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Abstract

We introduce EMemBench, a programmatic
benchmark generator for evaluating long-term
episodic memory of agents through interac-
tive games. Rather than using a fixed set of
questions, EMemBench generates questions
from environment-grounded trajectories, cover-
ing both text-only and visual game environ-
ments. Each template computes verifiable
ground truth from underlying game signals,
with controlled answerability and balanced cov-
erage over memory skills: single/multi-hop re-
call, induction, temporal, spatial, logical, and
adversarial. We evaluate memory agents with
strong LMs/VLMs as backbones, using in-
context prompting as baselines. Across 15 text
games and multiple visual seeds, results are far
from saturated: induction and spatial reasoning
are persistent bottlenecks, especially in visual
settings. Persistent memory yields clear gains
for open backbones on text games, but improve-
ments are less consistent for VLM agents, sug-
gesting that visually grounded episodic mem-
ory remains an open challenge. A human study
further contextualizes the difficulty and inter-
pretability of EMemBench.

1 Introduction

Large language models (LLMs) (Brown et al.,
2020) are increasingly deployed as interactive
agents (Wang et al., 2024), such as web/OS as-
sistants (Hu et al., 2025) and tool-using copi-
lots (Schick et al., 2023). To make coherent long-
term decisions in dynamic environments, an agent
must continuously retain, update, and leverage in-
formation acquired earlier. Yet evaluation practice
remains largely static: many benchmarks assess
how well models answer questions given a pre-
defined history generated from fixed conversation
scripts. Such evaluation provides valuable evidence
for long-context reasoning and retrieval, but does
not treat memory as an interactive and individual-
ized competence.
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Figure 1: EMemBench overview. An agent interacts
with a game environment; we log agent-observable and
underlying game signals, convert each episode into a QA
set with computed ground truths, and the same agent
answers using only agent-observable context plus its
OWN Memory.

Cognitive psychology views human memory as
a set of processes for encoding, storing, and retriev-
ing information over time (Melton, 1963; Stern-
berg, 1999; Matlin, 2005), and distinguishes seman-
tic memory—general knowledge—from episodic
memory, which records personal experiences and
is therefore inherently individualized (Greenberg
and Verfaellie, 2010; Tulving and Thomson, 1973).
We borrow this distinction purely as a guideline
for what to measure, without any claim that LLM
agents implement human-like memory processes:
evaluating episodic memory means testing how
well an agent can form and access a record of its
own experience, not merely how well it can reason
over a long document provided by someone else.

Existing benchmarks (Zhong et al., 2024; Ma-
harana et al., 2024) abstract away the memory for-
mation process during interaction, and thus do not
measure memory as an experience-conditioned ca-
pability (Section 2). Motivated by both practical
agent deployments and the design guideline above,
we argue that an ideal benchmark for agent mem-
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ory should satisfy three properties. (i) Individual-
ized: each agent is evaluated on memories from its
own experiences and decisions. (ii) Automatic and
scalable: because each agent’s interaction history
emerges on the fly during evaluation, questions
must be generated automatically—manually anno-
tating every new trajectory would be prohibitively
expensive. (iii) Accurate and verifiable: ground-
truth answers must be correct and verifiable without
human post-editing.

To this end, we introduce EMemBench, an
experience-conditioned memory evaluation frame-
work (Figure 1) using interactive games as con-
trollable environments.! Games not only induce
individualized experience for each agent through
its observations and decisions, but also expose un-
derlying game signals (e.g., rewards, global maps)
for precise and programmatic ground-truth com-
putation. Building on both text-only and visual
environments, each run in the primary setting pro-
ceeds in three phases: (i) the agent first plays an
episode to produce a trajectory, (ii) a generator
then turns this episode trace into a balanced set of
questions with deterministic ground truth, and (iii)
we run evaluation end-to-end: the same agent that
plays the episode answers the questions, using the
memory it formed during interaction. In addition,
EMemBench includes a complementary controlled-
exposure setting in which all methods are evalu-
ated on the same fixed interaction history. The
two settings are complementary: self-experience
evaluation tests whether an agent can form and use
memory while acting, whereas controlled exposure
removes trajectory variance and isolates how well
different memory mechanisms reconstruct the same
history—so systematic gaps between the two are
themselves diagnostic (Section 4.3).

However, experience-conditioned evaluation in-
troduces a fairness challenge: when agents follow
different trajectories, their question instances can-
not be identical. To keep scores comparable, we
fix the template library, generation recipe, and ran-
dom seeds; enforce balanced coverage across abil-
ity categories; verify stability across environment
seeds; and introduce query-horizon control, which
restricts evidence selection and ground-truth com-
putation to a fixed window of interaction steps to re-
move length-based confounds. Together with struc-
tured state logging and controlled answerability

'We release the generator code, environment configura-
tions, and the frozen controlled-exposure trajectories and QA
sets at https://github.com/InternLM/EMemBench.

preconditions, these controls make individualized,
fully automated, and verifiable memory evaluation
feasible in dynamic interactive environments.

2 Related Work

Existing benchmarks and systems for long-term
memory in LL.M agents can be broadly grouped
into three lines: (i) static long-history QA bench-
marks, (ii) dynamic or interactive memory bench-
marks, and (iii) memory architectures that explic-
itly construct structured world models. Table 1
summarizes representative benchmarks along the
dimensions most relevant to our design: modal-
ity, scale, construction pipeline, interactivity, and
ability coverage.

Static long-history memory benchmarks. A
large body of prior work evaluates memory by
asking questions over a fixed, pre-built history:
multi-day personalized conversations in Memory-
Bank (Zhong et al., 2024), personalized long-term
QA in PerLTQA (Du et al., 2024), very long multi-
session dialogues in LoCoMo (Maharana et al.,
2024) and BEAM (Tavakoli et al., 2026), and a cu-
rated ability taxonomy over assistant chat in Long-
MemkEval (Wu et al., 2025). These benchmarks
enable standardized, fine-grained ability analysis,
but as Table 1 shows, they share two structural
properties: every system is evaluated on the same
pre-authored history, and question construction re-
lies on human annotation or verification that does
not scale to new histories. Both conflict with eval-
uating memory as an experience-conditioned ca-
pability, where the history itself depends on the
agent’s own actions.

Dynamic and interactive memory benchmarks.
More recent work moves toward dynamic settings
in which memory is tested under sequential inter-
action. MemoryAgentBench (Hu et al., 2026) con-
verts long inputs into incremental multi-turn inter-
actions, but the underlying content is still fixed
in advance. StoryBench (Wan and Ma, 2025)
stress-tests long-term memory through sequential
decisions in a manually transcribed and annotated
branching narrative—one of the closest settings to
ours—yet it builds on a single pre-authored game
rather than generating QA from arbitrary agent
trajectories. MANGO (Ding et al., 2024) eval-
uates mapping and navigation in text games via
fixed walkthroughs and spatial QA. Compared with
these, EMemBench generates questions from each

19164


https://github.com/InternLM/EMemBench

Benchmark Environment

MM.

MemoryBank (Zhong et al., 2024) Personal compan-

ion chat
LoCoMo (Maharana et al., 2024) Very long multi-
modal chat
PerLTQA (Du et al., 2024) Chinese personal
QA

LongMemEval (Wu et al., 2025) Task-oriented as-
sistant chat
Multi-domain
long chat
Assistant-style
user agents
MemoryAgentBench (Hu et al., 2026) Multi-task  text
environments
User-feedback
continual-
learning tasks
Interactive fiction
game
Text
games

BEAM (Tavakoli et al., 2026)

MemBench (Tan et al., 2025)

MemoryBench (Ai et al., 2026)

StoryBench (Wan and Ma, 2025)

EMemBench + visual

Scale Pip. Tnter. Abilities
#Env #Traj #Q/Traj IE MH SR TR AD
1 15 129 H x /v V/
1 50 1502 M X V V/ v 7/
1 3409 25 M x V /
1 500 10 H x v V v 7/
1 100 200 M Xx V V/ v 7/
1 ~65k 08 A Xx VvV V v 7/
14 130 159 M x V V/ 4
11 ~20k 10 A Xx v V v /
1 80+ - H v v v /
16 00 8 A Vv Vv Vv Vv V V/

Table 1: A comparison of long-term memory benchmarks. MM.: multi-modal; Pip.: QA-construction pipeline (H =
human annotated, A = automatic, M = mixed); Inter.: interactive and individualized evaluation. Scale: #Env =
number of data sources/environments; #Traj = number of distinct contexts/trajectories; #Q/Traj = average questions
per trajectory (“=” if not QA-based). Abilities: IE = information extraction (single-hop); MH = multi-hop; SR =
spatial; TR = temporal; AD = adversarial/conflict. EMemBench additionally covers induction and logical abilities,
which are omitted from the table because no compared benchmark targets them.

agent’s own trajectory, covers seven ability cate-
gories beyond spatial reasoning, extends to visual
environments, and supports both self-experience
and controlled-exposure evaluation under the same
generator.

Structured memory and world-model ap-
proaches. Another related line studies how
agents should represent and maintain memory,
rather than primarily how to benchmark it: Mem-
Bench (Tan et al., 2025) evaluates memory agents
along effectiveness, efficiency, and capacity; Mem-
oryBench (Ai et al., 2026) studies memory under
continual learning with simulated user feedback;
AriGraph (Anokhin et al., 2025) builds a memory
graph as a world model for interactive agents; and
Graph Rectification (Zhang et al., 2026) incremen-
tally repairs spatial memory graphs from navigation
histories. These systems are natural evaluation sub-
jects for EMemBench, which measures how well
such architectures actually remember their experi-
enced trajectories, independently of any particular
memory design.

In summary, prior benchmarks either fix the his-
tory, fix the questions, or fix the memory archi-

tecture under study. To our knowledge, EMem-
Bench is the first benchmark generator that is si-
multaneously interactive, trajectory-conditioned,
and programmatically verifiable: QA instances are
computed directly from environment-grounded tra-
jectories and game state, scaling to arbitrary new
trajectories without human annotation while keep-
ing ground truth deterministic.

3 Benchmark Construction

EMemBench is not a fixed set of questions, but a
benchmark generator: a programmatic pipeline that
produces evaluation instances from interaction his-
tories grounded in interactive environments. Con-
cretely, we build on two environments: Jericho for
human-authored interactive fiction (text-only) and
Crafter for an open-world survival game with visual
observations. Given an interaction trace (agent—
environment trajectory) and underlying game state,
our generator converts them into a suite of memory
questions with verifiable ground truth. This design
supports two complementary evaluation modes:
self-experience evaluation, where questions are
generated from the agent’s own trajectory, and
controlled-exposure evaluation, where all methods
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are evaluated on the fixed interaction history.

3.1 Program-as-a-Benchmark: Task
Definition and Interfaces

An interaction episode is a sequence of traces 7 =
{(o¢, as, )}, produced by an agent interacting
with an environment over T timesteps, where o;
is the observation (e.g., text in Jericho; image in
Crafter), a; is the agent’s chosen action, and 7 is
the environment reward. We also record underlying
game status S such as rewards, player coordinates,
and global map.

A benchmark generator G : (1,8) — Q =
{4, vi, mi}fil maps an episode (with game state)
to a set of QA instances, where ¢; is a natural-
language question, y; is the ground-truth answer,
and m; is question metadata (type, evidence point-
ers, and difficulty). The same generator can be
applied either to each tested agent’s own episode—
making the benchmark experience-conditioned—
or to a shared fixed episode, enabling both individ-
ualized and controlled-exposure evaluation under a
unified framework. Accordingly, the core artifact
we release is not “a dataset” but (i) the generator
code G, (ii) environment configurations (games,
hyper-parameters, and seeds), and (iii) an evalua-
tion framework that executes G consistently and
reports metrics.

3.2 Game State Collection

Structured logging. For every timestep, we store
a JSON record with the timestep index, raw ob-
servation oy, selected action a;, and episode-level
identifiers (game name, seed, run id). Per environ-
ment, we additionally log: fext games (Jericho)—
score/moves, location strings, inventory lists, and
candidate actions; visual game (Crafter)—health
stats, inventory, nearby entities, player position,
player view, dynamic map, achievements, and
events.

State reconstruction. From the raw game trajec-
tory, we build two derived views for question and
ground truth generation:

Timeline index L: fast access to “what happened
at step t” (action, observation, event, agent reason,
and any logged structured fields).

Event index £: higher-level events extracted
from Z (inventory changes, first/second/last occur-
rence of events, repeated interactions, location tran-
sitions, achievement unlocks and so on).

Ability Example question

Single-Hop How many wood_sword did you have at step 120?

Multi-Hop  What was the action 4 steps before the first step whose
action is SLEEP?

Induction ~ What was the longest consecutive run of MOVE_UP?

Spatial At step 103, in which direction was the nearest lake?

Temporal  Did your food value first fall below 7 happen before you
first collect wood?

Logical ‘What was the cause of your death in this episode?

Adversarial At which step did you first collect diamond?

Table 2: Ability types and example questions.

These indices allow templates to query game his-
tory with efficiency and accuracy. £ lets us anchor
questions to semantically meaningful events.

3.3 Programmatic QA Generation

Question templates. We implement a library
of templates grouped by reasoning requirements.
Each template is a small program that: (1) selects
one or more evidence timesteps from Z and/or &,
(2) constructs a question ¢ in natural language, (3)
computes a deterministic ground-truth answer y
from the underlying game signals, and (4) gener-
ates metadata m describing the question.

We organize templates into seven categories to
test agents’ memory reasoning abilities. We list
each ability with one example in Table 2. The full
question template sets are provided in Appendix I.

Answerability controls. Each template defines
explicit preconditions for being answerable. For
answerable questions, we instantiate template vari-
ables using values supported by the trajectory and
game state (e.g., for “Have you made a [value]?”,
the inserted value is chosen from items valid under
the current episode history). We also construct ad-
versarial questions by deliberately violating these
preconditions, yielding controlled unanswerable or
counterfactual instances—answerability is thus a
programmatically controlled property rather than
an accidental byproduct of sampling.

Question distribution balance. To prevent the
benchmark from being dominated by a few types
of questions, we explicitly balance the distribution
of QA instances across ability categories. A gener-
ation parameter (max_per_type) caps the number
of instances per template per trajectory. With our
default max_per_type=2, the template inventory
(39 non-adversarial templates for text games, 37
for the visual game; Appendix I) plus adversarial
instantiations yields roughly 80 questions per tra-
jectory, with per-category counts capped at twice
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the template count subject to answerability precon-
ditions.

Language variation. To reduce lexical memo-
rization and increase robustness, we optionally ap-
ply paraphrasing to a subset of generated questions.
Since paraphrasing is applied after ground-truth
computation, it cannot change the answer as long
as the paraphrase preserves semantics. To filter
paraphrase failures, we run automatic consistency
checks: paraphrases must preserve all numbers and
step indices verbatim, retain domain terms (actions,
resources, terrains), and remain a single English
question; violations are discarded and the original
phrasing is kept.

Adversarial negatives. For adversarial ques-
tions, we generate hard distractors by sampling
plausible alternatives (e.g., confusable items, un-
reached locations, or not-happened events) from
environment-specific vocabularies and from enti-
ties appearing in the same episode. This yields
counterfactual questions that are syntactically plau-
sible but confounding, probing whether a system
overgeneralizes from priors instead of retrieving
the specific episodic fact.

3.4 Fairness and Reproducibility Controls

Controlled-exposure evaluation. To comple-
ment self-experience evaluation where each
method interacts with the environment, EMem-
Bench also supports a controlled-exposure setting
in which all methods are evaluated on the same
fixed interaction history and the same trajectory-
derived QA set. In this mode, the input remains an
environment-grounded interaction trace, but expo-
sure differences across methods are reduced. This
provides a more direct comparison of how different
memory mechanisms reconstruct and use the same
experienced history.

Query-horizon control. Different agents can
produce trajectories of varying lengths due to ex-
ploration strategies or early termination, which can
complicate comparison if question generation al-
ways targets the full episode. To reduce this con-
found, we introduce a query horizon setting that
restricts both evidence selection and answer com-
putation to a prefix window of the interaction,
from step 1 to a user-specified N. When enabled,
templates generate questions whose referents are
explicitly scoped to this window (e.g., “From step 1
to 50, how many times did you enter the kitchen?”).

Ground-truth answers are recomputed from the
same truncated window. We report results under
query-horizon control in Section 5.4.

Evaluation metrics. Accuracy is the mean per-
question score under type-specific matching rules:
exact match for integers, adaptive-precision or
relative-tolerance match for floats, ANLS-based
soft match for strings, and maximum over candi-
dates for list-valued references (so questions with
multiple acceptable answers are credited if any is
produced). F1 measures answerability calibration
by treating not answerable as the negative class:
precision is computed over questions the system
attempts to answer, recall over questions that are
actually answerable, and F1 is their harmonic mean.
Full scoring rules are given in Appendix C.5.

Reproducibility. We ensure reproducibility by
fixing the environment random seed in experiments.
In text games, the seed affects triggered random
events; in the visual game, it determines the gen-
erated map and the spawning of entities such as
skeletons. In our experiments we use five fixed
seeds, {1,42, 43, 100, 123}, for visual games and
report results averaged over them. For text games,
we use seed 42 and average over 15 games. For
question generation, we use seed 42. Results are
stable across seeds as shown in Section 5.1.

4 Experiments

4.1 Model and Agent Baselines

We evaluate both text-only and vision-language
settings. In each setting, we compare (i) founda-
tion models used directly as reasoners (in-context),
and (ii) the same backbones equipped with explicit,
persistent memory modules that store and retrieve
information beyond the prompt window.

Language Models (Text-Only). We use a strong
proprietary LLM (GPT-5.1 (OpenAl, 2025b)) and
two open-weight long-context models, Qwen2.5-
32B-Instruct (Qwen Team, 2025) and Qwen3-
32B (Yang et al., 2025). The two successive
Qwen generations at a similar 32B scale let us ob-
serve how backbone progression—spanning both
architecture and training-recipe changes—shifts in-
context memory ability.

Vision-Language Models. For visual games, we
adopt GPT-5.1 and two open VLMs, Owen3-VL-
32B-Instruct (Bai et al., 2025) and InternVL3.5-
38B (Wang et al., 2025a), which jointly process
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Model Method Single-Hop Multi-Hop Induction Spatial Temporal Logical Adversarial Overall
ACC ACC ACC ACC ACC  ACC ACC  ACC Fl

Text-only Games
In-context  76.7 35.7 307 345 541 57.6 469  49.7 483
GPTS.I Mem0 434 8.7 230 135 535 18.4 921 363 337
: LangMem  42.7 33.0 342 481 701 235 87.9 488 44.7
A-MEM 51.4 34.6 210 460 627 632 735 499 468
In-context  52.3 26.0 231 353 532 500 49.1 408 39.9
Owen2.5-32B-Instruct. MEMO 51.4 5.8 1.6 123 407 239 90.4 352 307
: LangMem  49.0 29.7 33.8 504 555 309 853  49.0 43.7
A-MEM 66.0 272 172 374 582 658 887 514 48.1
In-context  49.0 327 256 462 647 382 544 449 418
OQwen3-32B Mem0 50.6 5.0 33.3 8.9 508 271 84.7 414 370
LangMem  47.3 17.9 215 451 576 299 711 422 369
A-MEM 66.9 28.1 277 435 531 57.5 81.6 519 47.7

Visual Games

J— In-context  63.0 36.5 171 176 437 235 747 438 39.0
: A-MEM 57.5 45.1 124 243 465 193 653  42.1 355
In-context  33.6 432 193 9.8 415 312 632 352 29.1
Qwen3-VL-32B-Instruct vy 374 39.1 202 112 382 344 644 363 312
In-context  34.0 35.6 13.6 6.1 333 400 549 320 283
InternVL3.5-38B AMEM 372 33.1 139 95 353 447 613 349 307

Table 3: Main results under self-experience evaluation on text-only and visual games (ACC per ability; Overall
reports ACC/F1). Within each modality block, the best and second-best numbers in each column are bolded and

underlined, respectively.

game frames together with the associated textual
logs (and HUD text when available). In both set-
tings, the in-context baseline answers questions by
conditioning directly on the episode trajectory in
the prompt, without any external memory state.

Memory Agents. On top of the above backbones,
we evaluate representative memory agents that ex-
plicitly maintain a persistent memory store and
retrieve from it during question answering. In our
main experiments, we focus on three complemen-
tary designs: Mem0 (Chhikara et al., 2025), which
extracts and consolidates salient information into
a reusable memory layer; LangMem (LangChain,
2025), which provides practical primitives for long-
term memory extraction and adaptation in agent
workflows; and A-MEM (Xu et al., 2025), an agen-
tic note- and link-based memory system that or-
ganizes memories into an evolving network. For
visual games, we pair backbones with A-MEM
only: Mem0 and LangMem currently cannot ingest
visual observations, so the visual comparison is
between in-context prompting and A-MEM.

4.2 Self-Experience Evaluation

Table 3 summarizes performance across ability
types under self-experience evaluation, where each
method is evaluated on questions generated from its
own interaction trajectory. Across models, Qwen3
achieves a higher score than Qwen2.5 in the in-
context setting (Overall ACC: 40.8—44.9), indi-
cating stronger memory ability in the backbone
itself. GPT-5.1 remains the strongest in-context
model in both text-only games (49.7) and visual
games (43.8). Among explicit memory agents, A-
MEM achieves the best overall performance on text
games (51.9 ACC, 47.7 F1).

The benchmark remains challenging overall.
Even in the strongest settings, performance reaches
only 51.9% ACC on text games and 43.8% on vi-
sual games, leaving substantial room for improve-
ment in both memory and reasoning. The larger
gap in the visual setting suggests that retaining
and retrieving fine-grained, spatially grounded ev-
idence under partial observability is still difficult:
agents must bind transient observations to specific
episodes and integrate them over time, and current
memory modules often blur such visual details.

Induction and spatial reasoning are the hard-
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Performance difference of GPT-5.1 on Text-only Games by Accuracy (and Overall F1)
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Figure 2: Performance gap between self-experience and controlled-exposure evaluation for GPT-5.1-based methods
on text-only games. Each bar reports Aacc = aCCiperactive — aCChixed (Percentage points) per question category; the
last two columns show Overall Acc/F1. Positive values favor the interactive (self-experience) setting, negative

values the fixed (controlled-exposure) setting.

est abilities, especially in visual games. Induc-
tion peaks at only 34.2 on text-only games and
20.2 on visual games, while visual Spatial remains
extremely low (best 24.3). This suggests that
environment-grounded pattern discovery and spa-
tial reasoning over remembered experience are the
main bottlenecks for current memory agents. By
contrast, memory agents perform relatively better
on Single-Hop and Temporal questions.

Explicit memory agents provide clear gains
for open backbones on text-only games, but not
universally. For Qwen2.5-32B and Qwen3-32B,
A-MEM substantially improves Overall ACC over
in-context prompting (40.8—51.4 and 44.9—51.9,
respectively), and also improves F1. For GPT-5.1,
however, plain in-context prompting remains com-
petitive with the best memory agent (49.7 vs. 49.9
ACC, and the best F1 overall): a sufficiently strong
long-context backbone can offset the benefit of ex-
ternal memory. On visual games, gains are smaller
or sometimes negative, highlighting the need for
stronger vision-oriented memory agents. Across
ability types, LangMem and A-MEM often im-
prove compositional abilities such as Spatial, Tem-
poral, and Logical reasoning while sometimes re-
ducing Single-Hop performance: explicit memory
helps organize and retrieve longer-range evidence,
but adds a retrieval bottleneck for facts a strong
model could otherwise recall directly from context.

4.3 Controlled-Exposure Evaluation

To complement self-experience evaluation, we also
report a controlled-exposure setting: for each Jeri-
cho game, GPT-4.1 (OpenAl, 2025a) plays one
episode, whose log we freeze as a fixed interaction

history, and all methods are evaluated on this same
history and the same generator-derived questions.
GPT-4.1 lies outside the evaluated model set, so no
method answers questions over a history produced
by its own backbone. The trajectory itself is not
synthetic text: the model plays through the envi-
ronment API, so every action is executed by the
game engine and every observation, reward, and
state transition is deterministically computed by
the environment.

Figure 2 shows the resulting performance gap,
Aacc = aCCinteractive — aCCixed. WYe find that the
in-context baseline is systematically favored by the
fixed-history setting, whereas memory agents, espe-
cially LangMem and A-MEM, benefit more under
self-experience evaluation. Since the question gen-
eration procedure and seed are fixed, this gap is not
simply due to question-generation randomness, but
to what the two settings measure.

Under controlled exposure, all methods can re-
construct answers from the same fixed log, favoring
prompt-only reconstruction by strong long-context
backbones; under self-experience evaluation, the
agent only observes a partial trajectory generated
by its own actions, so explicit storing, searching,
and organizing mechanisms operate closer to their
intended use case. The larger gaps on Multi-Hop
and Temporal questions are consistent with this
difference.

4.4 Human Evaluation

We use a human study to calibrate what the bench-
mark measures. Questions such as exact inventory
counts at a given step exceed ordinary human mem-
ory by design, so the informative signal is the open-
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Open-book Closed-book
Type Acc(%) F1(%) Time(s) Acc(%) F1(%) Time(s)
Single-Hop  80.6 81.5 20.3 14.1 13.9 9.2

Multi-Hop 59.4 59.8 27.7 9.8 10.0 11.4
Induction 53.9 54.8 23.7 19.9 20.2 10.3

Spatial 54.9 56.7 24.8 16.5 16.4 114
Temporal 76.0 76.7 24.2 49.1 514 11.0
Logical 474 48.8 27.1 24.2 24.8 14.6
Adversarial ~ 74.3 - 15.2 41.8 - 9.5
Overall 65.6 63.8 233 23.2 19.8 10.8

Table 4: Human performance averaged over annotators
per question type. Acc/F1 are in %.

book vs. closed-book contrast: closed-book perfor-
mance reflects the inherent difficulty of unaided
episodic recall, while open-book performance iso-
lates the difficulty of locating and integrating evi-
dence when it is fully accessible—the same chal-
lenge faced by memory agents. Human open-book
accuracy thus serves as a reference point: an agent
scoring below it is likely bottlenecked by retrieval
or reasoning rather than by ill-formed questions.

We recruit 11 annotators, all proficient in En-
glish: all participate in the text-game study, and 3
additionally annotate the visual-game study. For
each game and seed, an annotator plays a full
episode under fixed seed, after which QA is gener-
ated from the resulting trajectory as in agent eval-
uation. Annotators then answer the same QA set
twice: (i) closed-book, from memory only, and (ii)
open-book, with access to the same context file
provided to the in-context model.

Table 4 shows that open-book accuracy (65.6%)
far exceeds closed-book accuracy (23.2%): many
questions genuinely exceed human memory, yet
become answerable once evidence is restored. Hu-
mans perform best on Single-Hop and Temporal
questions, while Multi-Hop, Induction, Spatial,
and Logical remain harder. The 65.6% figure is
a conservative ceiling estimate: multi-answer ques-
tions are credited for any acceptable answer via
list-based scoring (Appendix C.5), and part of the
remaining loss stems from time-limited evidence
search—relaxing the 60-second limit to 180 sec-
onds raises open-book accuracy to 71.6%. The
visual-game study shows the same pattern at lower
levels (open-book 59.2% vs. closed-book 15.8%:;
Table 8), with more frequent skipping, reflecting
the higher verification burden of visually grounded
evidence. Appendix B provides the full protocol
and further analyses (open-book error types, time-
limit sensitivity, non-response statistics, response-

time buckets, and inter-annotator agreement).

5 Further Analysis of Benchmark

5.1 Stability Across Random Seeds

We investigate whether the evaluation results are
stable across seeds, which affect text games via
triggered random events and the visual game via
map generation and entity spawning. We run mul-
tiple seeds and report the standard deviation (SD)
of accuracy: on text games, 0.0364 for GPT-5.1
and 0.0195 for Qwen3-32B; on Crafter, 0.0453 for
GPT-5.1 and 0.0119 for Qwen3-VL-32B. While
some fluctuation is unavoidable due to in-game
stochasticity, all SDs remain below 0.05 (~ 0.02
for Qwen3 models), suggesting limited seed-level
variation across the evaluated runs.

5.2 Correlation with other benchmarks

Since Section 4.3 shows that fixed-history evalu-
ation can change the relative advantages of mem-
ory methods, we compare our findings with the
fixed benchmarks LongMemEval and LoCoMo,
using ability-level gains over each benchmark’s
own in-context baseline (Qwen-family backbones).
The overall method ordering agrees: A-MEM is
the strongest method on LongMemEval and in our
Qwen3-32B text-game results. However, where the
gains come from differs sharply: on LoCoMo, ex-
ternal memory helps temporal questions (gains of
16.7 to 34.9 points), because they reduce to recon-
structing cross-session timelines from retrievable
dialogue facts; in our benchmark, the same meth-
ods hurt temporal accuracy (drops of 7.1 to 13.9
points), because step-level ordering grounded in
partially observed interaction is blurred by com-
pressive memory and imperfect retrieval. This mis-
match supports our claim that fixed-history QA and
experience-conditioned QA measure different as-
pects of memory. Full comparison protocol and
per-type gains are in Appendix D.

5.3 Performance vs. Rounds of Play

We investigate how a run’s overall accuracy varies
with the number of interaction rounds during play.
Figure 3 plots each run as a point, summarizing
runs that reach the 200-step cap by their mean ac-
curacy. Runs with very few rounds are rare, and ac-
curacies are generally (but not dramatically) higher
below 100 rounds, suggesting performance is rea-
sonably stable even under short runs.
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Figure 3: Performance vs. rounds of play. Each dot is
one run, and each color is one method.
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Figure 4: Query horizon control (steps 1-50) under
the in-context baseline: standard vs. horizon-controlled
setting across seven skill categories.

Across methods, we still observe an overall neg-
ative relationship between accuracy and played
rounds: for Mem0O, mean accuracy drops from
0.444 (runs shorter than 200 steps) to 0.292
(capped-at-200 group; Pearson r = —0.864,
p = 0.012); A-MEM (0.526—0.475) and Lang-
Mem (0.569—0.469) show the same trend with
smaller magnitudes. Longer runs expose more
long-horizon memory demands, so comparing ac-
curacies across unequal play budgets may not be
strictly fair—this motivates our query-horizon con-
trol setting. Appendix A further relates perfor-
mance to game coverage.

5.4 Query Horizon Control Setting

Figure 4 shows that horizon control changes the
benchmark’s difficulty profile rather than uniformly
making it easier. In visual games, induction im-
proves substantially, consistent with long-range
pattern questions becoming more local when the
queried window is shortened, while Adversarial
and some multi-evidence categories can degrade,
suggesting the added scope constraint increases the
burden of retrieving within-window evidence. The

setting thus reshapes error types and offers a com-
plementary view of episodic memory beyond the
standard evaluation; full results are in Section E.

5.5 Failure Mode Analysis

To understand why current systems fall short, we
manually inspect agent errors and identify five re-
curring failure modes (case studies in Appendix F):
(1) evidence localization errors—the agent misses
the anchor step of a multi-hop query and falsely
declares it not answerable; (2) long-horizon ag-
gregation failures—set- or count-style questions
accumulate silent omissions and deduplication mis-
takes, producing systematic undercounts; (3) vi-
sual grounding mistakes—nearby salient content
is confused with the precisely queried target (e.g.,
adjacent sand vs. the tile under the player); (4) rea-
soning confusion—attempts are conflated with ver-
ified outcomes (e.g., counting chop actions instead
of successful wood collections); and (5) answer—
explanation inconsistency—the rationale derives
the correct value but the emitted answer differs.
Two question families remain unsolved—global
object counting under partial observability and
obstacle-aware navigation—both requiring integrat-
ing observations into a coherent global map over
time.

Across the inspected cases, the errors arise in
retrieval, aggregation, grounding, or answer final-
ization rather than in question construction, and
human open-book errors show parallel patterns
(Appendix B). Localization and aggregation errors
dominate the inspected cases, consistent with in-
duction and spatial remaining the bottlenecks in
Table 3: both compose many small pieces of ev-
idence, so a single missed anchor or omitted in-
stance corrupts the final answer.

6 Conclusion

We presented a game-based, trajectory-dependent
benchmark generator for long-term memory evalu-
ation in text and vision-language settings. By gen-
erating QA from an agent’s own experience with
deterministic ground truth and controlled answer-
ability, EMemBench supports fine-grained diag-
nosis of memory skills beyond static long-context
QA, complemented by a controlled-exposure set-
ting. Current systems remain far from saturated:
induction and spatial reasoning are the primary bot-
tlenecks, and persistent memory yields meaningful
gains, most clearly on open backbones.
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Limitations

Limited environment coverage. While we eval-
uate on both text-only (Jericho-style interactive
fiction) and visual (Crafter) settings, the number of
game environments is still limited. This is largely
because our question construction is environment-
dependent: Single-/Multi-Hop question templates
can transfer to different game environments rela-
tively well, but reasoning question templates (e.g.,
spatial/temporal reasoning) require deeper, game-
specific understanding and careful validation, mak-
ing it costly to scale to other games.

Contamination is reduced but not eliminated.
Our questions are generated from an agent’s own in-
teraction trajectory rather than a fixed static dataset,
which helps mitigate test-set leakage. However,
the generation pipeline itself is algorithmic and
fixed, so we cannot fully rule out contamination
via pattern/template memorization or distributional
overlap as models and training corpora evolve.

Small-scale human study. Our human evalua-
tion involves 11 annotators for text games and only
3 for the visual game, so the visual-game human re-
sults should be read as indicative rather than defini-
tive. Expanding the annotator pool, especially for
visual environments, is left to future work.

Limited model and agent coverage. We only
evaluate a small set of representative backbones
and memory agents. Different memory designs
(e.g., indexing, consolidation, retrieval budgets)
can change the trade-offs substantially, and broader
coverage is needed for more robust conclusions.
We plan to release a public leaderboard and contin-
uously expand evaluated models, memory agents
and settings.

Ethical Statement

While our goal is measurement, stronger long-term
memory can enable harmful applications. We posi-
tion the benchmark as a diagnostic tool and encour-
age reporting together with safeguards such as data
minimization, transparency about what is stored,
and deletion controls, rather than optimizing reten-
tion indiscriminately.

In addition, we exclude game environments with
explicit or graphic violence; however, some in-
cluded games still contain highly stylized, game-
typical fantasy elements (e.g., enemies such as zom-
bies/skeletons, magic, and combat verbs like kill).

These depictions are non-realistic and occur in a
clearly game-like context (e.g., Crafter’s survival
setting requires defending against hostile skeletons;
Jericho consists of human-authored interactive fic-
tion including topics like fantasy or dungeon).
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A Gameplay Performance and
Exploration Coverage

A natural concern for trajectory-conditioned evalua-
tion is whether memory QA performance is largely
driven by how well an agent plays or how much
of the environment it explores. To clarify this, we
analyze two trajectory-level quantities for the runs
used to generate QA.

For Crafter, we measure gameplay performance
as the number of achievements unlocked divided
by 22, and exploration coverage as the fraction of
distinct visited tiles in the 64 x 64 world. For Jeri-
cho, we measure gameplay performance as normal-
ized in-game score (score/max_score) and explo-
ration coverage as the fraction of visited locations
over all locations parsed from the game ROM. For
Jericho, rare negative normalized scores are ex-
cluded from correlation analysis because they can
disproportionately distort summary statistics.

Overall, we find that exploration coverage is
not a consistent predictor of memory QA accu-
racy. Across both Crafter and Jericho, the correla-
tions between coverage and QA accuracy are weak
and unstable, sometimes near zero or even nega-
tive. This suggests that EMemBench is not simply
rewarding agents for visiting more places, and that
broader coverage alone does not deterministically
make the resulting QA either easier or harder.

By contrast, gameplay performance can mat-
ter in some settings, but its effect is environment-

and model-dependent. In Crafter with GPT-5.1,
achievement performance shows a strong positive
association with QA accuracy, while coverage does
not. A plausible explanation is that achievements
reflect more meaningful event and state transitions,
which create richer episodes for episodic recall. In
Jericho with Qwen2.5-32B, gameplay performance
also shows a moderate positive association with QA
accuracy, whereas coverage remains weak. This
suggests that more successful task progress can
produce trajectories with denser and more coherent
event chains, but simply visiting more locations is
not the dominant factor.

These results clarify the scope of EMemBench.
Gameplay proficiency can influence the informa-
tional richness of the collected experience, but the
benchmark is not reducible to a gameplay or ex-
ploration leaderboard. In particular, the weak and
inconsistent relationship between coverage and QA
accuracy supports our goal of measuring episodic
memory conditioned on the agent’s own experi-
ence, rather than merely measuring who explores
more. Detailed summary statistics and full correla-
tion tables are provided in Table 5 and 6.

B Human Studies Details and In-depth
Analysis

This appendix provides full details of our human
evaluation protocol and additional analyses used to
interpret human performance, including open-book
error types, time-limit sensitivity, non-response and
abstention behavior, and accuracy by response-time
bucket.

Annotators. We recruited 11 annotators, all pro-
ficient in English. All 11 participated in the Jericho
text-game study, and 3 of them additionally partic-
ipated in the Crafter visual-game study. Consent
was obtained for the usage of evaluated results. The
data collection protocol was approved by an ethics
review board. The instruction sheet used in the
Jericho human study is shown in Table 7.

Task and QA construction. For each game and
seed, an annotator plays a full episode under a
fixed seed while we log the interaction trajectory.
We then generate QA from the resulting trajectory
using the same dynamic procedure as in our agent
evaluation, except that we exclude templates that
depend on explicit agent reasoning because they
are not applicable to the human playing process.
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Model Seed Ach Tiles Perf Coverage QA-Acc QA-Fl
GPT-5.1 1 6 94 27.3 22.9 383 329
GPT-5.1 42 5 75 22.7 18.3 42.0 38.0
GPT-5.1 43 9 54 40.9 13.2 50.8 47.1
GPT-5.1 100 7 34 31.8 8.3 435 40.1
GPT-5.1 123 8 83 36.4 20.3 43.9 36.4
Qwen3-VL-32B 1 9 38 40.9 9.3 34.1 30.9
Qwen3-VL-32B 42 2 33 9.1 8.1 33.4 25.7
Qwen3-VL-32B 43 4 61 18.2 14.9 35.8 27.8
Qwen3-VL-32B 100 4 37 18.2 9.0 355 31.8
Qwen3-VL-32B 123 2 24 9.1 59 37.4 29.8

Table 5: Full per-run data for Crafter. “Perf” denotes gameplay performance (achievements unlocked / 22),
“Coverage” denotes visited tiles / 4096, and QA-Acc/QA-F1 denote memory QA performance on the same runs. All

rates are shown as percentages.

Model Game Score Max Score  Visited Locs  Total Locs  Perf = Coverage QA-Acc QA-F1
GPT-5.1 advent 82 350 33 146 23.4 22.6 46.3 43.1
GPT-5.1 awaken 0 50 6 46 0.0 13.0 55.8 53.7
GPT-5.1 balances 10 51 8 43 19.6 18.6 452 40.6
GPT-5.1 dragon -49 25 25 55 -196.0 455 449 41.6
GPT-5.1 gold 3 100 10 94 3.0 10.6 43.0 375
GPT-5.1 jewel 7 90 17 97 7.8 17.5 45.6 42.6
GPT-5.1 karn 5 170 14 248 2.9 5.6 40.7 394
GPT-5.1 ludicorp 14 150 14 50 9.3 28.0 40.0 38.3
GPT-5.1 moonlit 0 1 7 21 0.0 333 34.2 35.0
GPT-5.1 pentari 5 70 11 33 7.1 333 419 39.9
GPT-5.1 reverb 0 50 9 63 0.0 143 52.9 50.4
GPT-5.1 sorcerer 20 400 61 5.0 14.8 41.0 394
GPT-5.1 zorkl 30 350 11 107 8.6 10.3 42.0 39.7
GPT-5.1 zork2 5 400 19 1.2 84.2 42.8 434
GPT-5.1 zork3 3 7 9 12 429 75.0 457 40.9
Qwen2.5-32B  advent 36 350 11 146 10.3 7.5 33.7 29.7
Qwen2.5-32B  awaken 0 50 6 46 0.0 13.0 30.6 32.8
Qwen2.5-32B  balances 10 51 3 43 19.6 7.0 46.6 47.2
Qwen2.5-32B  dragon -107 25 15 55 -428.0 27.3 26.1 232
Qwen2.5-32B  gold 3 100 9 94 3.0 9.6 39.1 38.0
Qwen2.5-32B  jewel 2 90 14 97 22 144 29.9 29.8
Qwen2.5-32B  karn 0 170 13 248 0.0 52 27.1 222
Qwen2.5-32B  ludicorp 8 150 8 50 5.3 16.0 46.5 43.8
Qwen2.5-32B  moonlit 0 1 5 21 0.0 23.8 29.6 27.2
Qwen2.5-32B  pentari 5 70 16 33 7.1 48.5 39.0 37.6
Qwen2.5-32B  reverb 0 50 11 63 0.0 17.5 37.1 324
Qwen2.5-32B  sorcerer 5 400 7 61 1.2 11.5 41.5 42.6
Qwen2.5-32B  zorkl 30 350 13 107 8.6 12.1 379 36.1
Qwen2.5-32B  zork2 -10 400 6 19 -2.5 31.6 41.3 41.1
Qwen2.5-32B  zork3 3 7 9 12 429 75.0 44.1 43.5

Table 6: Full per-game data for Jericho. “Perf” denotes normalized in-game score (score/max_score), “Coverage”
denotes visited locations / total locations, and QA-Acc/QA-F1 denote memory QA performance on the same runs.
All rates are shown as percentages. Note that “Perf” can be negative in rare penalty cases.

Answering protocol (closed-book vs. open-
book). Annotators answer the same QA set twice:
(i) closed-book, answering from memory only with-
out consulting any records; and (ii) open-book, an-
swering with access to the trajectory context file
(consistent with the agent-evaluation setting and
not containing any hidden backend information).
For visual games, open-book additionally allows
viewing the saved frames, again consistent with the
agent-evaluation setting.

Interface and timing. Figure 5 shows the QA
interface. Each question has a 60-second time
limit; timed-out questions are counted as incor-
rect. On average, annotators spend ~40 minutes
playing each text-game episode and ~3 minutes

for each visual-game episode; question answering
takes ~15 minutes (closed-book) and ~30 minutes
(open-book).

Metrics and aggregation. We report Accuracy,
F1, and per-question time, aggregated by question
type (Tables 4 and 8) and by game for text games
(Table 9).

Inter-annotator agreement. We compute inter-
annotator agreement over per-type aggregates us-
ing Pearson correlation (r), intraclass correlation
(ICC), mean absolute error (MAE), and root mean
squared error (RMSE) (Tables 10 and 11).

Why closed-book is low while open-book is still
imperfect. Closed-book accuracy is low because
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Stage

What to do (key rules only)

Deliverables Submit a single zip containing: (i) your gameplay log (auto-generated while you play) and (ii) your answers for both rounds
(close-book and open-book), including the generated QA files kept alongside the answer file.

1) Play the game Goal: play as well as you can based on your understanding.
How to play: read the Observation carefully each step, then choose an action; explore the map; avoid random actions.
If stuck: if you make no progress (looping/confused), you may quit after roughly ~ 100 steps.

GUI (during play) The interface typically shows:

Left: status (score/moves/location) and the current Observation text.
Right: available actions as buttons, plus an input box for a custom action; you can also open inventory.

2) Generate questions (QA)

After play, run the provided pipeline to generate questions from your own log.
You only need to know: the game name and your run folder / log identifier.

3) Answer questions (two
rounds)

You must complete the same question set twice:
Round A: Closed-book. Answer only from memory; do not look back at any logs/records. If unsure, use not answerable.
Round B: Open-book. You may consult the provided QA context file (generated from your log) and answer again.

GUI (during answering)

The answering window provides:

A question panel with progress and a per-question time limit (auto-advances when time is up).

A text box to enter your answer and confirm.

Buttons: not answerable (cannot be answered even with available info) and cannot remember (you believe it happened but

you cannot recall).

You can save and exit and later continue from where you stopped.

Table 7: Human evaluation instructions for Jericho text games (play — auto-QA — answer twice).

Human QA Annotation

Instruction:

VALID ACTIONS: 0: NOOP; 1: MOVE_LEFT; 2: MOVE_RIGHT; 3: MOVE_UP; 4: MOVE_DOWN
5:DO; 6: SLEEP

7: PLACE_STONE; 8: PLACE_TABLE; 9: PLACE_FURNACE; 10: PLACE_PLANT

11: MAKE_WOOD_PICKAXE; 12: MAKE_STONE_PICKAXE; 13: MAKE_IRON_PICKAXE

14: MAKE_WOOD_SWORD; 15: MAKE_STONE_SWORD; 16: MAKE_IRON_SWORD

Please answer ‘nof answerable' if the question cannot be answered based on the given information.

Question 2/72
[2/72] Which step is the last step which the player stood on grass terrain?

Time left: 42s
Your answer:
Save and Exit

Submit Not answerable Forgotten

Figure 5: UI interface of the application for human
evaluation question answering.

many questions require fine-grained episodic re-
call over long and partially observable trajectories,
which exceeds ordinary human memory once ex-
ternal records are removed. Open-book access sub-
stantially improves performance by restoring ac-
cess to evidence, but does not make the task trivial:
annotators must still locate the relevant evidence
in long logs and often need additional temporal,
spatial, or aggregation reasoning to derive the final
answer.

Additional interpretability analyses. Beyond
aggregate accuracy and agreement, we further an-
alyze why closed-book performance is low, why
open-book performance remains imperfect, and
how the 60-second limit affects outcomes. Con-
cretely, we examine recurring open-book error
types, a small time-limit sensitivity test, non-
response / timeout / abstention behavior, and accu-
racy as a function of response time.

Open-book Closed-book

Type Acc(%) F1(%) Time(s) Acc(%) F1(%) Time(s)

Single-Hop ~ 85.5 88.3 18.1 8.1 8.1 5.6
Multi-Hop 38.1 38.1 38.3 0.0 0.0 6.7
Induction 50.0 51.4 15.0 14.3 14.6 6.2

Spatial 34.7 384 20.1 5.7 6.0 6.5
Temporal 41.7 46.2 29.6 16.7 17.1 17.5
Logical 544 55.2 19.8 18.1 18.4 79
Adversarial ~ 90.2 - 9.8 46.3 - 4.7
Overall 59.2 56.5 19.9 15.8 10.8 7.6

Table 8: Human performance (visual game) averaged
over annotators per question type. Acc/F1 are in %.

B.1 Open-Book Error Analysis

We focus on open-book errors because closed-book
failures are much more dominated by non-response
(e.g., “cannot remember”). In the open-book set-
ting, the trajectory serves as a memory aid rather
than a fully structured document, and participants
must still retrieve and integrate evidence under lim-
ited time. We observe five recurring error types.

Temporal anchor misalignment. Annotators
sometimes fail on questions with explicit temporal
anchors such as step ¢, before/after a step, or the
first/last occurrence of an event. Typical mistakes
include locating an adjacent segment, confusing
before with after, or interpreting first/last as any
occurrence.

Complex spatial trajectory reasoning. When
a question requires multi-step movement tracing,
nearest-target reasoning, shortest-path reasoning,
or reachability checking, annotators may make one
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Open-book Closed-book

Game Acc(%) F1(%) Time(s) Acc(%) F1(%) Time(s)

advent 55.7 53.2 21.8 12.3 12.0 79
awaken 65.7 66.0 16.7 27.5 24.6 55
balances  67.9 65.5 21.1 28.8 24.1 10.3
dragon 65.6 65.2 21.0 17.3 13.2 74

gold 75.9 76.1 21.7 14.1 12.6 10.8
jewel 62.9 62.5 26.7 22.1 20.7 10.9
karn 602 58.6 270 17.4 133 19.0

ludicorp  57.1 52.8 33.2 21.0 14.5 19.9
moonlit 65.3 60.7 24.4 28.2 24.0 11.6
pentari 69.0 66.4 24.3 233 17.7 9.5
reverb 66.6 64.8 214 30.1 24.8 12.2
sorcerer  72.5 71.6 21.8 28.0 25.0 10.3
zork1 64.4 62.5 25.0 26.8 23.0 11.2
zork2 63.1 61.8 22.8 28.1 27.4 9.3
zork3 71.4 68.3 20.4 24.1 22.0 6.9

Overall 65.6 63.8 233 232 19.8 10.8

Table 9: Human performance (text games) averaged
over two annotators per game. Acc/F1 are in %.

Metric Pearsonr ICC MAE RMSE
Open-book per-type Acc 0.90 0.71  0.09 0.11
Open-book per-type Time 0.68 040 5.69 6.66
Closed-book per-type Acc 0.97 0.95 0.03 0.05

Closed-book per-type Time 0.79 040 6.73 6.86

Table 10: Inter-annotator agreement for text games.

incorrect step in a long derivation or incorrectly de-
cide that an answerable question is not answerable.

Counting and aggregation mistakes. For ques-
tions involving counts, distinct entities, most fre-
quent events, or longest durations, annotators some-
times miss instances, double count, use inconsis-
tent criteria, or abandon the attempt because the
evidence is too dispersed.

Format mismatch. In some cases, annotators
identify the right content but answer in a form that
does not exactly match the required output format,
such as giving a paraphrase instead of the exact
observation span.

Misinterpretation of game dynamics. Some
mistakes arise from misunderstanding game me-
chanics or conflating correlated cues with the target
concept. For example, a participant may count all
frames with nearby enemies instead of counting
only actual attack events.

Representative examples are shown below.

Temporal anchor misalignment (text,
Logical)

Q: After completing which step does
the inventory contain ‘jewel” for the first

Metric Pearson ICC MAE RMSE
Open-book per-type Acc 0.85 0.78 0.22 0.30
Open-book per-type Time 0.62 045 582 6.54
Closed-book per-type Acc 0.77 0.69 0.11 0.14
Closed-book per-type Time 0.61 044  5.05 7.52

Table 11: Inter-annotator agreement for the visual game.

time?
GT: 66
Human: 179

Complex spatial trajectory reasoning
(visual, Spatial)

Q: At step 100, starting from the player’s
current position, how should the player
move to reach the nearest coal? An-
swer in ‘X steps left/right and Y steps
up/down’, or ‘not answerable’ if never
see the target, or O if player is on the tar-
get.

GT: 5 steps up, 4 steps left, 2 steps up
and 1 step left

Human: (time-out)

Counting / aggregation mistake (vi-
sual, Induction)

Q: How many distinct locations were vis-
ited in this game trajectory?

GT: 46

Human: not answerable

Format mismatch (text, Single-Hop)
Q: At step 334, what observation did the
player see?

GT: Maze. You are in a twisting maze of
little passages, all alike.

Human: a maze of little twisting pas-
sages

Misinterpretation of game dynamics
(visual, Logical)

Q: How many times was the player at-
tacked in the game?

GT: 7

Human: 14

B.2 Time-Limit Sensitivity

We impose a per-question time limit to prevent the
evaluation from becoming unconstrained reading
comprehension over lengthy logs. To test whether
the 60-second limit is the main reason for low hu-
man performance, we rerun a subset of five sam-
pled text games with a relaxed 180-second limit.
The results are shown in Table 12.
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Setting Acc(%) F1(%)
Open-book, 60s 65.6 63.8
Open-book, 180s 71.6 68.4
Closed-book, 60s 23.2 19.8
Closed-book, 180s 25.1 204

Table 12: Time-limit sensitivity on a subset of 5 sampled
text games. Extending the time budget from 60s to 180s
yields a clear gain for open-book answering, but only a
small gain for closed-book answering.

Dataset / Setting Total Q Non-response Timeout Answered-only Acc  False abstention

Jericho open-book 1806 6.6% 3.0% 66.8 2.7%
Jericho closed-book 1806 51.1% 0.9% 48.0 9.0%
Crafter open-book 596 16.1% 2.0% 68.8 11.5%
Crafter closed-book 596 72.1% 0.0% 554 19.0%

Table 13: Non-response, timeout, answered-only ac-
curacy, and false-abstention statistics for human eval-
uation. Closed-book failures are dominated by rapid
non-response rather than timeouts, while open-book ac-
cess mainly helps by reducing skipping and restoring
access to evidence.

The results show that extending the time budget
yields only a small gain in the closed-book setting,
but a larger gain in the open-book setting. This sug-
gests that low closed-book scores are not mainly
caused by the 60-second constraint: many closed-
book failures arise because participants quickly
decide that they cannot recall the needed evidence.
By contrast, open-book answering benefits from
extra time for locating and verifying evidence, espe-
cially for global aggregation and multi-step reason-
ing questions, but performance remains well below
100%, indicating that evidence search is only part
of the difficulty.

B.3 Non-response, Timeout, and Abstention
Analysis

To characterize how humans fail under open-book
and closed-book conditions, we separate attempt
quality from non-response behavior. Specifically,
we report: (i) non-response, the fraction of ques-
tions with an empty answer or explicit “cannot
remember”’; (ii) timeout, the fraction of questions
that exceed the time limit and yield no final an-
swer; (iii) answered-only accuracy, computed over
questions with a non-empty answer; and (iv) false
abstention, the fraction of questions whose ground
truth is answerable but the annotator responded
“not answerable”.

Table 13 shows that closed-book failures are
dominated by non-response rather than timeouts.
For Jericho, closed-book non-response reaches
51.1% with only 0.9% timeouts; for Crafter, closed-

Time bin ~ All-questions Acc  Answered-only Acc  Unanswered rate

Jericho open-book

0-15s 76.3 80.9 5.6%
15-30s 62.8 64.3 2.4%
30-45s 54.0 55.3 2.4%
45-60s 40.0 42.8 6.5%
Jericho closed-book

0-15s 24.0 56.0 57.1%
15-30s 24.0 323 25.9%
30-45s 21.7 30.0 27.5%
45-60s 10.7 12.5 14.3%

Table 14: Jericho human accuracy by response-time
bucket. In open-book mode, longer times correlate
with lower accuracy, consistent with harder items taking
longer. In closed-book mode, low overall accuracy is
driven largely by rapid abstention rather than fast incor-
rect attempts.

Time bin  All-questions Acc ~ Answered-only Acc  Unanswered rate
Crafter open-book

0-15s 49.3 68.8 28.4%
15-30s 57.7 63.8 9.6%
30-45s 58.8 62.5 5.9%
45-60s 18.2 222 18.2%
Crafter closed-book

0-15s 17.0 51.1 66.7%
15-30s 16.7 50.0 66.7%
30-45s 0.0 0.0 33.3%
45-60s 50.0 50.0 0.0%

Table 15: Crafter human accuracy by response-time
bucket. Even in open-book mode, short-bin skipping
is more common than in Jericho, likely reflecting the
higher verification burden in a visually grounded envi-
ronment. In closed-book mode, most failures are best
interpreted as abstention rather than timeout.

book non-response reaches 72.1% with 0.0% time-
outs. This indicates that participants often skip
quickly when they cannot recall the relevant evi-
dence, rather than spending the full time budget.
Open-book access sharply reduces non-response
and improves answered-only accuracy, especially
in Jericho, showing that access to the trajec-
tory mainly helps by restoring evidence and en-
abling verification. We also observe higher false-
abstention rates in closed-book settings, suggest-
ing that participants often forget the existence of
relevant events or objects and therefore judge an-
swerable questions as not answerable.

B.4 Accuracy by Response-Time Bucket

We further bucket questions by response time into
0-15s, 15-30s, 30—45s, and 45-60s, and report all-
questions accuracy, answered-only accuracy, and
unanswered rate for each bin (Tables 14 and 15).
For Jericho open-book, unanswered rates re-
main low, and longer response times correlate with
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lower accuracy, consistent with the standard pat-
tern that more difficult items take longer and re-
main more error-prone. For Jericho closed-book,
overall accuracy is low largely because many re-
sponses in the shortest bins are immediate absten-
tions, while answered-only accuracy is substan-
tially higher whenever participants do attempt an
answer. Crafter shows a similar but stronger pat-
tern: even in open-book mode, short-bin skipping
is more common than in Jericho, likely due to the
higher verification burden in a visually grounded
environment. In closed-book Crafter, most fail-
ures are best characterized as abstention rather than
timeout.

C Experiment Details

C.1 In-context Prompting

A common way to equip LLMs with “memory” is
to treat it as external context. Two dominant ap-
proaches are helpful: (i) long-context (L.C) model-
ing, which extends the context window to include
long histories, and (ii) retrieval-augmented gen-
eration (RAG), which retrieves relevant snippets
from external context. Both enable question an-
swering over large information sources, but they
differ in what they optimize: LC emphasizes end-
to-end reasoning over a long input, while RAG
emphasizes selecting a short, relevant subset be-
fore reasoning (Li et al., 2025).

However, both LC and RAG are typically eval-
uated as document-understanding QA: the “mem-
ory” is assumed to be a read-only record, and the
core challenge is to locate evidence and generate
an answer (Lewis et al., 2020). This differs from
episodic memory in interactive settings, where an
agent decide what to store from its own experience,
and when to revise it. In addition, even with a
long context window, the model can still ignore
key memory from the middle of a long prompt or
when mixed with noisy memory (Liu et al., 2024).
RAG has an explicit bottleneck—retrieval accu-
racy (Karpukhin et al., 2020)—where errors in in-
dexing, querying, or ranking can hide crucial ev-
idence. These gaps motivate memory agents that
explicitly manage a persistent store, rather than
only expanding or retrieving context at inference
time (Wang et al., 2024).

C.2 Memory Agents

Memory agents vary mainly in memory manage-
ment mechanism—from plug-and-play memory

layers, to structured and self-organizing memory
networks, to learned policies that optimize mem-
ory operations from feedback (Zhang et al., 2025).
Below we group representative methods into: 1)
heuristic memory layers, 2) agentic memory struc-
tures, and 3) policy-learned memory.

Heuristic Memory Layers A practical line of
work builds “memory layers” that extract facts
from interactions, consolidate redundancies, and
retrieve relevant memories at inference time.
MemO (Chhikara et al., 2025) emphasizes scalable
long-term memory with explicit and efficient re-
trieval, including using graph based representations
for relational information. LangMem (LangChain,
2025) provides a developer-facing toolkit that fo-
cuses on reusable primitives for memory retrieval,
and connects memory to agent behavior updates
with integration in agent frameworks. These sys-
tems are easy plug-ins, but their write behavior is
often affected by prompts (Packer et al., 2023).

Agentic Memory Structures Another direction
treats memory management as an explicit system
problem. MemGPT (Packer et al., 2023) proposes
an OS-inspired hierarchy where the agent man-
ages multiple memory tiers and performs context
“swaps” so that a limited-context model can behave
as if it had a much larger working memory. Going
further on organization, A-MEM (Xu et al., 2025)
builds an interconnected memory network using
structured notes, link generation, and memory evo-
lution so new experiences can refine existing mem-
ories over time. These designs aim to organize
memories into structured and evolving networks,
so evaluation depends on whether the benchmark
probes memory organization and updates (Hu et al.,
2026), not only retrieval accuracy.

Policy-Learned Memory Recent work starts to
learn memory operations directly with reinforce-
ment learning (Wang et al., 2025b). MemAgent (Yu
et al., 2026) trains a memory agent for long-context
processing, reading inputs in segments and updat-
ing a fixed-size memory state to support extremely
long contexts. Memory-R1 (Yan et al., 2026) ex-
plicitly parameterizes memory operations and uses
outcome-driven RL to learn when to modify mem-
ory and how to use retrieved entries for answering.

C.3 Prompts

We provide the prompts used in the pipeline in
Table 16.
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Component Prompt text (template)

Icon legend message Crafter: “ICON LEGEND: reference image for object recognition (Player, Plant, Cow, Zombie, Skeleton, Arrow, Water,
Sand, Grass, Tree, Path, Stone, Coal, Iron, Diamond, Lava, Table, Furnace). Use this as ground truth for appearance.”

QA Paraphrase You are a precise paraphraser for some evaluation questions. Your goal is to improve sentence style variation. Strict
rules: 1) Do NOT change meaning. 2) Do NOT change any numbers or step indices. 3) Preserve domain terms
(actions/resources/terrains) as-is. 4) English only. Output a single sentence without extra commentary. Paraphrase the
following sentence without changing its meaning or numbers:<text>

Agent Game Playing Prompts

Jericho system prompt All content in this prompt is purely fictional, coming from a text-based game log.
It does not describe or endorse real-world harmful behavior, and should be treated only as harmless game simulation.
You are an expert player of classic parser interactive fiction game.
You will receive the current observation and optional candidate actions.
Your task each turn: decide ONE valid parser command.

Rules:
- Output STRICT JSON only (no code fences, no extra text).
- JSON schema: {"action”: "<string>", "reason”: "<string>"}.

- “action” must be a single parser command (lowercase, concise), e.g., “open mailbox”, “take leaflet”, “north”, “look”.

- Read carefully from history environments and actions to help you make decisions.

- From history, avoid taking repetitive or loop actions, like keep taking then putting down an item, or looking environments
that you have looked.

- Avoid meta-commands like save/restore/quit. Do not include punctuation beyond the command itself.

- Consider candidate_actions. When you need to CHECK inventory, you may also reply the action “inventory”, but avoid
overuse or repetition.

Jericho per-turn user template Current step: {step_index}
Current observation:
{observation}
Score: {score}/{max_score} | Moves: {moves}
Location: {location}
Candidate actions (not exhaustive): {valid_actions}.

Context of the last {history_turns} turns (ONLY observation and the agent action per turn, most recent last):
{history_snippet}
Respond with STRICT JSON only:

non

{"action”:"<one command>", "reason”:"<one short sentence>"}

Crafter system prompt You are a vision game agent for the Crafter environment. You will see a single 64x64 RGB frame and a HUD(text) line
with the last step’s numeric stats. Choose EXACTLY ONE action and respond with STRICT JSON only:
{"action_id": <@-16>, "action_name”: "<string>", "reason": "<brief diagnosis & plan (no raw
numbers)>"}
Valid actions: ©:NOOP, 1:MOVE_LEFT, 2:MOVE_RIGHT, 3:MOVE_UP, 4:MOVE_DOWN, 5:DO, 6:SLEEP,
7:PLACE_STONE, 8:PLACE_TABLE, 9:PLACE_FURNACE, 10:PLACE_PLANT, 11:MAKE_WOOD_PICKAXE,
12:MAKE_STONE_PICKAXE, 13:MAKE_IRON_PICKAXE, 14 :MAKE_WOOD_SWORD, 15:MAKE_STONE_SWORD,
16 :MAKE_IRON_SWORD.
(Runtime appends: “Game rules: {instructions}”.)

Crafter per-step user template {hud_text}
Env: {env_name}. Step {display_step}. Recent actions: {recent}. Use HUD(text) as ground truth; DO NOT restate
raw numbers in your reason. An ICON LEGEND image is provided once in this request for recognition; match tiles/objects
to it. Provide a brief diagnosis (e.g., thirsty/hungry/sleepy/safe) and the plan.

Agent QA answering Prompts

Jericho QA system prompt You answer Jericho QA concisely. Reply with JSON only.

Jericho QA batch header You will answer multiple questions about the same episode.
Return strictly JSON.
For a single question: {"answer"”: "<short>", "explanation”: "<brief>"}
For batched questions: an array of objects, each: {"id": "<qid>", "answer”: "<short>", "explanation”:
"<brief>"}
Keep explanation short.
If your answer is a step number, answer only the number.
For any question you find not answerable, strictly reply “not answerable” as answer, and give explanation.
Questions:

Crafter QA system prompt You are a concise answerer for questions about the Crafter environment. All provided steps are part of a single continuous
episode of the game. The timeline presents actions, reasons, and health related stats for each step in order. Use the entire
history to answer questions; recall what was seen or collected earlier even if it is not visible in the current frame. If there is
not enough information in the given steps to answer, reply with “not answerable” as the answer and briefly explain why.
Always reply in strict JSON format and do not guess.

(Runtime may append: “Game rules: {instructions}”.)

Crafter QA schema (used for batch- Return strictly JSON.

ing) For a single question: {"answer”: "<short>", "explanation”: "<brief>"}
For batched questions: an array of objects, each: {"id": "<qid>", "answer”: "<short>", "explanation”:
"<brief>"}
Keep explanation short. For any question you find not answerable, strictly reply “not answerable” as answer, and give
explanation.

(Batch header prepends: “You will answer multiple questions about the same episode.” and “Questions:”.)

Table 16: Prompt templates used in our pipelines (gameplay and QA answering) for Jericho text games and the
Crafter visual game.
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C.4 End-to-end Generation Procedure.

Algorithm 1 summarizes the generator. It is de-
terministic given a trace 7, game state S, and a
random seed used only for sampling among multi-
ple valid template instantiations.

Algorithm 1 Trajectory-conditioned benchmark
generation

Require: Trace 7, optional auxiliary state S, tem-
plate set 7, sampling seed u
Ensure: QA set Q
1: Build timeline
INDEXTRACE(T, S)
Build event index £ <— EXTRACTEVENTS(Z)
Q<+
for all template T" € 7 do
C < T.ENUMERATECANDIDATES(Z, &)
C' +— FILTERBYPRECONDITIONS(C)
Sample a subset C from C' using seed u
for all candidate ¢ € C do
(¢,y, m) <= T.INSTANTIATE(c, Z, £)
if VALIDATEINSTANCE(q,y,m,Z)
then
11: Q%QU{(quvm)}
12: end if
13: end for
14: end for
15: return Q

index v —

R A A T

_
e

C.5 Rules for Score Calculation

We evaluate model outputs by scoring the extracted
predictions against the reference answers. Our
scorer is rule-based and selects different matching
strategies according to the answer_type. We nor-
malize both prediction and reference by lowercas-
ing, trimming whitespace, removing parenthesized
spans, and stripping surrounding quotes.

String. We first decide whether an answer
should be exact-match using simple patterns, in-
cluding URLs, filenames, page-like identifiers,
phone-number formats, time expressions contain-
ing “a.m.”/“p.m.”, dates (YYYY-MM-DD/YYYY-
MM), and email addresses. If exact-match is re-
quired, we perform direct string comparison and
assign a score in {0, 1}. Otherwise, we compute
ANLS (Average Normalized Levenshtein Similar-

ity) with a threshold 7 = 0.5 (Biten et al., 2019):

d]ev(g’p)
= 1 T av(lal Inl)
s(g,p) max(|gl, |p|) (1)
ANLS(g p) _ s(g,p) lfs(gap) >,
, 0 otherwise.

where djey (-, -) is the Levenshtein edit distance.

Integer. We cast both reference and prediction
into an integer-like form, accepting common vari-
ants such as “17, “1.0”, or strings with extra spaces
(and optional trailing “%”). The score is 1 iff the
parsed integers are equal, otherwise 0.

Float. We treat prediction and reference as equal
if they match after rounding with an adaptive pre-
cision (at least two decimal digits), or if they are
within a 1% relative tolerance. To reduce ambi-
guity between fractions and percentages, we also
accept matches against {¢/100, g, 100g}.

List. Some questions admit multiple acceptable
answers. We represent such references as a list
of candidates. We score the prediction against
each candidate (using the same atomic rules for
string/integer/float), and take the maximum score
as the final score for the example, i.e., a prediction
is correct if it matches any one of the candidates
(Rajpurkar et al., 2016).

Unanswerable and aggregate metrics. We
use the canonical label not answerable for unan-
swerable questions (Landeghem et al., 2023; Ma
et al., 2024). Overall Accuracy is the mean of per-
question scores. We additionally compute an F1-
style score by treating not answerable as the neg-
ative class: recall is computed over questions with
answer #% not answerable, precision is computed
over questions with prediction # not answerable,
and F1 is their harmonic mean.

C.6

Unless otherwise stated, all models use determin-
istic decoding with temperature = 0.0 for both
gameplay and question answering. We report re-
sults under two Query Horizon Control settings:
QHC=-1 (no restriction) and QHC=50 (all generated
queries are constrained to steps 1-50). For QA con-
struction, we use a fixed automatic generator with
max_per_type=2 and enable paraphrasing (para-
phrase=True); in all experiments we evaluate on
the paraphrased questions (source=paraphrase).
For text-only games, we cap each episode at 200
interaction steps. For the in-context baseline, we in-
clude the most recent 10 turns of trajectory context

Model Hyper-Parameters
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(history_turns=10). For memory-based agents,
gameplay-time retrieval uses top_k=10. During
QA answering, we use a maximum output length
of 1024 tokens; for memory-based agents, per-
question retrieval uses top_k=8.

For visual game, we cap each episode at 200
interaction steps. For the in-context baseline, we in-
clude the most recent 5 turns (history_turns=5);
for memory-based agents, gameplay-time re-
trieval uses top_k=5. During gameplay we use
max_tokens=128 for action generation, while
QA answering uses max_tokens=4096 with batch
size 4. When providing multiple frames
to VLMs, we use a fixed mosaic configura-
tion: frames_mode=mosaic, mosaic_cols=10,
mosaic_cell=160, mosaic_per_image=200, and
mosaic_per_batch=10.

C.7 Compute and GPU Hours

Across experiments, we measure approximate end-
to-end cost/runtime per baseline (one backbone
x one method, covering play — QA generation
— answering). Using the OpenAl API with GPT-
5.1, each text-game baseline costs about 15 USD
and takes roughly 15 hours wall-clock, while each
visual-game baseline costs about 5 USD and takes
about 5 hours; these costs follow token-based pric-
ing. For self-hosted open models, text-only runs
on 2x NVIDIA H20-e, where Qwen3-32B takes
10 hours/baseline (20 GPU-hours) and Qwen2.5-
32B-Instruct takes 6 hours/baseline (12 GPU-
hours). The visual-game runs use 4x NVIDIA
H800 (80GB), where Qwen3-VL-32B-Instruct and
InternVL3.5-38B each take 4 hours/baseline (16
GPU-hours).

D Cross-Benchmark Comparison Details

In Section 4.3, we show that the fixed-QA set-
ting can change the relative advantages of memory
methods. This motivates a cross-benchmark com-
parison: to what extent do our findings align with
existing fixed memory benchmarks?

We use Qwen-family models and compare our
results with benchmarks LongMemEval and Lo-
CoMo. Since these benchmarks differ in task form
and metrics, we emphasize relative improvements
over a within-benchmark baseline rather than abso-
lute scores. Formally, we compare ability-level
gain vectors Aa(m) = a(m) — a(mg), where
a(m) is the vector of type-wise scores and my is
the in-context baseline.

Single-Hop Multi-Hop Temporal
Method Ours LoCoMo Ours LoCoMo Ours LoCoMo
MemO +1.60 +4.42 -27.70 +8.55 -13.90  +34.89
LangMem -1.70 +1.21 -14.80 +5.95 -7.10 +16.71
A-MEM +17.90 -7.28 -4.60 -7.95 -11.60  +31.81

Table 17: Type-wise gain comparison on three shared
reasoning types. Each entry is an absolute gain in
points relative to an in-context prompting baseline
within the same benchmark. A leading “+” means the
method improves the score, and “-”” means it decreases.

Agreement in overall ordering. On Long-
MemEval, a Qwen3-based unified comparison
shows A-MEM outperforming FullText, while
LangMem and MemO trail behind, suggesting that
more structured/agentic memory can be advanta-
geous for assistant-style long-term memory. This
qualitative ordering is consistent with our Qwen3-
32B text-game results, where A-MEM is also the
strongest overall method among the shared set.

Mismatch in where gains come from. Table 17
reveals a clear mismatch in where memory helps.
On LoCoMo, temporal questions largely reduce
to reconstructing cross-session timelines from re-
trievable dialogue facts, so external memory and
retrieval tend to be directly beneficial. In our bench-
mark, “temporal” questions more often query step-
level ordering and state evolution grounded in an
interactive environment, where evidence is partially
observed across many turns; compressive mem-
ory and imperfect retrieval can therefore blur fine-
grained ordering, hurting temporal accuracy rela-
tive to in-context reasoning. But we also notice in
Table 3 that A-MEM can improve performance for
temporal questions for strong models like GPT-5.1.

E Full Results of Query Horizon Control
Setting

We provide the full results of query horizon control
setting in Table 18.
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Single-Hop Multi-Hop Induction Spatial Temporal Logical Adversarial Overall

Model Method

ACC ACC  ACC ACC ACC ACC  ACC  ACC Fl
Text-only Games
In-context 718 347 405 460 517 433 430 493 483
GPTsL Mem0 51.9 8.6 167 146 535 252 845 377 347
: LangMem 443 345 25 475 723 345 814 486 456
A-MEM 485 33.9 272 40 590 620 744 49.6 460
In-context 523 23.1 384 343 525 419 500  41.0 40.1
Owen2.5-32B-Instruct MemO0 547 8.0 143 86 471 222 899 364 325
: | LangMem  48.1 37.6 317 503 556 282 849 499 465
A-MEM 673 307 262 456 580 654 887 547 510
In-context  57.8 46.7 336 471 485 413 462 477 469
Owen-328 Mem0 543 1.9 242 52 655 243 849 413 337
LangMem  45.5 17.0 256 443 480 348 710 414 360
A-MEM 616 357 251 425 487 596 756 508 4638
Visual Games

GPT5.1 In-context 59.5 38.5 39.0 26.6 56.7 36.1 64.6 48.2 46.0
: A-MEM 548 46.0 348 326 607 310 558 468 423
In-context  59.6 418 396 249 367 482 624 471 428
Qwen3VL-32B-Instruct , Vrpnvi 2.8 38.7 393 270 329 523 628 480 450
In-context  34.1 10.7 174 123 341 447 485 309 264
InternVL3.5-38B A-MEM 384 73 181 144 369 488 554 339 287

Table 18: Query-horizon control results with queries restricted to steps 1-50. Within each modality block, the best
and second-best numbers in each column are bolded and underlined, respectively.

F Case Study

This appendix presents two complementary groups
of case studies for memory agents. We present
five common mistakes—(1) evidence localization
errors, (2) long-horizon aggregation failures, (3) vi-
sual grounding mistakes, (4) reasoning confusion,
and (5) answer—explanation inconsistency. Ad-
ditionally, we provide two challenging question
analyses that are hard-to-solve for memory agents
so far: (6) global object counting under partial ob-
servability and (7) target-reaching calculation with
obstacles and detours.

Case 1: Evidence localization error.

Question: What action is taken 2 steps after the
first step where the reason mentions ‘out’?

GT: north

Pred: Not answerable.

Model explanation: The snippets only provide
selected reasoning texts, observations, and results
for certain steps, but not a complete mapping from
every step number to its action or full reasoning
text. To answer the question, we would need to (1)
identify the earliest step whose reasoning includes
the word ‘out’, and then (2) know the exact action
taken two steps after that step.

Relevant context:
t=79 | action=east | reason=Try unexplored
maze direction to find a way out |
observation=\nMaze\n\nA threatening little
dwarf comes out of the shadows! |

location=(Alike_Maze_3) | reward=32.0 |
done=false
t=80 | action=west | reason=Try a new maze

direction; avoid repeating recent moves |
observation=\nMaze\n\nThe dwarf stalks after
you...\n\nThe dwarf throws a nasty little
knife at you, but misses! |

location=(Alike_Maze_2) | reward=32.0 |
done=false
t=81 | action=north | reason=Keep exploring

maze; try to find exit or landmark |

observation=\nMaze\n\nA threatening little

dwarf hides in the shadows.\n\nThe dwarf

throws a nasty little knife at you, but

misses! | location=(Alike_Maze_1) |

reward=32.0 | done=false
Error analysis. This is an evidence retrieval fail-
ure over step-indexed reasoning. The correct an-
chor is the first step whose reason contains the
keyword ‘out’ (t=79), and the answer requires a
deterministic offset over consecutive steps (t=81
— north). The agent cannot reliably retrieve the
earliest keyword-bearing reason with its timestep
and the subsequent actions. Such multi-hop queries
are difficult: missing a single anchor step makes
the downstream step lookup appear unsupported,
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resulting in a false “Not answerable” decision.

Case 2: Answer—explanation inconsistency.
Question: What was the longest unbroken
sequence of MOVE_LEFT actions?

GT: 4

Pred: 3

Model explanation: The longest consecutive
sequence of MOVE_LEFT actions is from
t=97—t=100 (97,98,99,100) which is 4?7 Wait;
checking: 97,98,99,100 are four in a row.

Relevant context:
t=97 | action=MOVE_LEFT |
frame=crafter_t000097.png |
(health, food,water,energy)=(9,6,5,6)
reason=Needs are stable and we want to reach
the stone wall on the far left; move left
while facing left to start closing the
distance toward the stone for mining with our
wood pickaxe while staying near the lake for
later drinking.
t=98 | action=MOVE_LEFT |
frame=crafter_t000098.png |
(health, food,water,energy)=(9,6,5,6)
reason=Needs are stable and we are close to
the stone wall; move left while facing left to
stand directly adjacent to the stone so we can
start mining it with DO using our wood pickaxe,
while still remaining near the lake for later
drinking.
t=99 | action=MOVE_LEFT |
frame=crafter_t000099.png |
(health, food,water,energy)=(9,6,5,6)
reason=Needs are fine and the stone wall is
just to our left; step left while facing left
to become directly adjacent so we can start
mining stone with DO next, staying close to
the lake for future drinking.
t=100 | action=MOVE_LEFT |
frame=crafter_t000100.png |
(health, food,water,energy)=(9,6,5,6)
reason=Status is safe and the stone wall is
immediately to our left; move left while
facing left to stand adjacent to the stone so
we can start mining it with DO using our wood
pickaxe, still remaining close to the lake for
later drinking.

Error analysis. The explanation itself identifies a

4-step run, but the final answer reports 3, reflecting
a self-contradiction between the produced ratio-
nale and the emitted prediction. For integer-valued
questions, such slips (off-by-one or inconsistent fi-
nalization) cause complete loss under exact-match
scoring even when the intermediate reasoning is
correct.

Case 3: Long-horizon aggregation failure.
Question: How many unique locations have been
visited?

GT: 25

Pred: 18

Model explanation: We found these distinct loca-

tion names: Narrow Tunnel, Foot Bridge, Great
Cavern, Shallow Ford, Dark Tunnel, Path Near
Stream, Ice Room, Cool Room, Inside the Bar-
row, Bank Entrance, Fresco Room, West Viewing,
East Viewing, Lava Tube, Formal Garden, Dragon
Room, Stone Bridge, Gazebo, Carousel Room,
North End of Garden. After deduplication (e.g.,
Ice vs Ice Room; Fresco vs Fresco Room) we get
18.

Relevant context:

All locations that appear in the recorded map:
1. Inside Barrow; 2. Narrow Tunnel; 3. Foot
Bridge; 4. Shallow Ford; 5. Dark Tunnel;
6. Path Near Stream; 7. Formal Garden;
8. North End Garden; 9. Gazebo; 10. GreCavern;
11. Topiary; 12. Carousel; 13. Cool; 14. Ice;
15. Lava Tube; 16. Cobwebby Corridor; 17. Stone
Bridge; 18. Drag; 19. End Ledge; 20. Fresco;
21. Bank Entrance; 22. West Teller’s; 23. West
Viewing; 24. East Teller’s; 25. East Viewing.
Error analysis. This combines (i) long-horizon

set aggregation—omissions accumulate silently
over many steps; and (ii) string-level dedup
ambiguity—surface-form heuristics can over-
merge distinct nodes or miss true duplicates. When
the number of visited locations grows, both omis-
sion and mis-dedup become more likely, producing
systematic undercounts even when the agent at-
tempts an explicit list.

Case 4: Visual grounding mistake.

Question: What terrain was under the player at
step 113?

GT: grass

Pred: Sand

Model explanation: Reasoning for t=113 says the
player is standing on sand directly beside the lake.
Relevant context: Figure 6

Figure 6: Frame for step 113.

Error analysis. The model confuses nearby salient
terrain with the tile under the player. Visually, sand
may be adjacent and prominent, but the question
requires a fine-grained under-agent grounding de-
cision; the prediction follows the plausible nearby
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cue rather than the precise queried support.

Case 5: Reasoning Confusion.

Question: How many times did the player success-
fully collect wood?

GT: 5

Pred: 20

Model explanation: There are 20 DO actions ex-
plicitly described as chopping trees to collect or
gain more wood.

Relevant context: Figure 7

step B step70

Figure 7: Steps that agent successfully collected wood.

Error analysis. The model counts attempts (de-
scribed chopping/DO actions) instead of verified
successful outcomes. In interactive settings, at-
tempting to collect a resource does not guarantee
success; success is better indicated by state-change
evidence (e.g., wood count increases) or explicit
success events. Treating attempts as successes in-

flates the count whenever failures occur.

Case 6: Challenging Question 1.

Question: What is the total number of unique trees
the player encountered?

GT: 18

Pred: Not answerable.

Model explanation: The 64 x64 view changes as
the player moves, so the same tree can leave and
re-enter the frame; without exact map coordinates
we cannot distinguish unique trees.

Relevant context: Figure 8

51540000000000011111111232
15144000000000011111111111
11515440000004411111111111
11111144440444444111111151
11111111444440004411111115
11111511444400004441111115
11111111144440044411111111
11151111114444444451551511
11151151111444441551511151
11111355111111111111111111
15582222711111515111111111
11222732331111111111111111

Figure 8: Part of the global map in backend data, full
map is 64x64. Each number represents a type of tile.

Difficulty analysis. This question is challenging
because the agent observes only a partial map at
each step. As a result, counting “unique trees” can-
not be solved by summing per-frame tree counts;
the same tree may repeatedly enter/leave the view
across time. Answering correctly requires strong
spatial reasoning to (i) integrate observations over
time into a coherent global map, and (ii) perform
object identity tracking across frames to dedupli-
cate revisits. Although the agent refuses to answer,
the question is in fact answerable. In our ground-
truth pipeline, we first extract a global map for
each game instance (0=water, 1=grass, 2 = stone,
3 = coal, 4 = sand, 5=tree, etc.). Using the agent’s
real-time position, we compute the union of all map
regions that were ever observable along the trajec-
tory, i.e., the exact explored/seen area. Meanwhile,
we update the global map according to the agent’s
actions (e.g., chopping a tree), so the global map re-
flects the environment dynamics rather than a static
snapshot. With the reconstructed seen-area plus
these action-conditioned updates, the total number
of unique encountered trees can be calculated.
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Case 7: Challenging Question 2 .

Question: At step 118, from the player’s current
location, what movement is required to reach the
nearest lake? Respond with ‘X steps left/right and
Y steps up/down’, ‘not answerable’ if the target is
never visible, or 0O if the player is already at the
target.

GT: 1 step right, 6 steps up and 3 steps
right

Pred: 4 steps right and 7 steps up

Model explanation: From step 118 the nearest
visible lake is the one reached earlier near steps
131-133, offset about 4 tiles right and 7 up.
Relevant context: Figure 9

we iy g lipiyg

step 124

=iy e 2zl

step 118

step 133

Figure 9: Figure for frames near the lake.

Difficulty analysis. The agent successfully identi-
fies a nearest lake that is not in the current frame,
implying it can relate the current position to a pre-
viously observed landmark across time, which is
already a non-trivial spatial reasoning capability.
The remaining difficulty stems from two factors.
First, the vertical distance is miscounted by one
step (the correct upward movement is 6, not 7),
showing how sensitive such questions are to small
coordinate errors. Second, the direct “up” displace-
ment is not necessarily traversable: the tile imme-
diately above the agent is stone and cannot be
crossed, so the valid shortest route must detour
around the obstacle. The ground-truth computation
follows the navigation algorithm in Appendix J,
which explicitly accounts for impassable terrain
when deriving the minimal path.

G Text-Game Environment (Jericho)

G.1 Jericho environment

We evaluate long-horizon memory in interac-
tive fiction (IF), where an agent interacts with a
world purely through natural-language commands
(e.g., take lantern, go north). We use Jeri-
cho (Hausknecht et al., 2020), a lightweight Python
interface that connects learning agents to classic Z-
Machine story files (e.g., .z3/.z5) through a Gym-

like API. At each step, the agent emits a text ac-
tion; the environment returns a textual observation,
a scalar reward/score signal (game-dependent), a
termination flag, and auxiliary metadata. Jericho
also provides utilities commonly used by text-game
agents, such as querying valid actions and access-
ing structured state information exposed by the
underlying interpreter (when available). This setup
yields long trajectories with sparse rewards and
a large, compositional action space, making it a
suitable testbed for evaluating memory-dependent
reasoning across extended interaction histories.

G.2 Game suite

Table 19 lists the Jericho games used in our text-
game benchmark. They cover diverse genres (clas-
sic cave-crawls, office mysteries, fantasy quests,
short-form vignettes) and vary widely in explo-
ration difficulty, puzzle dependency, and required
world knowledge.

H Visual Game Environment (Crafter)

H.1 Crafter environment

We also evaluate memory in a visual open-world
survival environment, Crafter (Hafner, 2022),
which is designed as a compact Minecraft-inspired
benchmark with procedurally generated 2D worlds
and a technology tree (resources — tools — ad-
vanced resources). Crafter episodes are long-
horizon and partially observable: at each step, the
agent receives a 64 x 64 RGB top-down crop cen-
tered on the player and must balance survival (food,
water, energy, health) with exploration and crafting
progress (Hafner, 2022). Agents are evaluated by
whether they can unlock a diverse set of semanti-
cally meaningful achievements within an episode,
which probes generalization, long-term reasoning,
and deep exploration (Wu et al., 2023).

In our setup, we provide a textual HUD summary
each step (derived from the environment state) and
attach a fixed icon legend to help resolve object
identities from pixels. Figure 10 shows the icon
legend used throughout our experiments.

H.2 Observation example

Figure 11 shows a single Crafter observation as
seen by the agent. The upper region is a local
top-down view centered on the player, while the
bottom HUD encodes the player’s internal state
(e.g., health/food/water/rest) and inventory counts
(materials and crafted tools). In this example, the
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ROM Title Genre / Setting One-sentence synopsis

advent.z5 Colossal Cave Adventure Classic exploration / cave-crawl Explore a vast cave system, solve inventory puzzles, and collect treasures for score.

awaken.z5  The Awakening Mystery / survival You awaken amid storm and mud with fragmented memory and must recover your
bearings and escape danger.

balances.z5 Balances Fantasy puzzle / spellcraft A short, spell-focused adventure: learn and cast scroll-based spells to progress and
collect objectives.

dragon.z5 Dragon! Micro-IF / humorous vignette A very short scenario centered on playing a dragon pursuing a single-minded goal.

gold.z5 Goldilocks is a FOX! Fairy-tale remix / puzzle adventure A puzzle-driven mashup of fairy-tale motifs (e.g., bears, wolves, magic-tale references).

jewel.z5 The Jewel of Knowledge Classic dungeon crawl Brave a lethal multi-layer dungeon to obtain the fabled Jewel of Knowledge guarded
by powerful foes.

ludicorp.z5  The Ludicorp Mystery Modern mystery / office building Investigate a game company’s office to uncover why a long-awaited release has gone
missing.

moonlit.z5  The Moonlit Tower Symbolic fantasy / atmospheric Navigate a surreal tower of symbols (masks, seasons, symmetry) to uncover meaning
and resolution.

pentari.z5 Pentari Fantasy / military prequel As a company commander on leave, you navigate a compact fantasy town and events
before a looming mission.

reverb.z5 Reverberations Thriller / comedy-adventure A pizza-delivery surfer gets entangled in an escape plot, murder attempts, and a
conspiracy with romantic side-threads.

sorcerer.z3  Sorcerer Fantasy / Infocom spell adventure Track the vanished guildmaster Belboz via magical clues and avert a looming threat to
the Circle of Enchanters.

zork1.z5 Zork I: The Great Underground Empire  Classic treasure-hunt dungeon Explore the Great Underground Empire, solve puzzles, and amass treasures for points.

zork2.z5 Zork II: The Wizard of Frobozz Classic dungeon + antagonist Continue deeper in Zork while contending with the Wizard’s interference and advanced
puzzles.

zork3.z5 Zork III: The Dungeon Master Classic dungeon / endgame trial Push into the deepest reaches of Zork for a culminating trial involving the enigmatic

Dungeon Master.

Note: Synopses are summarized from publicly available game catalog blurbs and archival entries (e.g., [IFDB/IFWiki/IF Archive).

Table 19: Jericho text-game suite used in this paper (ROM filenames and brief synopses).
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Figure 10: Crafter icon legend used by our visual agents.
‘We attach this legend to each step to disambiguate ter-
rain, resources, stations, and creatures from map.

player stands at the boundary between grass and
water, with nearby trees and stone terrain contain-
ing coal and lava. Throughout our experiments, we
additionally provide a textual HUD summary each
step (for exact numbers) and attach the icon legend
in Fig. 10 to disambiguate object identities.

Figure 11: Example Crafter observation (agent input).
The agent receives a 64 x 64 RGB image containing
a local top-down crop around the player (top) and an
inventory/status HUD (bottom).

H.3 Crafter instructions

WORLD VIEW & HUD. You aim to survive longer and
maximize unlocked achievements. You observe a 64 x 64
RGB top-down crop centered on the player. A HUD
exists in the image; we also provide a text HUD each step
with last step’s numbers. Trust the text HUD over pixels
for numeric state diagnosis (food/drink/energy/safety).
An icon legend image is attached at each step to resolve
object appearance (player, terrain, resources, stations,
creatures). Expect darker icons at night and be more
conservative.

ENVIRONMENT & OBJECTS (identify before act-
ing). Water (lake) enables drinking; sand often borders
lakes. Trees/grass yield wood; stone and ores appear on
rocky terrain (coal/iron/diamond require stronger tools).
Caves are darker stone; hostile creatures are more com-
mon at night. Lava is hazardous; bridge via placed stone.
Stations/placeables include table and furnace (for ad-
vanced tools), plus stone blocks and plants.

SURVIVAL-FIRST POLICY. When energy is low (e.g.,
< 6), prioritize sleep. Night increases danger and re-
duces visibility. If low water: seek the nearest lake and
drink; if low food: harvest plants or obtain food from
a cow. Avoid action spamming; if repeated interactions
have no effect, you are likely not adjacent or not facing
the target.

PROGRESSION (only when needs are safe). Early:
gather wood — place table — craft wood tools (including
a defensive sword). Mid: obtain stone/coal — place
furnace — craft stone tools and mine iron. Iron tier:
with table+furnace and iron+coal+wood, craft iron tools
and then mine diamond. Keep stations in safe locations;
use stone placement to bridge lava or block chokepoints;
plant saplings for future food.

REASONING STYLE. Provide a brief diagnosis
(health / hunger / thirst/ energy) and a concise next-step
plan. Be specific about your intended target (e.g., lake /
tree / table/ cow) and your current facing direction.
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Type Template Question template Ans.

Single-Hop A_action At step {step}, what action did you execute? Action
A_reason At step {step}, what is the first sentence of your reasoning? String
A_location Before performing the action at step {step}, what is your location? Location
A_obs_before Before performing the action at step {step}, what is the observation? String
A_obs_after After performing the action at step {step}, what is the resulting observation? String
A_reward After performing the action at step {step}, what is the cumulative reward so far? Integer
A_valid_action At step {step}, is ‘{action}” a valid action? Answer in ‘yes’ or ‘no’. Yes/No
A_gain_item At which step did you {first / last} gain ‘{item}’? Step #
A_enter_leave At which step did you {first start being at / first leave / last start being at} ‘{location}” before ~Step #

performing the action?

A_keyword_occurrence Which step is the {first/second / last / second last} step whose reason mentions ‘{keyword}’? Step #

Multi-Hop B_gain_after_action After first obtaining ‘{item}’, what action is executed {delta} step(s) later? Action
B_gain_after_location After first obtaining ‘{item}’, what is your location {delta} step(s) later? Location
B_gain_after_observation After first obtaining ‘{item}’, what is the observation {delta} step(s) later? String
B_gain_after_reward After first obtaining ‘{item}’, what is the cumulative reward {delta} step(s) later? Integer
B_keyword_after_action After the first step whose reason mentions ‘{keyword}’, what action is executed {delta} Action

step(s) later?
B_keyword_after_location  After the first step whose reason mentions ‘{keyword}’, what is your location {delta} step(s) Location

later?
B_keyword_after_ After the first step whose reason mentions ‘{keyword}’, what is the observation {delta} String
observation step(s) later?
B_keyword_after_reward After the first step whose reason mentions ‘{keyword}’, what is the cumulative reward Integer

{delta} step(s) later?

Induction C_action_mode What is the most frequent action executed? Action
C_distinct_locations From steps {L} to {R}, how many distinct locations were visited? Integer
C_most_frequent_location From steps {L} to {R}, what is the most frequently visited location? Location
C_total_dwell Which is the location with the longest duration of stay in total (within {L}-{R})? Location
C_keyword_count_obs From steps {L} to {R}, how many times does ‘{keyword}’ appear in observations? Integer
C_keyword_count_reason From steps {L} to {R}, how many times does ‘{keyword}” appear in reasons? Integer

Spatial D_compare_distances Which is closer (fewer steps to reach), ‘{A}’ or ‘{B}’, from the location at step {anchor}? Location
D_direction_count From steps {L} to {R}, how many times did you move {direction}? Integer
D_reachable_locations_ How many distinct locations are reachable from ‘{location}” within {k} steps? Integer
count
D_reachable_within Is “{target}’ reachable from ‘{source}’ within {k} steps? Answer in ‘yes’ or ‘no’. Yes/No
D_sequence_moves At step {step}, if you move {sequence of directions}, which location do you reach? Location
D_shortest_path What is the shortest path length between the locations at steps {i} and {j}? Integer

Temporal E_gain_delay After first obtaining ‘{item}’, how many steps later is ‘{item}’ obtained again? Integer
E_item_before_leave Before first leaving ‘{location}’, did you ever obtain ‘{item}’? Answer in ‘yes’ or ‘no’. Yes/No
E_item_order Before first time obtaining ‘{A}’, have you ever obtained ‘{B}’? Answer in ‘yes’ or ‘no’.  Yes/No
E_region_stay After first entering ‘{location}’, for how many consecutive steps did you stay in ‘{location}’? Integer
E_scene_order Before first time entering ‘{A}’, have you ever been to ‘{B}’? Answer in ‘yes’ or ‘no’. Yes/No

Logical F_has_item At step {step}, did you have ‘{item}’ in inventory? Answer in ‘yes’ or ‘no’. Yes/No
F_list_inventory After performing the action at step {step}, what are all the items you carry? List
F_max_inventory_step After completing which step does the inventory contain the most items? Step #
F_location_most_ At which location did you gain the most distinct items? Location
item_gain

Adversarial - Construction rule: take any non-adversarial template above and instantiate it with a Not Answer-

value that does not occur in the trajectory but valid in the game environment (e.g., able
item/location/keyword), creating a false-premise question. The correct response should

be not answerable.

Example: instantiate A_gain_item with an unseen item.

“At which step did you first gain ‘sword’?” — not answerable.

Table 20: Full question template inventory for Jericho text games. Keyword-occurrence variants are merged; Multi-
Hop templates are listed individually. Adversarial templates are constructed by instantiating existing templates with
nonexistent (false-premise) values; see example.
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Type Template Question template Ans.

Single-Hop A_action What is the action at step {step}? Action
A_reason What was the reasoning at step {step}? String
A_stat What was your {stat} value at step {step}? Integer
A_terrain What terrain was under you at step {step}? Terrain
A_inventory How many {resource} did you have at step {step}? Integer
A_occ_action Which step is the {first / second / third / last} step whose action is ‘{action}’? Step #
A_occ_keyword Which step is the {first/ second / third / last} step whose reason mentions ‘{keyword}’? Step #
A_occ_terrain Which step is the {first/ second / third / last} step which you stood on {terrain} terrain? Step #

Multi-Hop B_action What is the action {offset} step(s) {before / after} the {first / second / third / last} step whose Action

action is ‘{action}’?

B_keyword What is the action {offset} step(s) {before / after} the {first / second / third / last} step whose Action
reason mentions ‘{keyword}’?

B_terrain What is the action {offset} step(s) {before / after} the {first / second / third / last} step which Action
you stood on {terrain} terrain?

Induction C_keyword_count From steps {L} to {R}, how many steps have reasons that mention ‘{keyword}’? Integer
C_most_move From steps {L} to {R}, what was the most common movement direction? Direction
C_longest_run From steps {L} to {R}, what was the longest consecutive run of {action}? Integer
C_collect_res From steps {L} to {R}, how many times did you successfully collect {resource}? Integer
C_resource_peak After completing which step does {resource} reach its maximum quantity (at least 1)? Step #
C_resource_change From steps {L} to {R}, what was the change in {resource} quantity? Integer
C_visible_count From steps {L} to {R}, in how many steps could you see any {terrain} in the frame? Integer
C_adjacent_count From steps {L} to {R}, in how many steps were you adjacent to any {terrain}? Integer
C_distinct_trees From steps {L} to {R}, how many distinct trees did you see in total? Integer

Spatial D_displacement From steps {L} to {R}, what was the total displacement of you? Answer in ‘X step(s) Displace-

left/right and Y step(s) up/down’. ment
D_path_length From steps {L} to {R}, how many movement steps did you successfully take? Integer
D_predict_terrain At step {step}, if you walked {direction} {K} step(s), what terrain would be underfoot? Terrain
D_nearest_dir At step {step}, in which direction is the nearest {terrain} relative to you? Direction
D_nav_to_target At step {step}, how should you move to reach the nearest {terrain}? Answer in displacement Displace-
format (or ‘0’ if already on target). ment
D_min_dist From steps {L} to {R}, at which step were you closest to the nearest {terrain}? (If ties, Step #
answer the first.)
D_max_dist From steps {L} to {R}, at which step were you furthest from the nearest {terrain}? (If ties, Step #
answer the first.)

Temporal E_event_order Did {eventA} happen before {eventB}? Answer in ‘yes’ or ‘no’. Yes/No
E_event_interval After {eventA}, after how many steps did {eventB} occur? Integer
E_state_after_event Immediately after {event}, what was your {stat} value? Integer

Logical F_craft_feasibility At step {step}, are the collected resources enough to craft {craft}? Answer in ‘yes’ or ‘no’. Yes/No
F_event_loc At which step(s) did you {event}? (Answer as a list of step numbers.) List
F_attack_count How many times were you attacked? Integer
F_death_reason What was the cause of your death at the end of the episode? String
F_first_attack_step At which step were you attacked for the first time? Step #
F_last_attack_step At which step were you attacked for the last time? Step #
F_inventory_contents At step {step}, what are all the items you carry? List

Adpversarial - Construction rule: take any non-adversarial template above and instantiate it with a Not Answer-

value that does not occur in the trajectory but valid in the game environment (e.g., re- able

source/terrain/keyword/action), creating a false-premise question. The correct response
should be not answerable.

Example: instantiate A_occ_keyword with an unseen keyword.

“Which step is the first step whose reason mentions ‘teleport’?” — not answerable.

Table 21: Full question template inventory for the visual-game (Crafter) benchmark. Occurrence variants are
merged; Multi-Hop templates are listed individually.
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I Full Question Template

We provide the full question template in Table 20
for text games and in Table 21 for visual games.

J Demonstration of Ground Truth
Computation Algorithm

We demonstrate the ground-truth computation us-
ing D_nav_to_target questions as an example.

We compute its ground-truth by (i) building the
dynamic grid for the episode, (ii) running BFS from
the query step position to all terrain cells matching
the target terrain, and (iii) reconstructing one or
multiple shortest move sequences. See Algorithm 2
and Algorithm 3.

Algorithm 2 Ground-truth for D_nav_to_target

Require: base grid G; trajectory positions
pos[t] = (r¢, ct); actions act[t]; inventories
inv]t]; optional dynamic maps maps|[t].

Require: query step ¢y (0-based internally);
target terrain name 7.

Ensure: ground-truth answer y (STRING / LIST /

not answerable).

: /* Build / select dynamic grid */

. if maps is available then
dyn_grid < maps|last]

else
dyn_grid <

APPLYTRAJECTORYEDITS(G, pos, act,

inv)

6: end if

7: start < poslto]

8: target_ids «+ {id |
TERRAINIDTONAME[id] = 7 }

9: (d, targets, parent) <«
BFSALLMINTARGETS(dyn_grid, start,

target_ids) > Algorithm 3

10: if d = None then

11: return not answerable

12: else if d = O then

13: return 0

14: end if

15: routes < 0

16: for all u € targets do

17: dirs <~ RECONSTRUCTPATH(parent,
start, u)

18: routes <
routes U { COMPRESSPATH(dirs) }

19: end for

20: if [routes| = 0 then

21: return not answerable

22: else if |[routes| = 1 then

23: return the only element in routes

24: else

25: return SORTEDLIST(routes)

26: end if

A s

> safeguard
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Algorithm 3 BFSALLMINTARGETS

Require: grid dyn_grid; start cell start; target
terrain id set target_ids.

Ensure: (d, targets, parent), where d is the
shortest distance to any target terrain cell;
targets are all target cells at distance d;
parent stores BFS tree for path
reconstruction.

1: initialize FIFO queue @) < [start]
2: initialize distance map dist[start] < 0
3: initialize parent map parent (empty)
4: best_d < None, targets « ()
5: while @) not empty do
6: pop cell x from @
7: d, + dist[z]
8: if best_d # None and d, > best_d then
9: break > all remaining nodes are
farther
10: end if
11: if TERRAINID(dyn_grid, )
€ target_ids then
12: if best_d = None then
13: best_d < d,
14: end if
15: targets < targets U {z}
16: continue
17: end if
18: for all 4-neighbor y of x that is traversable
do
19: if y not visited then
20: dist[yl <« d, +1
21: parent[y] < x
22: push y into @
23: end if

24: end for

25: end while

26: if best_d = None then

27:  return (None, (), parent)

28: else

29: return (best_d, targets, parent)
30: end if
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