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Abstract

To assist humans over extended periods in real
homes, embodied agents must remember user
routines, world states, and past interactions. Ex-
isting long-term memory benchmarks mainly
evaluate language-centric retrieval and ques-
tion answering, while embodied benchmarks
often focus on short-horizon task execution
without testing long-term memory use in dy-
namic environments. We introduce World-
Lines, a project-driven benchmark for long-
horizon embodied household assistance. It con-
structs temporally extended household traces
with dialogues, actions, execution feedback,
object and device state changes, and converts
them into evidence-linked samples for Memory
QA and Embodied Task Planning. We further
propose ObsMem, an observer-grounded mem-
ory framework that maintains visibility-aware
memories and action-native state trails for state-
aware decisions. Experiments reveal persistent
challenges in partial observability, overwritten
world states, and translating long-term memory
into embodied plans, while ObsMem offers a
stronger reference architecture for this setting.

1 Introduction

To operate reliably over long horizons, embodied
agents need more than memory of past interactions;
they must maintain a stateful view of an evolving
world (Fung et al., 2025; Yang et al., 2025; Chu
et al., 2026). Real service requests often unfold
over time and depend on user routines, object states,
device settings, and recent events. For example, a
user may say: “I am going to the gym at 7:30 and
will be back home at 8:30. After I return, I would
like to watch a movie in the living room as usual
and have something to eat. I also just bought some
fruit and put it in the refrigerator.” Responding
correctly requires the robot to connect the current
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Figure 1: Overview of WorldLines. WorldLines tracks
cross-day dialogue, state changes, and actions for mem-
ory QA and state-aware embodied planning.

instruction with prior schedules, preferences, and
environmental states.

This challenge becomes sharper in embodied
settings. Long-horizon embodied tasks should
not be reduced to isolated dialogues, single ac-
tion episodes, or one-off state changes. Existing
embodied benchmarks have advanced navigation,
rearrangement, manipulation, and multi-agent plan-
ning (Li et al., 2023; Puig et al., 2024), but they typ-
ically remain bounded within short episodes where
state does not persist across interactions. Real long-
horizon interaction instead requires agents to main-
tain an evolving world state across dialogue, hu-
man activity, robot actions, and device changes.
Because the world is partially observable, objects
may be moved outside the robot’s view, and con-
tainer or device states may change without direct
observation. Therefore, this work focuses not on
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single-task execution, but on whether agents can
maintain partially observable world states and use
them for later question answering, planning, and
execution.

As summarized in Table 1, existing benchmarks
split this problem into two incomplete settings.
Long-term memory benchmarks evaluate cross-
session retrieval, updating, and question answering,
but usually decouple memory from physical state
transitions, action feedback, and executable con-
straints (Wu et al., 2025; Maharana et al., 2024).
Embodied benchmarks cover navigation, rearrange-
ment, manipulation, and multi-agent planning, but
are mostly confined to short episodes, where world
states rarely persist across interactions or affect
later tasks (Chang et al., 2025; Shridhar et al.,
2021). This raises a central question for embodied-
agent evaluation: can agents maintain persistent
state over long-horizon, partially observable inter-
actions and use it for downstream embodied tasks?

This motivates WorldLines, a benchmark for
evaluating long-horizon stateful embodied agents
(Figure 1). WorldLines generates extended traces
that include dialogue, human activity, robot actions,
device control, execution feedback, and world-state
changes, and converts them into evidence-linked
Memory QA and Embodied Task Planning sam-
ples. In this setting, memory is not the endpoint
of evaluation; it is the mechanism through which
agents maintain state, trace evidence, and make
later decisions.

WorldLines shows that long-horizon embodied
agents require more than flat text-retrieval mem-
ory. Text-snippet memories (Xu et al., 2026b; Kang
et al., 2025; Chhikara et al., 2025; Xu et al., 2026a)
struggle to distinguish direct observations, reported
information, and unobserved changes, and to track
action-induced updates to objects, containers, and
devices. We therefore introduce ObsMem, an
observer-grounded memory framework that sep-
arates historical evidence, structured world states,
and agent beliefs to support persistent state mainte-
nance and embodied decision making under partial
observability.

The main contributions of this work are as fol-
lows:

• We introduce WorldLines, a benchmark for
long-horizon stateful embodied agents, cov-
ering Memory QA and Embodied Task Plan-
ning in dynamic, partially observable environ-
ments.

• We develop a project-driven trace generation
pipeline that turns grounded worlds, long-
term activity threads, executable actions, and
evolving states into evidence-linked evalua-
tion samples.

• We propose ObsMem, an observer-grounded
memory framework that separates event evi-
dence, state trails, and belief records for long-
horizon embodied QA and planning.

2 Related Work

2.1 Benchmarks for Long-Horizon Agent
Memory

Long-term memory benchmarks for LLM-based
agents have been developed primarily in conver-
sational and multimodal settings. LoCoMo (Ma-
harana et al., 2024) evaluates cross-session dia-
logue memory, LongMemEval (Wu et al., 2025)
studies long-span memory updating, HaluMem
(Chen et al., 2026) focuses on memory consis-
tency and hallucination, and RealMem (Bian et al.,
2026) introduces project-oriented long-term inter-
action. These benchmarks provide useful pro-
tocols for retrieval, QA, and consistency evalua-
tion, but remain largely text-centric. Embodied
benchmarks cover complementary settings: ALF-
World (Shridhar et al., 2021) studies language-
conditioned household tasks, ProcTHOR (Deitke
et al., 2022) and Habitat 3.0 (Puig et al., 2024) sup-
port simulated navigation and interaction, while
PARTNR (Chang et al., 2025) and BEHAVIOR-1K
(Li et al., 2023) focus on collaboration, rearrange-
ment, and long-horizon task execution. EvoEm-
pirBench (Zhao et al., 2025) further evaluates dy-
namic spatial reasoning under partial observability,
but centers on game-like navigation and elimina-
tion tasks. However, they do not explicitly evaluate
long-term memory in embodied task completion.

2.2 Agent Memory Systems
Existing LLM-based agents commonly use external
memory to store, update, and retrieve information
beyond a single context window (Hu et al., 2026b).
MemGPT (Packer et al., 2024) organizes context
and external storage into hierarchical memory tiers,
while MemoryBank (Zhong et al., 2024) accu-
mulates user-specific memories from long-term
conversations. Recent systems further improve
memory management through operating-system-
inspired scheduling (Kang et al., 2025), scalable
extraction and update pipelines (Chhikara et al.,
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Benchmark Setting Long-Term Project-Driven Persistent World State Physical & Device Ops.

LongMemEval Dialogue ✓ – – –
LoCoMo Dialogue ✓ – – –
RealMem Dialogue ✓ ✓ Project state –
MEMENTO Embodied – – – ✓
PARTNR Embodied – – – ✓
WorldLines Household Sim. ✓ ✓ World state ✓

Table 1: Comparison of representative long-term memory and embodied-agent benchmarks. WorldLines combines
project-driven long-term memory with persistent household world states, physical actions, and smart-device
operations in simulated household environments.

1. Temporal-Spatial Reasoning

Where's my keyboard? 
I remember it being on 
the coffee table for the 
past couple of days.

User

Embodied Memory
•2026-05-02 07:42: Bob put keyboard in the 

kitchen.
•2026-05-03 19:25: Robot brought it back to the 

coffee table.
•2026-05-04 15:30: Bob casually put it on the sofa.

Kitchen (before) Sofa (now)

15:30
Moved to

sofa

Agent
The Keyboard should be on the sofa. It was moved there on May 4, 
when you were looking for monitor parts, you casually put it on the 
sofa.

2. Object State Updating

User

Agent

You already brewed 
coffee? What time did 
I get home last night?

User

Agent

4. Proactive Assistance3. Embodied Planning

User

I want to play games.
Please help prepare 
the living room.

Embodied Memory
•Bob prefers sitting on the sofa.
•Bob likes to drink beverages while playing video 

games.
•Bob occasionally plays games on the keyboard.

Sofa
Keyboard

(currently on sofa)

Game console
(bedroom)

Drinks
(refrigerator) Clothes

(on the sofa)

Agent

1. navigate_to(sofa)
2. pick (clothes)
3. navigate_to(bedroom)
4. place (clothes, bed)

5. navigate_to(refrigerator)
6. pick (drink)
7. close (refrigerator)
8. navigate_to(sofa)

Action Plan(Executable)

What should the
robot remind the 
family before 
tomorrow morning?

Remind them to pack the science project board before 07:30. It is 
currently near the sofa, so the robot should check the lining room first. 

Embodied Memory
•May 4 evening: Child left the science project 

board near the sofa.
•Carry-forward note: science fair materials must 

be packed before school.
•May 5 morning plan: family leaves home at 07:45.

Tomorrow

07:45
leave home

Science 
project board 

(near sofa)

Embodied Memory
•May 5 23:34: Alice returned late with her briefcase

and said “Tomorrow’s meeting is early.”
•May 5 23:36: Robot set the coffee maker timer to 

07:00.
•May 6 07:00: Coffee finished brewing.

Alice: You already brewed coffee?
What time did I get home last night?

Robot: You arrived at 23:34 and mentioned an early morning.
I saw you go straight to the bedroom, so I set the coffee maker timer to 07:00.

Alice: Good. On late-work nights like that, set it to 07:00.
Robot: Noted. After returns later than 22:30, 

I will default the next brew time to 07:00,
unless you give other instructions.

You arrived at 23:34 and mentioned an early meeting, so I set the coffee maker to 
07:00. New preference: after 22:30 late-work returns, default brew time = 07:00.

State Update: timer = 07:00 Memory Write: late-work return , brew at 07:00

Figure 2: Core dimensions of WorldLines. WorldLines evaluates four aspects of long-horizon embodied tasks:
temporal-spatial reasoning, object state, embodied planning, and proactive assistance.

2025), agentic memory organization (Xu et al.,
2026b), and graph-structured relational memory
(Hu et al., 2026a). These works mainly study persis-
tent memory for conversational or general-purpose
agents. Memory has also been explored in embod-
ied agents. MEMENTO (Kwon et al., 2025) studies
personalized embodied assistance, while semantic-
map and scene-graph methods maintain structured
object, spatial, and relational knowledge for plan-
ning (Rana et al., 2023; Gu et al., 2024). Other
approaches retrieve past observations for embod-
ied decision making (Xie et al., 2025; Wang et al.,
2025; Zhou et al., 2024; Lillemark et al., 2026) or
store reusable skills and programs for future tasks
(Wang et al., 2024).

3 WorldLines Benchmark Construction

3.1 Benchmark Formulation

WorldLines evaluates whether embodied agents can
maintain household world states over long-term in-
teractions. Each sample is derived from a multi-day
household trace containing dialogue, human activ-
ity, robot actions, execution feedback, and object
or device state changes. Beyond asking what an
agent remembers, WorldLines tests whether the
agent can use pre-cutoff visible history for ques-
tion answering and state-aware planning. Formally,
each instance is represented as

xi = (H<ci , qi, Sci , Ei, y⋆i , τi),
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Figure 3: Overview of the WorldLines construction framework. WorldLines builds long-horizon embodied
traces from grounded household worlds, project-driven activities, and closed-loop state-changing interactions. These
histories are converted into cutoff-controlled, evidence-linked samples for Memory QA and Embodied Task Planning,
testing persistent world-state maintenance under partial observability.

where H<ci is the visible history before cutoff ci,
qi is the question or task instruction, Sci is the
ground-truth world state, Ei is the supporting ev-
idence chain, y⋆i is the reference answer or plan,
and τi denotes the task type. The agent observes
only (H<ci , qi); states and evidence are used only
for evaluation.

WorldLines contains two task families (Figure 2).
Memory QA evaluates recovery of historical events,
state changes, preferences, and routines. Embodied
Task Planning evaluates whether an agent can gen-
erate a state-consistent plan or next-step decision
from visible history.

3.2 Project-Driven Trace Generation

World grounding. Figure 3 summarizes the World-
Lines construction pipeline. World grounding de-
fines what exists in each household and what can be
executed. WorldLines uses Habitat/HSSD house-
hold scenes as grounded environments and curates
interactive objects, receptacles, and controllable
devices. These assets are converted into a semantic
view for project generation and an executable scene
view for validation. The executable view orga-
nizes object instances, device states, openable com-
ponents, and action constraints in a scene-graph-
style representation, allowing generated actions to
be affordance-checked and written into replayable
state trajectories.

Project planning. Project planning gives each
trace a persistent household thread. Instead of gen-
erating isolated daily events, WorldLines first cre-
ates long-term projects from the semantic view.
Each project describes a multi-day life process,
such as routine support, meal preparation, home
organization, or device coordination, and specifies
participants, relevant spaces and entities, temporal
preferences, and constraints.
Closed-loop trace simulation. Closed-loop simu-
lation turns long-term projects into cross-day event
streams that change the world state. For day d, the
generation context is

Cd = (W,Pd, Sd−1, N<d),

where W is the grounded world, Pd denotes active
projects, Sd−1 is the accumulated state, and N<d

contains carry-forward notes. Conditioned on Cd,
the generator proposes dialogue, human activity,
robot actions, and device operations. A determinis-
tic executor checks entity references, affordances,
and preconditions, and only valid outcomes are
written as structured state changes.
Carry-forward memory. Carry-forward mem-
ory makes traces continuous across days. After
each day, WorldLines extracts notes from events,
execution feedback, and state changes, including
changed object or device states, user preferences,
unresolved plans, recent events, and potential con-
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flicts. These notes are passed to later days with the
accumulated state, so future interactions depend on
earlier household history.

3.3 Evidence-Linked Task Construction

After generating cross-day traces, WorldLines con-
structs evaluation samples from events and state
changes that actually occurred. It indexes events,
state timelines, entity histories, and action histories,
then mines candidate questions and planning tasks.
The LLM only rewrites structured candidates into
natural language; the cutoff, ground truth, and evi-
dence chain are determined programmatically.

Each sample has a context cutoff. The evalu-
ated agent observes only pre-cutoff history, and the
reference answer or plan must be supported by pre-
cutoff evidence. This prevents future information
leakage while enabling event-level retrieval and
state-consistency evaluation.

Memory QA covers current states, overwritten
states, multi-hop temporal reasoning, preferences,
routines, and source-aware questions. Embodied
Task Planning requires a plan or next-step decision
from the current instruction, historical state, and
executable constraints. Together, these tasks test
whether long-horizon state maintenance supports
reliable QA and embodied decision making.

4 ObsMem: Observer-Grounded
Memory

WorldLines requires memory systems to ground
answers in past evidence, maintain mutable world
states, and reason about what the robot is justified
to know under partial observability. ObsMem ad-
dresses these requirements with four typed tracks
for events, states, beliefs, and commitments.

4.1 Memory State Formulation
ObsMem treats the embodied history as a tempo-
rally ordered observation stream

O1:T = {ot}Tt=1, ot = (xt, τt, ℓt, At, Vt),

where xt is the event content, τt the timestamp, ℓt
the location anchor, At the involved actors or en-
tities, and Vt the observer set. Since the world is
partially observable, ObsMem only ingests events
visible to the robot, or information explicitly re-
ported through visible dialogue.

Let r denote the robot. The observer gate stores
only robot-visible events and creates a reported
atom for visible utterances by other actors:

Φ(ot) =

{
{eobst } ∪ 1[utt(ot) ∧ actor(ot) ̸= r]{erept }, r ∈ Vt,

∅, r /∈ Vt.

(1)
At time t, ObsMem maintains a typed memory

state
Mt = (Et,St,Bt,Kt),

where Et stores immutable event evidence, St

stores structured state trails, Bt stores epistemic
beliefs, and Kt stores future-oriented commitments
such as requests, reminders, and promises.

4.2 Observer-Grounded Memory Update
ObsMem updates memory online through a
visibility-gated loop: hidden events are never writ-
ten into the agent memory. For each visible event,
ObsMem appends an event atom to Et and marks its
provenance as observed or reported, preventing di-
rect observations, reported claims, and unobserved
changes from being collapsed into the same text
memory.

For executable actions, ObsMem converts action
schemas into structured state updates:

∆t = (i, a, vold, vnew, τt, st),
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Figure 5: Overview of ObsMem. ObsMem organizes observer-grounded traces into typed views of events, states,
beliefs, and commitments, then consolidates episodes for structured retrieval and grounded answering.

where entity i has attribute a changed from vold
to vnew at time τt with source st. These updates
are written into St, which maintains both the latest
snapshot and historical state trail, enabling current-
state and overwritten-state reasoning.

Each state update also refreshes the belief track.
Direct observations receive high confidence, while
reported information receives lower confidence.
Later intervening events by other actors can de-
cay a belief from fresh to stale or uncertain, and
conflicting evidence marks it as contradicted. Thus,
ObsMem records both the last supported state and
whether the robot is still justified in believing it.

Let It be intervening events affecting (i, a), At

their actors, and Ct contradicting evidence. With
fixed thresholds λI , λm, and λA, the epistemic state
is updated as

zt(i, a) =





contradicted, |Ct| > 0,

uncertain, |It| ≥ λI ∨ (|It| ≥ λm ∧ |At| ≥ λA),

stale, |It| > 0 ∨ ρt ̸= observed,

fresh, otherwise.

(2)
At episode boundaries, ObsMem performs pro-
gressive consolidation over buffered visible events.
It converts local event windows into searchable
episode cards and writes high-level facts, relations,
and commitments back to the typed stores. If con-
solidation fails, low-level event atoms and state
trails are still preserved.

4.3 Typed Retrieval and Reasoning
Given a question or task instruction q, ObsMem
retrieves evidence through typed routing rather than
a single flat memory search. It first predicts a query
plan

pq = (ηq, Iq, Aq, Tq),

where ηq is the intent, Iq are target entities, Aq

are relevant state attributes, and Tq is an optional
temporal constraint. The plan routes retrieval to the
appropriate views: current-state queries prioritize
St, past-event queries retrieve Et and episode cards,
epistemic queries access Bt, and future-oriented
queries may use commitments.

For answering and planning, ObsMem combines
event evidence, state facts, and belief records into a
grounded context. For example, a question asking
where a cup is now is routed mainly to state trails,
while asking whether the robot knows its location
also retrieves belief records. For planning, this
context exposes both relevant states and uncertainty
signals, helping avoid actions based on stale or
unobserved world states.

5 Experiment

5.1 Experiment Setup

Figure 4 summarizes the scale and temporal cover-
age of WorldLines. Beyond raw trace size, World-
Lines emphasizes delayed memory use and cross-
day evidence, requiring systems to recover precise
state-changing events rather than only broadly rele-
vant sessions.

We evaluate Mem0 (Chhikara et al., 2025), A-
mem (Xu et al., 2026b), MemoryOS (Kang et al.,
2025), GraphMem (Hu et al., 2026a), Graphiti (He
et al., 2025), HippoRAG2 (Gutiérrez et al., 2025),
and our proposed ObsMem on two evidence-linked
tasks: Memory QA and Embodied Task Planning.
All systems receive the same cutoff-controlled vis-
ible history. For QA, each system passes at most
five retrieved records to the answer generator, and
retrieval metrics are computed over these top-five
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Method Judge ↑ Perfect ↑ Sess. Any@5 ↑ Event R@5 ↑ StateMH-J ↑ StateMH-E ↑ StateSH-J ↑ Temp-J ↑
A-mem 0.575 53.2% 0.839 0.355 0.540 0.216 0.550 0.692
Mem0 0.554 53.2% 0.823 0.378 0.598 0.264 0.550 0.462
GraphMem 0.457 38.7% 0.806 0.243 0.529 0.184 0.417 0.359
MemoryOS 0.312 29.0% 0.452 0.085 0.287 0.086 0.350 0.308
Graphiti 0.642 58.1% 0.806 0.331 0.356 0.158 0.383 0.627
HippoRAG2 0.613 53.2% 0.774 0.274 0.621 0.172 0.600 0.615
ObsMem 0.713 69.0% 0.879 0.537 0.762 0.452 0.667 0.667

Table 2: Memory QA performance on WorldLines. All methods are evaluated on 310 Memory QA samples.
We report overall QA quality, session/event retrieval, and state- or temporal-reasoning diagnostics. StateMH-E
highlights event-level recall in the most evidence-demanding multi-hop state setting. Dashes denote unavailable
question-family results. Full family-level breakdowns are in Appendix A.8.

Variant Ablated Component Judge ↑ ∆ Judge Perfect ↑ Event R@5 ↑ Hidden Judge ↑ Latency ↓
w/ Full ObsMem – 0.699 – 66% 0.563 0.278 8.82
w/o Belief Belief-view retrieval 0.651 -0.048 63% 0.558 0.000 8.63
w/o State World-state retrieval 0.597 -0.102 56% 0.532 0.111 8.95
w/o Consol. Episode consolidation 0.554 -0.145 53% 0.419 0.167 9.16
w/o Selector Evidence selector 0.435 -0.264 40% 0.466 0.000 5.54

Table 3: ObsMem ablation results on a 62-sample diagnostic QA subset. Each variant ablates one query-time
memory view or mechanism while keeping the rest of the pipeline unchanged. Hidden Judge is computed on 6
hidden-until-observed questions. Latency is measured in seconds. Additional details are provided in Appendix A.5.

records. Questions and reference answers are gen-
erated with GPT-4o-mini under evidence-linked
constraints and manually verified against annotated
supporting evidence; see Appendix A.2. All mem-
ory systems use google/gemini-3.5-flash for
answer generation, and GPT-4o serves as the inde-
pendent judge. Additional baseline and evaluation
details are provided in Appendix A.1.

Metrics. We report Judge, the normalized LLM-
as-a-judge answer-quality score; Perfect Rate, the
fraction of answers with a normalized score of 1.0;
Session Any@5, the fraction of queries with at
least one gold supporting session among the top-
five retrieved records; and Event R@5, the average
fraction of gold evidence events covered by the top-
five records. Session-level recall measures coarse
context coverage, while event-level recall evaluates
precise embodied evidence recovery. Planning met-
rics are defined in Appendix A.6. Efficiency and
token-cost statistics are reported as supplementary
analysis in Appendix A.7.

Judge reliability. To validate the automatic judge,
we sample 80 system outputs covering all question
families and evaluated methods. Human labels
show substantial agreement (Fleiss’ κ = 0.71), and
GPT-4o reaches 87.5% agreement with the majority
human label and 0.82 Spearman correlation with
averaged human scores. Judge validation and multi-
backbone results are reported in Appendix A.3.

5.2 Overall Evaluation

Table 2 shows that ObsMem achieves the strongest
overall Memory QA performance. It obtains
the highest Judge score and Perfect Rate, indi-
cating that observer-grounded memory improves
downstream answer quality. Compared with the
strongest baseline on each metric, ObsMem im-
proves Judge by 0.071 over Graphiti and Event
R@5 by 0.159 over Mem0. This suggests that its
typed state trails and event-grounded retrieval help
recover the concrete household evidence needed
for answering.

The results also reveal a key property of World-
Lines: retrieving a broadly relevant session is not
sufficient for embodied memory. Several baselines
obtain relatively high Session Any@5, showing
that they often reach the correct coarse temporal
context, while their Event R@5 remains substan-
tially lower than ObsMem. In dynamic household
environments, a session may contain many object
movements, device operations, and dialogue re-
ports. Correct answering therefore requires identi-
fying the exact state-changing event, not only re-
trieving semantically related text.

We add FullContext, Grep+LLM, and Oracle Ev-
idence controls. Grep+LLM uses Gemini Flash to
extract 2–3 query keywords (at most 5), retrieves up
to 15 case-insensitive matching events, and passes
them to the same Gemini Flash answer model.
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Case Study

Day 1 evening Bob’s weekend coffee routine is set to 08:30.
Day 3 night Exhausted after work, Bob mistakenly sets the kitchen coffee timer to 04:00.
Day 4 early morning The robot detects the abnormal timer and corrects it to Bob’s weekday routine, 07:00.
Query “What time did Bob mistakenly set the coffee timer to, and what time did the robot correct it to?”

▲ Flat-text memory (Mem0) ✓ ObsMem
Retrieves the salient weekend routine 08:30 and the later
correction to 07:00.

Maintains a typed state trail for the coffee timer: routine,
anomalous update, and corrective update.

Answer: “Bob set it to 08:30, and the robot corrected it to
07:00.”

Answer: “Bob mistakenly set it to 04:00, and the robot
corrected it to 07:00.”

Failure: confuses a recurring routine with a one-off
erroneous state.

Why: separates routine=08:30, anomaly=04:00, and
correction=07:00 by entity, time, and actor.

Method Judge ↑ Perfect ↑ Sess. Any@5 ↑ Event R@5 ↑

FullContext 0.758 74.2% – –
ObsMem 0.713 69.0% 0.879 0.537
Grep+LLM 0.349 16.0% 0.306 0.165

Oracle Evidence 0.952 90.3% 1.000 1.000

Table 4: Context and oracle controls on Memory QA.
All methods use Gemini Flash for answer generation.

The question-family columns further show that
ObsMem performs best on StateMultiHop and
StateSingleHop questions, which require tracking
mutable household states through one or more
event transitions. We include StateMultiHop Event
R@5 in the main table because this family re-
quires recovering multiple state-changing events
rather than only locating a broadly relevant session.
Figure 6 illustrates this failure mode: a flat-text
memory retrieves the salient routine but misses the
anomalous state update, while ObsMem preserves
the full state trail. The StateMH-E column shows a
particularly large gap on event grounding for multi-
hop state questions, where ObsMem improves over
the strongest baseline by 0.188. A-mem remains
competitive on TemporalMemory questions, sug-
gesting that text-centric memories can be effective
when temporal cues are explicit. Detailed event-
level breakdowns and radar visualizations are pro-
vided in Appendix A.8 and Appendix A.4.

5.3 Ablation Study

We conduct ablations on a 62-sample diagnostic
subset covering the three question families and the
main ObsMem mechanisms. The full ObsMem
row is re-evaluated on this subset, so the results are
not directly comparable to Table 2. Table 3 ablates
four components: belief-view retrieval, world-state
retrieval, episode consolidation, and LLM-based
evidence selection. The w/o Belief and w/o State
variants remove only query-time access to the cor-

Method Plan ↑ State ↑ Precond. ↑ Mem. ↑
A-mem 0.542 0.566 0.581 0.524
Mem0 0.526 0.551 0.563 0.512
GraphMem 0.481 0.493 0.507 0.462
MemoryOS 0.337 0.361 0.376 0.319
ObsMem 0.684 0.721 0.702 0.690

Table 5: Downstream embodied planning results. Full
planning dimensions are provided in Appendix A.6.

responding memory views while keeping ingestion
unchanged.

The evidence selector is the most critical com-
ponent: removing it drops Judge from 0.699 to
0.435, despite moderate Event R@5, showing that
answer quality depends on selecting and combining
evidence across memory views, not only retrieval.
Disabling episode consolidation causes the second
largest drop, reducing Judge to 0.554 and Event
R@5 to 0.419, indicating the value of episode syn-
thesis and conflict resolution. Removing world-
state retrieval hurts current-state reasoning, since
object locations and device states must be recon-
structed from raw events. The w/o Belief variant
has a smaller overall impact, but reduces Hidden
Judge from 0.278 to 0.000, suggesting that epis-
temic belief tracking is especially useful under par-
tial observability.

5.4 Downstream Embodied Planning
Evaluation

Beyond Memory QA, we evaluate whether re-
trieved long-term memory can support executable,
state-aware household planning. This setting is
more demanding than QA because an agent must
not only recall relevant evidence, but also use it
to check object locations, container states, device
states, and action preconditions before producing
an action sequence. Although the planning set con-
tains 21 samples, each instance is action-dense,
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with an average of 7.6 target actions and 3.1 re-
membered state constraints.

Table 5 reports planning results. ObsMem ob-
tains the highest Plan Judge score and performs
especially well on state consistency, precondition
validity, and memory use. These gains suggest that
typed state trails help translate remembered house-
hold states into executable plans. In contrast, text-
centric or graph-expanded memory systems can
retrieve useful task context but are less reliable at
converting retrieved information into explicit state
constraints. Full planning dimensions are provided
in Appendix A.6.

6 Conclusion

We introduced WorldLines, a benchmark for eval-
uating long-horizon stateful embodied agents in
dynamic and partially observable household en-
vironments. Unlike prior memory or embodied-
task benchmarks, WorldLines focuses on whether
agents can maintain persistent world states across
dialogue, human activity, robot actions, device
changes, and execution feedback, and use them
for Memory QA and Embodied Task Planning. We
further proposed ObsMem, an observer-grounded
memory framework that separates event evidence,
structured world states, and agent beliefs to support
state-aware reasoning under partial observability.
Experiments show that existing memory systems
struggle with overwritten states, uncertainty, and
translating long-term memory into embodied deci-
sions, highlighting the need for memory architec-
tures designed for stateful embodied interaction.

7 Limitations

WorldLines is constructed in simulated household
environments and does not fully cover perception
noise, actuation errors, or open-ended human be-
havior in real homes. This controlled setting en-
ables precise annotation of evidence chains, cutoffs,
state changes, and executable constraints for sys-
tematic evaluation. Future work can extend World-
Lines to real robot logs, visual observations, and
full physical simulation.

ObsMem is designed for structured embodied
traces with entity identifiers, visibility annotations,
and action schemas. In real deployment, these sig-
nals would need to be provided by perception, lo-
calization, and grounding modules. ObsMem also
introduces additional latency from typed retrieval
and belief-aware evidence selection, motivating

more efficient retrieval and integration with visual
perception and execution feedback.
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A Additional Experimental Details

A.1 Baseline Implementation Details

We evaluate Mem0, A-mem, MemoryOS, and
GraphMem as representative long-term memory
baselines. When an official implementation is avail-
able, we use the official codebase and retain the
default memory-update procedure recommended
by the original method. When a method requires
a system-specific memory construction procedure,
we keep that procedure unchanged because mem-
ory updating is part of the method being evaluated.
All methods receive the same cutoff-controlled vis-
ible household history before each query.

For answer generation, we enforce a shared con-
text budget across systems. Each method may re-
trieve using its own internal scoring or expansion
mechanism, but only the top five final retrieved
records are passed to the answer generator. Re-
trieval metrics are computed over the same top-
five records. For GraphMem, graph expansion
is allowed during retrieval, but the final graph-
expanded context is capped to five retrieved records
before answer generation. This ensures that down-
stream answer quality is not driven by unequal
context length.

ObsMem differs from generic text-memory base-
lines by using observer-grounded storage, typed
state trails, and belief-aware retrieval. Its retriever
may return fewer than five records when fewer high-
confidence typed evidence records are available.

A.2 QA Verification Protocol

Benchmark questions and reference answers are
generated under evidence-linked constraints and
then manually verified against annotated support-
ing evidence. During verification, annotators check
that each QA item satisfies three criteria: (1) the
question is answerable before the context cutoff,
(2) the reference answer is entailed by annotated
supporting evidence, and (3) answering the ques-
tion does not require post-cutoff information or
evaluator-only hidden state. Items failing any crite-
rion are revised or removed.

A.3 Judge Validation Protocol

We validate GPT-4o on 80 outputs spanning all
methods and question families. Five annotators use
the same 0–3 rubric. Human agreement reaches
Fleiss’ κ = 0.71; GPT-4o achieves 87.5% majority-
label agreement and 0.82 Spearman correlation

with mean human scores. Session Any@5 and
Event R@5 remain judge-independent.

Backbone robustness. We evaluate ObsMem with
three backbones on the same 62-sample diagnos-
tic subset. The results quantify model sensitivity
while retaining substantial evidence retrieval across
backbones.

A.4 Radar Visualization by Embodied
Memory Type

Figure 7 provides a detailed visualization of
method behavior across embodied memory types.
The contrast between Session Any@5 and Event
R@5 shows that methods can retrieve broadly rel-
evant sessions without recovering the exact state-
changing events required by the answer.

A.5 Ablation Variant Details

The ablation study removes one central ObsMem
mechanism at a time while keeping the rest of the
ingestion, retrieval, answer-generation, and judg-
ing pipeline unchanged. We run the ablation on
a 62-sample diagnostic QA subset covering State-
MultiHop, StateSingleHop, and TemporalMemory
questions.

A.6 Downstream Embodied Planning Probe

We score plans along four dimensions. State consis-
tency checks whether the plan respects remembered
object, container, and device states. Precondition
validity checks whether each proposed action is
executable under the current state. Memory use
checks whether relevant long-term household con-
text is incorporated. Action order checks whether
the proposed steps form a coherent executable se-
quence. Plan Judge is the average of these four
scores.

The planning results serve as a smaller-sample
downstream planning probe. Each planning in-
stance contains an average of 7.6 target actions and
requires checking 3.1 remembered state constraints
on average, including object locations, container
states, device settings, and action preconditions.
On this action-dense set, ObsMem shows promis-
ing gains across all dimensions, especially state
consistency and precondition validity. This sug-
gests that structured state trails may help generate
more state-aware plans.
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Method Implementation Memory Update Retrieval / Context Cap

Mem0 Official Default extraction/update pipeline Top-5 final records
A-mem Official Agentic memory evolution Top-5 final records
MemoryOS Official Hierarchical memory update Top-5 final records
GraphMem Reimplemented from

specification
Graph construction and expansion Top-5 graph-expanded

records
ObsMem Ours Observer-grounded state-trail update Up to 5 typed evidence

records

Table 6: Baseline implementation and context control. All methods receive the same cutoff-controlled visible
history. Retrieval can use method-specific internal mechanisms, but the final answer-generation context is capped to
at most five records.

Score Meaning

0 Incorrect or contradicts reference evidence
1 Partially relevant but misses key evidence
2 Mostly correct with minor omissions
3 Fully correct and evidence-consistent

Table 7: Judge rubric for Memory QA answer cor-
rectness. The automatic judge and human annotators
use the same 0–3 rubric.

A.7 Full Efficiency and Context-Cost
Statistics

All systems use the same maximum answer-
generation budget of five retrieved records. Ob-
sMem often returns fewer records because its typed
retriever abstains from adding weakly matched evi-
dence. GraphMem uses the largest prompt context:
although it is capped to five final retrieved records,
each graph-expanded record may contain neighbor-
ing node descriptions, resulting in a larger prompt
context.

A.8 Additional Metrics

We report additional question-family event-level
metrics in Table 13. These diagnostics complement
the compact main-table results and further show the
gap between coarse session retrieval and precise
event-level grounding.

B Replay and Edited Scene Examples

WorldLines is grounded in Habitat/HSSD house-
hold scenes rather than text-only interaction logs.
For each family, we manually curate the base scene
by selecting interaction-relevant objects, valid re-
ceptacles, controllable devices, and household
roles. The generated event traces can then be re-
played against the edited scene state. These visu-
alizations are used for qualitative inspection and
illustration; evaluation itself uses the structured
event logs, state transitions, cutoff annotations, and

evidence links described in the main paper. Fig-
ure 8 provides replay examples, and Figure 9 shows
a placeholder for the edited scene interface screen-
shot.

C Benchmark Taxonomy and Action
Space

WorldLines uses a controlled vocabulary to gen-
erate long-horizon household traces. It consists
of three parts: project types, memory targets, and
executable skills.
Project Types. Project types define the high-level
household themes used to organize long-horizon
traces:

• household_routine: recurring activities that
structure daily household life.

• routine_support: support for an individual’s
repeated habits, schedules, or preparation
needs.

• household_organization: ongoing organi-
zation, storage, tidying, or rearrangement
themes.

• health_lifestyle: health, exercise, recovery, or
lifestyle-related household projects.

• meal_preparation: food, drink, grocery, meal
planning, or kitchen-related routines.

• work_study_support: work, study, documents,
workspace, or deadline-driven support.

• digital_device_coordination: smart-device,
remote-control, or digital state coordination.

• family_comfort: comfort, relaxation, enter-
tainment, or family well-being activities.

Memory Targets. Memory targets specify the in-
tended memory challenges within each project:
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Base Model Judge ↑ Perfect ↑ Sess. Any@5 ↑ Event R@5 ↑ StateMH-J ↑ StateSH-J ↑ Temp-J ↑
Gemini Flash 0.667 58.1% 0.839 0.460 0.667 0.667 0.667
Qwen3.5-Plus 0.543 46.8% 0.839 0.410 0.517 0.583 0.538
DeepSeek-V4 0.565 50.0% 0.887 0.468 0.437 0.667 0.692

Table 8: ObsMem robustness across LLM backbones. All models are evaluated on the same 62-sample diagnostic
subset with a fixed GPT-4o judge.
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Figure 7: Performance across embodied memory question types. Each radar chart corresponds to one memory
system. Axes denote representative embodied memory categories, and curves report QA score, session recall, and
event recall. ObsMem shows a more balanced profile across state-centric categories, while generic memory systems
often retrieve coarse sessions without matching the same level of event grounding.

Subset Type N

StateMultiHop 29
StateSingleHop 20
TemporalMemory 13

Hidden-until-observed 6

Table 9: Ablation diagnostic subset composition.
Question-family counts sum to 62. Hidden-until-
observed is a visibility subset used for the Hidden Judge
diagnostic.

• object_location: where movable objects are
placed, moved, hidden, or retrieved.

• temporal_state: time-sensitive commitments,
deadlines, schedules, and recent changes.

• device_state: functional states of controllable
devices, such as power, mode, or timer.

• preference: user preferences revealed through
dialogue, routines, or repeated choices.

• routine: repeated behavior patterns, habits, or
“usual” household arrangements.

• planning_dependency: facts that affect later
planning, task ordering, or delayed execution.

• hidden_state: state changes that are not di-
rectly observed by the robot or another actor.

• social_context: social commitments, interper-
sonal context, or family coordination needs.

Action Space. The action space defines the exe-
cutable skill interface used by the closed-loop trace
generator:

• navigate_to: move an actor to a room, furni-
ture, device, or object anchor before physical
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Variant Removed Component Implementation Change

NoBelief Belief retrieval Belief records are still maintained during ingestion, but the router
does not surface belief candidates to the answerer.

NoState World-state retrieval World-state facts are still maintained for diagnostics, but state candi-
dates are removed from query-time retrieval.

NoConsol Episode consolidation Episode synthesis and state-conflict resolution are disabled; only min-
imal structural placeholders are retained for interface compatibility
and contain no additional semantic summaries.

NoSelector Evidence selector The LLM reranker is bypassed, and candidates are passed in router-
emitted order.

Table 10: ObsMem ablation variants. Each variant isolates one mechanism in the ObsMem memory pipeline
without changing the benchmark samples, backbone model, judge, or answer-generation prompt format.

Method N Plan Judge ↑ State Consistency ↑ Precondition Validity ↑ Memory Use ↑ Action Order ↑
ObsMem 21 0.684 0.721 0.702 0.690 0.676
A-mem 21 0.542 0.566 0.581 0.524 0.553
Mem0 21 0.526 0.551 0.563 0.512 0.535
GraphMem 21 0.481 0.493 0.507 0.462 0.496
MemoryOS 21 0.337 0.361 0.376 0.319 0.352

Table 11: Downstream planning probe on 21 action-dense samples. Planning requires agents to use remembered
household states for executable, state-aware action decisions.

interaction.

• inspect: observe a target object, receptacle,
device, or furniture item to reveal state or con-
textual information.

• pick: pick up a movable object or device node,
subject to co-location and empty-hand con-
straints.

• place: place the held object onto or into a
valid destination surface, receptacle, furniture,
or device.

• open: open an openable container, furniture
item, or device component.

• close: close an openable container, furniture
item, or device component.

• set_device_state: modify a supported smart-
device state field, such as power, mode, tem-
perature, or timer.

• handoff: transfer a held object from one co-
located actor to another actor with empty
hands.

D Prompt Templates

This appendix presents the key prompt templates
used in our data generation pipeline and evaluation
protocol. Placeholders in {curly braces} are
filled programmatically at runtime.

D.1 Project Candidate Generation (Stage 2)

The following system prompt instructs the LLM
to generate diverse candidate household life-theme
projects for a given family and home environment.
The LLM outputs semantic project descriptions
without binding to concrete object IDs or action
sequences; downstream stages ground each project
into executable traces. Figure 10 shows the con-
densed prompt excerpt.

D.2 Project Day Beat Planning (Stage 3A)

Stage 3A expands each selected household project
into a sparse multi-day semantic trajectory. It de-
cides when a project is established, interrupted, re-
covered, or completed, while deliberately avoiding
concrete sessions, rooms, actions, or state changes.
Figure 11 shows the corresponding prompt excerpt.

D.3 Session Intent Planning (Stage 3B)

Stage 3B converts the project beats active on a
given day into ordered household sessions. It plans
life situations, timing, visibility, and narrative pres-
sure, but still avoids executable actions and con-
crete object manipulation. Figure 12 shows the
prompt excerpt used at this stage.

D.4 Closed-Loop Agentic Trace Generation

The final trace generator uses a closed-loop
director–actor–executor protocol rather than a sin-
gle scriptwriter. The director first creates a compact
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Method Avg. Latency (s) ↓ Prompt Tok. ↓ Completion Tok. ↓ Avg. Passed Records

A-mem 3.35 625 498 5.0
Mem0 4.57 513 539 5.0
MemoryOS 4.04 507 378 5.0
GraphMem 4.43 2057 388 5.0
ObsMem 5.13 562 319 3.4

Table 12: Efficiency and context cost. All systems pass at most five retrieved records to the answer generator. Avg.
Passed Records measures final context size rather than retrieval correctness; lower values indicate fewer records
passed to the generator, not necessarily better retrieval. ObsMem often returns fewer records due to typed retrieval,
while incurring higher latency from structured state and belief-aware retrieval.

Method StateMultiHop (145) StateSingleHop (100) TemporalMemory (65)

Judge ↑ Event R@5 ↑ Judge ↑ Event R@5 ↑ Judge ↑ Event R@5 ↑
ObsMem 0.762 0.452 0.667 0.556 0.667 0.708
A-mem 0.540 0.216 0.550 0.400 0.692 0.596
Mem0 0.598 0.264 0.550 0.425 0.462 0.558
GraphMem 0.529 0.184 0.417 0.300 0.359 0.288
MemoryOS 0.287 0.086 0.350 0.050 0.308 0.135

Table 13: Full question-family performance with event-level grounding. The main paper reports a compact
subset of these family-level metrics; this appendix table provides the complete Event R@5 breakdown for methods
with available question-family outputs.

session setup, actors then propose executable event
sequences, and the deterministic executor applies
state changes and derives visibility. Figures 13, 14,
and 15 show concise prompt excerpts for the three
LLM-facing components.

D.5 Evaluation and ObsMem Runtime
Prompts

We also expose the two prompts most relevant to
evaluation transparency and ObsMem reproducibil-
ity. Figure 16 shows the LLM-as-Judge rubric used
for Memory QA scoring, while Figure 17 summa-
rizes the ObsMem prompts that convert a question
into typed retrieval views and select final evidence.
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Pick female_0 -> weight_0 Female_0: Day 1 of the Fat-Loss Plan—let's get 
started! First up: a few sets of weighted exercises. Navigate_to female_0 -> sofa_chair_0 Place female_0 -> weight_0

Navigate_to robot_001 -> table_0 Coffee_maker_0: power = on toaster_0: power = on

Navigate_to female_0-> fridge_0 Open female_0-> fridge_0 Navigate_to-> room_1Female_0: Grab some fresh fruit for breakfast. On 
Day 1 of the fat-loss plan, I need to eat healthy.

Female_0: Could you go to the kitchen and turn on the 
coffee maker and toaster for me? I'll be right there to 

make breakfast.

Figure 8: Replay examples. Generated household traces can be replayed in the corresponding edited Habitat scene
to visualize robot & human npc actions, object relocation.

Figure 9: Edited Habitat scene example. WorldLines manually curates Habitat/HSSD scenes by selecting
household-relevant objects, receptacles, controllable devices, and actor roles before trace generation. This scene
editing defines executable affordances; it does not hand-author benchmark questions or reference answers.
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Stage 2: Project Candidate — System Prompt

## Role
You are a household life−theme ideation agent for an Embodied Memory Benchmark.
## Task
Your task is to generate diverse candidate long−running life themes for a given family and home. A

project represents a LIFE THEME −− an ongoing background concern, seasonal goal, evolving
habit, or household phase that shapes what naturally happens over many days. Think of a
project as "what this family is going through lately", NOT as "what the robot should do every
day".

## Good project framing
− "Alice is doing a two−week morning fitness and healthy−breakfast push. The project has a clear

goal, recurring morning pressure, and can naturally create memory opportunities around
exercise setup, kitchen device states, and adjusted routines."

− "Alice is reorganizing bedroom and bathroom storage to reduce morning friction. The project
can create temporary item relocations, hidden or partially observed human actions, and later
questions about where things were put."

## Bad project framing
− "Every morning, prepare coffee and set the radio"
− "Robot should pick up dishes and load dishwasher"

## Key idea
− semantic theme, not entity binding Describe what the household is going through and what kinds

of memory/action opportunities may arise. Do NOT choose concrete object IDs or robot skill
families. Specific objects and executable actions will be selected later by the Stage 3 trace
simulator.

## Selected rules
− Projects should be diverse in type, tempo, and scope.
− Projects should collectively explore: physical object movement, device state, dialogue−revealed

preferences, hidden human actions, cross−day temporal dependencies, interruptions/recovery,
and planning dependencies.

− Do not make a project sound like a scripted routine that repeats identically every day.

Figure 10: Excerpt of the Stage 2 project candidate generation prompt.
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Stage 3A: Project Day Beat — System Prompt

## Role
You are an embodied memory benchmark data generator.

## Task
Create a high−level, multi−day Project Day Beat plan for ONE household life−theme project. You

decides only the semantic rhythm of a project across days. It must NOT decide concrete
sessions, rooms, entity IDs, action sequences, or state diffs. Later components will ground each
beat into sessions, executable actions, and validated state transitions.

## Output
Return a JSON array of selected project beat objects. Each object contains:
− day_index
− phase: establish, active_progress, obstacle, recovery, or completion
− milestone
− disruption
− memory_focus
− note

## Selected rules
− Choose day_index values within the requested horizon and keep them strictly increasing.
− Use temporal constraints to create natural gaps between meaningful project beats.
− If there is an obstacle, include a later recovery or adaptation day.
− Do not assume ideal project execution on every active day. Real household life may reshape the

project through fatigue, stress, visitors, errands, forgotten preparation, or schedule conflicts.

## Allowed memory targets
object_location, temporal_state, device_state, preference, routine, planning_dependency,

hidden_state, social_context

Figure 11: Excerpt of the Stage 3A project day beat planning prompt.
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Stage 3B: Session Intent — System Prompt

## Role
You are the day planner for a household long−term memory benchmark.

## Task
Arrange ONE day's project beats into ordered household sessions. You only plan life situations and

narrative pressure. Do NOT write concrete actions, object IDs, dialogue, or state diffs; the
closed−loop trace generator will ground each session later.

## Session constraints
− Every project beat must be covered by at least one session.
− session_type must be one of: morning, daytime, evening, late_night.
− Every session must include start_time and end_time inside the chosen time window.
− project_id must come from today's project beats. The same project may appear in multiple

sessions.

## Narrative constraints
− purpose should describe why this life moment happens, what pressure or change shapes it, and

how it relates to the project.
− narrative_hook must explain the concrete past fact, commitment, preference, object state, or time

pressure that affects this session.
− Make the day life−like, not a clean project plan. Use realistic volatility: fatigue, meetings, weather,

visitors, errands, missing objects, device problems, delays, preference changes, unfinished
tasks, or misunderstandings.

## Visibility modes
− mixed: NPC and robot share the scene or coordinate by dialogue/remote instruction.
− npc_only_hidden: NPC acts privately; the robot does not know yet.
− robot_only: robot acts while NPC is away, asleep, or uninvolved.

## Output
Return a JSON object with a sessions array. Each session contains session_type, start_time,

end_time, project_id, purpose, visibility_mode, and narrative_hook.

Figure 12: Excerpt of the Stage 3B session intent planning prompt.
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Director Setup — System/User Prompt Excerpt

## Role
You are the Session Director for an embodied memory benchmark.
You are not an in−world actor. You control story pacing, project continuity,
and temporal conflicts, but you do not write executable actions or state_diffs.

## Goals
− Keep the session project−driven and grounded in the current household state.
− Use prior session narratives and carry−forward notes for temporal continuity.
− Choose plausible session_start_time/session_end_time and 2−4 time_segments.
− Create modest household variation: clarification, conflict, local observation,
changed preference, forgotten device state, or rushed routine.

− Prefer executable actor actions for important state changes.
− Respect scene affordances: pick/place only pickable nodes; operate devices
using supported state fields.

## Inputs
Session: {session}
Project: {project}
Current Scene: {scene_tree}
Memory Context: {memory_context}
Available Actors: {actor_ids}

## Output JSON
{
"active_actor_ids": ["<persona_id>", "robot_001"],
"session_start_time": "HH:MM",
"session_end_time": "HH:MM",
"time_segments": [

{"segment_id": "seg_0", "start_time": "HH:MM",
"end_time": "HH:MM", "summary": "..."}

],
"session_script_summary": "What should happen, what the robot learns,
and what concrete memory−relevant evidence should exist by the end."

}

Figure 13: Condensed prompt excerpt for the Director Setup agent.
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Actor Turn — System/User Prompt Excerpt

## Role
You are {actor_name}, the in−world actor with id `{actor_id}`.
Follow the Director's instruction, but act naturally as this actor.
Output a short sequence of immediately executable event proposals.

## Rules
− Use only node IDs visible in the Action−Aware Scene Tree.
− Do not output state_diffs or hidden executor state.
− Use events[] only for this actor's next turn; usually 1−4 events.
− If unsure, ask a short clarification instead of inventing facts.
− Navigate before local actions; hold at most one object.
− Only pick/place targets marked pickable; do not move fixed furniture/devices.
− For set_device_state, use {"field": "<state name>", "value": <new value>}.
− Keep dialogue memory−useful: commitments, preferences, plans, object
whereabouts, past recall, or physical/emotional state.

## Input
Your Context: {actor_context}

## Output JSON
{
"events": [

{"event_type": "utterance", "speaker": "{actor_id}", "text": "..."},
{"event_type": "action", "actor_id": "{actor_id}",
"action_type": "navigate_to|inspect|pick|place|open|close|set_device_state|handoff",
"target_id": "<node id>", "args": {...}}

]
}

Figure 14: Condensed prompt excerpt for actor turns. Proposed actions are validated by the executor before
becoming trace events.
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Session Examiner — System/User Prompt Excerpt

## Role
You are the Session Examiner for the EmbRealMem embodied−memory benchmark.
Read one just−finished agentic session and propose 0−3 memory QA candidates
that a future evaluator can ask to test long−term recall.

## Mission constraints
1. The question must require memory from this session and/or older sessions.
2. Prefer cross−session or cross−day evidence when past_session_briefs exist.
3. Every candidate must cite existing raw event_ids from session_events or

past_session_briefs; never invent future or unseen evidence.
4. Use display names in query/reference_answer; raw ids appear only in evidence.
5. Ask one fact per question; avoid answer leakage in the query.
6. task_family is StateSingleHop, StateMultiHop, or TemporalMemory.
7. visibility_scope is robot_observed only if all evidence events include

robot_001 in observer_ids; otherwise hidden_until_observed.

## Inputs
Current Session Header: {session_header}
Director Setup: {director_setup}
Node ID −> Display Name Map: {scene_brief}
Events of This Session: {session_events}
Past Session Briefs: {past_session_briefs}
Carry−Forward Notes: {carry_forward_notes}

## Output JSON
{
"candidates": [{

"task_family": "StateSingleHop|StateMultiHop|TemporalMemory",
"sub_task": "ObjectLocation|DeviceState|RoutinePattern|Preference|TemporalCommitment|

PartialObservation|InformationGap|ProjectContinuation|MultiHopReasoning",
"query": "...",
"reference_answer": "...",
"acceptable_paraphrases": ["..."],
"essential_memory_facts": ["..."],
"evidence": [{"event_id": "...", "session_id": "..."}],
"earliest_trigger": {"after_session_id": "...", "min_day_offset": 0},
"visibility_scope": "robot_observed|hidden_until_observed",
"difficulty": "easy|medium|hard",
"answer_type": "location|state|entity|preference|time|count|yes_no|summary|other"

}]
}

Figure 15: Condensed prompt excerpt for the Session Examiner, which generates evidence-linked Memory QA
candidates.
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LLM-as-Judge — System/User Prompt Excerpt

## Role
You are an evaluation judge for a household robot memory benchmark.
Evaluate how well the candidate answer uses information from the event
history to answer the question.

## Scoring criteria
0 − CONFLICT: the answer contradicts the reference or hallucinates.
1 − GENERIC: no contradiction, but the answer is generic or not memory−based.
2 − PARTIAL: the answer uses some relevant memory information.
3 − FULL: the answer uses all key information from the reference.

Treat acceptable paraphrases as equivalent to the reference answer.
Return JSON only:
{"score": <int 0−3>, "reason": "<brief explanation>"}

## User prompt fields
Question: {query}
Reference Answer: {reference}
Acceptable Paraphrases: {paraphrases}
Essential Memory Facts (judge−only): {facts}
Candidate Answer: {prediction}

Figure 16: Condensed prompt excerpt for the LLM-as-Judge rubric used in Memory QA evaluation.
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ObsMem Query Planner and Evidence Selector — Prompt Excerpt

## Query Planner
Role: retrieval planner for a long−term memory system.
Task: convert the user's question into a compact JSON retrieval plan.
Do not answer the question. Prefer semantic interpretation over keywords.

Return JSON:
{
"intent": "current_state|past_event|epistemic|commitment|planning|preference|temporal_pattern|

open_qa",
"answer_mode": "qa|planning",
"target_entities": ["entities the answer depends on"],
"related_entities": ["supporting participants, settings, or items"],
"state_attributes": ["location", "holder", "power", "open", "timer", "..."],
"temporal_filter": {"after": null, "before": null, "at": null,

"relative": "current|today|yesterday|future|past|any"},
"evidence_views": ["state", "belief", "event", "reported", "commitment", "episode"],
"rerank_strategy": "recency|semantic|hybrid",
"action_goal": "<planning goal or empty>",
"rationale": "<short explanation>"

}

## Evidence Selector
Role: select evidence for the same memory system.
Input: question, retrieval plan, and modality−tagged candidates.
Return an ordered list of the most informative candidates, up to {top_k}.
Prefer complementary evidence when candidates add new timestamps, entities,
or modalities. Prefer [state] for current−state questions, [belief] for
stale/uncertain states, [event]/[reported] for past events, [commitment] for
schedules or requests, and [episode] for broad cross−event questions.

Return JSON:
{
"selected_indices": [candidate indices in priority order],
"reasoning_chain": "<short description of how evidence answers the question>",
"rationale": "<one short sentence>"

}

Figure 17: Condensed prompt excerpt for ObsMem’s query planner and evidence selector.
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