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From Raw Multimodal Trajectories to Structured Units and Query Anchors
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Figure 1: Overview of S®Mem and its score—token trade-off. Left: raw multimodal trajectories are written into
structured scene—event units, and query anchors guide routing and evidence packing. Right: across three memory
benchmarks, S>Mem achieves competitive task scores with substantially fewer reader-visible evidence tokens than

high-token references.

Abstract

Long-horizon memory question answering of-
ten requires sparse evidence from heteroge-
neous histories, including events, object states,
visual observations, temporal relations, and
causal steps. Existing memory interfaces ex-
pand reader context, retrieve semantically re-
lated chunks, or expose graph neighborhoods,
but they are not explicitly designed to select
compact evidence for a fixed reader. We pro-
pose Structured Spatiotemporal Scene—Event
Memory (S*Mem), a query-time memory in-
terface that writes textual, visual, and agent-
use histories into structured scene—event units
and routes compact evidence packs to the
reader.  Its router scores candidate units,
query anchors, and anchor—support links, en-
abling both single-hop selection and short
multi-hop evidence chains without reader fine-
tuning or test-time training. Across LoCoMo,
EMemBench Visual Games, and AMA-Bench,
S3Mem provides a strong score—token trade-
off, with the clearest gains on localized event,
state, temporal, causal, or provenance evi-
dence. On LoCoMo, S®Mem reaches 0.48
F1 and 0.40 BLEU with (1,073) evidence to-

kens per question, about 15.8x fewer than
the LoCoMo reference. On EMemBench Vi-
sual Games, it obtains the best F1 and second-
best accuracy with only 189tokens.On AMA-
Bench, it is not the highest-scoring method,
but remains competitive while using the fewest
reader-visible evidence tokens.

1 Introduction

LLM-based agents increasingly operate over long-
running workflows, including coding (Jimenez
etal., 2024; Yang et al., 2024b), tool use (Qin et al.,
2024; Liu et al., 2024b), visual interaction (Koh
et al., 2024; Xie et al., 2024), and personal assis-
tance (Li et al., 2024; Zhong et al., 2024; Park
et al., 2023; Shinn et al., 2023; Packer et al., 2023;
Wang et al., 2023). In these settings, later ques-
tions often depend on sparse evidence from earlier
interactions, such as an event, an object state, a
visual observation, a temporal relation, a source
record, or a causal step. The challenge is therefore
not only to store long histories (Bai et al., 2024;
Liu et al., 2024a), but also to decide which parts of
the history should be exposed to the answer-time
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reader" .

Existing long-horizon memory methods address
this problem through several interfaces. Long-
context prompting places more interaction his-
tory into the model context (Bai et al., 2024; Liu
et al., 2024a), but shifts the search burden to the
reader and spends tokens on irrelevant records.
Retrieval-based memory indexes histories as dis-
crete chunks and retrieves them by semantic simi-
larity (Lewis et al., 2020), but semantic relevance
does not guarantee answerability. Graph-based
memory organizes histories through entities and
relations (He et al., 2024), but retrieved neighbor-
hoods may still be too coarse or too broad for the
question. Compression-based memory summa-
rizes long histories into compact representations,
but may discard critical details such as timestamps,
state transitions, visual cues, or source informa-
tion. As a result, the reader may receive redundant
context or incomplete evidence. These limitations
indicate that the bottleneck of long-horizon mem-
ory is not just storage, but reader exposure. The
key difficulty is a granularity gap: later questions
often require fine-grained evidence, whereas exist-
ing systems expose coarse chunks, graph neighbor-
hoods, or summaries.

To bridge this gap, we propose the Structured
Memory Writer, e.g., a frozen Qwen or Qwen-VL
model (Yang et al., 2024a; Bai et al., 2025), to map
raw observations, interactions, and records into
spatiotemporal event-state units. Each unit records
time, event or observation, objects/entities, loca-
tion or source, state change, relations, provenance,
and a raw-record pointer. This shared schema
turns textual, visual, and agent-use histories into
a structured evidence space, allowing later mod-
ules to select compact support rather than broad
retrieved context.

To operate over these structured units, we in-
troduce S*Mem, a plug-and-play query-time evi-
dence interface for a frozen LLM reader. Given a
memory-dependent question, S>Mem first extracts
lightweight query anchors and constructs a high-
recall candidate pool from complementary seman-
tic, temporal, visual, causal, and provenance cues.
It then applies a lightweight evidence router with
support, anchor, and edge heads to score candidate
units and unit pairs, separating answer-bearing ev-

"Tn open-domain QA, a reader typically denotes the
model or module that produces the final answer from given
evidence or context (Chen et al., 2017; Karpukhin et al.,
2020). We use the term in this sense.

idence from records that are only topically related.
For single-hop questions, the packer selects one
or a small set of high-support units, such as an
event, state, frame, or source record. For multi-
hop questions, it starts from a high-confidence an-
chor and expands through high-scoring edges to
form a short anchor—support chain. Finally, a de-
terministic packer and reader harness render only
the selected evidence to the reader, without test-
time fine-tuning or access to gold evidence, labels,
benchmark scores, or reader outputs.

We extensively validate the effectiveness and
generality of S?Mem on a broad suite of long-
horizon memory tasks spanning text, visual, and
agent-use settings. Across all domains, S*Mem
consistently demonstrates a superior trade-off be-
tween answer quality and evidence compactness.
For text memory, LoCoMo evaluates long conver-
sations, documents, and textual histories, where
S3Mem achieves an official score of around 0.48
while using only about % of the token budget re-
quired by heavier RAG methods (Figure 1 right).
For visual memory, on EMemBench, which de-
mands rigorous tracking of frame-level observa-
tions and object state changes, S*Mem reaches
about 0.36 score with roughly 189 evidence tokens
on visual trajectory benchmarks, corresponding to
only about 3% of AMem’s and 7% of Mem0O’s
evidence-token budget. For agent-use memory,
AMA-Bench tests action traces, objectives, causal
steps, and task-state changes, where S*Mem ob-
tains about 0.39 with about 735 evidence tokens,
approaching graph-path accuracy and surpassing
recent memory baselines, i.e., LightMem(Fang
et al., 2025), A-MEM(Xu et al., 2025), and Mem-
oryOS(Kang et al., 2025). As an additional qual-
itative finding, the learned router exhibits strong
transfer: it is trained on our constructed weak-
supervision data rather than on the downstream
benchmarks, yet generalizes well to long-horizon
tasks. Together, these results demonstrate that
S3Mem generalizes across heterogeneous memory
sources and question types by exposing compact
structured evidence rather than merely compress-
ing context.

Our contributions are three-fold: (1) We intro-
duce a structured spatiotemporal event-state mem-
ory representation for long-horizon histories, map-
ping observations, interactions, and records into
units with time, event, object/entity, location/-
source, state change, relation, source metadata,
and raw-pointer fields. (2) We propose S*Mem,
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a lightweight evidence-routing framework that
selects compact evidence before the reader an-
swers. It handles single-hop questions by select-
ing one answer-bearing unit and multi-hop ques-
tions by constructing an anchor-support evidence
chain. (3) We validate S®Mem across visual
memory, text memory, and agent-use memory us-
ing EMemBench visual/external, LoCoMo, and
AMA-Bench. Our evaluation shows that SMem
provides a strong score—token trade-off across the
three settings, with the clearest gains on text and
visual memory and a compact competitive operat-
ing point on agent-use memory.

2 Related Work

Retrieval-based memory and RAG. Sparse,
dense, and retrieval-augmented generation meth-
ods reduce the amount of context shown to a lan-
guage model by selecting external passages or
memory chunks (Lewis et al., 2020; Guu et al.,
2020; Izacard et al., 2023). Graph-based and
relation-aware RAG further preserve entity, rela-
tion, and path information that flat retrieval of-
ten loses (He et al., 2024; Anokhin et al., 2024).
These methods are useful for long-horizon mem-
ory because they provide high-recall candidate ev-
idence. However, retrieved relevance is not the
same as answerability. A top-ranked chunk may
mention the right object but the wrong occurrence,
while a retrieved subgraph may include a related
neighborhood without identifying the exact tempo-
ral offset, state transition, or support chain needed
by the reader. S*Mem therefore treats retrieval
and graph relations as candidate-proposal signals
rather than final memory selection. The router
operates over structured event-state units and de-
cides which compact single-hop unit or multi-hop
anchor-support chain should actually be shown to
the reader.

Long-term agent memory. Recent agent-
memory systems study how agents store, sum-
marize, reflect on, update, and retrieve long-term
memories (Park et al., 2023; Shinn et al., 2023;
Packer et al., 2023; Wang et al., 2023; Xu et al.,
2025; Kang et al., 2025; Fang et al., 2025). These
systems support persistent personalization, life-
long adaptation, task experience reuse, and effi-
cient memory-augmented generation. They are
complementary to our work, but their main focus
is often memory writing, consolidation, retrieval,
or agent behavior over time. S*Mem focuses on a

narrower query-time question: when a user asks
a memory-dependent question, which few mem-
ory units should be exposed, how many evidence
tokens should be spent, and whether the selected
units are sufficient for a fixed reader to answer. We
therefore compare against recent memory-system
neighbors when they can be adapted to the same
evidence-selection protocol, without claiming that
such adaptations reproduce every deployment set-
ting of the original systems.

Structured episodic and event memory. Struc-
tured and episodic memory have long been stud-
ied in cognitive modeling and reinforcement learn-
ing (Tulving, 1972; Nuxoll and Laird, 2007; Blun-
dell et al., 2016; Pritzel et al.,, 2017), and re-
cent LLM-agent memory systems revisit struc-
tured event memory (Lu et al., 2026; Anokhin
et al., 2024). These works motivate represent-
ing memory with events, objects, locations, states,
relations, and provenance rather than plain text
alone. Our difference is how this structure is used.
Prior structured-memory systems mainly use struc-
ture for richer storage or relation-preserving re-
trieval. S®Mem uses structure as a query-time rout-
ing substrate: event fields identify occurrences,
state fields expose before/after changes, temporal
and causal links support multi-hop chains, visual
fields connect frame-level evidence, and source
fields support provenance-aware selection. Thus,
the structured memory unit is not only a record
format, but the search space over which compact
answerable evidence is selected.

Across these areas, prior work improves how
information is retrieved, structured, stored, sum-
marized, or orchestrated. S*Mem targets a differ-
ent interface: the query-time decision of which
compact structured evidence should be shown to
a fixed reader. This makes answerability and ev-
idence cost first-class quantities rather than side
effects of retrieval size, context length, or reader
strength.

3 Method

While existing memory systems can store exten-
sive interaction histories, their ability to precisely
isolate sparse, answer-bearing evidence for the
reader remains limited. To unlock efficient long-
horizon reasoning for any fixed LLM reader R,
we introduce Structured Spatiotemporal Scene—
Event Memory(S®Mem), a query-time evidence-
routing framework (Fig. 2). S*Mem comprises
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Figure 2: Overview of the S?Mem pipeline. Left: visual, textual, and agent-use trajectories provide heterogeneous
long-horizon memory sources. Middle: raw records are written into structured scene—event units, and candidate
units or unit pairs are scored by support, anchor, and edge routing heads. Right: query anchors guide evidence
selection, after which the packer constructs a compact single-hop unit or multi-hop anchor—support chain for the

frozen answer-time reader.

a structured memory writer (Sec. 3.1) that se-
rializes heterogeneous raw histories into granular
scene-event units, a lightweight evidence router
(Sec. 3.2) that dynamically scores these units,
and an evidence packer with the reader har-
ness (Sec. 3.3) that seamlessly assembles them
into single-hop facts or multi-hop anchor-support
chains. Constructing compact, cohesive evidence
packs, S*Mem is able to facilitate any fixed LLM
reader for long-horizon interactive question an-
swering.

3.1 Structured Memory Writer

Direct retrieval over unstructured raw histories of-
ten misses fine-grained state changes or causal
steps. To bridge this gap, S>Mem employs a
frozen LLM writer, e.g., Qwen, as a Structured
Memory Writer W to serialize the raw history
H = (z1,...,x7p) into structure memory units
M = (my,--- ,mp):

M = W(H, erite)v (D
where Tyyrite 1S the structured writing prompt given
in Appendix I. For each raw segment z;, the writer
extracts one or more structured scene—event mem-

ory units:

m; = (tla €i, 04, gia Asiv Tiy Diy uz)

2

These fields explicitly capture the who-what-
where-how of an occurrence: time (¢;), event/ob-
servation (e;), objects/entities (0;), location/source
context (¢;), state changes (As;), relations (r;),
provenance metadata (p;), and a raw pointer (u;)
to the raw record. Rather than simply compress-
ing or overwriting the history, this design acts
as a multi-dimensional semantic index, exposing
highly searchable attributes while maintaining a di-
rect pointer to the original evidence via (u;).

Crucially, this event-state schema establishes a
unified representation across fundamentally het-
erogeneous memory domains. While the under-
lying schema remains identical, it adaptively cap-
tures the most salient signals of each modality: tex-
tual histories emphasize entities and source conti-
nuity; visual streams highlight cross-frame object
states and spatial changes; and agent-use traces fo-
cus on actions, tool traces, and causal updates. By
projecting disparate data types into a shared repre-
sentation space, the Structured Memory Writer en-
ables the downstream evidence router to execute a
single, domain-agnostic routing logic without re-
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quiring modality-specific architectures.

Question Anchors. To fully exploit this unified
memory space, S°Mem symmetrically processes
the incoming question g by extracting lightweight
query anchors. A query anchor structurally de-
composes the intent of the question, identifying
whether the reader seeks a specific event occur-
rence (e;), a target state transition (As;), or spe-
cific source provenance (p;). Importantly, these an-
chors are parsed zero-shot directly from the ques-
tion text, since they contain no gold labels and leak
no ground-truth answers. They act strictly as di-
rectional routing cues. By projecting the unstruc-
tured query into the same granular schema as the
memory units, these anchors constrain candidate
construction and empower the downstream router
to cleanly separate truly answer-bearing evidence
from related noise.

3.2 Evidence Router

To circumvent the bottleneck of monolithic vector
search, S®Mem first assembles a high-recall can-
didate pool C(gq, M) through multi-channel pro-
posal. Rather than filtering early, this stage ag-
gressively unites signals from semantic retrieval,
anchor matching, visual continuity, and explicit
causal links. The resolution of this noisy, heteroge-
neous pool is deliberately deferred to our Evidence
Router.

Operating as a surgical filter, the Evidence
Router then evaluates candidates directly through
their structured attributes. For each candidate unit
m;, it computes pointwise features ¢(q,m;), in-
cluding retrieval score, anchor match, entity or
object overlap, temporal position, source match,
state-change indicators, and provenance fields.
For each candidate pair (m;,m; ), it computes
pairwise features (g, m;, m;), including tempo-
ral distance, shared entities, relation type, causal
dependency, visual continuity, and source continu-
ity. These features are processed by three highly
efficient, lightweight scoring heads:

psup(mi ‘ Q> = U(w;—¢(Q7mi) + bs); 3)

panc(mi | Q) = U(w(;rgb(q’ mz) + ba)a (4)

pedge(mia my | q) = U(w;rw(% my, mj) + be)'
®)
These three probabilities collectively define a
dynamic routing topology. The support proba-
bility (psup) estimates whether a unit contains

answer-relevant evidence. The anchor probabil-
ity (panc) demonstrates whether a unit matches the
query anchor, while the edge probability (pedge)
validates whether two units should be selected to-
gether as an anchor—support link in a multi-hop ev-
idence chain.

Discussion.  The core design philosophy of
S3Mem is that relatedness does not equal suffi-
ciency, so that we should disentangle semantic
relevance from logical answerability. In standard
RAG, a text chunk discussing a tool’s general us-
age might exhibit high cosine similarity to a query,
yet fail to capture the specific runtime state needed
to answer it. Conversely, graph-based methods of-
ten blindly expand entire structural neighborhoods,
drowning the reader in redundant context. By ex-
plicitly modeling anchor, support, and edge prob-
abilities over structured fields, S3Mem acts as a
precise routing mechanism. It bypasses superficial
semantic overlap to isolate only the minimal, logi-
cally coherent evidence chain required by the fixed
reader.

3.3 Evidence Packer and Reader Harness

The continuous probabilities generated by the
router cannot be directly consumed by a frozen
LLM reader, which expects a concise and logi-
cally ordered context. We therefore employ an Ev-
idence Packer with the Reader Harness to convert
router outputs into a structured evidence pack.

Dynamic Evidence packing. Given the candi-
date pool C(q, M), support scores pgup, anchor
SCOTES Panc, and edge scores peqge, the packer con-
structs

E = Pack (Qv C(Qu M), psupvpancapedge) . (6)

The packer is fixed at inference time and has no
learned parameters. For single-hop questions, the
packer selects one or a small number of high-
support units, such as an event, state, frame,
source record, or textual fact. For multi-hop ques-
tions, it first selects a high-confidence anchor and
then expands to connected support units using
edge scores. To maximize token efficiency, re-
dundant units (e.g., overlapping source spans or
duplicated state updates) are aggressively skipped.
Finally, the selected units are logically ordered
to match the query intent: temporal queries are
sorted chronologically, and causal queries are ar-
ranged topologically.
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Reader Harness. The selected pack E is
rendered into a benchmark-compatible reader
prompt:

a = R(Harness(q, £)). 7

The harness acts strictly as a lightweight transla-
tion layer. It serializes the structured fields of the
selected units into a benchmark-compatible natu-
ral language prompt and appends the question g. It
does not retrieve additional records, modify router
scores, call another reasoning model, or access
gold answers, gold evidence, judge labels, bench-
mark scores, or reader outputs. Thus, the evalu-
ated component is the memory-side evidence inter-
face: which structured units are selected and how
they are organized before answering.

3.4 Training and Inference Boundary

The writer, router, and reader play separate roles.
The writer is a frozen serializer that converts raw
histories into structured units using the prompt in
Appendix I. The reader is also fixed and answers
only from the rendered evidence pack. When su-
pervision is available, only the lightweight router
is trained offline from weak evidence labels, which
supervise support-unit prediction, anchor predic-
tion, and anchor—support edge prediction. During
benchmark inference, all learned router parame-
ters are fixed. The system selects evidence using
only the question, written memory units, candidate
features, and pre-answer relations without any test-
time fine-tuning or benchmark-specific leakage.

4 [Experiments

4.1 Experimental Setup

We evaluate S>Mem as a query-time memory inter-
face for long-horizon question answering. Given
a question and a memory source, each method
provides the context or evidence used by a fixed
answer-time reader. Following recent long-term
memory evaluations (Xu et al., 2025; Fang et al.,
2025), we evaluate both answer quality and the
number of evidence tokens exposed to the reader.

Benchmarks. We evaluate S®Mem on three
complementary long-horizon memory settings,
each stressing a different evidence-selection chal-
lenge. Text memory is evaluated on LoCoMo (Ma-
harana et al., 2024), where questions over long
conversational histories require source-sensitive,
temporal, multi-hop, single-hop, open-domain,
and adversarial evidence. We report results over

all 1,986 questions. Visual memory is evaluated
on EMemBench Visual Games (Li et al., 2026),
where answers depend on frame-level observa-
tions, object states, event occurrences, and visual
state changes. Agent-use memory is evaluated on
AMA-Bench (Zhao et al., 2026), where questions
involve action traces, causal dependencies, state
updates, and abstract task states in agent trajecto-
ries.

Baselines and provenance. We compare
against the strongest available baselines reported
for each benchmark. Because these systems
were originally developed under different read-
ers, prompts, and deployment assumptions,
we distinguish benchmark-native results from
shared-interface or adapted comparisons when
applicable. Our interpretation therefore focuses
on the score—token trade-off under the reported
evaluation protocol, rather than claiming that
every adapted baseline exactly reproduces the
original full system.

Metrics. For answer quality, on LoCoMo, we re-
port F1 and BLEU for each question category and
compute weighted overall scores according to the
number of questions in each category. On EMem-
Bench Visual Games, we report accuracy, F1, and
average evidence tokens per question. On AMA-
Bench, we report accuracy on Recall, Causal In-
ference, State Updating, and State Abstraction, to-
gether with their average.

For evidence-token accounting, following (Xu
et al., 2025), we report tok/q as the average num-
ber of evidence tokens exposed to the answer-time
reader per question. This measures the size of the
memory interface rather than total API usage.

Implementation details. In S3Mem, the Struc-
tured Memory Writer and the answer-time reader
are both fixed; the only trained component is the
lightweight Evidence Router. The supervision of
the Route is constructed offline from trajectory-
QA data built over four interactive environments:
CRAFTER (Hafner, 2022), JERICHO (Hausknecht
et al,, 2020), SCIENCEWORLD (Wang et al.,
2022), and ALFWORLD (Shridhar et al., 2021).
We use GPT-5 (OpenAl, 2025) only as an of-
fline teacher to construct trajectory-grounded ques-
tions, answers, metadata, and weak evidence anno-
tations. Evidence steps are mapped to support-unit
labels, question metadata is used to derive query-
anchor labels, and ordered multi-step evidence is
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MultiHop (N=282) Temporal (N=321) OpenDomain (N=96) SingleHop (N=841) Adversarial (N=446) Overall (N=1986)
Method F1 BLEU Fl1 BLEU F1 BLEU F1 BLEU Fl1 BLEU F1 BLEU Tokens
LoCoMo (Maharana et al., 2024)  0.28 0.18 0.09 0.06 0.16 0.15 0.62 0.54 0.53 0.51 0.44 0.39 16,910
ReadAgent (Lee et al., 2024) 0.15 0.10 0.04 0.03 0.09 0.08 0.12 0.10 0.07 0.06 0.10 0.08 805
MemoryBank (Zhong et al., 2024)  0.06 0.05 0.02 0.02 0.06 0.05 0.08 0.07 0.04 0.04 0.06 0.05 569
MemGPT (Packer et al., 2023) 0.30 0.23 0.17 0.13 0.12 0.12 0.60 0.53 0.35 0.34 0.41 0.36 16,987
A-Mem (Xu et al., 2025) 0.33 0.24 0.39 031 0.17 0.16 0.48 0.43 0.36 0.36 0.41 0.35 1,216

S*Mem

0.33

0.23

0.46

0.40

0.21

0.18

0.61

0.50

039

0.36

0.48

0.40

Table 1: QA performance on the LoCoMo benchmark with GPT-40. Overall scores are weighted by the number of
questions per category (N=1986). Best results in bold, second-best underlined.

converted into anchor—support edge labels. These
labels supervise the three router heads for sup-
port, anchor, and edge scoring. Despite this weak
and offline supervision, the trained router transfers
to downstream benchmarks without benchmark-
specific fine-tuning, suggesting that the structured
support, anchor, and edge targets provide useful
supervision for evidence selection.

In all main benchmark evaluations, the router is
fixed and GPT-40 (OpenAl, 2024) is used as the
answer-time reader. Inference does not use target
benchmark answers, gold evidence, judge labels,
benchmark scores, or reader outputs. We provide
the data construction protocol, router targets, train-
ing configuration, and leakage-control rules in Ap-
pendix C and Appendix D.

4.2 Main Results

With the same Evidence Route, we evaluate our
S3Mem on text, visual, and agent-use memory
tasks, demonstrating its effectiveness and general-
ization.

Text memory. To evaluate the effectiveness of
S*Mem on long-horizon textual histories, we con-
duct experiments on LoCoMo. As shown in Ta-
ble 1, S3Mem achieves the best overall result, with
0.48 F1 and 0.40 BLEU, outperforming SOTA
methods, e.g., LoCoMo (Maharana et al., 2024),
A-Mem (Xu et al., 2025), and MemGPT (Packer
etal., 2023). Additionally, S3Mem shows extreme
token efficiency, consuming only 1,073 evidence
tokens per question. Compared with the LoCoMo
reference (16,910 tokens), S?Mem improves an-
swer quality while reducing the evidence context
by about 15.8x. Compared with A-Mem, the
strongest compact baseline in the table, SMem
improves +0.07 overall F1 and 0.05 overall BLEU,
while using slightly fewer tokens. The gains are
most pronounced on temporal and open-domain
questions, suggesting that structured event-state
evidence is useful for locating time-sensitive and
source-sensitive support. However, SMem re-

mains below the LoCoMo reference on adversarial
questions, indicating that compact evidence selec-
tion can still miss distractor-sensitive support.

Visual memory. On EMemBench Visual
Games, S3Mem proves that retrieving specific
occurrences is far more effective than exposing
broad context.  Specifically, as illustrated in
Table 3, SMem obtains the best F1 (0.39) and the
second-best accuracy (0.36), while using only 189
evidence tokens per question. While A-Mem (Xu
et al., 2025) achieves the highest accuracy (0.42),
it requires 6,145 tokens per question, more than
32x the evidence budget of S3Mem. Similarly,
Graph-style methods, e.g., HippoRAG2 (Gutiér-
rez et al., 2025) and AriGraph (Anokhin et al.,
2024), can also obtain comparable accuracy, but
cost substantially larger evidence contexts. We
conjecture that visual memory questions heavily
depend on localized observations, object states,
and event occurrences. By organizing visual
memory into compact, structured packs, S*Mem
avoids the noise that plagues pure retrieval or mas-
sive context windows, reaching better per-token
evidence.

Agent-use memory. We also verify the effec-
tiveness of S?Mem on the agent-use memory task
using AMA-Bench. As shown in Table 2, while
explicit graph traversal methods hold an edge in
global trajectory tasks, S*Mem provides the most
efficient paradigm. Concretely, compared with
AriGraph (Anokhin et al., 2024) (2,207 tokens)
and HippoRAG2 (Gutiérrez et al., 2025) (3,633
tokens), S>Mem costs an extremely tight bud-
get of only 735 tokens while achieves competi-
tive average score. Notably, S*Mem ties the best
causal-inference score (0.58). This demonstrates
that its anchor-support evidence chains success-
fully capture local causal dependencies between
actions and states. At the same time, S?Mem
is weaker on Recall and State Abstraction com-
pared with graph-based methods. This suggests
that while structured routing excels at extracting
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Method Recall Causal Inf. State Updating State Abstraction Average tok/q
AriGraph (Anokhin et al., 2024) 0.47 0.58 0.36 0.29 0.43 2,207
HippoRAG?2 (Gutiérrez et al., 2025) 0.46 0.51 0.39 0.24 041 3,633
A-Mem (Xu et al., 2025) 0.42 0.54 0.38 0.19 0.40 2,579
GraphRAG (Edge et al., 2024) 0.39 0.47 0.36 0.17 0.36 1,274
memO (Chhikara et al., 2025) 0.32 0.56 0.32 0.19 035 20,932
S3Mem 0.36 0.58 0.36 0.21 0.39 735

Table 2: AMA-Bench results. Best results in bold, second-best underlined.

Method Ace F1 tok/q
A-Mem (Xu et al., 2025) 042 0.32 6,145
mem0 (Chhikara et al., 2025) 0.33 0.09 2,752
HippoRAG?2 (Gutiérrez et al., 2025) 0.34 0.36 2,938
AriGraph (Anokhin et al., 2024) 0.34 0.34 1,293
GraphRAG (Edge et al., 2024) 0.12 0.12 779
S*Mem 036 039 189

Table 3: Results on EMemBench Visual Games. Best
results are shown in bold and second-best results are
underlined. tok/q denotes the average number of evi-
dence tokens exposed to the reader per question.

Variant Representation Acc tok/q
S*Mem Full unit 0.3495 454
Plain chunk Text chunk 0.2517 392
Event-only Event field 0.1163 167
Object-only Object field 0.0953 332

Table 4: Representation ablation on EMemBench Ex-
ternal. The full structured unit outperforms plain
chunks and single-field variants.

specific causal links, agent-use memory still ben-
efits from broader trajectory coverage or explicit
graph traversal.

Discussion. In summary, these results delineate
a clear operational boundary for SMem. Rather
than attempting to universally dominate raw ac-
curacy through context expansion, S?Mem estab-
lishes a highly efficient score—token Pareto fron-
tier. It excels in precision-driven scenarios, where
answers hinge on granular events, explicit state
transitions, temporal links, or specific provenance.
When facing scenarios requiring holistic trajec-
tory recall or macro-level abstraction, which natu-
rally benefit from massive context windows or ex-
haustive graph traversals, S*Mem can also achieve
competitive results with much fewer token cost.

4.3 Ablation Study

We conduct ablations on EMemBench to isolate
how specific components of S*Mem contribute to
the score—token trade-off. Unless otherwise stated,
ablations use the same fixed reader and the same

Reader model GraphRAG LightMem HippoRAG S*Mem

DeepSeek-v4-pro (DeepSeek-Al, 2026) 35.1 31.0 47.6 49.6
Gemini3Flash (Google DeepMind, 2025) 343 33.0 38.1 40.1
GLMS5.1 (GLM-5-Team et al., 2026) 42.5 48.8 53.0 49.6

Table 5: Reader-model sensitivity on EMemBench text
external. Each cell reports the official score under the
corresponding reader.

evaluation protocol as the corresponding bench-
mark setting. We systematically study three ques-
tions: (i) Representation: Are structured scene—
event units more superior than unstructured text
chunks? (ii) Routing mechanisms: Whether
router components such as anchors, support-chain
expansion, and compact packing improve evi-
dence selection? (iii) Reader Agnosticism: Do
these gains generalize across different LLM read-
ers?

Structured Units vs. Plain Chunks: Replac-
ing the full structured units with standard unstruc-
tured text chunks causes a severe accuracy drop
0.3495 to 0.2517 (Table 4), despite both consum-
ing a comparable token budget. This validates that
the advantage of S>Mem lies not in merely com-
pressing text, but in explicitly isolating searchable
attributes (events, objects, and relations) that stan-
dard dense retrieval often conflates into noisy con-
text.

Failure of Single-Filed Compression: We fur-
ther ablate the units into extreme single-field vari-
ants (Event-only and Object-only). While Event-
only uses the fewest tokens (167), its accuracy
degrades catastrophically to about 0.1163 and
0.0953, respectively. This proves a core philos-
ophy of S®Mem: compactness alone is meaning-
less if the evidence ceases to be answer-sufficient.
Answering long-horizon questions intrinsically re-
quires the synergy of the entire which-what—
where—how schema: events identify occurrences,
objects identify entities, relations connect them,
and timeline fields preserve state changes. Strip-
ping away any of these dimensions breaks the log-
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ical chain required by the reader.

Plug-and-Play Reader agnosticism. Fi-
nally, we investigate whether the compact
evidence packs generated by S*Mem are uni-
versally digestible by different LLMs, i.e.,
DeepSeek-V4-Pro (DeepSeek-Al, 2026), Gem-
ini 3 Flash (Google DeepMind, 2025), and
GLM-5.1 (GLM-5-Team et al.,, 2026) on the
EMemBench text external subset. As detailed
in Table 5, S®Mem is best or near-best under
different readers, while using fewer evidence
tokens than HippoRAG. This suggests that the
observed trend is not specific to one answer-time
model, although the absolute score still depends
on reader strength.

5 Conclusion

We introduced S®Mem, a structured evidence-
routing interface for long-horizon memory ques-
tion answering. It converts heterogeneous his-
tories into scene—event units and selects com-
pact evidence packs for a fixed reader. Across
text, visual, and agent-use memory benchmarks,
S3Mem achieves a strong score—token trade-off,
especially when answers depend on localized
events, states, temporal relations, or provenance
evidence. Its weaker performance on recall-heavy
and abstraction-heavy agent-use questions high-
lights the limits of compact routing, suggesting
that structured evidence routing is a practical but
not universal interface for efficient long-horizon
memory QA.

Limitations

This work focuses on query-time evidence selec-
tion for long-horizon memory rather than end-to-
end agent training. Our claims are bounded to
the evaluated benchmarks, readers, and evidence-
token budgets reported in the experiments. Struc-
tured routing can under-select evidence, miss sup-
port steps in multi-hop questions, or fail when
benchmark assumptions diverge from trajectory-
style training data.

Additional failure modes and claim boundaries
are discussed in Appendix H.

Ethical Considerations and Artifact Use

This work uses existing public research bench-
marks and benchmark-style interactive trajectories
for long-horizon memory question answering. We

use these artifacts for research evaluation only and
follow their released terms, licenses, and intended
benchmark protocols where available. We do not
redistribute original benchmark data beyond the
permitted research-use setting.

The weak-supervision data constructed for
router training is derived from interactive environ-
ments and trajectory-based QA examples, rather
than newly collected human-subject data. We
check generated examples and released artifacts to
avoid including names, uniquely identifying per-
sonal information, or offensive content. Artifacts
created in this work, including structured mem-
ory units, weak router labels, and evaluation out-
puts, are intended for research on memory-side ev-
idence selection and should not be used for non-
research deployment without additional privacy,
safety, and data-governance review.
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Appendix Section Content Description

App. A

Implementation details for structured
scene—event units, candidate proposal,
router scoring, and evidence packing.

App. B Router implementation, feature con-
struction, weak-label generation, candi-
date labeling, and a training-instance ex-

ample.

App. C Weak-label construction, router training
targets, and training—inference separa-

tion.

App.D Train/test separation, no-gold inference
boundary, target adaptation policy, and

leakage-control rules.

App.E Benchmark conversion, scoring proto-
cols, token accounting, and baseline

provenance.

App. F Supplemental results and diagnostic
analyses that clarify, but do not replace,

the main benchmark tables.

App. G Qualitative case
when compact

helps.

studies illustrating
structured evidence

App. H Failure modes and claim-boundary clar-

ifications.

App. 1 Prompt used by the frozen structured

memory writer.

Table 6: Overview of appendix sections.

A Additional Method Details

This section provides implementation details that
are omitted from the main text for space. The eval-
uated component is the memory-side evidence in-
terface: histories are written into structured scene—
event units, candidate units are proposed from
several high-recall signals, router scores are com-
puted over units and unit pairs, and an ordered ev-
idence pack is rendered for a fixed reader.

A.1 Training and Inference Boundary

The router is trained offline from weakly super-
vised trajectory-QA data collected from environ-
ments separate from the downstream benchmark
test instances. Weak evidence annotations are
converted into support-unit, query-anchor, and
anchor—support edge labels. The writer and
reader are fixed, and only the lightweight router
is trained.

At benchmark inference time, all router param-
eters are fixed. The system selects evidence us-
ing only the question, written memory units, can-
didate features, and pre-answer relations. It does

not access benchmark answers, gold evidence,
judge labels, benchmark scores, or reader out-
puts. Benchmark-specific code is limited to in-
put conversion, prompt rendering, and official or
benchmark-compatible scoring.

A.2 Structured Scene-Event Units

Each raw trajectory step, visual observation, con-
versation record, document segment, or tool-use
log is converted into one or more structured scene—
event units. We use the same field schema across
text, visual, and agent-use memory:

m; = (tl’ €5 Oi,s f’ia Asiv iy Pi, ul)

Here, t; is a time, step, frame, or turn identifier;
e; is the event or observation; o; stores objects or
entities; ¢; stores location or source context; As;
records state changes when available; r; stores re-
lations to other units; p; stores provenance meta-
data; and wu; points to the raw record. Some fields
can be empty when the source does not contain
that information. The unit does not replace the raw
history; it provides searchable fields while preserv-
ing a pointer to the original evidence.

A.3 Candidate Proposal

Given a question ¢ and written memory M,
candidate proposal constructs a high-recall pool
C(q, M). Proposal channels include semantic re-
trieval, lexical overlap, query-anchor matching,
temporal proximity, object or entity overlap, vi-
sual continuity, causal links, and source continuity.
These channels are used only to collect candidates.
They do not determine the final reader-visible evi-
dence.

A.4 Evidence Packing and Rendering

The packer is deterministic at inference time and
has no learned parameters. It converts router
scores into an ordered evidence pack. For single-
hop questions, it selects one or a small num-
ber of high-support units. For multi-hop ques-
tions, it starts from a high-anchor unit and ex-
pands through high-scoring support links. The
packer orders selected units according to the ques-
tion type: temporal questions follow time or step
order, causal questions place antecedent events be-
fore effects, provenance-sensitive questions pre-
serve source pointers, and counting or compari-
son questions keep repeated occurrences separate
when needed.
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The rendered prompt contains only the selected
evidence pack and the question. The harness does
not retrieve additional records, rescore candidates,
call an additional reasoning model, or access gold
answers, gold evidence, judge labels, benchmark
scores, or reader outputs.

B Router Implementation and Training
Details

This section provides additional details on the
router implementation, feature construction, weak-
label generation, candidate labeling, and training
examples used to train the evidence router.

B.1 Router Structure

The evidence router is a lightweight learned se-
lector over serialized structured scene—event units.
Given a question ¢ and a candidate memory unit
m;, the router predicts two node scores: pgup (11 |
q), which estimates whether m; contains answer-
supporting evidence, and panc(m; | ¢), which
estimates whether m; grounds the event, state,
source, or temporal transition expressed by the
question. For a pair of candidate units (m;, m;),
the router predicts pedge (i, m; | ¢), which es-
timates whether the two units should be selected
together as a directed anchor—support link.

The router uses hashed sparse features and three
binary linear classifiers: a support head, an anchor
head, and an edge head. In our implementation,
the node-level feature space has dimension 2048,
and the support, anchor, and edge heads contain
1711, 1711, and 784 nonzero weights, respectively.
We also include relation features between candi-
dates in the pairwise edge scorer, using a 1024-
dimensional hashed relation-feature space. This
design keeps routing separate from answer genera-
tion: the router selects evidence before the reader
answers, while the fixed reader consumes only the
rendered evidence pack.

B.2 Router Features

For each candidate unit, the pointwise feature map
combines query tokens, serialized unit tokens, to-
ken overlap, retrieval score, token cost, reciprocal
retrieval rank, step or turn position, exact step men-
tions, action or location fields, objects, events, re-
lations, and state keys when available.

For each candidate pair, the pairwise feature
map includes temporal distance, adjacency, order
direction, shared query tokens, shared text, same-
location indicators, shared objects, same event

type, and shared state keys. The relation features
further include temporal adjacency, temporal-
near, temporal-forward/backward direction, same-
location, shared-object, same-event-type, shared-
state-key, and retrieval co-occurrence.

B.3 Candidate Generation and Labels

For each question, candidate memory units are re-
trieved with a hybrid lexical and dense retrieval
stage over serialized units. The candidate set con-
tains the top retrieved units. During supervised
router-data construction, weakly labeled units can
be inserted into the candidate set when necessary
so that training labels are not lost due to retrieval
misses. This insertion is used only for construct-
ing supervised router training data; it is not used
as gold evidence at benchmark inference time.

Each candidate stores its step identifier, serial-
ized text, retrieval features, token cost, and two
binary labels:

y:up = H‘[ti € Gsup], yf‘nc = H‘[ti € Ganc]-
The support and anchor heads are trained from
all candidate nodes. The edge head uses weak
chain edges as positive pairs. Negative edge pairs
are sampled from adjacent candidate pairs, pairs
involving support candidates, and random non-
positive candidate pairs, with at most 64 negatives
per example. Positive class weights are used for
all heads to compensate for sparse support, anchor,
and edge labels.

B.4 Router Training Example

Table 7 shows one router-training example. The
question requires counting two occurrences of the
same action within a step range. Weak support
and anchor labels are assigned to the two match-
ing memory units, while high-overlap distractors
become hard negatives.

For the question “From steps 1 to 39, how many
times did you execute mix picture?” the answer
is 2. The weak supervision marks steps 3 and 4
as support steps, because both match the queried
action within the specified range. They also serve
as anchors because the question asks for an event
count. The directed edge label is therefore (3,4),
indicating that the two occurrences form the evi-
dence chain needed for counting.

The serialized positive units are:
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Rank Step Action Yy 2" Cost
1 3 mix picture 1 1 33
2 4 mix picture 1 1 33
3 1 look at orange 0 0 29
4 5 mix door to kitchen 0 0 37
6 39 focus on hallway 0 0 109

Table 7: Example router training instance. The question requires counting two occurrences of the same action
within a step range. Weak support and anchor labels are assigned to the two matching memory units, while high-

overlap distractors become hard negatives.

Serialized positive units

[STEP] 3; [ACTION] mix picture; [LOCATION]
hallway;

[OBS] That container is empty, so there are
no items to mix;

[OBJECTS] picture, orange; [EVENTS] act
action=mix picture.

[STEP] 4; [ACTION] mix picture; [LOCATION]
hallway;

[0BS] That container is empty, so there are
no items to mix;

[OBJECTS] picture, orange; [EVENTS] act
action=mix picture.

The same retrieved candidate set also contains
hard negatives, such as

Serialized positive units

\[

\texttt{[STEP] 5;\ [ACTION] mix door to
kitchen;\ [LOCATION] hallway}.

\1]

This candidate shares the token mix, the same
location, and the same visible objects, but it does
not match the queried action mix picture. This
example illustrates why the router is trained with
support labels, anchor labels, and pairwise edge
labels rather than relying only on retrieval rank:
lexical retrieval can produce plausible distractors,
while the structured labels identify the actual event
chain.

B.5 Training-Data Audit

We audit the router-training data to separate
weakly labeled examples from unlabeled con-
verted examples. The supervised router train-
ing set contains 2,868 joint examples after
candidate construction. Among the converted
environment-specific files, 1,209 examples in
the Crafter-derived split, 242 examples in the
ScienceWorld-derived split, and 1,086 examples
in the EMemBench-derived file contain weak ev-

idence labels. Converted AMA-Bench examples
are not used as supervised weak-label training in-
stances in this audit.

C Weak Supervision and Router
Training

Training data sources. We construct router-
training data from four interactive environments:
CRAFTER, JERICHO, SCIENCEWORLD, and
ALFWORLD. These environments provide hetero-
geneous long-horizon histories, including visual
game trajectories, text-game trajectories, science
task trajectories, and embodied instruction traces.
For each environment, we process completed
episodes into trajectory records and use GPT-
S-assisted generation to standardize trajectory-
grounded QA examples. Each example contains
a trajectory, a question, an answer, question meta-
data, and weak evidence annotations when avail-
able. This construction is used only to train the
evidence router; it is not used to train the answer-
time reader.

Label construction. Each trajectory step is first
converted into a structured scene—event unit using
the schema in Sec. 3.1. For each question, weak
evidence annotations are mapped to support labels
over memory units. Question metadata, such as
answer type, target step, occurrence type, tempo-
ral relation, or source constraint, is used to derive
query-anchor labels. For questions whose answers
require multiple evidence steps, ordered evidence
steps are converted into anchor—support edge la-
bels. The resulting data supervise three routing tar-
gets: whether a unit is answer-supporting, whether
a unit matches the query anchor, and whether two
units should be selected together in a short evi-
dence chain.

Router architecture. The router is a lightweight
scorer over structured unit features rather than an
answer generator. Given a question ¢, a candi-
date unit m;, and a candidate pair (m;, m;), the
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Source

Raw history type

Router labels

CRAFTER visual/game trajectories support / anchor / edge
JERICHO text-game trajectories support / anchor / edge
SCIENCEWORLD  science task trajectories support / anchor / edge
ALFWORLD embodied instruction traces  support / anchor / edge

Table 8: Weak-supervision sources for router training. The constructed labels supervise evidence selection rather

than answer generation.

router computes pointwise features ¢ (g, m;) and
pairwise features (g, m;,m;). It then predicts
support, anchor, and edge scores:

psup(mi lq) = O(M;’r?b(q?mi) + bs),

panc(mi | Q) = U(w;—qb(q, ml) + ba)v

pedge(mi7 my; | Q) = U(wzw(qa ms, mj) + be)'

These heads are trained offline from the weak la-
bels above. At benchmark inference time, all
router parameters are fixed.

Training configuration. We train the router only
on the weakly supervised trajectory-QA data de-
scribed above. The writer, packer, and reader are
frozen throughout training and evaluation. We do
not update the reader, use benchmark answers as
supervision, or train on target benchmark gold ev-
idence.

C.1 Reader-Model Sensitivity

We test whether the observed routing trend de-
pends on a single answer-time reader. The
selected-evidence protocol and EMemBench text
external subset are held fixed, while the reader
model is varied. Scores are reported in Ta-
ble 5. Evidence-token counts are determined by
the memory method rather than by the reader.
Analysis. S*Mem is best under DeepSeek-v4-
pro and Gemini3Flash, and remains close to the
strongest method under GLMS5.1. HippoRAG is
also strong, especially under GLMS.1, but it uses
a larger evidence context in this setting. These re-
sults indicate that the routing trend is not tied to a
single answer-time reader, while also showing that
reader choice can affect absolute scores.

D Evaluation Protocol and Leakage
Control

This section specifies the evaluation boundary
used in the main paper.

D.1 No-Gold Inference Boundary

For the main benchmark results, inference fol-
lows a no-gold boundary. The method may access
the test question and the corresponding memory
source, but it does not access the gold answer, gold
evidence, judge labels, benchmark scores, or the
reader output before evidence selection. Evidence
is selected before the reader answers.

We do not treat an adapted baseline as an exact
reproduction of the full original system. Adapted
comparisons are used to compare reader-visible
evidence quality under a shared evaluation inter-
face.

D.2 Leakage-Control Rules

We follow four rules to reduce leakage risk:

1. The writer receives raw history records only
and is question-independent unless otherwise
stated.

2. The router receives the test question and writ-
ten memory units, but not benchmark an-
swers or judge feedback.

3. The packer uses router scores and structured-
unit fields only; it does not consult reader out-
puts.

4. Diagnostic analyses that use additional infor-
mation are reported separately from the main
learned-router results and are not used to sup-
port the main no-gold inference claim.

E Benchmark Conversion, Scoring, and
Baseline Provenance

E.1 Benchmark Details

LoCoMo (Maharana et al., 2024) is used for text
memory evaluation. We follow the question cate-
gories used in the main table, including temporal,
multi-hop, single-hop, open-domain, and adversar-
ial questions. The weighted overall score is com-
puted according to the number of questions in each
category.

22849



EMemBench Visual Games (Li et al., 2026) is
used for visual memory evaluation. The bench-
mark requires evidence from frame-level observa-
tions, object states, event occurrences, and visual
state changes.

AMA-Bench (Zhao et al., 2026) is used for
agent-use memory evaluation. The benchmark in-
cludes Recall, Causal Inference, State Updating,
and State Abstraction categories over agent trajec-
tories.

E.2 Token Accounting

We report tok/q as the average number of evidence
tokens exposed to the answer-time reader per ques-
tion. This metric measures the compactness of the
memory interface shown to the reader. It does not
include all preprocessing, writing, routing, or API
usage costs. Therefore, the score—token analysis
in the main paper should be interpreted as a reader-
visible evidence-efficiency comparison, not as a to-
tal serving-cost comparison.

E.3 Benchmark Conversion

For each benchmark, raw memory sources are con-
verted into the common structured scene—event
unit schema before routing. Text-memory exam-
ples are converted from long conversational his-
tories or textual records. Visual-memory exam-
ples are converted from frame-level observations,
object states, and event traces. Agent-use exam-
ples are converted from action trajectories, obser-
vations, state updates, and task metadata.

Benchmark-specific code is limited to input
conversion, prompt rendering, and official or
benchmark-compatible scoring. The router archi-
tecture is not changed across benchmarks.

E.4 Scoring Protocols

For LoCoMo, we report F1 and BLEU by ques-
tion category and compute weighted overall scores
using the category counts reported in the main ta-
ble. For EMemBench Visual Games, we report
accuracy, F1, and average reader-visible evidence
tokens per question. For AMA-Bench, we report
accuracy on Recall, Causal Inference, State Updat-
ing, and State Abstraction, together with their av-
erage.

E.5 Reader-Visible Evidence Tokens

We report tok/q as the average number of evidence
tokens exposed to the answer-time reader per ques-
tion. This measures the size of the memory in-

terface shown to the reader. It should not be in-
terpreted as total system API usage, because writ-
ing, candidate proposal, routing, and optional pre-
processing can incur additional cost. The main
claim concerns the compactness and usefulness of
reader-visible evidence, not total end-to-end serv-
ing cost.

F Supplemental Results and Diagnostic
Analyses

This section contains supplemental results that
clarify the main findings. These analyses should
be interpreted as diagnostics rather than as replace-
ments for the main benchmark tables.

F.1 Representation Ablation

The representation ablation in the main paper com-
pares the full structured scene—event representa-
tion with plain chunks and single-field variants.
The result supports a bounded conclusion: on
EMemBench External, the full structured unit is
more effective than using plain text chunks or iso-
lated event/object fields. This ablation does not by
itself prove that every router component is neces-
sary.

F.2 Recommended Router Ablations

To isolate the contribution of routing components,
we recommend reporting the following ablations
when available:

* Full S3Mem: structured units with support,
anchor, and edge scores.

* w/o query anchors: candidate selection and
packing without anchor scores.

* w/o edge scores: single-unit support scoring
without anchor—support links.

* Top-k support only: selects top-scoring
units without structured packing.

e Plain chunks: retrieves and renders unstruc-
tured text chunks.

If these rows are not included, claims about the
necessity of query anchors, edge scoring, or pack-
ing should be stated as design motivation rather
than experimentally established conclusions.
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F.3 Reader Sensitivity

Reader-sensitivity experiments can help determine
whether the routing trend depends on one answer-
time model. When reporting such results, the table
should specify the reader, evidence-token account-
ing, and whether the same selected evidence was
used across readers. The interpretation should fo-
cus on robustness of the evidence interface, not on
claiming a universal reader-independent improve-
ment.

G Qualitative Case Studies

The following examples illustrate how compact
structured evidence can help in cases where broad
retrieval or compression may return incomplete or
distracting evidence. They are illustrative only and
do not replace aggregate benchmark results.

Question. After the step when your water
first dropped below 3, after how many steps
did the step when your health first became 2
or lower occur?

Gold answer. 15

Selected evidence. The evidence pack keeps
the first event where water drops below 3 and
the later event where health becomes 2 or
lower:

step 147 : water = 2, health = 4,
step 162 : health = 1, water = 2.

The reader can then compute 162 —147 = 15.

Why this case matters. The question
requires two threshold-crossing events and
their temporal distance. A related state sum-
mary is not sufficient unless it preserves both

events and their step indices.
\ J

Question. How many times were you as-
saulted?

Gold answer. 6

Selected evidence. The evidence pack keeps
repeated attack events as separate units rather
than merging them into one summary. The
support units include repeated attack events

with associated health changes.

Why this case matters. Counting questions
can fail when compression collapses repeated
low-level events as redundant. Structured ev-
idence packing can preserve repeated occur-

rences as separate countable units.
G J

Question. At step 4, what observation did
you see before performing the action?

Gold answer. You switch the brass lantern
on.

Selected evidence. The evidence pack
includes the neighboring step before the
queried action: step 3 contains the action
turn lantern on and the observation You
switch the brass lantern on.

Why this case matters. The decisive evi-
dence is not merely the presence of related
words such as lantern. The reader needs the

observation at the correct temporal boundary.
\ J

H Failure Cases and Claim Boundary

H.1 Failure Modes

S3Mem can fail in several ways. First, the router
may under-select evidence, producing a compact
but incomplete support chain. Second, it may iden-
tify the correct anchor but miss a required support
step. Third, the reader may fail even when the se-
lected evidence contains the needed information.
Fourth, some benchmark questions may require
broad recall or high-level abstraction over long
trajectories, where compact routing is less effec-
tive than broader graph traversal or larger-context
methods.

H.2 Supported Claims

The experiments support the following bounded
claims:

* Structured scene—event units can provide use-
ful reader-facing evidence for long-horizon
memory QA.

* Routing over support, anchor, and edge sig-
nals provides a compact evidence interface
for fixed readers.
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* $3Mem improves the score-token trade-off Structured Memory Writer Prompt

in the evaluated settings, with the clearest
gains on localized event, state, temporal,
causal, and provenance evidence.

You are a memory writer for a long-horizon
question-answering system. Convert the
raw history record into structured scene—
event memory units.
For each unit, output a JSON object with
the following fields:

* time: timestamp, step id, frame id, or
turn id.

* event: concise description of the
event or observation.

* objects: entities, objects, tools, peo-
ple, or variables involved.

e location_source: location, docu-
ment, frame, conversation, tool trace,
or source context.

e state_delta: state before/after the
event, if available.

* relations: temporal, causal, object-
state, visual, or provenance links to
other units.

e provenance: source metadata needed

8 ify th it.
I Structured Memory Writer Prompt 0 verity the unt

* raw_pointer: pointer to the original
record.

Rules:

e Preserve factual details from the raw
record.

* Do not infer unsupported facts.

* Keep each unit concise.

If a field is unavailable, use null or an
empty list.

* Return only valid JSON.

We use a frozen LLM as the structured memory
writer. The writer receives raw history records and
emits structured scene—event units in JSON format.
It does not receive benchmark questions, gold an-
swers, gold evidence, judge labels, or benchmark
scores.
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