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Abstract

LLM-based embodied agents are increasingly
evaluated on environment-grounded, long-
horizon planning, yet existing benchmarks
rarely test whether an agent can condition its
plans on the specific user it serves. This gap
points to a broader limitation in embodied task-
planning systems, which often ground their rea-
soning only in the physical environment while
overlooking the diversity of the people they
serve. We frame this problem as Planning with
Human Attributes (PHA), in which an agent
must integrate explicit user information into
long-horizon embodied task planning. We in-
troduce Trinity', a benchmark designed to eval-
uate PHA capabilities. Within Trinity, a single
instruction can yield different, equally valid, or
even opposing outcomes depending on a user’s
personal attributes. Our experiments reveal that
standard off-the-shelf in-context learning-based
agents commonly fail at the human-grounding
component, whether or not they are provided
with relevant examples, highlighting a key ob-
stacle for PHA tasks. Beyond benchmark-
ing, we contribute a bottom-up failure-mode
analysis that isolates where and why agents
break, and we distill it into concrete, model-
agnostic design principles for human-agent-
environment (HAE) aligned agents. We hope
Trinity brings domestic robots a step closer to
becoming trusted, socially acceptable partners.

1 Introduction

Large language models are increasingly used as
high-level controllers for embodied agents that
plan long-horizon household tasks from natural-
language instructions. However, these agents are
typically evaluated only on environment grounding,
rather than on whether they tailor their plans to the
individual user they serve. Such user-aware behav-
ior is also important for trust and social acceptance
*Corresponding author

!Code and dataset are publicly available at https://
github.com/khm159/trinity_etp.

in human-robot interaction (Macalupu et al., 2025;
Barfield, 2023), but it remains largely overlooked
in task-centric embodied planning.

Although current embodied task-planning meth-
ods (Ichter et al., 2023) effectively translate nat-
ural language commands into executable actions,
they largely cast humans as mere instruction givers
rather than active entities with diverse characteris-
tics (Yang et al., 2024). To address this, planners
should model human diversity and adapt their be-
havior to individual expectations.

While previous research such as Situated In-
struction Following (SIF) (Min et al., 2025) and
Preference-Based Planning (PBP) (Xu et al., 2025)
considered human behaviors or preferences, they
overlook broader attributes, such as religious prac-
tices, that are difficult to infer from a few human
demonstrations (Xu et al., 2025).

In this paper, we introduce Planning with Hu-
man Attributes (PHA), as an embodied task in
which the agent at each step receives an instruction,
a set of human attributes and the trajectory context
and then selects an appropriate action. Unlike prior
work, PHA explicitly conditions task goals on hu-
man attributes. As a result, the same instruction
can imply different goals for different individuals
(see Figure 1 for an illustrative example).

We present the Trinity benchmark to evaluate
embodied agents on their ability to plan actions
while accounting for human diversity. Trinity
provides two datasets. Agent-Environment align-
ment (AE) supports evaluation of environmen-
tal grounding. Human-Agent-Environment align-
ment (HAE) assesses human-centered reasoning
across 151 unique attribute combinations. This
dual-dataset design prevents bias toward either
Human-Agent or Agent-Environment alignment.
Unlike LLM-based benchmarks (Wu et al., 2023;
Yin et al., 2024) that lack reproducibility, Trinity
specifies explicit goal conditions and uses repro-
ducible simulation environments.
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Figure 1: Overview of the Trinity benchmark and an example trajectory. (Left) In the Trinity benchmark, the agent
must consider various human attributes while addressing user requests in a household environment. (Right) A
failure trajectory of the ReAct-IM (Inner Monologue) agent (one of the baseline agents, see Section 4.1 for more
details) with relevant examples. Although the nut pie contains butter and is therefore unsuitable for a vegan, the
agent correctly grounds the task (preparing food on the dresser) but fails to reason about the appropriateness of the

item selection.

In summary, our contributions are as follows:

Integrating user diversity with task ground-
ing. We propose PHA, a novel task that integrates
individual human characteristics into embodied
task planning. In PHA, agents may receive identi-
cal instructions, yet the goal conditions adapt dy-
namically to each user’s unique attribute combina-
tion. To solve household tasks, the agent must first
infer and reason about the user’s characteristics
before interacting with objects.

Runnable and reproducible bench-
mark—Trinity. We introduce Trinity, a unified
benchmark that measures an agent’s ability to
adapt to diverse human attributes while executing
household tasks, moving beyond environmental
grounding. Built on realistic household scenes and
everyday objects conditioned on human attributes,
Trinity evaluates both planning efficiency and
the agent’s alignment with complex human
characteristics.

Systematic evaluation of embodied LLM
agents. We benchmark several current embodied
agent architectures on Trinity. Our results show
that failures to ground human attributes when inter-
acting with the environment are pervasive, whether
or not agents are given relevant examples. This
shortcoming highlights the need for the PHA for-
mulation and the Trinity benchmark to support ro-
bust human-agent-environment alignment.

Failure-mode diagnosis and design princi-

ples. Beyond aggregate success rates, we de-
rive a bottom-up failure taxonomy, analyze how
it changes with profile complexity and few-shot
adaptation, and translate the dominant patterns into
model-agnostic design principles for HAE-aligned
agents. These findings show that Trinity can serve
not only as a benchmark but also as a diagnostic
tool for embodied agents.

2 Related Work

Numerous agent architectures and benchmarks for
embodied task planning exist. This section offers a
brief overview of the related research, while a de-
tailed literature review is available in Appendix A.

2.1 Embodied Task Planning Benchmarks for
Household Environments

Table 1 compares recent embodied task-planning
benchmarks. Most existing benchmarks focus
mainly on environmental grounding (Shridhar et al.,
2020; Shridhar et al.; Li et al., 2023; Choi et al.,
2024; Yang et al., 2025), while benchmarks in-
volving human interaction, safety, or collabora-
tion only partially address human grounding (Pad-
makumar et al., 2022; Gao et al., 2022; Min et al.,
2025; Yin et al., 2024; Chang et al., 2025; Xu
et al., 2025). DialFRED (Gao et al., 2022) intro-
duce dialogue-based task assistance, and PARTNR
(Chang et al., 2025) studies human-robot collabora-
tion, but these benchmarks do not evaluate whether
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Human Diversity

Evaluation Features Environment

Benchmark HA C. of HA Env.. Huma_n GC—baspd Multi HA—gware
’ Grounding Grounding Evaluation =~ Room Objects
ALFRED (Shridhar et al., 2020) X X v X v X X
Alfworld (Shridhar et al.) X X v X v X X
BEHAVIOR-1K (Li et al., 2023) X X v X v v X
WAH-NL (Choi et al., 2024) X X v X v v X
EmbodiedBench (Yang et al., 2025) X X v X v A X
DialFRED (Gao et al., 2022) X X v A v X X
SIF (Min et al., 2025) X X v A v v X
SafeAgentBench (Yin et al., 2024) X X A A A X X
PARTNR (Chang et al., 2025) X X v A v v X
PBP (Xu et al., 2025) v X v A A v X
Trinity (Ours) v v v v v v v

Table 1: Comparison of evaluation capabilities and characteristics across existing benchmarks. Abbreviations:
Human Attributes (HA), Combinations of Human Attributes (C. of HA), and Goal Condition (GC). A indicates

partial (insufficient) adoption.

the same instruction should lead to different goal
conditions depending on user-specific human at-
tributes. SafeAgentBench (Yin et al., 2024) fo-
cuses on commonsense constraints such as safety,
but cannot evaluate individualized, user-aware goal
conditions. PBP (Xu et al., 2025) supports both
environment and human-preference grounding, yet
it only focuses on human preference. Also, PBP
relies solely on demonstration-based preferences,
making it unsuited to capture diverse human at-
tributes (e.g., religion) that are hard to encode
through limited demonstrations.

2.2 In-Context-Learning-Based
Embodied Task Planning Agent

The embodied task planning is a widely focused
topic that makes an agent system that can follow the
user instructions to solve the given task while inter-
acting with the environment using a physically em-
bodied agent (Huang et al., 2022; Ichter et al., 2023;
Huang et al., 2023; Yao et al., 2023; Song et al.,
2023; Rozanov and Rei, 2025; Fu et al., 2025).
Among them, our focus is few-shot or zero-shot
task planning agent solving the household tasks
without extra tool usage (Liu et al., 2025), heavy
data collection and retrieval (Zhao et al., 2024a),
and a multiple-trial-based agent at the same initial
condition (Shinn et al., 2023). Because in real-
world scenarios, the data collection and retrieval
with physical interaction is a huge burden, and im-
portantly, the multi-trial at identical initial states is
not possible for real-world embodied agents such
as robots due to irreversible actions such as slicing
an object.

Prior embodied task-planning methods focus on

aligning agents with their environments by ground-
ing LLMs in physical or textual contexts (Huang
et al., 2022; Ichter et al., 2023; Huang et al., 2023;
Yao et al., 2023; Shinn et al., 2023; Song et al.,
2023; Rozanov and Rei, 2025; Fu et al., 2025).
However, to deploy agents that are both techni-
cally reliable and socially trustworthy, we need a
new layer of alignment that adapts to the unique
human attributes of each user. In other words,
a comprehensive alignment of Humans, Agents,
and Environments—referred to here as “Trinity”
alignment—is imperative for delivering embodied
agents that can robustly and meaningfully operate
in everyday life.

3 Trinity Benchmark: Align Human,
Agent, and Environment

3.1 Planning with Human Attributes

In this section, we introduce a novel task formula-
tion called Planning with Human Attributes (PHA),
which modifies the Partially Observable Markov
Decision Process (POMDP). Specifically, PHA
modifies POMDP by introducing a human attribute
profile h, provided in natural language, as a distinct
additional input. This profile explicitly influences
how a given natural language instruction ¢ is inter-
preted, defining a goal condition g(h, i) expressed
as a condition over states. The human attribute
profile is distinct from the observation space.

In PHA, an agent operates in a state space S,
action space 4, and observation space O. Al-
though the agent observes only observations and
actions, underlying states s are implicitly inferred
from context. At each time step ¢, the agent re-
ceives instruction ¢, human attributes h, and con-
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Splits Level PF PD PF&D PH Total

1 68 34 72 53 227
Train 2 190 129 154 0 473
3 142 124 110 0 376

Train Total 400 287 336 53 1,076
1 33 12 42 24 111
Test 2 54 33 54 0 141
3 66 47 62 0 175
Test Total 153 92 158 24 427
Overall Total 553 379 494 77 1,503

Table 2: HAE dataset statistics. Abbreviations: Pre-
pare Food (PF), Prepare Drink (PD), Prepare Food and
Drink (PF&D), and Prepare Hobby (PH).

text ¢ = {o1,a1,...,0i—1,a4-1,0}, where a;
and o; denote action and observation. The pol-
icy m(a¢|ct, i, h) selects the next action a; based
on ¢, ¢, and h. The objective is to achieve the
goal condition g(h, i) by selecting actions. The
distinctiveness of the PHA task lies in conditioning
this goal on h, requiring the agent to reason and
plan in alignment with complex human profiles and
environmental observations simultaneously.

3.2 HAE Dataset

The Human—-Agent-Environment (HAE) alignment
dataset is designed to evaluate whether agents can
reason about diverse and complex human attributes
of the service target while generating task plans for
household activities. In HAE scenarios, the agent
must integrate the user’s attributes throughout the
planning process—from deciding which objects to
use to how the task should be carried out—ensuring
that both the selected items and the execution steps
align with user-specific constraints. Since meal
preparation is a widely adopted task in embodied
planning benchmarks (e.g., (Shridhar et al., 2020;
Shridhar et al.; Choi et al., 2024)), the HAE dataset
includes three core tasks—preparing food, prepar-
ing a drink, and preparing both—alongside an ad-
ditional task involving a hobby-related item.

The HAE dataset comprises 1,076 training sam-
ples and 427 test samples, with detailed statistics
presented in Table 2. Each sample is categorized
into one to three complexity levels, which are de-
fined by the number of human attributes combined
in a task, ranging from one to three. Additional
information is available in Appendix G.

3.2.1 Human Attributes

Human attributes are fundamental to our proposed
Trinity benchmark, yet their broad, complex, and

abstract characteristics make them challenging to
clearly represent within simulation environments.
Developing embodied task-planning agents ex-
tends beyond question-and-answer interactions,
requiring realistic engagement and strict adher-
ence to real-world constraints. Therefore, repro-
ducible and environmental state-based evaluations
become essential. However, fully capturing the
extensive diversity of human attributes in simula-
tion is practically infeasible. As an unavoidable
choice, we thus focus on fundamental household
tasks—"“prepare food”, “prepare drink”, and “pre-
pare food & drink”—and establish representative
proxy attributes directly tied to these tasks, measur-
able through state-based goal conditions. Specifi-
cally, we select “allergy” to indicate personal health
conditions, “religion” to reflect individual beliefs
and mental states, “diet” to represent faith-based or
ethical lifestyle choices, and “hobby” to embody
personal preferences, introducing the additional
task “prepare hobby” for its explicit evaluation.

Allergies play a crucial role in shaping dietary
choices, as they affect individuals across all de-
mographics and can pose serious health risks if
overlooked (Asher et al., 2006). To ensure clarity
and minimize labeling noise, we focus on seven
common allergens—fish, meat, nuts, nitrite, sulfite,
caffeine, and alcohol—each of which can impose
meaningful restrictions on food and drink selection.

Religion is selected as a human attribute because
it reflects personal beliefs and mental states. Reli-
gious practices often influence dietary behavior by
imposing specific restrictions or guidelines on food
and drink consumption (Arslan and Aydin, 2024).
To capture this aspect, we focus on religions that
are both widely practiced and have well-defined
dietary rules. Specifically, we include Islam, Hin-
duism, and Judaism in our benchmark.

Dietary preference reflects both health motiva-
tions and ethical values, such as animal welfare or
environmental sustainability (D’Souza et al., 2022).
We focus on three diets—Vegan, Lacto-Ovo Vege-
tarian, and Pesco-Vegetarian—within the broader
vegetarian, plant-based spectrum. This choice
creates subtle but challenging decision points for
agents, preventing item-selection shortcuts.

Finally, we include hobbies as a proxy for
lifestyle and behavioral patterns. Although hobbies
do not directly influence food or drink selection,
they offer valuable context about an individual’s
interests and routines. By including hobbies as a
human attribute, we extend the scope of our bench-
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Figure 2: Overview of the Trinity Environment and Dataset. (Left) Within the Trinity benchmark, agents are
equipped with 7 high-level actions to support task planning. (Middle) The Trinity benchmark is composed of
realistic, multi-room houses, with environments containing up to 10 rooms. A total of 95 new objects have been
adopted specifically as human attribute-aware items, forcing human-aware reasoning in the agent’s decision-making
process. (Right) There are three complexity levels in the Trinity benchmark, defined as the number of human
attributes, resulting in 151 unique combinations of human attributes.

mark to encompass personal interests and prefer-
ences.

Each human attribute imposes constraints on the
task goal, often requiring the agent to adjust both
its object choices and execution plan. For example,
if a Muslim user asks the robot to prepare the drink
on the dining table, the agent must identify and
serve an appropriate halal beverage while avoiding
non-compliant options. A complete specification
of restricted object sets is provided in Table 15.

3.2.2 Joint Combination of Human Attributes

Humans cannot be characterized by a single at-
tribute. Rather, each individual embodies multiple
attributes. To capture this complexity, the HAE
dataset is organized into three levels, each corre-
sponding to the number of human attributes com-
bined within a given task scenario. Although the
total number of individual attributes used in this
study is relatively small, their combinatorial inter-
actions yield a rich and diverse set of scenarios. By
structuring the dataset this way, we aim to evaluate
an agent’s ability to reason about and align with
multiple human attributes while solving the house-
hold tasks. In total, the dataset spans 151 unique
attribute combinations, and our experiments reveal
that existing agents’ performance declines as the
complexity level increases.

The HAE dataset groups tasks into three com-
plexity levels. Level 1 uses a single attribute—diet,
religion, allergies, or hobby. Level 2 combines any
two attributes selected from diet, religion, and aller-
gies. Level 3 increases complexity by incorporating

all three of these attributes. The hobby attribute is
limited to Level 1 because it is orthogonal to the
others and does not interact with goal conditions in
ways that compound task complexity. We include
hobby as an optional axis that demonstrates exten-
sibility beyond food- and drink-related restrictions;
our central conclusions about human-grounding
difficulty are drawn from the diet, religion, and
allergy attributes and do not depend on the hobby
subset.

3.3 AE Dataset

The Agent—Environment (AE) alignment dataset
serves as a cross-checking dataset, following prior
embodied task planning datasets. Unlike HAE,
AE omits human attributes and evaluates whether
agents can ground natural language instructions
into executable action sequences without user-
specific considerations. To isolate the effect of
human attributes, AE shares the same scene lay-
outs and action interfaces as HAE, so performance
differences can be attributed to the presence or ab-
sence of human-related information.

It draws inspiration from ALFRED and
WAH-NL, which incorporate goal conditions di-
rectly into the task instructions. We collected AE
data in the Trinity environment using object and
task templates derived from ALFRED. Following
the setup in Lota-bench (Choi et al., 2024), we se-
lected six tasks—Examine Object in Light, Pick
and Place Simple, Pick and Place with Cooling,
Pick and Place with Heating, Pick and Place with
Cleaning, and Pick and Place with Movable Recep-
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Task Train Test Total Agents TSR (%) Avg. Steps
Examine Object 1,463 20 1,483 ReAct 37.22 +£4.83 23.64
PNP-Simple 1,277 20 1,297 ReAct-IM 31.11 £ 1.42 21.95
PNP-Movable Receptacle 813 20 833 StateAct 28.34 +3.12 23.97
PNP—Cooling 443 20 463 PreAct-P 18.89 £ 1.71 38.82
PNP-Cleaning 231 20 251 Act 17.75 £ 1.06 22.55
PNP-Heating 155 20 175

Total 4,382 120 4,502 Table 4: AE dataset results. Values are reported as

Table 3: AE dataset statistics. “PNP” denotes pick-
and-place.

tacle. The dataset contains 4,382 training samples
and 120 validation samples. All AE and HAE in-
stances are solvable, a claim verified by a heuristic
task solver. Details appear Appendix F.

3.4 Trinity Environment

To create a realistic environment, we collect scenes
from the PROCTHOR-10k dataset (Deitke et al.,
2022). This choice offers a more authentic setting
compared to the single-room environments used in
benchmarks (Shridhar et al., 2020; Shridhar et al.;
Yin et al., 2024). For the HAE dataset, we add 95
unique human-attributes conditioned objects sam-
pled from Objaverse (Deitke et al., 2023). Also, we
have implemented a high-level controller for the
latest version of the AI2ZTHOR simulator (Kolve
et al., 2017). Further details are in Appendix E.

4 Experiments and Analysis

We designed three experiments to evaluate how
well current agents handle PHA tasks. The first
experiment measures an agent’s environmental
grounding capabilities using the AE dataset. The
second, Naive Adaptation (NA), tests whether
strong environmental grounding alone transfers to
PHA tasks, by providing only AE examples with-
out any PHA-specific demonstrations. The third,
Few-shot Adaptation (FA), evaluates in-context
learning by providing relevant HAE examples and
comparing performance. Similar to previous work
(Choi et al., 2024; Fu et al., 2025; Yao et al., 2023),
the main metric of the experiments is Task Suc-
cess Rate (TSR), which checks the final state is
appropriate for the given goal condition.

4.1 Agents

We selected agents from popular benchmarks in-
cluding ALFRED (Shridhar et al., 2020), AlfWorld
(Shridhar et al.), and Lota-bench (Choi et al., 2024).
See Appendix D for implementation details.

* Act Agent (Yao et al., 2023): Serves as a

mean + standard deviation over three runs.

lower-bound baseline by directly selecting the
next-step action to achieve the goal condition,
without any explicit reasoning process.

* ReAct Agent (Yao et al., 2023): A widely
adopted agent in which the agent can choose
to “Think” or “Act” at each time step, allow-
ing it to engage in a reasoning process before
producing the output or selecting its next ac-
tion.

* ReAct-IM Agent (Yao et al., 2023; Huang
et al., 2023): This is a step-by-step “Think
and Act” version of the ReAct agent. While it
can be interpreted as a standard ReAct agent
in the context of several text-based tasks, it is
originally based on the ReAct-IM agent (Yao
et al., 2023), which performs chain-of-thought
reasoning guided by feedback signals at every
time step.

» StateAct Agent (Rozanov and Rei, 2025): A
recently introduced architecture that continu-
ously tracks the current state of the agent and
the task goal.

* PreAct Agent (Fu et al., 2025): An architec-
ture that predicts the next step future trajectory
or observation after selecting the next action.

4.2 Environment Grounding Only Evaluation

Table 4 reports results on the AE dataset. Among
the five agents, ReAct achieves the highest scores
and, consistent with (Yao et al., 2023), outper-
forms ReAct-IM, suggesting that explicit step-by-
step reasoning is not always beneficial. Intermedi-
ate operations such as future-state prediction (Pre-
Act) or online state tracking (StateAct) are less
effective than simpler reasoning. PreAct is espe-
cially weak on AE, requiring more steps, as hal-
lucinated future states often contaminate context,
derail reasoning, and produce inefficient plans (see
Appendix B.1.1). Overall, ReAct and ReAct-IM
offer the best performance—efficiency trade-off for
environment-grounding-only tasks on AE.
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Agent  Setting L1 L2 L3 AVG
Rea NA 1320 izi0 tom 1376
A 5% irss iis 1748
Reacim NA 1921 ir21 sip 1298
PA N0 Loss ilp 1826
suchct NA ivis iiey 4000 1276
AN o sia 1707
beac NA iiag tos0 eia 1204
A 336 ioer i 1506
ae M 085 soes somr A0
A S0t tom 09

Table 5: Main results under the NA and FA settings.
TSR is reported as mean =+ standard deviation over three
runs; AVG values are the average of these means.

4.3 Failure Modes in PHAs

Using a bottom-up approach, we formalize fail-
ure types from agent trajectories, classified into
six categories within two overarching classes: Hu-
man Grounding Failures (HGF) and Environment-
Grounding Failures (EGF). Relevant details are
provided in Appendix B.2 and Appendix B.3.

We group six failure types into two classes.
Human-Grounding Failures (HGF): Object Se-
lection (HGF-OS), selecting an item that violates
the user profile despite feasible execution; and
Goal Condition (HGF-GC), misreading the goal,
typically by confusing the target object category.
Environment-Grounding Failures (EGF): Physi-
cal Constraints (EGF-PC), ignoring embodiment
limits such as the single-arm assumption; Non-
Existent Skills (EGF-NES), invoking actions out-
side the API; Skill Constraints (EGF-SC), violating
skill preconditions, often during navigation; and
Search Failure (EGF-SF), stopping before explor-
ing all plausible locations. Detailed definitions and
examples are provided in Appendix B.2.

4.4 Naive Adaptation Experiments

Before Trinity, no benchmark jointly evaluated en-
vironment grounding and planning conditioned on
complex user profiles. We therefore test Naive

Adaptation (NA), where agents see only AE ex-
amples and are evaluated on HAE. As expected,
failures are dominated by human-grounding errors
in object selection (HGF-OS)—agents frequently
choose items that conflict with the user’s attributes
(e.g., selecting a butter-containing nut pie for a
vegan user; Figure 1, right). Our failure analysis
confirms that human-grounding failures occur more
frequently than environment-grounding failures in
most settings (8 out of 12 agent—level settings, see
Appendix B.2.2), and HGF-OS is the most com-
mon failure mode (ranked first in 8 out of 12 set-
tings, see Appendix B.2.3). These results show that
without human-conditioned experience, agents fall
back on shortcut reasoning and miss user-specific
constraints even in simple household tasks.

ReAct, the best AE performer (Table 4), also
achieves the highest NA success on HAE (Ta-
ble 5), indicating that strong environment ground-
ing is necessary but still insufficient for PHA, as all
agents exhibit large human-alignment gaps. EGFs
such as incomplete search or invalid “inspect” ac-
tions (Appendix B.2.6) remain secondary and are
sometimes triggered by human-grounding uncer-
tainty.

To test whether these NA results are specific
to gpt-4o-mini, we additionally evaluate HAE-NA
with two open-source backbones (Llama 3.3 70B
Instruct and gpt-oss-120b) under fixed scaffolds.
Larger backbones improve absolute TSR—gpz-oss-
120b reaches 25.80% average with PreAct—yet re-
main far from reliable PHA, and the strongest scaf-
fold varies by backbone and setting (Appendix C).
Trinity thus diagnoses both human-grounding diffi-
culty and backbone—scaffold interactions.

4.5 Few-Shot Adaptation Experiments

FA evaluates whether agents can adapt to goals
conditioned on diverse human attributes, given
few-shot examples. While all agents receive the
same action demonstrations, only reasoning-based
agents are shown examples with explicit reasoning.
Without it, Act performs worse—often selecting
plausible but misaligned items (e.g., a Coke can
for a caffeine-sensitive user. See Appendix B.3.1).
This underscores the importance of reasoning for
aligning behavior to user-specific needs.

Agents with strong NA performance (ReAct and
ReAct-IM) achieve substantial gains in the FA set-
ting. ReAct improves from 13.76% to 17.48%,
while ReAct-IM rises from 12.58% to 18.26%,
based on average success rates. These gains of
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Figure 3: Average failure subtype distributions by level for NA (left) and FA (right). Stacked bars show the
mean failure type composition across agents at each level, computed by normalizing each agent’s failure subtype
proportions to 100% and then averaging without weighting. Agent-wise distributions are provided in Figure 4 and

Figure 5.

roughly 5-6 percentage points suggest that com-
bining human-grounded examples with flexible
reasoning facilitates effective adaptation. In con-
trast, agents with rigid reasoning structures, in-
cluding PreAct and StateAct, show lower average
performance than ReAct. Overall, simpler yet ex-
pressive reasoning strategies, as demonstrated by
ReAct-based agents, support stronger generaliza-
tion across both AE and PHA tasks.

Few-shot examples improve success but reduce
efficiency, prompting agents to reason more thor-
oughly and explore longer action paths (see Ap-
pendix B.5).

Despite these gains, HGFs remain the most
prevalent error. In the FA setting, they are the
most frequent failure mode in 9 of 12 agent—
level combinations (Appendix B.3.2). EGFs also
persist, particularly incomplete search (EGF-SF)
and physical-constraint misinterpretation (EGF-
PC) (Appendix B.3.3). Few-shot examples are
therefore helpful but insufficient for generalizing to
unseen attribute combinations or fully resolving the
alignment problem among agent reasoning, human
profiles, and environmental dynamics.

FA trends are not unique to gpt-4o-mini. In sup-
plementary comparisons with gpt-oss-120b (Ope-
nAl, 2025) and Llama 3.3 70B Instruct (Al@Meta,
2024), reasoning-based scaffolds again outperform
the direct-action baseline on average, with ReAct-
IM remaining the strongest across both backbones
in this few-shot (FA) setting; under NA, PreAct
becomes the strongest open-source scaffold, with
StateAct close behind. Detailed level-wise results
are reported in Appendix C.

5 Design Implications for HAE-Aligned
Agents

Our failure-mode analysis (Section 4.3) shows
that the dominant errors are often loop-like and
cumulative. A single human- or environment-
grounding mistake can propagate through the
rest of the reasoning—action chain, making long-
horizon recovery difficult. This motivates two
model-agnostic design principles. First, agents
should verify both the reasoning chain and the se-
lected action before and after execution. Rather
than relying on hand-written rules, this verifica-
tion should score the reasoning text itself against
criteria derived from the system specification, for
example through a learned reward model. This
can help catch human-grounding (HGF-OS/GC)
and environment-grounding (EGF-SC/NES/PC)
failures. Second, agents should track the task-
oriented search space with a memory of explored
branches, while guarding this memory against hal-
lucinated entities. This can help prevent the reason-
ing shortcuts that lead to search failures (EGF-SF).
Appendix B.4 details these directions, including
external-knowledge grounding and fast-recovery
mechanisms.

6 Conclusion

This work introduces Trinity, a benchmark for
human-agent-environment alignment in embodied
planning that emphasizes reasoning over complex
user profiles, instruction-conditioned goals, and
environment-grounded execution. Current agents
struggle to integrate human constraints, often tak-
ing shortcuts or misreading goal semantics. Across
five in-context-learning agents, experiments show
that strong environment grounding is necessary but
not sufficient for PHA, as human-grounding errors
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remain dominant. These errors most often involve
actions that violate the user profile, and they per-
sist even after few-shot adaptation. Building on
this analysis, Trinity provides model-agnostic de-
sign principles for HAE-aligned agents. We hope
it helps measure progress toward embodied agents
that plan reliably for individual users.

Limitations

While Trinity marks an important step forward, it
has limitations. For reproducibility, it models proxy
human attributes (diet, religion, allergy, hobby) as
state-verifiable goal conditions and provides them
explicitly, which isolates whether an agent can use
given human information rather than infer it; and
it adopts household serving as a representative do-
main that the same goal-condition design extends
to others, such as cleaning or safety-constrained
tasks. Importantly, even under these controlled
conditions agents still fail substantially at human
grounding, indicating that the exposed difficulty is
not an artifact of these simplifications. Extending
Trinity toward inferred or evolving user attributes
and broader domains is a natural direction for fu-
ture work.

Limitations

While Trinity marks an important step forward, it
has limitations. For reproducibility, it models proxy
human attributes (diet, religion, allergy, hobby) as
state-verifiable goal conditions and provides them
explicitly, which isolates whether an agent can use
given human information rather than infer it; and
it adopts household serving as a representative do-
main that the same goal-condition design extends
to others, such as cleaning or safety-constrained
tasks. Importantly, even under these controlled
conditions agents still fail substantially at human
grounding, indicating that the exposed difficulty is
not an artifact of these simplifications. Extending
Trinity toward inferred or evolving user attributes
and broader domains is a natural direction for fu-
ture work. We discuss the ethical implications of
these simplifications in the Ethics Statement below.

Ethics Statement

Human attributes as evaluation proxies. Trin-
ity encodes diet, religion, allergy, and hobby as
state-verifiable goal conditions so that human-
grounded planning can be measured reproducibly.
These are deliberate simplifications for evaluation

and are not intended to characterize any real indi-
vidual or community. The religious rules we en-
code (Islam, Hinduism, and Judaism) are reduced
to a small set of prohibited items, items that would
normally require certification are assumed to be
certified, and the diet and allergy categories are
narrowed to a fixed list. Real practice is far more
varied and context-dependent than these proxies.

Trinity is not a safety certification. Some at-
tributes, most notably allergy, are safety-critical
in the physical world, yet our goal conditions ig-
nore cross-contamination and other preparation-
time hazards that cannot be verified from simulator
state. A high score therefore shows only that an
agent used the supplied profile consistently in sim-
ulation. It is not evidence of safe deployment and
should not justify reducing human oversight where
an error could harm a user. Since even our strongest
agents fail substantially at human grounding, we
regard such deployment as premature.

Data and use of Al assistants. All scenes come
from existing simulated-environment resources and
all user profiles were constructed by the authors.
Trinity contains no human-subject data or person-
ally identifying information, and no annotators
were recruited. Al assistants were used only for
language polishing of author-written text, and all
scientific content, experimental design, analyses,
and conclusions were produced and verified by
the authors. The LLM used to generate AE task in-
structions is part of our dataset construction method
(Appendix F).
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A Detailed Review of the Related Work

A.1 Embodied Task Planning Benchmarks for
Household Environments

ALFRED (Shridhar et al., 2020) is among the most
widely utilized benchmarks in embodied Al re-
search, offering a comprehensive dataset in which
agents execute tasks within simulated single-room
environments. Despite its broad adoption, the pri-
mary limitation of the ALFRED lies in its restric-
tion to single-room scenarios, thus reducing its rep-
resentativeness of real-world household settings.

Alfworld (Shridhar et al.) extends ALFRED by
introducing parallel text-based and embodied envi-
ronments. It provides textual world-state feedback
to the agent, enabling LLMs to better understand
environmental conditions and formulate feasible
plans. Nonetheless, as Alfworld is a subset of AL-
FRED, it inherits similar constraints, notably the
lack of complexity due to its single-room settings.

WAH-NL dataset (Choi et al., 2024) addresses
limitations of ALFRED by introducing multi-room
household scenarios, enabling more realistic and
complex task planning evaluations. Despite its im-
provements in realism, WAH-NL still lacks consid-
eration of human-centric factors such as individual
variability or social norms in task execution.

TEACh (Padmakumar et al., 2022) studies em-
bodied task completion through human—human in-
teractive dialogues, where a commander provides
information and a follower executes household
tasks in simulation. DialFRED (Gao et al., 2022)
similarly extends ALFRED with dialogue by allow-
ing agents to ask task-relevant clarification ques-
tions. These benchmarks are valuable for evalu-
ating communication, ambiguity resolution, and
language grounding, but they do not model user-
specific human attributes as inputs that change the
valid goal condition. In contrast, Trinity evalu-
ates whether agents adapt the task goal itself to the
served user’s attributes.

BEHAVIOR-1K (Li et al., 2023) provides a
large-scale embodied Al benchmark with 1,000
everyday activities in realistic simulated environ-
ments. It is valuable for evaluating activity exe-
cution, physical interaction, and long-horizon ma-
nipulation, but it does not condition task goals on
user-specific profiles or human attributes. There-
fore, it cannot evaluate whether the same request
should lead to different goal conditions for different
users, which is the central focus of Trinity.

EmbodiedBench (Yang et al., 2025) provides a

comprehensive vision-driven MLLM benchmark
across high- and low-level embodied tasks, offer-
ing fine-grained evaluations of capabilities such
as visual perception, spatial awareness, and long-
horizon planning. It is useful for measuring mul-
timodal perception and environmental grounding,
but its tasks are not conditioned on personal at-
tributes such as diet, allergy, religion, or hobby.
Trinity is complementary because it tests whether
agents jointly ground the environment and a user-
dependent goal.

PARTNR (Chang et al., 2025) evaluates planning
and reasoning in human-robot collaborative house-
hold tasks, emphasizing coordination under spatial,
temporal, and heterogeneous capability constraints.
Although PARTNR explicitly involves a human col-
laborator, the human is modeled mainly as a partner
in task execution rather than as an individual whose
attributes redefine the task goal. Thus, it does not
address PHA-style alignment, where user-specific
attributes determine what outcome is valid.

SIF (Situational Instruction Following) (Min
et al., 2025) is an embodied task-planning bench-
mark that emphasizes verbal uncertainty and dy-
namic environmental changes caused by human in-
tervention. As pioneering research, SIF explicitly
incorporates the "human" element into the environ-
ment, creating more realistic human-robot interac-
tion scenarios. However, it still adopts a general-
ized approach—assuming it doesn’t matter who the
individual is—and therefore does not account for
the unique characteristics of different users.

SafeAgentBench (Yin et al., 2024) is a recent
benchmark centered on safety constraints, featur-
ing three task categories: abstract, detailed, and
long-horizon. In abstract and detailed tasks, agents
must detect and refuse hazardous or inappropriate
plans, while long-horizon tasks test continual com-
pliance with safety constraints over extended execu-
tions. However, like ALFRED, SafeAgentBench is
confined to single-room AI2-THOR environments
and does not provide explicit instruction—goal pairs.
Instead, it relies on LLMs to evaluate the resulting
action trajectories, which can yield inconsistent
and non-reproducible assessments.

PBP(Preference-based Planning) (Xu et al.,
2025) is a recent benchmark that centers on per-
sonal preference constraints by requiring agents
to infer user preferences during a “watching stage’
of human demonstrations. Although PBP effec-
tively models preference-based attributes, it de-
pends on this demonstration phase. In contrast,
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many real-world human attributes—such as re-
ligious practices or dietary restrictions—cannot
be conveyed through a few demonstrations. Our
benchmark is orthogonal to PBP: it evaluates a
broader range of human attributes and their com-
binations without relying on any demonstration
stage.

A.2 In-Context-Learning-Based Embodied
Task Planning Agent

As a pioneering high-level planning approach for
household tasks, the zero-shot planner (Huang
et al., 2022) treats an LLM as a likelihood-based
policy model, leveraging the model’s own next-
token probabilities to select actions in an interac-
tive loop. Earlier efforts, such as SayCan (Ichter
et al., 2023), couple an LLM with robotic ma-
nipulation skill models, where the LLM proposes
possible next actions, and a value function filters
them. Huang et al. introduced Inner Monologue
(Huang et al., 2023), which keeps the LLM continu-
ously “in the loop” by incorporating real-time feed-
back—Ilike scene descriptions, vision signals, and
success or failure detection-into the prompt. Yao
et al. proposed the ReAct framework (Yao et al.,
2023), which interweaves reasoning and acting by
prompting the LLM to generate a chain-of-thought
explanation along with each next action, thus al-
lowing the model to reason on the current state and
predict outcomes before executing an action. More
recently, Song et al. developed LLM-Planner (Song
et al., 2023), a few-shot hierarchical planner that
produces multi-step task plans and refines these
plans dynamically based on the agent’s progress
and visual feedback. Socratic Planner(Shin et al.,
2025) combines self-questioning and answering to
decompose the initial instruction into sub-goals,
then uses dense visual feedback to repair or refine
the plan on the fly, enabling the robot to gener-
ate—and iteratively improve—a complete solution.

ReAct’s robust reasoning, together with a sim-
ple architecture that adapts easily to new tasks, has
made it the de facto standard for agent design in do-
mains such as question answering (Yao et al., 2023),
code generation (Zhang et al., 2024), software engi-
neering (Roy et al., 2024), embodied task planning
(Rozanov and Rei, 2025; Fu et al., 2025), and coop-
erative agents (Chang et al., 2025). Building on this
foundation, recent work has enriched ReAct’s rea-
soning loop to produce more contextually grounded
action sequences. For example, Fu et al. intro-
duced PreAct(Fu et al., 2025), which augments

ReAct with a “prediction” phase that simulates the
potential outcomes of candidate actions—enabling
more strategic and confident decision-making. Sim-
ilarly, LEAP and LEAN (Verma and Bharadwaj,
2025) propose simulating multiple possible actions
to collect intermediate observations at each step,
allowing the evaluation of top-N high-value actions.
However, such approaches are largely impractical
in real-world environments, as they require actu-
ally executing and reverting actions—an infeasible
process for irreversible operations (e.g., object slic-
ing). Moreover, real-world state transitions are
inherently non-deterministic, further complicating
accurate simulation. Rozanov et al. proposed State-
Act (Rozanov and Rei, 2025), a framework that
continuously monitors the agent’s current state and
goal conditions to support embodied planning with-
out dependence on external tools.

B Additional Discussions

B.1 Environment Grounding Only Evaluation

This section presents a detailed analysis of the
environment-grounding-only setting on the AE
dataset. We identify key weaknesses introduced
by baseline design choices for agent—environment
grounding. We also find that several explicit rea-
soning strategies common in recent agent designs
can degrade agent—environment alignment, and we
analyze the associated failure modes, including
those of ReAct. In each experiment, we analyze
arandom 10% of failure trajectories from the first
execution trial.

B.1.1 Context contamination from
hallucinated future-state predictions.

Among the failure cases, we observe abnormal
“think” steps driven by hallucinated future-state
predictions. The PreAct-p agent (Fu et al., 2025)
is the second-worst performer on the AE dataset
in our experiments—outperforming the Act agent,
our lower-bound baseline, by only 1.14%—despite
its additional explicit “prediction” step. Although
future-state prediction with reflective insights is a
promising idea, in many traces the predicted state
improperly incorporates the effects of the current
action and is tightly coupled to the goal condition
(see Listing 1 for a detailed example).

The predictions also often posit unobserved yet
possible object states (e.g., asserting that a movable
receptacle already contains other objects). When
such hallucinated states are injected into the con-
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text, subsequent reasoning diverges from the actual
environment and yields inefficient plans (see List-
ing 2). More broadly, contaminated context can
cause the agent to believe that objects or recepta-
cles not yet searched have already been searched by
mistakenly treating the predicted context as ground
truth.

Overall for PreAct-p, the dominant failure mode
is context contamination by hallucinated predic-
tions (54.55%). Additional errors include incorrect
reasoning about physical constraints (e.g., plan-
ning as if the robot had dual arms when it does
not; 18.18%) and object-search failures (9.09%).
The remaining cases are due to unmet goal condi-
tions (e.g., attempting to “examine in light” without
holding the object) and flawed initial plans (e.g., de-
ciding to cool an apple using a microwave, leading
to error accumulation).

These contamination effects align with recent
work showing that longer inputs make LLMs
less reliable and more sensitive to distractors and
haystack structure (Hong et al., 2025). In principle,
a prediction step could constrain or prune context,
but in our experiments speculative predictions often
inject additional assumptions, which lengthens the
working context and exacerbates spurious content
accumulation.

Listing 1: Action-effect reasoning contamination from
hallucinated future-state predictions. Despite successful
execution of "put down Apple (1)", the PreAct-P agent
misinterprets the outcome due to an injected failed pre-
diction from a previous step.

Your task is to: Put a heated
apple in the garbage can.

You see CellPhone (1),
GarbageCan (1), Microwave (1),
Apple (1), Book (2-4), Plate (1),
CounterTop (1), Pen (1),
DiningTable (1), Chair (1),
(2), Chair (4), Chair (5),
SaltShaker (1), Fridge (1),
1), Mug (1), CreditCard (1).
Microwave (1) is opened. I am
holding Apple (1) now.

Chair

Pot (

Think: Now that the Microwave (1)
is open, I can place Apple (1)
inside to heat it. After heating,
I will head to the Garbage Can (

1) to dispose of the apple as per
the task requirements.

Act: put down Apple (1)

Predict: 1. I put down Apple (1)
inside Microwave (1). The next

step is to close the microwave
and turn it on to heat the apple.

2. I fail to put down Apple (1) inside
Microwave (1). I will check if there are
any space constraints or obstacles
preventing me from placing the apple.

You put down Apple (1). You see
CellPhone (1), GarbageCan (1),
Microwave (1), Apple (1), Book (2
-4), Plate (1), CounterTop (1),
Pen (1), DiningTable (1), Chair (
1), Chair (2), Chair (4), Chair (
5), SaltShaker (1), Fridge (1),
Pot (1), Mug (1), CreditCard (1).
Microwave (1) is opened.
I am not holding anything now.

Think: I attempted to put down
Apple (1) inside Microwave (1),
but I am still holding it. It might be
that there isn’t enough space or some
other issue preventing me from placing
it inside. However, the microwave
is open, so I need to check if I
can place Apple (1) again. I will

try to put it down carefully and

see if that allows me to place
it inside the microwave
successfully.

Act: put down Apple (1)

Listing 2: Example of object-state contamination caused
by hallucinated future-state predictions. An injected
prediction from an earlier step leads the LLM to believe
that the remote control is inside Box (1); as a result, the
PreAct-P agent does not check the box and skip required
intermediate action steps.

Your task is to: Put a box with
the remote control in it on the
armchair.
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You arrive at Bedroom (1). You
see : DogBed (1), DiningTable (1)
, Bed (1), GarbageCan (1),
Dresser (1). I am not holding
anything now.

Think: Now that I've returned to
Bedroom (1), I need to check the
previously found furniture again
to ensure I don't overlook the
box with the remote control. I
should start with the DiningTable

(1) since it was the first piece

of furniture I encountered in
this room.

Act: go to DiningTable (1)

Predict :
1. I check the DiningTable (1) and find
the box with the remote control,
allowing me to pick it up and
then go to the armchair in
LivingRoom (1) to place it down.
2. I do not find the box in
DiningTable (1), which implies
that I need to explore other
areas again, likely starting with
Bedroom (1) where I can cross-
check my findings.

You arrive at DiningTable (1).
You see Mug (1), DiningTable (1
), Chair (1-2), Bed (1), Box (1),
HousePlant (1), GarbageCan (1),
Dresser (1). I am not holding
anything now.

Think :

I have finally found the Box (1) while
checking DiningTable (1) in

Bedroom (1). I need to pick up
the box and then go to the

armchair in LivingRoom (1) to
place it down.

Act: pick up Box (1)

Predict: 1. I successfully pick up

Box (1), and the next step will
be to go to the armchair in
LivingRoom (1) to put it down. 2.
I fail to pick up Box (1). I
will need to try again to pick up
Box (1) or check if it can be
accessed differently.

You pick up Box (1). You see
Mug (1), DiningTable (1), Chair (
1-2), Bed (1), Box (1),

HousePlant (1), GarbageCan (1),
Dresser (1). I am holding Box (1)
now .

Think :

I have successfully picked up Box (1)
which contains the remote control. Next
, I need to go to the LivingRoom
(1) and specifically to the
ArmChair (1) where I will put
down the box.

Act: go to LivingRoom (1)

B.1.2 Key observations on agent—environment
alignment (ReAct).

On the AE dataset, the ReAct agent’s dominant
failure mode is failure to locate the object or its tar-
get receptacle (57.14%). The next most common
error is selecting a nonexistent skill, which yields
mismatched actions from skill set driven from ob-
servation (14.28%; e.g., issuing inspect/examine
when that skill is unavailable). We also observe
initial reasoning failures (14.28%) and violations
of skill preconditions/constraints (14.28%; e.g., at-
tempting to put down an object onto a visible re-
ceptacle without first navigating to and specifying
the target receptacle). These patterns suggest con-
crete opportunities to improve search procedures,
action-set validation, and precondition checking in
ReAct-style agents.

Although the agent is provided with the full set
of available actions, the feedback after each action,
and a room layout that lists all room names and
the static receptacles in each room, it often forgets
this context over the course of multiple interac-
tions. A promising direction is to explicitly vali-
date each generated next-step action token so that
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it satisfies the environment interface constraints,
including whether the action actually exists and
whether required arguments and preconditions are
met. In parallel, the agent should maintain generic
subgoal-level state that tracks key information such
as progress in object search and locations already
visited, and this tracking should remain domain ag-
nostic rather than relying on task-specific heuristics.
Because early mistakes tend to compound, strong
initial reasoning is crucial, and the agent ought
to re-evaluate its initial plan before execution to
catch inconsistencies and reduce downstream error
accumulation.

B.2 Failure Modes in the Naive Adaptation
Scenario

As discussed in the main manuscript, contemporary
embodied task-planning agents are primarily opti-
mized for Agent—Environment (AE) alignment. Be-
cause in-context learning-based agents are strongly
shaped by the examples provided, an agent exposed
only to AE-alignment demonstrations can be de-
ployed on the PHA tasks introduced in this paper
without any PHA-specific guidance. The Naive
Adaptation (NA) experiment instantiates this set-
ting. We give AE-only in-context examples to
agents but evaluate on PHA tasks to assess how
current agents respond and whether they can han-
dle PHA without additional adaptation.

B.2.1 Taxonomy of failure modes.

We collect failure types from execution trajectories
and organize them in a bottom-up manner. After
classification we group them into six categories.
The Act agent is excluded from this analysis be-
cause it has no explicit reasoning step which makes
its intent hard to infer and its overall performance
is too low.

* Human Grounding Failure (reasoning
about Object Selection) (HGF-0S). This is
the dominant type in the NA experiment. In
most runs HGF-OS is the primary failure. It
reflects errors in reasoning for selecting items
that depend on human attributes. For example
the agent picks an alcoholic beverage for a
Muslim user.

¢ Human Grounding Failure (goal condition
reasoning) (HGF-GC). The agent fails to cor-
rectly interpret the goal condition specified by
the instruction, often misunderstanding what

constitutes a valid outcome under the user-
conditioned constraints. This includes confus-
ing the intended target category or selecting
objects that are inconsistent with the semantic
requirements of the task. For example, the
agent may treat a prepare drink” request as
a generic prepare something” goal, retriev-
ing food items instead of beverages (or vice
versa), thereby violating the instruction-level
goal condition even when the physical pick-
and-place actions are executed correctly.

* Environment Grounding Failure (ignoring
Physical Constraints) (EGF-PC). The agent
misunderstands its physical limitations. In our
environment the agent is a mobile manipulator
with a single arm. Many cases plan as if the
robot had dual arms.

* Environment Grounding Failure (selecting
Non-Existent Skill) (EGF-NES). The agent
selects an action that is not in the skill set (see
Appendix D.1.3 for skill set generation and
matching details) such as “inspect object”. We
classify this as an environment-grounding fail-
ure yet it is often triggered by uncertainty in
human grounding. When the agent is unsure
whether an object is acceptable for the user
it attempts extra behaviors such as inspection
which violates rules that encode environment
constraints (check Appendix D.1.1 for list of
available skills).

* Environment Grounding Failure (violating
Skill Constraints) (EGF-SC)). The agent ig-
nores preconditions in the skill definitions.
Most cases involve navigation. The robot can-
not go directly to a target object and must
move to the appropriate room first. Under
our skill-matching strategy where skills are
derived from partial observations and affor-
dances an invalid choice is mapped to a ran-
dom action which leads to error accumulation.

* Environment Grounding Failure (Search-
ing Failure) (EGF-SF). The agent does not
visit all plausible locations. It fails to find the
target object and terminates early.

B.2.2 Limitations of Agents in Human
Grounding with Only AE Examples

Agents suffer from human grounding with only AE
examples. In Table 6 we report detailed failure

4990



Table 6: Failure-mode breakdown on NA experiments by agent and complexity level (%). The Act agent is

omitted (see Appendix B.2.)

ReAct ReAct-IM PreAct StateAct

Level 1 2 3 1 2 3 1 2 3 1 2 3

HGF-OS 44.44 58.38 66.67 33.33 66.67 60.00 55.56 54.55 26.67 22.22 50.00 26.67
HGF-GC 22.22 &8.33 13.33 0.00 0.00 13.33 0.00 18.18 26.67 11.11 0.00 6.67
HGF total 66.66 66.71 80.00 33.33 66.67 73.33 55.56 72.73 53.34 33.33 50.00 33.34
EGF-PC 11.11 0.00 0.00 11.11 0.00 0.00 11.11 0.00 6.67 22.22 25.00 6.67
EGF-NES 11.11 25.00 0.00 0.00 16.67 0.00 22.22 9.09 26.67 0.00 25.00 40.00
EGF-SC 0.00 0.00 6.67 11.11 8.33 0.00 11.11 9.09 6.67 22.22 0.00 0.00
EGF-SF 11.11 8.33 13.33 44.44 8.33 26.67 0.00 9.09 6.67 22.22 0.00 20.00
EGF total 33.33 33.33 20.00 66.66 25.00 26.67 44.44 27.27 46.68 66.66 50.00 66.67

Values are percentages. Decimal points are aligned for readability.
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ReAct

100 T
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40 -
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204

L L2 3
Level
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Level

EGF-NES . EGF-SC W= EGF-SF

Figure 4: NA failure type distributions for each agent

statistics. In eight of twelve agent-level combi-
nations human-grounding failures HGF are more
frequent than environment-grounding failures EGFE.
Under NA agents struggle with human-grounded
reasoning, including human-centric item selection
and goal interpretation. The pattern appears even in
basic household tasks when no human-grounding
exemplars are provided. These findings highlight
the value of evaluating PHA tasks to spur devel-
opment of agents aligned with both human and
environment constraints.

B.2.3 Failure to Integrate Human Profiles,
Goals, and Environment Grounding
(HGF-0S)

HGF-OS reflects a breakdown in Trinity alignment,
as agents fail to simultaneously account for the
user’s complex human profile, the goal conditions
implied by the instruction, and the environment-
grounded execution required for pick-and-place
interactions. Under the NA setting, such failures
are pervasive across agents and complexity levels,
making HGF-OS the dominant error type in the
majority of agent-level combinations. This pat-

tern suggests that exposure only to AE demonstra-
tions biases agents toward environment-only ob-
jectives and encourages shortcut heuristics, rather
than verifying whether the selected object satis-
fies the user-conditioned goal. For example, in
Listing 3, the agent selects BeefMeatloafCan for
a user who practices Hinduism; although it exe-
cutes the physical pick-and-place sequence cor-
rectly, it fails to detect the conflict between the
item and the user’s profile, ultimately violating hu-
man—agent—environment alignment.

B.2.4 Difficulties in Reasoning About Verbally
Specified Goal Conditions (HGF-GC)

Agents struggle to reason about verbal un-
certainty without relevant examples (HGF-GC).
Goal-condition understanding often hinges on im-
plicit human intent that may be unstated or com-
pressed into terse wording, which obscures the in-
tended constraint. In our experiments agents fre-
quently misclassified the tasks prepare food and
prepare drink. When users issue brief requests that
omit the food versus drink distinction agents often
choose the wrong category. Despite this HGF-GC
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is generally less prevalent than HGF-OS, underscor-
ing that the most critical failures arise from human
alignment across diverse user attributes. Listing 4
shows an example of HGF-GC.

Listing 3: Example of HGF-OS in PreAct

Your task is to: Please place the
food on the dresser.

The characteristics of the person
you are to serve are as follows:
The person has nuts allergies

and believes in Hinduism.

You arrive at Fridge (1). You see
Microwave (1), Fridge (1),
DiningTable (2), CounterTop (1).

I am not holding anything now.

Think: I have arrived at the
Fridge (1) but I cannot see any
food items directly. I need to
open the fridge to check if there
are any safe food items for the
person with nut allergies. Since
I have not yet found food, my
next step will be to open Fridge
(1) and examine its contents.
Act: open Fridge (1)
Predict: 1. I open Fridge (1) and
find safe food items that I can
place on the Dresser (1). The
next step will be to pick up that
food. 2. I fail to open Fridge (
1) or find no food inside. I will
then check DiningTable (2) for
any food items.

You see BeefMeatloafCan (1),
FlatWhitelLattee (1),
MountainDewSodaCan (1),
(1), DiningTable (2),
AmericanoCup (1), Fridge (1),
ASAHISuperDryBeerCan (1),
CounterTop (1). Fridge (1) is

Microwave

opened. I am not holding anything
now .
Think: Now that I've opened the

fridge, I can see the food items
inside. The person has nut
allergies, so I need to ensure
that I select food items that do
not contain nuts.

The Beef Meatloaf is likely safe,
while the Flat White Latte may
potentially contain nuts.

It’s best to pick the Beef Meatloaf for
placement on the dresser. My next step
will be to pick up the Beef Meatloaf.
Act: pick up BeefMeatloafCan (1)
Predict: 1. I pick up the
BeefMeatloafCan. The next step
will be to go to the Dresser (1)
to place it down. 2. I fail to
pick up the BeefMeatloafCan. I
will check if I can pick up
FlatWhitelLattee instead.

Listing 4: Example of HGF-GC in ReAct

Your task is to: Please place the
food on the counter top.

The characteristics of the person
you are to serve are as follows:
The person has fish allergies,

follows a lactoovovegetarian diet
and believes in Judaism.

You arrive at DiningTable (3).
You see ZeroFatMilk (1),
Comicbook (1), Chair (4),
WineBottle (1),
BombaySapphireJinBottle (1),
MackerelCanned (1), Sofa (2),
KeyChain (2), PoemBook (1),
DiningTable (3), Plate (1). I am
not holding anything now.

Think: Now I arrive at

DiningTable (3). Since the person
I am serving has fish allergies,
I cannot pick up the
MackerelCanned. The food that is
suitable for the person includes
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ZeroFatMilk.
ZeroFatMilk.
oK.

I should pick up

Act: pick up ZeroFatMilk (1)

You pick up ZeroFatMilk (1). You
see : ZeroFatMilk (1), Comicbook
(1), Chair (4), WineBottle (1),
BombaySapphireJinBottle (1),
MackerelCanned (1), Sofa (2),
KeyChain (2), PoemBook (1),
DiningTable (3), Plate (1). I am
holding ZeroFatMilk (1) now.

Think: Now that I have picked up

ZeroFatMilk (1), I need to go to

the Kitchen (1) where the counter
is located so I can place the

food there.

oK.

Act: go to Kitchen (1)

You arrive at Kitchen (1). You
see : DiningTable (1),
ZeroFatMilk (1), Fridge (1),
Microwave (1), CounterTop (1). I
am holding ZeroFatMilk (1) now.

Think: Now that I am in Kitchen (
1), I need to find the counter to
place the food. I have
identified CounterTop (1)
room.

oK .

in this

Act: go to CounterTop (1)

You arrive at CounterTop (1). You

see : DiningTable (1),
ZeroFatMilk (1), Spoon (1),
SoapBottle (1), Statue (1),
Fridge (1), Microwave (1), Pan (I
), CounterTop (1). I am holding
ZeroFatMilk (1) now.

Act: put down ZeroFatMilk (1)
You put down ZeroFatMilk (7). You

see : DiningTable (1),
ZeroFatMilk (1), Spoon (1),

SoapBottle (1), Statue (1),
Fridge (1), Microwave (1),
), CounterTop (1). I am not
holding anything now.

Pan (1

Act: done
done

B.2.5 Agents Fail to Respect Embodied
Constraints (EGF-PC)

Although not the most common environment-
grounding failure, agents sometimes ignore their
physical limitations. In our experiments, agents of-
ten plan as if they have two arms, despite only hav-
ing one. This issue typically arises when an agent
attempts to pick up two objects at once—there is
no "pick up success" message, nor any feedback
that indicates it is holding two items. These con-
straints are not explicitly specified, so agents must
infer them from environmental feedback and exam-
ple trajectories in order to function as generalist,
heterogeneous embodied systems. State tracking
potentially contaminates context. Notably, we
observe that EGF-PC can lead to unusual hallucina-
tions in StateAct, where the agent’s state tracking
predicts multiple objects picked up, even when that
has not occurred. This kind of context contamina-
tion results in critical error accumulation. Detailed
examples can be found in Listing 5.

Listing 5: Example of hallucinated state tracking under-
mining task success in StateAct (EGF-PC))

Your task is to: Please place the
food and drink on the counter

top.

The characteristics of the person
you are to serve are as follows:
The person has meat allergies

and follows a vegan diet.

You see DiningTable (1),
BeefMeatloafCan (1), SandwitchBLT
(1), ChestNut (1), Microwave (1)
, BeefTomatoPastaCan (1),
MackerelCanned (1),
ChickenBreastCan (1), CounterTop
(1), HotDogBeansSoupCan (1),
Fridge (1), MountainDewSodaCan (1
), NutsPie (1), GarbageCan (1).
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Fridge (1) is opened. I am not

holding anything now.

Goal: Please place the food and
drink on the counter top. The
characteristics of the person you
are to serve are as follows: The
person has meat allergies and
follows a vegan diet.

Current Location: Fridge (1)

Current Inventory: None

Think: I need to find food and
drinks suitable for a vegan diet.
The Fridge (1) contains some
items that are not suitable,
as beef and chicken.
However, I see ChestNut,
MountainDewSodaCan, and NutsPie,

which might be suitable options.
I should pick these vegan options
to place on the counter.

oK.

Act: pick up ChestNut (1)

such

You pick up ChestNut (1). You see
DiningTable (1),
BeefMeatloafCan (1), SandwitchBLT

(1), ChestNut (1), Microwave (1)
, BeefTomatoPastaCan (1),
MackerelCanned (1),
ChickenBreastCan (1), CounterTop
(1), HotDogBeansSoupCan (1),
Fridge (1), MountainDewSodaCan (1
), NutsPie (1), GarbageCan (1).
Fridge (1) is opened. I am
holding ChestNut (1) now.
Goal: Please place the food and
drink on the counter top. The
characteristics of the person you
are to serve are as follows: The
person has meat allergies and
follows a vegan diet.
Current Location: Fridge (1)
Current Inventory: ChestNut (1)
Think: I have picked up ChestNut.

Next, I need to pick up other suitable

vegan options from the fridge,
specifically MountainDewSodaCan and

NutsPie, before placing everything

on the counter.

OK.

Act: pick up MountainDewSodaCan (1)

You see DiningTable (1),
BeefMeatloafCan (1), SandwitchBLT
(1), ChestNut (1), Microwave (1)
, BeefTomatoPastaCan (1),
MackerelCanned (1),
ChickenBreastCan (1), CounterTop
(1), HotDogBeansSoupCan (1),
Fridge (1), MountainDewSodaCan (1
), NutsPie (1), GarbageCan (1).
Fridge (1) is opened.
I am holding ChestNut (1) now.

Goal: Please place the food and
drink on the counter top. The
characteristics of the person you
are to serve are as follows: The
person has meat allergies and
follows a vegan diet.

Current Location: Fridge (1)

Current Inventory: ChestNut (1)

Think: I have already picked up
ChestNut. Now, I need to also
pick up NutsPie as it is another
suitable vegan option that I can
place on the counter.

OK.

Act: pick up NutsPie (1)

You see DiningTable (1),

BeefMeatloafCan (1), SandwitchBLT
(1), ChestNut (1), Microwave (1)
, BeefTomatoPastaCan (1),

MackerelCanned (1),

ChickenBreastCan (1), CounterTop
(1), HotDogBeansSoupCan (1),
Fridge (1), MountainDewSodaCan (1

), NutsPie (1), GarbageCan (1).
Fridge (1) is opened.

I am holding ChestNut (1) now.

Goal: Please place the food and

drink on the counter top. The
characteristics of the person you
are to serve are as follows: The
person has meat allergies and
follows a vegan diet.

Current Location: Fridge (1)

Current Inventory :

{‘ChestNut’: 1, ‘MountainDewSodaCan’: 1,
‘NutsPie’: 1}

Think :
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I have picked up ChestNut and NutsPie.
Now I need to place all the vegan
options I have gathered on the

counter top. The final action
will involve moving to the
counter top and putting down the
items.

oK.

Act: go to CounterTop (1)

B.2.6 Safety-Driven Evasive Behavior Leads
to Error Accumulation (EGF-NES)

In our study, agents frequently propose ad-hoc
actions such as “inspect” or “check”—which are
not in the available action set—when faced with
items that are ambiguous or potentially undesir-
able given the user attributes. Under our low-level
skill-selection strategy (see Appendix D.1.3), the
skill set is derived from the robot’s egocentric vi-
sual object list and each object’s affordances, de-
termined from prior knowledge of executable ac-
tions (e.g., a faucet affords opening and navigation;
the resulting skills are “open faucet” and “go to
faucet”). When this evasive pattern occurs, the
invalid choice is mapped to a random admissible
action, leading to compounding errors. Notably,
this behavior persists even when we strictly ex-
pose only valid actions and give the rule to select
action only from given action set (details in Ap-
pendix D.1.1). We hypothesize that safety con-
straints in the underlying LLM (e.g., conservative
guardrails against potentially harmful actions) or
patterns learned from training data may override
task-specific instructions and induce this strategy.
Listing 6 illustrates the issue: the agent hesitates
over whether GalicShirmpWithCornBowl is ac-
ceptable for the user (shrimp is non-kosher), at-
tempts to “inspect” the item, that request is mapped
to pick up GalicShirmpWithCornBowl”, and the
resulting mismatch accumulates errors and ulti-
mately causes a critical failure.

Listing 6: Example of Evasive Behavior and Error Ac-
cumulation (PreAct)

Your task is to: Please place the
food on the side table.

The characteristics of the person
you are to serve are as follows:
The person has alcohol allergies

, follows a pescovegetarian diet

and believes in Judaism.

You arrive at DiningTable (2).
You see CounterTop (1),
RawOysters (1), Fridge (1),
ASAHISuperDryBeerCan (1),
SoccerBall (1), Chair (4-8),
(1), MountainDewSodaCan (1),
Ladle (1), RubikCube (1), Pencil
(1), Mug (2), FriedChickenLeg (1)
, Yakult (1), Pen (3),
DiningTable (2),
GalicShirimpWithCornsBowl (1),
Microwave (1). Fridge (1) 1is

Book

opened. I am not holding anything
now .
Think: Now that I have arrived at

DiningTable (2), I see several
food items. However, I must be
cautious as some of them do not
adhere to the dietary
restrictions. The Raw Oysters and

Fried Chicken Leg are not
suitable due to the
pescovegetarian diet, and the
ASAHI Super Dry Beer and
MountainDew Soda contain alcohol,

which is not acceptable for the
person I am serving.

I need to check for suitable food
options such as Garlic Shrimp with Corns
Bowl, as it may be a pescovegetarian
compliant item. I will prioritize
checking this item first.

Note: not available action is generated
such as inspect item, the most similar
action is selected.

Act:
pick up GalicShirimpWithCornsBowl (1)

Predict: 1. I pick up Garlic Shrimp
with Corns Bowl,

which should be suitable for the

pescovegetarian diet. The next step
will be to place it on the side
table.

2. If I do not find it feasible
to pick up the Garlic Shrimp with
Corns Bowl, I will check for

4995



alternatives for suitable food
items or explore the Bedroom (1)
or LivingRoom (1) for an
alternative.

You pick up
GalicShirimpWithCornsBowl (1).
You see CounterTop (1),
RawOysters (1), Fridge (1),
ASAHISuperDryBeerCan (1),
SoccerBall (1), Chair (4-8),
(1), MountainDewSodaCan (1),
Ladle (1), RubikCube (1), Mug (2)
, FriedChickenlLeg (1), Yakult (1)
, Pen (3), DiningTable (2),
GalicShirimpWithCornsBowl (1),
Microwave (1). Fridge (1) is
opened. I am holding
GalicShirimpWithCornsBowl (1) now

Book

Think :
Now that I successfully picked up the
Garlic Shrimp with Corns Bowl (1), my
next step is to place it on the
side table. However, I need to
first determine where the side
table is located. I will likely
find it in the LivingRoom (1).
Based on previous observations, I
haven't visited LivingRoom (1)
yet. Therefore, I need to
navigate there next.

Act: go to LivingRoom (1)

B.2.7 Step-Level Pre-Execution Action
Evaluation for Robust Environmental
Grounding (EGF-SC)

Listing 7 gives a detailed example of an EGF-SC
failure. In our environment, the “navigate to ob-
ject” action requires first moving to the room where
the target object is located. Attempting to go di-
rectly to an object in another room is a shortcut that
should instead be decomposed into “go to room’
and then “go to object”—a sequential plan rather
than a single action. This shortcut also breaks the
partial observability assumption, as objects may
have been moved due to disturbances. As a result,

B

direct navigation to objects in other rooms is disal-
lowed in our setup. Attempts to pick up not visible
or hallucinated objects fall are also classified as
EGF-SC. Agents, however, often struggle to re-
cover from such failures. While our skill matching
method (based on the popular similarity matching
approach (Huang et al., 2022)) helps guarantee ex-
ecutability, it can also lead to accumulating errors.
These findings indicate that step-level action evalu-
ation is critical for robust environmental grounding,
supporting both successful execution and effective
planning.

Listing 7: Example of EGF-SC in ReAct-IM)

Your task is to: Please place the
food and drink on the side table

The characteristics of the person
you are to serve are as follows:
The person has caffeine

allergies.

You are in the house, there are 4
rooms in this house: Bedroom (1)
, Bathroom (1), Kitchen (1),
LivingRoom (1).

You arrive at the LivingRoom (1),
Looking quickly around the room,

You see Dresser (2),
DiningTable (3), Sofa (1),
Cart (1). I am not holding

anything now.

Think: To complete the task, I
first need to find food and drink
that does not contain caffeine,

as the person I am serving has
caffeine allergies. I see that I'
m in LivingRoom (1) which
contains a DiningTable (3) and
Cart (1), but I need to check
where the food and drink might be
The food and drink are more
likely to be in Kitchen (1), so I
should go there first.

OK.

Act: go to Kitchen (1)

You arrive at Kitchen (1). You

see : CounterTop (1), DiningTable
(2), HousePlant (1), Fridge (1),
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Chair (4),
SFNovel (1).
anything now.

Microwave (1),
I am not holding

You arrive at DiningTable (2).

You see CounterTop (1),
BubbleTealced (1), ButterKnife (1
), Plate (1), Chair (3), Fork (2)
, Spoon (1), DiningTable (2),
HousePlant (1), Fridge (1),

Comicbook (1), AmericanFootball (
1), Microwave (1), SFNovel (1).
Fridge (1) is opened. I am not
holding anything now.

Think: At the DiningTable (2), I
found Bubble Tea, which contains
caffeine and is not suitable for
the person I'm serving. I need to
keep searching for food or
drinks that do not contain
caffeine. Since I have not yet
checked the contents of the Sofa
or the Cart in LivingRoom (1),
I should go back and check the Cart for
any suitable items.
oK.

Note: go to Cart (1) is matched to go
to Chair (3)

Act: go to Chair (3)

You arrive at Chair (3). You see
CounterTop (1), BubbleTealIced (
1), ButterKnife (1), Plate (1),
Chair (3), Fork (2), Spoon (1),
DiningTable (2), HousePlant (1),
Fridge (1), Comicbook (1),
AmericanFootball (1), Microwave (
1), SFNovel (1). Fridge (1) is

opened. I am not holding anything
now .
Think: I am at Chair (3), but I

have not yet searched the Cart in

LivingRoom (1) for any food or
drinks. The Cart could
potentially have suitable non-
caffeinated items.

I should go back to the Cart next.
oK.

Act: go to Chair (3)

You arrive at Chair (3). You see
CounterTop (1), BubbleTealced (
1), ButterKnife (1), Plate (1),
Chair (3), Fork (2), Spoon (1),
DiningTable (2), HousePlant (1),
Fridge (1), Comicbook (1),
AmericanFootball (1), Microwave (
1), SFNovel (1). Fridge (1) is
opened. I am not holding anything
now .

Act: go to Chair (3)

Act: go to Chair (3)

Note: the agent enters an infinite loop
by repeatedly attempting to go to Cart
(1), caused by violating skill
constraints.

B.2.8 Task progress should be tracked for
effective object searching (EGF-SF)

In our experiments, several trajectories show the
agent failing to find the target object. This fail-
ure is distinct from HGF-OS, in which the agent
passes by the target object because of insufficient
reasoning. In EGF-SF, the agent does not search all
reachable receptacles or rooms, prematurely stops
searching, and declares the task a failure. Detailed
examples can be found in Listing 8.

Listing 8: Example of EGF-SF in ReAct

Your task is to: Please place the
drink on the desk.

The characteristics of the person
you are to serve are as follows:
The person has alcohol allergies
, follows a pescovegetarian diet

and believes in Islam.

You are in the house,
rooms in this house:

Bedroom (1), Bathroom (1), Kitchen (1),

there are 4
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LivingRoom (1). You arrive at the
Bathroom (1), Looking quickly
around the room, You see
GarbageCan (1), Toilet (1), Sink
(1). I am not holding anything
now .

Act: go to Kitchen (1)

Note: The agent start to search
Kitchen (1).

You arrive at Kitchen (1). You
see

Microwave (1), Fridge (1), CounterTop
(1), DiningTable (2). I am not
holding anything now.

Act: go to Fridge (1)

Act: go to CounterTop (1)

You arrive at CounterTop (1). You
see : Violin (1), SakeBottle (1)
, PSP (1),
JackDanielsWhiskeyBottle (1),
BrandyBottle (1),
TurnbullsScotchWhiskeyBottle (1),
Fridge (1), DiningTable (2),
DishSponge (2), StrawberryCake (1
), Microwave (1), CounterTop (1).
I am not holding anything now.

Think: I have found several
bottles of alcohol on the
CounterTop (1), but since the
person I am serving has alcohol
allergies, I cannot serve these.
I need to check the LivingRoom (1) for
a suitable drink next since it
may have non-alcoholic options.
oK.

Note: The agent does not visits
DiningTable (2).

Act: go to LivingRoom (1)

Act: go to Kitchen (1)

You already arrive at Kitchen (1)

You see : Statue (3),
StealaBeerBottle (1),
GrainBarYogurtBerries (1),
DrawingTablet (1), Fridge (1),
DiningTable (2), Kettle (1),
Chair (5), Microwave (1), Pan (1)
, CounterTop (1). I am not
holding anything now.

Think: I have already checked all
the locations and still haven't
found any suitable drink options.
I need to revise my search
strategy. Since I couldn't find a
drink in all relevant rooms,
there might be some overlooked
options somewhere. I'll go check
the CounterTop (1) in the Kitchen
(1) again just to be completely
thorough.
OK.

Act: go to CounterTop (1)

You arrive at CounterTop (1). You
see : Violin (1), SakeBottle (1)
, PSP (1),
JackDanielsWhiskeyBottle (1),
BrandyBottle (1),
TurnbullsScotchWhiskeyBottle (1),
Fridge (1), DiningTable (2),
DishSponge (2), StrawberryCake (1
), Microwave (1), CounterTop (1).
I am not holding anything now.

Think :

I have completed multiple searches of

all the areas and still haven't

found a suitable drink.

Since there are no more rooms left to

check, and since I've checked for

all likely drink items without

finding any that meet the dietary
needs of the person I am serving
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I have to admit failure in fulfilling
the task.

oK.
Act: failure
failure

Summary. In the absence of any prior experi-
ence with human-aligned scenarios, agents tend to
plan actions primarily based on environmental con-
straints, with little regard for user considerations.
In contrast, EGF-type errors appeared somewhat
more frequently in certain combinations (especially
in high-difficulty levels for specific agents, such as
StateAct in Level 3), but overall they remained sec-
ondary causes of failure compared to HGF. Overall,
under the NA condition, agents struggled signifi-
cantly with human-aligned reasoning tasks—such
as selecting items appropriate to user attributes or
understanding task intent. This suggests that even
in basic household scenarios, such errors become
prbominent without human-aligned embodied task
planning experiences. These findings underscore
the importance of evaluating the PHA task and
Trinity benchmark in developing agents capable
of satisfying both human and environmental con-
straints.

B.3 Failure Modes in the Few-shot
Adaptation Scenario

B.3.1 Reasoning Is Necessary for
Human-Aligned Item Selection

We observe that the Act agent often selects items at
random, as long as they belong to the correct cate-
gory (e.g., choosing a “CokeCan” for the task “pre-
pare drink”). This behavior indicates that reasoning
is necessary to incorporate relevant contextual in-
formation, which critically shapes both the next
step in reasoning and the agent’s actions. Listing 9
provides a detailed example trajectory.

B.3.2 Few-Shot Adaptation Does Not
Eliminate Human Grounding Failures

Table 7 presents the FA failure statistics. HGF-
OS remains the most frequent error in 9 of the 12
agent-level combinations, even with access to rel-
evant in-context examples. While these examples
improve overall success rates and enhance both
human and environment grounding, they do not
fully resolve the challenges associated with human
grounding. A likely contributing factor is limited
coverage, as each task type is demonstrated with

only one example that reflects a narrow portion of
the attribute space. As a result, agents continue to
struggle with item selection under restricted infor-
mation. These findings highlight the importance
of richer and more varied demonstrations for hu-
man—environment grounding, reinforcing the role
of comprehensive benchmarks such as Trinity in
advancing HAE-capable agents.

B.3.3 Environment Grounding Is Also Crucial
for Successful PHA Task Solving

Among EGFs, EGF-SF and EGF-PC are the most
frequent top-ranked error types. Specifically, EGF-
SF is the leading failure in two settings and EGF-
PC in one setting, including ties for the highest-
ranked error. EGF-SF typically reflects the agent’s
difficulty in tracking task progress or reasoning
about the search space, even when action con-
straints and affordances are explicitly provided
(see input constraints in Section D.1.1), such as
inspect itemor inspect ingredient of item.
EGF-PC often arises when the agent generates
plans under the false assumption that it has dual-
arm capabilities or attempts to emulate human per-
formers, despite having full information about its
own embodiment and available actions. These pat-
terns suggest that even when action constraints and
embodiment are clearly defined, agents often misin-
terpret task structure or overgeneralize from human-
like priors—highlighting persistent challenges in
grounding situated reasoning within realistic agent
capabilities.

Listing 9: Example of Random Item selection of Act
agent

[Successful human-collected example trajectory
is given to Act agent.]

Your task is to:

Please place the drink on the fridge.

The characteristics of the person
you are to serve are as follows:
The person has caffeine allergies.

You are in the house, there are 4
rooms in this house: Bedroom (1)
, Bathroom (1), Kitchen (1),
LivingRoom (1). You arrive at the
Bedroom (1), Looking quickly

around the room, You see

Dresser (1), Bed (1), ArmChair (1
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Table 7: Failure-mode breakdown on FA experiments by agent and complexity level (%). The Act agent is
omitted (see Appendix B.2.)

ReAct ReAct-IM PreAct StateAct
Level 1 2 3 1 2 3 1 2 3 1 2 3

HGF-OS 12.50 50.00 57.14 25.00 45.45 33.33 33.33 38.46 46.67 37.50 41.67 53.33
HGF-GC 25.00 8.33 0.00 37.50 27.27 26.67 11.11 30.77 13.33 12.50 8.33 6.67
HGF total 37.50 58.33 57.14 62.50 72.72 60.00 44.44 69.23 60.00 50.00 50.00 60.00

EGF-PC 25.00 0.00 0.00 0.00 0.00 0.00 11.11 7.69 0.00 0.00 8.33 6.67
EGF-NES 1250 8.33 0.00 25.00 0.00 6.67 22.22 23.08 0.00 25.00 16.67 20.00
EGF-SC 0.00 0.00 14.29 0.00 0.00 0.00 0.00 0.00 13.33 12.50 16.67 0.00
EGF-SF  25.00 33.33 28.57 12.50 27.27 33.33 22.22 0.00 26.67 12.50 8.33 13.33
EGF total 62.50 41.66 42.86 37.50 27.27 40.00 55.55 30.77 40.00 50.00 50.00 40.00

Values are percentages. Decimal points are aligned for readability.

ReAct ReAct-IM StateAct PreAct

H
] g 8 8

Failure Subtype Mix (%)

~
=}

o

|8} 2 3 [BR

Level Level
= HGF-0S s HGF-GC W= EGF-PC EGF-NES . EGF-SC W= EGF-SF

Figure 5: FA failure type distributions for each agent.

), DiningTable (1), TVStand (1).
I am not holding anything now. Act: pick up HeinekenBeerBottle (
LD

Act: go to Fridge (1)
You arrive at Dresser (1). You
see : Dresser (1), Pen (1), PSP ( Act: put down HeinekenBeerBottle

1), Book (1), Comicbook (1), (1)
TrumpCards (1), FlatWhitelLattee ( ..
1), DrPepperSodaCan (1), Act: done

HeinekenBeerBottle (1),
ChocolateDonut (1), OctopusSalad

(1), TableTennisRacquet (1), [Trial of Action Agent]
EspressoMonsterEnergyDrinkCan (1)

, DiningTable (1), Note: Even though the most relevant
MonsterEngeryDrinkCan (1), Watch example is given, Act agent fail to
(1), ArmChair (1), TVStand (1), plan.

BeefPattyCheeseBurger (1),

AlmondButterJar (1), Your task is to:

ChickenBreastCan (1), Please place the drink on the fridge.
FriedChickenLeg (1), BiscuitBox (

1), Bed (1), RubikCube (1), The characteristics of the person
CheeseCake (1). I am not holding you are to serve are as follows:
anything now. The person has caffeine allergies.
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You are in the house, there are 4

rooms in this house: Bedroom (1)
, Bathroom (1), Kitchen (1),
LivingRoom (1). You arrive at the
Bedroom (1), Looking quickly
around the room, You see Bed (1
), DiningTable (1), Dresser (1),
Desk (1). I am not holding
anything now.

Act: go to Kitchen (1)

You arrive at Kitchen (1). You
see : Fridge (1), Microwave (1),
Chair (9-11), DrPepperSodaCan (1)
, SPAM (1),
GalicShirimpWithCornsBowl (2),
DiningTable (2), HockeyStick (1),
TrumpCards (1), GarbageCan (2),
CounterTop (1), SprayBottle (2).
I am not holding anything now.

Act: go to Fridge (1)

You arrive at Fridge (1). You see
Fridge (1), Microwave (1),
DiningTable (2), GarbageCan (2),
CounterTop (1). I am not holding

anything now.

Act: open Fridge (1)

You see Fridge (1),
1), DiningTable (2), GarbageCan (
2), CounterTop (1). Fridge (1) 1is
opened. I am not holding
anything now.

Microwave (

Act: go to DiningTable (2)

You arrive at DiningTable (2).
You see Fridge (1), Microwave (
1), Chair (8-11),
DrPepperSodaCan (1), SPAM (1),
GalicShirimpWithCornsBowl (2),
DiningTable (2), HockeyStick (1),
GarbageCan (2), TrumpCards (1),
CounterTop (1), Pen (3),
SprayBottle (2). Fridge (1) is
opened. I am not holding anything
now .

Act: go to DrPepperSodaCan (1)

You arrive at DrPepperSodaCan (1)
. You see Fridge (1), Microwave
(1), Chair (8-11),
DrPepperSodaCan (1), SPAM (1),
GalicShirimpWithCornsBowl (2),
DiningTable (2), HockeyStick (1),
GarbageCan (2), TrumpCards (1),
CounterTop (1), Pen (3),
SprayBottle (2). Fridge (1) 1is
opened. I am not holding anything
now .

Act: pick up DrPepperSodaCan (1)

You pick up DrPepperSodaCan (1).

You see Fridge (1), Microwave (
1), Chair (8-11), DrPepperSodaCan
(1), SPAM (1),

GalicShirimpWithCornsBowl (2),
DiningTable (2), HockeyStick (1),
GarbageCan (2), TrumpCards (1),

CounterTop (1), Pen (3),
SprayBottle (2). Fridge (1) is
opened. I am holding
DrPepperSodaCan (1) now.

Act: go to Fridge (1)

You arrive at Fridge (1). You see
Fridge (1), Microwave (1),
DrPepperSodaCan (1), DiningTable
(2), GarbageCan (2), CounterTop (

1). Fridge (1) is opened. I am
holding DrPepperSodaCan (1) now.

Act: put down DrPepperSodaCan (1)

You put down DrPepperSodaCan (1).
You see Fridge (1), Microwave
(1), DrPepperSodaCan (1),
DiningTable (2), GarbageCan (2),
CounterTop (1). Fridge (1) is

opened. I am not holding anything
now .

Act: done

done
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Figure 6: The performance and efficiency results are depicted in each graph, with the x-axis showing efficiency
(average steps) and the y-axis showing effectiveness (TSR). Crosses (x) indicate NA results, while circles ()

denote FA results.

B.4 Towards Human-Agent-Environment
Alignment

A close inspection of baseline agents’ failure
modes suggests two broad design principles for
future embodied task-planning systems that must
satisfy Human-Agent-Environment (HAE) align-
ment. First, agents should be evaluated both be-
fore and after they act. A pre-execution check
of the planned reasoning chain and action se-
quence can catch human-grounding failures such as
choosing items without considering user attributes
(HGF-OS) or misunderstanding goal conditions
(HGF-GC). A post-execution review then iden-
tifies environment-grounding failures—including
violating skill constraints (EGF-SC), invoking
non-existent skills (EGF-NES), or ignoring the
agent’s own physical limits (EGF-PC). Crucially,
the reasoning text itself deserves a quality score,
because irrelevant context frequently contaminates
the chain of thought. This evaluation is best im-
plemented with a learned reward model rather
than brittle, hand-written rules, and it should de-
rive its criteria from the system specification (for
example, the system prompt) so that it remains
model-agnostic and broadly transferable.

Second, agents must track the task-oriented
search space robustly. Many failures arise when
the planner adopts reasoning shortcuts and never
explores the states required to accomplish the
true goal—a pattern labeled EGF-SF. Augment-
ing the planner with a lightweight memory of
explored branches can limit such loops, yet the
memory must be safeguarded against halluci-
nated entities that would corrupt subsequent plans.
Again, these safeguards should be general mecha-
nisms—such as consistency checks grounded in a
world model—rather than bespoke heuristics, be-
cause ad-hoc fixes tend to introduce fresh halluci-

nations and context contamination.

In short, effective HAE-aligned agents should
be assessed twice (before and after acting), their
thoughts should be scored just like their actions,
evaluation criteria must remain model-agnostic,
and search-space tracking must be reliable with-
out relying on fragile hand-crafted rules. Ad-
hering to these principles should substantially re-
duce the human- and environment-grounding errors
that currently hinder embodied agents in realistic,
user-conditioned tasks.

A complementary direction is to ground these
checks in external repositories of situational human
norms and to use reward models that jointly ver-
ify physical feasibility and human-attribute compli-
ance, providing structured feedback for online plan-
ning and correction. Because the dominant errors
we observe are loop-like and accumulate once an
incorrect action is taken, such feedback is most use-
ful when it supports both proactive constraint verifi-
cation before acting and fast recovery—divergence
detection, self-correction, and re-planning with ex-
plicit state and constraint tracking—rather than one-
shot, post-hoc filtering.

B.5 About Efficiencies

B.5.1 Improved Performance with Increased
Action Steps

When agents are provided with relevant examples,
they generally achieve higher success rates on PHA
tasks, but at the cost of taking more steps. We quan-
tify this trade-off by averaging each agent’s “Act”
steps, capping each sample at a 60-step limit. In the
“HAE-overall” plot (Figure 6), all agents except the
Act agent shift toward the upper right when mov-
ing from NA to FA. They both take more steps and
improve performance. This suggests that examples
encourage agents to reason more thoroughly and
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avoid shortcut behaviors, naturally requiring more
actions to achieve trinity alignment.

The Act agent stands out as an exception. Since
it typically grabs the first task-relevant object
it encounters, regardless of whether that choice
aligns with the user profile, providing examples
only serves to reinforce this shortcut(see Ap-
pendix B.2.2 for detailed discussions and exam-
ples). This behavior supports our earlier finding
that reasoning is essential for PHA tasks. Conse-
quently, the Act agent’s action sequences become
shorter but less appropriate, and its overall per-
formance actually declines as task complexity in-
creases. A detailed breakdown of average step
counts is provided in Table 8.

B.5.2 Lower Human Complexity Leads to
Better Performance

As human-attribute complexity grows, all agents’
performance on PHA tasks steadily declines—a
pattern evident in the blue line of Figure 7—un-
derscoring their difficulty in handling goals condi-
tioned on multiple, realistic user attributes. Despite
this drop, the agents largely maintain their relative
ordering from the AE benchmark: ReAct still leads
with an average success rate of 13.76% across all
HAE levels (see “AVG” column in Table 5), fol-
lowed by StateAct and ReAct-IM. These findings
confirm that strong task-to-environment grounding,
paired with human-aware planning—exemplified
by the ReAct architecture—provides a robust, gen-
eralizable baseline for PHA scenarios.

C Cross-Backbone HAE Experiments

To test whether our findings are specific to gpt-
4o-mini, we evaluate two open-source backbones,
Llama 3.3 70B Instruct and gpt-oss-120b, while
holding the agent scaffolds fixed, under both the
few-shot adaptation (FA) and naive adaptation (NA)
settings.

C.1 Few-Shot Adaptation (HAE-FA)

To examine whether the observed FA trends are
sensitive to the specific LLM used, we reran the
main HAE-FA setting with two alternative LLM
backbones while holding the agent structures con-
stant.

Across both open-source LLMs, the Act agent re-
mains weaker on average than the richer reasoning-
based agents, but the strongest agent varies by
model. For gpt-oss-120b, ReAct-IM achieves the

best overall average and leads on the two lev-
els(L1 and L2), while PreAct is slightly stronger on
the hardest level (L3) by a small margin (0.18%),
though ReAct-IM remains the strongest on the over-
all average. For Llama 3.3 70B Instruct, ReAct-IM
again records the best overall average, although
PreAct and StateAct lead on L1 and L2, respec-
tively.

Unlike ReAct, which generates step-level Think
and Act as free-form natural-language outputs,
ReAct-IM represents both reasoning and action
within a single structured JSON output. This dis-
tinction becomes particularly important for LRMs
such as GPT-OSS-120B, where the model must
decide at each step whether to generate a Think
or an Act output in free form, making the process
more prone to serving-time format errors. Consis-
tent with this, the gap between the two methods
widens as task difficulty increases: although ReAct
remains relatively competitive on L1, its perfor-
mance drops substantially on L2 and L3, whereas
ReAct-IM maintains much stronger and more sta-
ble performance across all levels. These results sug-
gest that structured generation is better aligned with
the serving server’s output requirements and more
reliably produces valid responses. Consequently,
ReAct-IM is more robust and more effective than
agents based on natural-language thought-action
interleaving, particularly in more complex tasks.

C.2 Naive Adaptation (HAE-NA)

We further evaluate the same two open-source back-
bones under the Naive Adaptation (NA) setting, in
which agents see only AE examples and are tested
on HAE. Tables 11 and 12 report level-wise TSR,
and Table 13 summarizes the best per-backbone
configuration across both settings.

Stronger backbones substantially raise absolute
NA TSR—gpt-o0ss-120b reaches 25.80% average
with PreAct, versus 13.76% for the gpt-4o-mini
main setting—yet the best NA configuration re-
mains far below reliable PHA performance, rein-
forcing that explicit human attributes are difficult
to integrate even for much larger models. The
strongest scaffold also differs from the FA set-
ting: whereas ReAct-IM leads under FA (Tables 9
and 10), PreAct—with StateAct close behind—is
the most competitive under NA for both open-
source backbones. This indicates that Trinity is use-
ful not only for measuring human-grounding dif-
ficulty but also for diagnosing backbone—scaffold
interactions.
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Figure 7: Visualization of baseline agent performance under AE, NA, and FA conditions: blue lines represent NA
results and orange lines represent FA results across human complexity levels, while magenta dotted lines describe

AE results.

All values show the mean task success rate for three iterations.

Table 8: Average steps per agent on the AE and HAE datasets with “NA” for Naive Adaptation and “FA” for
Few-Shot Adaptation. The “Averaged” column reports the mean HAE step count across all levels, and the HAE and

Averaged columns present scores as NA/FA pairs.

Agent AE HAE-L1 HAE-L2 HAE-L3 Averaged
Act 22.55 (22.63/16.51) (17.16/16.60) (18.10/17.67) (19.30/16.93)
ReAct-IM 2195 (21.12/22.01) (18.89/22.21) (19.94/20.88) (19.98/21.70)
ReAct 23.64 (23.83/24.29) (21.17/22.52) (19.77/22.65) (21.59/23.15)
PreAct-P 38.82 (35.23/33.45) (34.80/39.30) (32.97/36.64) (34.33/36.46)
StateAct 23.97 (22.21/24.40) (20.68/24.50) (19.08/23.24) (20.66/24.05)

Agent Ll L2 L3 AVG Agent L1 L2 L3 AVG
2493 2198 2000 2613 20.10 11.24

Act 1363 4252 4214 @ 2230 Act 321 4134 4027 1916
3454 208l 18.10 24.62 16.08 19.05

ReAct 1348 4033 4397 2448 ReAct 237 4234 4107 1992
4325 3806 3448 2853 2411 24.19

ReAct-IM  y5o4 1470 1177 3860 ReActIM  1/s 410 4350 2561
3784 3617  34.66 0273 2364 18.29

PreAct 1337 +401  +135 022 PreAct 112 +18 4093 2489
4024 3121 33.14 2642 2530 2076

StateAct 4306 1100  +336  -+86 StateAct Y557 4o61  +097 2416

Table 9: Supplementary HAE-FA results with gpt-oss-
120b. TSR is reported as mean £ standard deviation
over three runs; AVG is the average of the reported
means.

Computational setup. All experiments are
inference-only; we do not train or fine-tune any
model. The main experiments use gpt-4o-mini,
whose parameter count and serving infrastructure
are not publicly disclosed. For the supplemen-
tary open-source backbone experiments, we serve
Llama 3.3 70B Instruct with vLLM on a server with
4 NVIDIA RTX 6000 Ada GPUs, and serve gpt-
oss-120b with vLLM on an NVIDIA H200 NVL
server. Thus, the reported experiments evaluate
inference-time agent behavior rather than training-
time compute.

Table 10: Supplementary HAE-FA results with
Llama 3.3 70B Instruct. TSR is reported as mean +
standard deviation over three runs; AVG is the average
of the reported means.

D Agent Implementation Details

In this section, we describe the baseline embod-
ied agents evaluated in Trinity. We focus on
off-the-shelf, few-shot agents that incorporate hu-
man attributes and environmental grounding, while
excluding retrieval-heavy methods (Zhao et al.,
2024a; Kagaya et al., 2024), unrealistic multi-trial
approaches that require restoring the exact same
environment state (Shinn et al., 2023), and training-
based methods (Zhao et al., 2024b). When multi-
ple reasoning elements must be generated simulta-
neously, we use function calling with structured
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Agent L1 L2 L3 AVG Backbone Set. Best agent Best AVG
Act 19.52 15.13 16.19 16.95 gpt-4o0-mini NA ReAct 13.76
¢ +0.42 +1.34 +2.07 ’ gpt-40-mini FA ReAct-IM 18.26
ReAct 24.02 16.78 14.28 18.36 Llama 70B NA PreAct 15.73
eAc +0.42 +2.74 +2.14 ’ Llama 70B FA ReAct-IM 25.61
28.53 16.78 16.76 gpt-0ss-120b NA PreAct 25.80
ReActIM 153 1768 4235 2069 ept-0ss-120b FA ReAct-IM 38.60
pea MBS0 g .
: : ; Table 13: Best per-backbone configuration across set-
StateAct 30.93 21.28 21.71 24 64 . .
tateAc +153 1153 10.81 : tings. Stronger backbones raise absolute TSR, but the

Table 11: Supplementary HAE-NA results with gpt-
0ss-120b. TSR is reported as mean =+ standard deviation
over three runs; AVG is the average of the reported
means.

Agent L1 L2 L3 AVG
T T
oo DS BN,
ReAct-IM E)%Zs B%% Ei% 13.72
PreAct 1727728 i:;‘:)% i?)(;g 1573
StateAct i6lii2z liéé jlz(())6977 13.65

Table 12: Supplementary HAE-NA results with
Llama 3.3 70B Instruct. TSR is reported as mean +
standard deviation over three runs; AVG is the average
of the reported means.

JSON outputs. When the next reasoning type
is selected dynamically, we use heuristic parsing
to detect special tokens from the model output,
following agent formulations such as ReAct and
ReAct-IM (Yao et al., 2023). In-context examples
were manually constructed by the authors for each
task type, and experiments primarily used gpt-4o-
mini-2024-07-18, with additional backbone com-
parisons using gpt-oss-120b and Llama 3.3 70B
Instruct. Results are reported as mean and stan-
dard deviation over three runs, providing a more
rigorous evaluation than prior single-run reporting
in related embodied-agent studies such as ReAct
(Yao et al., 2023), SayCan (Ichter et al., 2023),
and Lota-Bench (Choi et al., 2024). We evalu-
ate five agents, namely Act, which predicts only
actions (Yao et al., 2023; Choi et al., 2024), Re-
Act, which selects between thinking and acting
at each step (Yao et al., 2023), ReAct-IM, which
generates thought before every action (Yao et al.,
2023; Huang et al., 2023), PreAct-P, which addi-
tionally predicts future-relevant context (Fu et al.,
2025), and StateAct, which explicitly tracks inter-
nal state and task-relevant grounding (Rozanov and

best NA configuration still remains far from solving
PHA, and the strongest scaffold differs between NA and
FA settings.

Rei, 2025).
D.1 ReAct and ReAct-IM Agent

In our work, we implement two types of ReAct
Agents as described in (Yao et al., 2023). The first,
the ReAct Agent, allows the LLM to autonomously
select the “Think™ and “Act” steps instead of exe-
cuting the “Think” process at every iteration. The
second, ReAct-IM (Inner Monologue), generates a
“Think” step at every iteration. To suit our proposed
environments, we have refined several prompts and
added additional rules to ensure that the LLM pro-
duces output in the desired format.

D.1.1 ReAct Agent prompt

Listing 10: ReAct System and User Prompt

<System Prompt>

You are an advanced robot with
ability to think and act. You can

perform one of the following
tasks:

1. Think: Use reasoning to
satisfy the current goal
condition.

2. Act: Execute a specific action
to accomplish the current goal
condition. You should use one of

actions of this list: [go to,
pick up, put down, open, close,
turn on, turn off, slice, done,
failure]

### You should follow the rules
below:
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1. You should only output
sentences that begin with Think
or Act.

2. You should generate only next
step from the given trajectory.

3. If you output Act, you should
use one of actions of this list:

[go to, pick up, put down, open,
close, turn on, turn off, done,
failure].

4. Now I give you some example as
"Source Domain” for output

format and the step-by-step

action selection.

5. You should refer the "Source

Domain" to finish the "Target

Domain" trajectory.

### Example of output format
[Input]

Input Example (Instruction + Trajectory)
[OQutput]

Think: To solve the task, I need

to

<User Prompt>

### Source Domain:
[One relevant example]
### Target Domain:

[Current trajectory]

D.1.2 ReAct-IM Agent system prompt

Listing 11: ReAct-IM System and User Prompt

<System Prompt>

You are an advanced robot with
ability to think and act. For
each step, you must generate a

JSON output containing two keys:
"think" and "act".

1. think: Use reasoning to
satisfy the current goal
condition

2. act: Execute a specific action
to accomplish the current goal
condition. You should use one of

actions of this list: [go to,
pick up, put down, open, close,
turn on, turn off, slice, done,
failure]

### You should follow the rules
below:

"think'
'act'.

1. You must generate
first, then generate

2. You should generate only next
step from the given trajectory.

3. When you output ‘'act', you
should use one of actions of this

list: [go to, pick up, put down,
open, close, turn on, turn off,
done, failure].

4. Now I give you some example as

"Source Domain” for output
format and the step-by-step
action selection.

5. You should refer the "Source
Domain"” to generate next step of
the given "Target Domain”
trajectory.

n

6. Your output must contain
think” and "act” keys as JSON
format.

### Example of output format
[Input]

Input Example (Instruction + Trajectory)

[OQutput]
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{“think”: "To solve the task, I
need to ", “act”:"go to Toilet

(1"}

<User Prompt>

### Source Domain:
[One relevant example]
### Target Domain:

[Current trajectory]

D.1.3 Next Step Parsing and SKill selection

The LLM output does not always follow the re-
quired format and may contain hallucinated con-
tent, so when special tokens such as “Think” or
“Act” are expected, we resample up to five times
and parse the output line by line from the line clos-
est to the input context until a valid token is found.
If no valid token is detected, we use a “Think” step.
For JSON-based function calling, we additionally
verify both JSON validity and the presence of the
required key, and if either fails after several at-
tempts, we switch to the same line-based parsing
strategy. Once an “Act” step is identified, we match
it to a predefined skill set derived from object af-
fordances, similar to (Choi et al., 2024). In Trinity,
this skill set is updated dynamically at each step
based on the agent’s egocentric observations, as-
suming prior affordance knowledge for each object
category. Rather than using completion likelihoods,
which are unavailable for most OpenAl GPT mod-
els, we select the most relevant skill by comput-
ing cosine similarity between the action text em-
bedding and the available skill embeddings using
“all-MiniLM-L6-v2”. We do not further compare
matching functions, since this retrieval mechanism
is not the main focus of the paper.

D.2 Act agent

The Act agent functions as a straightforward base-
line that only selects the next action without man-
dating the systematic generation of a “Think” pro-
cess—although some “Think” content may still
appear in certain LLM outputs (Guo et al., 2025).
Serving as a step-by-step action selection baseline
similar to previous work (Choi et al., 2024), the
Act agent represents a lower-bound reference. In
the provided examples and system prompt, as well

as in the examples concerning the output format
within the system prompt, no examples related to
"think" or "Chain-Of-Thought" trajectories (Wei
et al., 2022) were given. The system prompt for
the Act agent is detailed in Section D.2.1, and both
the next-step parsing method and the skill selection
pipeline are identical to those of the ReAct Agent,
as described in Section D.1.3.

D.2.1 Act Agent prompt

Listing 12: Act Agent System and User Prompt

<System Prompt>

You are an advanced robot with
ability to think and act. You can

perform one of the following
tasks:

1. Act: Execute a specific action
to accomplish the current goal
condition. You should use one of

actions of this list: [go to,
pick up, put down, open, close,
turn on, turn off, slice, done,
failure]

### You should follow the rules
below:

1. You should only output
sentences that begin with Act.

2. You should generate only next
step from the given trajectory.

3. If you output Act, you should
use one of actions of this list:

[go to, pick up, put down, open,
close, turn on, turn off, done,
failurel].

4. Now I give you some example as

"Source Domain” for output
format and the step-by-step
action selection.

5. You should refer the "Source
Domain” to finish the "Target
Domain"” trajectory.

### Example of output format
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[Input]

Input Example (Instruction + Trajectory)
[OQutput]

Act: go to Bathroom (2)

<User Prompt>

### Source Domain:

[One relevant example]

### Target Domain:

[Current trajectory]

D.3 PreAct Agent

The PreAct Agent (Fu et al., 2025) predicts the
next observation immediately after selecting an
action, allowing the model to refine its reasoning
using both predicted and actual observations in sub-
sequent steps. We implement PreAct-permanent
(PreAct-P) following (Fu et al., 2025) as a step-
by-step “think-act-predict” pipeline based on our
ReAct-IM Agent with JSON-formatted outputs.
Similar to ReAct-IM, we make minor modifica-
tions to the prompts and algorithms to adapt the
method to the Trinity environment. Because the
original paper did not provide a full ALFWorld tra-
jectory example and the corresponding code was
not publicly available at the time of submission,
we develop a customized Trinity-compatible imple-
mentation while keeping the prompt style consis-
tent with the other agents. In designing the system
prompt, we followed (Fu et al., 2025), where the
model generates an action and then predicts possi-
ble subsequent observations. We do not implement
PreAct-TOT because the ALFWorld version was
neither evaluated nor released in (Fu et al., 2025).

Listing 13: PreAct Agent System and User Prompt

<System Prompt>

advanced robot with
think, act and predict
For each step, you must
generate a JSON output containing
three keys: "think", "act", and

You are an
ability to

"predict”.

At the beginning of your
interactions, you will be given
the detailed description of the
current environment and your goal
to accomplish.

For each of your turn, you will
be given a list of actions which
you can choose one to perform in
this turn.

In each of your turn, you must
first think about the current
condition and plan for your
future actions, and then output
your action in this turn, and
then predict the various types of
feedback the environment might
provide at a high level, and
ensure to furnish corresponding
handling measures for each
potential category of feedback.

For each step, you must generate
a JSON output containing two keys
"think"”, "act"”, and "predict".

You can perform one of the
following tasks:

1. Think: Use reasoning to
satisfy the current goal
condition.

2. Act: Execute a specific action
to accomplish the current goal
condition. You should use one of

actions of this list: [go to,
pick up, put down, open, close,
turn on, turn off, slice, done,
failure]

3. Predict: First possible
feedback type and the
corresponding handling measures.
Second possible feedback type and
the corresponding handling
measures. and so on...

After your each turn, the
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environment will give you
immediate feedback based on which
you plan your next few steps.

if the environment output says
the previous action is invalid
and you should try more options.

If the actual feedback doesn't
fall into any of the previously
predicted scenarios, you need to
contemplate the reasons for this
disparity in the next round's °°
Think'' step and use this as a
basis to reflect on the previous
planning.

Finally, integrate all relevant
factors to re-plan the strategy.

### You should follow the rules
below:

1. You must generate ~think'
first, then generate “act', then
generate “predict'.

2. You should generate only next
step from the given trajectory.

3. When you output “act', you
should use one of actions of this

list: [go to, pick up, put down,
open, close, turn on, turn off,
done, failure].
4. In each of your turn, you must

first think based on the task,
current environment, and
historical information before
providing an action, then predict
the types of environmental
feedback. You cannot skip any of
these steps and your output must
strictly follow the format
provided before.

5. Now I give you some example as

"Source Domain” for output
format and the step-by-step
action selection.

6. You should refer the "Source
Domain"” to generate next step of
the given "Target Domain”
trajectory.

7. Your output must contain "
think"”, "act”, "predict” keys as
JSON format.

### Example of output format
[Input]

Input Example (Instruction + Trajectory)
[Output]

{“think”: "To solve the task, I

need to ", “act”:"go to Toilet
(1)", “predict’:"1. I go to
Bathroom (1). ... 2. No cloth
found ..."}

<User Prompt>

### Source Domain:
[One relevant example]
### Target Domain:

[Current trajectory]

D.4 StateAct Agent

The StateAct Agent (Rozanov and Rei, 2025) con-

tinuously tracks the agent state and task goal during
step-by-step reasoning and acting. Following the
original formulation, the context vector at time step
t is defined as ¢; = (go, S¢, ¢, at), Where g is the

goal, s; is the current state, r; is the step-wise rea-

soning result, and a; is the selected action. We

implement State Act with minor prompt modifica-
tions for the Trinity environment and use JSON-
formatted outputs with the keys “current_location”,

“current_inventory”, “think”, and “act”. For HAE
tasks, human attributes are incorporated into the

user instruction and included in the goal input go.

Following the original implementation, the agent

outputs None” for the think” field when intermedi-

ate reasoning is unnecessary.

D.5 StateAct Agent System Prompt
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Listing 14: StateAct Agent System and User Prompt

<System Prompt>

You are an advanced robot with
ability to track state like '

current_location', and '
current_invengory ', think, and
act. For each step, you must

generate a JSON output containing
four keys: "current_location”, "
current_inventory”, "think", "act

n

1. current_location: Current
location of the agent.

2. current_inventory: Current
inventory object of the agent.

3. think: Use reasoning to
satisfy the current goal
condition

4. act: Execute a specific action
to accomplish the current goal
condition. You should use one of

actions of this list: [go to,
pick up, put down, open, close,
turn on, turn off, slice, done,
failure]

### You should follow the rules
below:

"think'
'act'.

1. You must generate
first, then generate

2. You should generate only next
step from the given trajectory.

3. When you output 'act', you
should use one of actions of this

list: [go to, pick up, put down,
open, close, turn on, turn off,
done, failure].

4. Now I give you some example as

"Source Domain” for output
format and the step-by-step
action selection.

5. You should refer the "Source
Domain"” to generate next step of
the given "Target Domain”
trajectory.

n

6. Your output must contain
think” and "act” keys as JSON
format.

### Example of output format

[Input]

Input Example (Instruction + Trajectory)

[OQutput]

{“current_location” "starting
location”, ‘current_inventory” None
“think” :"To solve the task, I
need to ...", “act” :"go to Toilet

(1"}
<User Prompt>
s

### Source Domain:
[One relevant example]
### Target Domain:

[Current trajectory]

E Trinity Environment

E.1 Trinity Environment

The Trinity environment is a partially observable
multi-room setting. Agents are provided only with
the room layout, including receptacle locations and
the list of rooms, together with an egocentric list
of currently visible objects and their states. They
cannot interact with objects or receptacles outside
the current room or beyond their visible range. We
implement low-level actions that follow common-
sense constraints under partial observability. Exam-
ples of these actions are shown in Table 14. Each
environment is built on a PROCTHOR-10K house
layout with up to 10 rooms and extended with addi-
tional collected objects. An example house layout
is shown in Fig. 8.
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Figure 8: An example of a multi-room scene sampled
from the PROCTHOR-10K dataset is shown.

L \

Figure 9: Examples of newly added object renderings
in the HAE dataset. We introduce a variety of items re-
lated to food, beverages, and hobbies that can influence
multiple human attributes.

F AE Dataset Collection

AE is a multi-room dataset built from ALFRED
task types and object templates, where goal condi-
tions are defined by the target object, its required
state, and the target receptacle. Using these tem-
plates, we automatically filtered PROCTHOR-10K
scenes by checking the presence of required ob-
jects, task-specific interactive items, and whether
target objects were already placed in goal recepta-
cles, then sampled compatible scenes and recon-
structed them in AI2-THOR, excluding scenes that
failed to load. To ensure reproducibility, we store
each scene’s initial agent state in JSON, and to en-
rich task diversity, we additionally generate natural
language instructions for each task using an LLM
with ALFRED-based instruction examples and pre-
viously generated outputs as context. Finally, we
verified that all tasks in the dataset are solvable
using a heuristic oracle task solver.

G HAE Dataset Collection

HAE dataset contains four tasks—prepare drink,
prepare food, prepare both food and drink, and
prepare hobby—and is designed to test whether
agents can act in accordance with user attributes.
We first sample PROCTHOR-10K scenes contain-
ing essential assets such as a fridge, microwave,
and target receptacle, then collect task-relevant ob-
jects from Objaverse and AI2-THOR and catego-
rize them into allowed and prohibited sets based
on dietary restrictions, religious beliefs, allergies,
and hobbies. To enforce attribute-aware reasoning,
each scene includes exactly one prohibited object
for each attribute setting and only one valid object
for each required sub-goal. Each task uses a fixed,

attribute-agnostic instruction paired with a natural-
language user profile, and success requires placing
all required valid objects on the target receptacle
while avoiding prohibited ones.

For prohibited-object construction, we define
attribute-specific negative object lists, including
hobby-associated items, while avoiding ambiguous
cases. An object is labeled prohibited if its primary
ingredient conflicts with a user’s allergy, religion,
or diet; cross-contamination is ignored due to ambi-
guity; and otherwise permissible items are assumed
to have relevant Halal or Kosher certification when
certification would normally be required. This de-
sign prevents shortcut reasoning and encourages
agents to infer the most appropriate object from the
scene context.
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Table 14: The list of implemented available set of skills.

Command

Description

“go to GarbageCan
(1)”

Object Navigation:
The agent cannot
move toward an ob-
ject located in a dif-
ferent room from
where it currently
is.

“go to LivingRoom

(1

Room to room nav-
igation: The agent
can move room to
room in the house.

“pick up Book (1)”

Picking up the ob-
ject

“put down Book
(3)”

placing the object

“slice Potato (2)”

Slicing the object.
The agent should be
holding the slicing
tools such as But-
terKnife, and Knife.

“turn on TV (1) Togghng on the ob-
ject.

“turn off Toggling off the ob-
DeskLamp (1)”  ject.
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Table 15: Definitions of Allowed and Prohibited Items in the HAE Dataset

Attributes

Sub Attribute

Definition

Allergy

Fish

All fish—such as baked saury and canned tuna—as well as
any foods or beverages containing these ingredients.

Alcohol

All items containing alcohol, such as whiskey or beer.

Caffeine

All items containing caffeine, such as coffee or energy drinks.

Meat

This includes all meats and processed meats—such as beef
pork, ham, and SPAM—as well as foods or beverages
any containing these ingredients.

Nitrite

All processed meats containing nitrites—such as
ham and SPAM—as well as any foods or beverages containing
these ingredients, for example hot dogs and baked beans.

Nuts

All nuts—such as peanuts and chestnuts—as well as any foods
or beverages primarily containing these ingredients,
for example almond croissants and peanut butter.

Shellfish

All shellfish—such as shrimp and raw oysters—as well as
any foods or beverages containing these ingredients,
for example, octopus salad.

Sulfite

All items containing sulfites—such as wine or beer.

Religion

Hinduism

All beef—and any foods or beverages containing beef.

Islam

All non-Halal foods and any items containing non-Halal
ingredients are excluded. If a product’s primary ingredient
is Halal, we treat it as Halal-certified even without

an explicit “Halal certification” label.

Judaism

All non-kosher foods and any products containing non-kosher
ingredients are excluded. If a product’s primary ingredient

is inherently kosher, we assume it is kosher-certified—

for example, a can of chicken breast is considered kosher
even without an explicit “kosher certified” label.

Diet

Vegan

All meats, fishes and animal-derived ingredients—
such as milk and eggs—or products in which
these are the primary ingredients.

Lacto-Ovo Vegetarian

All meats, fishes and any products, foods, or beverages
in which meat and fish are the primary ingredient.

Pesco Vegetarian

All meats, as well as any foods, products, or beverages
where meat is the main ingredient.
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