GB VRAM), Xeon
E5-2630 v4 (2.20GHz), 256 GB RAM

4. 8 x RTX 4070 (12 GB VRAM), Xeon E5-
2697 v4 (2.30GHz), 256 GB RAM

5. 8 x TITAN X (12 GB VRAM), Xeon E5-
2630 v3 (2.40GHz), 256 GB RAM

We utilized a combination of Ollama and
vLLM to deploy and run inference on open-
source models. The average runtime varies
across domains and task types. For the largest
model, Qwen-3 235B, running 10 tasks took
approximately 26 minutes for navigation, 20
minutes for cooking, and 43 minutes for gam-
ing.

D.3 Results

D.3.1 MIRAGE-World Results

We present the full results of ReAct-style
agents across different models in Table 6. For
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all experiments, we report the success rate over
10 tasks for each of 10 seeds, and include stan-
dard error across seeds.

We additionally tested smaller models under the
ReAct setting on MIRAGE-World navigation
tasks. The results are shown in Table 7. How-
ever, these models perform poorly on the bench-
mark, potentially due to the challenging nature
of the tasks, which involves long-horizon rea-
soning and rich contextual understanding.

Model None M I Perfect

LLaMA3.2-3B 0% 0% 0% 0%
Qwen2.5-3B 0% 2% 0% 5%
Qwen2.5-7B 2% 9% 8% 14%

Table 7: ReAct setting: success rates (%) under different
guidance qualities for smaller models. M = Misaligned,
I = Incorrect.

D.3.2 MIRAGE-Web Results

Results for MIRAGE-Web are shown in Ta-
ble 9, evaluated using GPT-4o with a ReAct-
style agent across different types of guidance
imperfections. We consider the following vari-
ants:

– Skip Step: randomly removes one step
from the original guidance sequence.

– Narrative: reformulates the original struc-
tured actions into free-form natural lan-
guage.

– Merged: combines steps that occur on the
same webpage (i.e., same URL) and ex-
presses them as a single verbal instruction.

– UI Change: apply LLMs to rewrites up to
three UI elements in the observation using
semantically similar alternatives.

– Observation Delay: introduces a delay of
2 to 5 timesteps before the agent receives
the resulting observation.

Each imperfection simulates realistic chal-
lenges in interpreting and following web-based
instructions, and allows us to assess the robust-
ness of agents under varied forms of guidance
degradation.

D.4 Experiments with Task-level
Ambiguity

MIRAGE focuses on imperfect guidance un-
der a well-defined goal (task). Some other

interesting real-world scenarios include task
ambiguity. While the aspect is orthogonal to
our focus, it can be combined with MIRAGE
tasks. Our “underspecified” guidance category
already captures part of the space. We addition-
ally implement a cooking task with ambiguous
goals (e.g., multiple sushi recipes while the cus-
tomer only says “I want sushi”).

We then augment the action space with
ask[...] to query a simulated customer (pow-
ered by gpt-4o-mini with access to the task
spec). We evaluate: (i) Standard ReAct with
a demonstration of an unambiguous task; and
(ii) Imperfect-aware ReAct with a demonstra-
tion showing inquiry to resolve ambiguity. Ta-
ble 10 shows that ambiguity harms ReAct, but
is easy to identify and recover via imperfect-
aware prompting.

E Prompts

E.1 Imperfect Guidance Generation

We prompt GPT-4o to rewrite the original step-
by-step guidance into several imperfect guid-
ance formats. These rewrites are designed to
reflect common issues in real-world guidance,
such as ambiguity, abstraction, and UI mis-
match. Figure 8, Figure 9, and Figure 7 show
representative examples of the three LLM-
rewritten variants.

For the narrative and UI change variants, we
process steps individually in order. In the UI
change setting, we sample at most three steps
to rewrite per task, focusing on those with click-
able elements. The LLM is prompted to modify
the element label using near-synonyms, abbre-
viations, or vague descriptions, while preserv-
ing overall intent. For the merged variant, we
group consecutive steps that share the same
URL and send them together to the language
model as a batch. This produces more abstract
and compressed instructions that span multiple
actions, mimicking how humans often summa-
rize multi-step behaviors in narrative form.

To avoid potential hallucinations and mistakes,
our submitted code includes a version of each
rewritten variant that has been manually re-
viewed and refined by human annotators.
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Env Guidance G. ReAct Plan & Solve Reflexion

Navigation
Nav tile-based P 100.0± 0.0 78.0± 5.7 100.0± 0.0

turn-based P 64.0± 2.4 20.0± 4.1 68.0± 3.7

obs-based P 90.0± 3.2 69.0± 9.4 90.0± 3.2

wrong tiles IN 68.0± 3.7 29.0± 3.0 70.0± 3.2

wrong turns IN 76.0± 4.0 21.0± 3.0 80.0± 3.2

None NA 30.0± 8.6 10.0± 4.4 30.0± 8.6

Nav-Season obs-based M 90.0± 3.2 47.0± 4.1 92.0± 2.0

Nav-Block tile-based M 82.0± 6.6 5.0± 1.7 84.0± 5.1

turn-based M 72.0± 7.3 25.0± 2.3 78.0± 6.6

obs-based M 78.0± 7.3 0.0± 0.0 80.0± 7.7

Nav-Dynamic tile-based M 80.0± 4.5 28.0± 2.1 80.0± 4.5

turn-based M 46.0± 9.3 22.0± 2.5 48.0± 10.7

obs-based M 74.0± 6.8 25.0± 2.7 76.0± 5.1

Cooking
Cook full info P 98.0± 2.0 72.0± 6.2 98.0± 2.0

no ingredient location IC 96.0± 2.4 50.0± 6.5 98.0± 2.0

abstracted steps U 94.0± 2.4 60.0± 5.2 94.0± 2.4

similar recipe M 88.0± 2.0 63.0± 5.7 94.0± 2.4

Cook-Crops full info M 92.0± 4.9 48.0± 4.8 92.0± 4.9

Cook-Storage full info M 96.0± 2.4 41.0± 4.2 96.0± 2.4

Cook-Rookie full info M 88.0± 5.8 38.0± 6.6 92.0± 4.9

Roguelike
Rogue action-oriented P 70.0± 18.2 56.0± 2.8 70.0± 18.2

global checklist U 42.0± 14.6 23.0± 4.8 46.0± 14.4

per-level checklist U 62.0± 16.9 40.0± 6.2 64.0± 17.2

partial removal IC 48.0± 13.9 42.0± 5.7 50.0± 13.8

incorrect recipe IN 12.0± 5.8 10.0± 2.2 12.0± 5.8

None NA 16.0± 8.1 8.0± 1.7 18.0± 8.0

Rogue-shuffle action-oriented M 50.0± 20.5 18.0± 3.5 54.0± 22.3

Rogue-rename action-oriented M 34.0± 14.0 19.0± 5.8 34.0± 14.0

Table 8: Comparison of ReAct, Plan & Solve, and Reflexion using GPT-4.1-mini across all tasks. Numbers denote
success rates (%) averaged over 10 tasks per seed, with 10 different seeds. Reflexion allows 3 trials per task, while
the others use only 1. Standard errors are computed across seeds.

Domain Perfect Incomplete Underspecific Incorrect Misaligned None
Skip Step Narrative Merged UI Change Obs Delay

Reddit
86.67%
± 3.32%

37.14%
± 4.72%

35.23%
± 4.67%

40.95%
± 4.80%

56.19%
± 4.84%

35.24%
± 4.66%

11.43%
± 3.23%

Shopping
62.14%
± 4.10%

38.57%
± 4.11%

44.29%
± 4.20%

42.86%
± 4.18%

53.57%
± 4.21%

37.14%
± 4.08%

32.09%
± 3.90%

CMS
43.75%
± 4.69%

18.75%
± 3.69%

24.11%
± 4.04%

18.75%
± 3.69%

35.71%
± 4.53%

18.75%
± 3.69%

15.18%
± 3.40%

GitLab
57.29%
± 5.05%

36.46%
± 4.91%

38.54%
± 4.97%

35.42%
± 4.88%

40.63%
± 5.01%

30.21%
± 4.69%

26.04%
± 4.48%

Table 9: Task success rate (%) and standard error for ReAct (GPT-4o) on WebArena tasks under different guidance
conditions. Columns are ordered left to right from perfect guidance to imperfect guidance, and then to no guidance.
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You will be given a detailed instruction step to complete a web navigation task (specified by 
'task'). Please rewrite the step to a short, abstract, and narrative version that is grounded to 
the corresponding task. 

For example: 
Task: What are the top-5 best-selling product in Jan 2020 
Input: click [element_id] where [element_id] is link 'Orders' 
Output: navigate to page with orders.  
…

Now it's your turn: 
Task: {task} 
Input: {manual_input} 
Output: 

instruction

In-context 
examples

Inputs

Figure 7: Example of narrative-style rewrite. Guidance are rewritten in a more descriptive form.

You will be given a few detailed instruction steps to complete a web navigation task 
(specified by 'task'). Please merge them step to a short, abstract, and narrative version that 
is grounded to the corresponding task. 

For example: 
Task: Create a new private project "web-nav" 
Input:  
scroll [down] 
scroll [down] 
scroll [down] 
scroll [down] 
Output: scroll down for 4 times. 
…

Now it's your turn: 
Task: {task} 
Input:  {manual_input} 
Output: 

instruction

In-context 
examples

Inputs

Figure 8: Example of merged rewrite. Multiple consecutive steps are compressed into a single abstract description.

Task Type Std-R Imp-R

Ambig. (new) 37% 54%
Unambig. (original) 64% N/A

Table 10: Performance on ambiguous vs. unambiguous
cooking tasks with inquiry action. Abbreviations: Std-
R = Standard ReAct; Imp-R = Imperfect-Aware ReAct;
Ambig. (new) = ambiguous task with perfect guidance;
Unambig. (original) = unambiguous task with perfect
guidance.

F Use of AI Writing Assistants

We used large language models (e.g., ChatGPT)
for minor language editing and phrasing im-
provements in the writing of this paper. The

use of these tools was limited to stylistic re-
finement; all research design, implementation,
analysis, and conclusions were entirely con-
ducted and authored by ourselves.
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You will be provided with a detailed instruction step corresponding to a web navigation 
task. The instruction may include references to UI elements such as button labels, link 
texts, or other on-screen components.  Your task is to revise the instruction by modifying 
the name of a UI element to a similar but semantically distinct variant, while leaving the rest 
of the instruction unchanged. You should only make modifications if the text refers to a UI 
element. If no UI element is mentioned, the instruction should remain exactly as is.  

For example:
Task: What are the top-5 best-selling product in Jan 2020 
Input: click [element_id] where [element_id] is link 'Orders' 
Output: click [element_id] where [element_id] is link 'All Orders'  
…

Now it's your turn: 
Task: {task} 
Input: {manual_input} 
Output: 

instruction

In-context 
examples

Inputs

Figure 9: Example of UI label variation. Labels for interface elements are changed to introduce ambiguity or
misalignment.
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