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Abstract

Long-context conversational agents require ro-
bust memory, but existing frameworks struggle
to organize information effectively across di-
mensions like time and topic, leading to poor
retrieval. To address this, we introduce H-
Mem, a novel Hybrid Multi-Dimensional Mem-
ory architecture. H-Mem stores conversational
facts in two parallel, hierarchical data struc-
tures: a temporal tree that organizes informa-
tion chronologically and a semantic tree that
organizes it conceptually. This dual-tree design
enables a hybrid retrieval mechanism managed
by an intelligent Mode Controller. Based on
the query, the controller dynamically chooses
between a sequential search using semantic
anchors and an intersective search combining
both hierarchies. Our experiments on long-
context QA datasets demonstrate that H-Mem
provides a more flexible approach to memory
management, leading to significant improve-
ments of over 8.4% compared to other state-
of-the-art systems. Our code is available at:
https://github.com/rutgerswiselab/H-mem.

1 Introduction

The proliferation of Large Language Models
(LLMs) has catalyzed a new frontier in agentic
artificial intelligence, where systems are expected
to maintain context, recall past interactions, and
reason over long periods. A robust and scal-
able memory mechanism is the cornerstone of
such advanced agents (Achiam et al., 2023; Ope-
nAl, 2024; LangChain, 2025; OpenAl, 2024; Wu
et al., 2025b; Du et al., 2025). However, existing
memory systems, including retrieval-augmented
generation (RAG) frameworks leveraging vector
databases (Lewis et al., 2020; Karpukhin et al.,
2020; Qian et al., 2025; Gutiérrez et al., 2024) and
early hierarchical models (Rezazadeh et al., 2025;
He et al., 2024; Sun and Zeng, 2025), often operate
on a single dimension. They typically retrieve infor-
mation based solely on semantic similarity or, less

commonly, chronological proximity (Ong et al.,
2025; Maharana et al., 2024; Wang et al., 2025),
failing to capture the multifaceted, associative na-
ture of human memory (Squire et al., 2015; An-
derson, 1983). While some recent works have ex-
plored hierarchical memory structures (Rezazadeh
et al., 2025; Pan et al., 2025; Ong et al., 2025) or
memory organization inspired by operating sys-
tems (Li et al., 2025; Kang et al., 2025; Packer
et al., 2023), a critical gap remains: no existing
architecture cohesively integrates and queries mem-
ory across both temporal and semantic dimensions
in a structured, hierarchical manner (Jiang et al.,
2024; Zhang et al., 2025a; Xu et al., 2025a; Chen
et al., 2026).

To address this limitation, we introduce a Hy-
brid Multi-Dimensional Memory (H-Mem) system
designed to enhance long-context conversational
question-answering performance. The core of our
contribution is a novel dual-tree architecture that
simultaneously organizes atomic pieces of informa-
tion, or "Fact Nodes," into two parallel hierarchical
structures: a Time-Dimension Tree that indexes
facts chronologically and a Semantic-Dimension
Tree that organizes the same facts based on concep-
tual relatedness. This dual representation allows
for more flexible and robust information retrieval.
Our primary contributions can be listed as follows:

* We propose the novel dual-tree architecture
for parallel temporal and semantic memory
organization.

* We introduce a dynamic retrieval mechanism
managed by an LLM-based mode controller,
which intelligently switches between two dis-
tinct search strategies, which are a sequential,
context-expanding search and a parallel, in-
tersective search, based on the nature of the
user’s query.

¢ We demonstrate that this multi-dimensional
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Figure 1: The H-Mem dual-tree construction process. Each new FactNode (mg) is simultaneously indexed in
both the Temporal Tree (by timestamp) and the Semantic Tree (by conceptual topic), creating a multi-dimensional

memory structure.

approach, which more closely mimics the as-
sociative and hierarchical properties of human
memory, is a promising direction for building
more capable agentic LLMs.

In this paper, we detail the architecture of the H-
Mem system, its ingestion and retrieval pipelines,
and set the stage for its evaluation on long-context
conversational QA benchmarks (Maharana et al.,
2024; Wu et al., 2025a; Kamradt, 2023; Li et al.,
2023; Bianchi et al., 2025).

2 Related Works

Long-Context Modeling for Dialogue. Trans-
former models can process long sequences, but
their attention mechanism imposes a fixed context
window limit (Vaswani et al., 2017; Devlin et al.,
2019). Even with extended windows, models of-
ten fail to exploit dialogue structure effectively,
leading to degraded reasoning and coherence (Li
et al., 2023; He et al., 2024; Tan et al., 2025). In
multi-session dialogue, models must maintain both
character consistency and episode continuity (Ras-
mussen et al., 2025; Li et al., 2025), which mo-
tivates memory-based architectures (Zhong et al.,
2024; Packer et al., 2023). Thus, relying solely
on Transformers for long-context dialogue remains
inadequate. When key information is distant or
scattered across turns, models often fail to retrieve
and integrate it coherently (Liu et al., 2023; Maha-
rana et al., 2024; Wu et al., 2025a).

To address this, Retrieval-Augmented Genera-
tion (RAG) augments models with external knowl-
edge, improving dialogue quality (Lewis et al.,
2020). Recent extensions further adapt RAG to

long-context settings (Qian et al., 2025; Gutiérrez
et al., 2024; Xu et al., 2025a). However, RAG is pri-
marily designed for large-scale document retrieval,
often returning semantically related but fragmented
snippets (Zhang et al., 2025b), which is insufficient
to maintain the conversation with information for-
getting (Zhong et al., 2024; Das et al., 2024) and
updating (Wang et al., 2025; Xu et al., 2025b; Yan
et al., 2025) over time.

From Dynamic RAG to Agentic Memory. Criti-
cal evidence is often obscured by irrelevant content,
and fragmented knowledge makes retrieval noisy
and incoherent (Liu et al., 2023; Bianchi et al.,
2025; Kamradt, 2023). Neither enlarging context
windows nor enhancing retrieval is sufficient, as
models still suffer from incomplete reasoning and
disrupted dialogue coherence (Xu et al., 2021; Ma-
harana et al., 2024; Wu et al., 2025a). This limita-
tion has led to dynamic RAG (Su et al., 2025; Jeong
et al., 2024; Sarthi et al., 2024), which extends
static retrieval by continuously updating and reor-
ganizing information during interactions. In this
view, retrieval evolves toward memory: past infor-
mation is dynamically compressed (Yu et al., 2023;
Chung et al., 2024), rewritten (Xu et al., 2025b;
Chhikara et al., 2025), and prioritized for future
use (Yan et al., 2025; Xu et al., 2025a).

Recent work further positions memory as an
independent research domain. For single agents,
memory architectures enhance long-term reason-
ing (Packer et al., 2023; Zhong et al., 2024). In
multi-agent settings, shared memory supports state
persistence and coordination (Zhang et al., 2025a;
Hong et al., 2024; Yuen et al., 2025). Other ap-
proaches organize knowledge into structured rep-
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Figure 2: The two retrieval modes of H-Mem. (Left) Mode 1 (Sequential Search): A semantic search for a topic is
followed by a localized temporal search to find specific details. (Right) Mode 2 (Intersective Search): Parallel
searches on temporal and semantic dimensions are performed, and the context is derived from their intersection.

resentations, such as graphs, to capture entities,
relations, and evolving context (Xu et al., 2025b;
Rasmussen et al., 2025; Rezazadeh et al., 2025).
Together, these directions suggest that memory ex-
tends beyond retrieval, forming a core infrastruc-
ture for building agentic systems (Huang et al.,
2026; Guo et al., 2025). Yet unlike most current
designs, human memory is inherently hierarchi-
cal, spanning from fine-grained events to abstract
schemas (Squire and Alvarez, 1995; Van Kesteren
et al., 2012; Squire et al., 2015; Janik, 2023).

Recent studies have attempted to model such
hierarchy for LLM agents. Some draw inspi-
ration from hippocampal processing (Gutiérrez
et al., 2024; Das et al., 2024), some organize mem-
ory into semantic granularities but remain coarse
in evidence localization (Xu et al., 2025a; Ras-
mussen et al., 2025; Sun and Zeng, 2025; Reza-
zadeh et al., 2025), others distinguish short- from
long-term memory, though cross-session recall re-
mains weak (Li et al., 2025; Ong et al., 2025; Pan
et al., 2025). Despite these advances, current ap-
proaches fall short of capturing multi-dimensional
hierarchy and of integrating different levels into a
unified agent memory system.

3 Methodology

The H-Mem architecture is designed to address the
challenges of long-context memory management
by organizing information across two distinct di-
mensions: time and semantics. Our methodology is
divided into two primary pipelines: (1) a Memory
Ingestion and Formation pipeline that processes

and stores conversational data, and (2) a Hybrid
Retrieval pipeline that dynamically selects the opti-
mal strategy to recall information.

3.1 Memory Ingestion and Formation

The ingestion pipeline is responsible for convert-
ing unstructured conversational turns into a struc-
tured, dual-hierarchy memory. This process in-
volves three key steps for each turn.

3.1.1 Memory Curation

Not all parts of a conversation are equally impor-
tant. To prevent the memory from being cluttered
with conversational filler, each turn is first pro-
cessed by a Memory Curation Agent (Cygent) poW-
ered by a large language model (LLM). This agent
makes a binary decision: it classifies the turn as ei-
ther "memorable" (containing specific facts, events,
plans, or opinions) or “not_memorable” (contain-
ing simple greetings, acknowledgements, or filler).
Only "memorable" turns proceed to the next stage,
ensuring that the memory stores high-signal infor-
mation. The turn j is then packed with prompt
template PP; and passed to Cygent to get the deci-
sion on importance.

ey

Decision; = Cygent (turn;|Pr)

3.1.2 Dual-Tree Construction

Each memorable turn is stored as a single FactN-
ode, m, a data object containing its timestamp,
speaker, original source text, and both parents on
dual-tree structures.

7758



m = (t, speaker, text, parent,, parents) (2)

This FactNode becomes a leaf node in two par-
allel hierarchical trees: the Temporal Tree and the
Semantic Tree, as illustrated in Figure 1.

1. The Temporal Tree: This tree provides a de-
terministic chronological index. A FactNode
m is placed into this hierarchy based on its
timestamp (for example, 2023 -> July -> 08
-> FactNode). This structure is created algo-
rithmically by parsing the date and traversing
the tree, creating new date nodes as needed.

Py(m) = Path(Y (t), M(t), D(t))  (3)

2. The Semantic Tree: This tree organizes facts
conceptually. A FactNode m is placed via
top-down search guided by vector similarity
on embeddings. For a parent node N_p with
child category nodes, the traversal proceeds
to the child with the highest cosine similarity

Nieaxt = argmax{sim(&,,,é.,)} (4)
over all child nodes ¢;.

The cosine similarity is calculated as:

. a-b
D)= e @
If the maximum similarity is below a thresh-
old 6, we set 6 = 0.8 for the rest of our paper.
A new conceptual node is created and named
by an LLM, allowing the memory’s ontology
to grow dynamically.

3.1.3 Vector Indexing

To enable efficient global similarity search, the em-
bedding for every ingested FactNode is also added
to a FAISS index. This index I maintains a flat,
searchable vector store of all memories, decoupled
from the hierarchical structures, which is critical
for the first step of our sequential retrieval mode:

I ={E(m;)|Ym; € Memory} (6)

3.2 Hybrid Retrieval Mechanism

To answer a user’s query, ¢, H-Mem employs a two-
mode retrieval system managed by an LLM-based
Mode Controller, as shown in Figure 3.

3.2.1 Mode Controller

The Mode Controller analyzes the user’s query to
determine the most efficient retrieval strategy, dis-
tinguishing between queries with (Mode 2) and
without (Mode 1) absolute timeframes as hints. The
two retrieval modes are visualized in Figure 2.

User Query @

bY
( Mode ]
Controller

Retrieve Mode 2:
Retrieve Memories in
the Semantic Dimen-
sion meanwhile in the
Temporal Dimension

Retrieve Mode 1:
Retrieve Memories in
the Semantic Dimen-
sion then in the
Temporal Dimension

Figure 3: The H-Mem Mode Controller. The controller
analyzes the user query to determine the optimal re-
trieval strategy, dynamically switching between Mode 1
and Mode 2 for different tasks.

3.2.2 Mode 1: Sequential Search

This mode is designed for detail-oriented and
context-dependent questions. It follows a two-step
process:

1. Global Vector Search: The query q is embed-
ded and searched against the FAISS index
to retrieve the top-k most semantically rele-
vant FactNodes from anywhere in the conver-
sation, which serve as a set of high-quality
“seed facts” Mgeeq:

Mseed = TOszimilar (E(Q)7 I) (7)

2. Temporal Expansion: The system then uses
the temporal_parent pointers of these seed
facts, {p1,...,pr} to jump to their locations
in the temporal tree. It calculates the Lowest
Common Ancestor (LCA) of these temporal
nodes, defining the smallest relevant time win-
dow Ngiz:

Netz = LCA(p1,p2, - - -, Dk) ()

The final set of retrieved facts, M,.;, com-
prises all facts within this temporal context
window:

Mt = FactsUnder(Ney) 9)
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3.2.3 Mode 2: Intersective Search

This mode is designed for filtering and summariza-
tion queries. It also follows a two-step process:

1. Entity-Driven Parallel Search: An LLM ex-
tracts the key topic and timeframe entities
from the query. The system then performs
two independent searches: a semantic similar-
ity search in the semantic tree to find all facts
related to the topic, and a robust, F1-score
based search in the temporal tree to find all
facts related to the timeframe.

2. Intersection: The final set of retrieved facts is
the intersection of the results from the seman-
tic and temporal searches.

3.3 Answer Generation

Finally, the list of facts retrieved from either Mode
1 or Mode 2 is compiled into a context block, in-
cluding speaker information. This context, along
with the original query, is passed to a final LLM
with prepared prompt template for direct and con-
cise answer synthesis.

4 Experiments

To evaluate the effectiveness of H-Mem, we con-
duct a comprehensive set of experiments on a long-
context conversational question-answering bench-
mark. Our evaluation is designed to assess the
model’s ability to accurately recall information
over long dialogues.

4.1 Dataset

We evaluate H-Mem on the LoCoMo dataset, a
challenging public benchmark designed to test
long-context memory in conversational agents. Lo-
CoMo (Maharana et al., 2024) is a multi-session
dialogue dataset featuring conversations between
two human users. It includes a variety of question
types that require recalling specific details, events
across different sessions, making it an ideal testbed
for our memory architecture.

We pick the following strong baselines over
other solutions, including RAG and other hierarchi-
cal memory systems, as these picked baselines are
specifically designed and tailored for the best per-
formance in a conversational memory scenario and
suited for LoCoMo-like long multi-session multi-
turn conversations benchmarking.

4.2 Baselines

We pick the following strong baselines over other
solutions, including RAG and other hierarchical
memory systems, as these picked baselines are
specifically designed and tailored for the best per-
formance in a conversational memory scenario and
suited for LoCoMo-like long multi-session multi-
turn conversations benchmarking.

e Mem0 (Chhikara et al., 2025): An intelli-
gent memory system that uses a two-phase
pipeline to extract, consolidate, and retrieve
salient facts from conversations.

e Mem(Y (Chhikara et al., 2025): An enhanced
variant of MemO that incorporates a graph-
based store to capture the relationships be-
tween entities in dialogue turn using LLM.

* Zep (Rasmussen et al., 2025): A memory sys-
tem that uses a temporally-aware knowledge
graph to synthesize conversational data and
maintain historical relationships.

* OpenAlI Memory (OpenAl, 2024): The na-
tive memory feature provided by OpenAl, de-
signed to retain information across interac-
tions and sessions within its ecosystem.

* LangMem (LangChain, 2025): A
summarization-centric  memory  frame-
work that provides tools to manage episodic,
and procedural memory for Al agents.

4.3 Evaluation Metrics

Our evaluation is conducted using both standard
NLP metrics and a qualitative, LLM-based judg-
ment score for robust semantic comparison.

* F1 Score: Measures the harmonic mean of
precision and recall on a token level, provid-
ing an assessment of content overlap between
the generated and ground-truth answers.

* BLEU-1 (B1): Calculates unigram overlap
to measure the fluency and adequacy of the
generated answer compared to the reference.

* J-Score (Judge Score): To capture semantic
correctness beyond lexical overlap, we em-
ploy an LLM-as-a-Judge. A separate LLM is
prompted with the question, the gold answer,
and the generated answer, and is tasked with
providing a binary label of TRUE or FALSE
based on semantic equivalence. The J-Score
is the percentage of TRUE labels.
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4.4 Implementation Details

The H-Mem system is implemented in Python. The
Memory Curation Agent and the final Answer Gen-
eration Agent are powered by Azure’s gpt-4o-mini
deployment. LLM is also used to polish writing.
For all embedding tasks, we utilize BAAl/bge-
large-en-v1.5 model, which has an embedding di-
mension of 1024. We use GPT-40-mini (OpenAl,
2024) for our experiments. The vector index for
our Global Vector Search is managed by FAISS
using an IndexFlatL2 configuration. For our abla-
tion studies, we will test variations of the retrieval
mechanism, including disabling the LCA-based
temporal expansion.

Overall Performance on LoCoMo Benchmark
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Figure 4: Overall performance comparison on the Lo-
CoMo benchmark. The bars represent three evaluation
metrics (F1, BLEU-1, and J-Score) across different
memory architectures. H-Mem achieves the highest
overall performance, showing consistent improvements
across all metrics.

4.4.1 Results

We present our experimental results in three parts.
First, we show the main comparison of H-Mem
against the baselines. Second, we conduct a series
of ablation studies to analyze the contribution of
each component of our architecture. Finally, we
provide a qualitative case study to illustrate the
behavior of our model.

4.4.2 Main Results

Our main results on the LoCoMo benchmark are
presented in Table 1 and Figure 4. The evalua-
tion demonstrates that H-Mem substantially out-
performs all baseline methods across every metric,
highlighting the effectiveness of its hybrid multi-
dimensional architecture.

As shown in Table 1, H-Mem achieves the high-
est overall F1, B1, and J-Score. Most notably, our

model achieves a J-Score of 72.47, representing
a significant improvement of over 5.6 points com-
pared to the strongest baseline, Mem(9. This in-
dicates that H-Mem is better at retrieving correct
information both in lexical and semantic dimen-
sion, as judged by the LLM. This improvement is
statistically significant at p < 0.05.

The overall performance comparison, visualized
in Figure 4, further illustrates H-Mem’s consistent
superiority. The bar chart clearly shows that H-
Mem sets a new state-of-the-art on this benchmark,
with its J-Score bar towering over the others.

When breaking down the performance by ques-
tion category, H-Mem shows its most significant
gains in the “Single-Hop”, “Multi-Hop”, and “Tem-
poral” categories. The strong performance on tem-
poral questions, where H-Mem achieves a J-Score
of 57.63, underscores the value of the dedicated
temporal tree. The high scores in single and multi-
hop questions demonstrate the power of our hybrid
retrieval mechanism, which combines a precise
global vector search for seed facts with a robust
hierarchical expansion to gather the context for
complex reasoning.

4.4.3 Ablation Studies

To understand the impact of H-Mem’s key com-
ponents, we perform several ablation studies. We
first analyze the effect of our LLM-based memory
curation filter and then explore the contributions of
our hybrid retrieval architecture.

J-Score Trends across Top-K Settings
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Figure 5: H-Mem performance across Top-K settings.
Scores improve with increasing Top-K, shown across
Overall, Single-Hop, Multi-Hop, Temporal, and Open-
Domain categories.

Memory Curation Filter Our ingestion pipeline
includes a Memory Curation Agent that filters out
non-memorable conversational turns (simple greet-
ings for example). To quantify the benefit of this ap-
proach, we compare the full H-Mem model against
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Method Single-Hop Multi-Hop Temporal Open-Domain Overall
F1(t) B1(H) J(M FI(MH BI(M) JOH F1(H BL(H J) F1(H) B JM FI(D) BID) I
Mem( 47.65 38.72 7293 38.72 27.13 67.13 28.64 21.58 51.15 4893 40.51 55.51 42.13 33.14 66.24
Mem(? 49.27 4030 75.71 38.09 26.03 65.71 2432 18.82 47.19 51.55 40.28 58.13 42.16 33.21 66.84
Zep 49.56 38.92 76.60 35.74 2330 61.70 19.37 14.82 41.35 42.00 34.53 49.31 40.27 30.76 64.82
OpenAl 3931 31.16 62.29 3430 23.72 63.79 20.09 1542 4292 14.04 11.25 21.71 32.81 25.28 56.00
LangMem 4091 33.63 71.12 35.51 26.86 62.23 26.04 2232 47.92 30.75 25.84 2343 36.19 29.55 61.68
H-Mem 54.53 48.90 80.62 37.95 29.62 69.50 45.61 39.16 57.63 21.36 17.70 59.38 47.57 41.40 72.47

Table 1: Main results on the LoCoMo benchmark.

The three metrics including F1, BLEU-1(B1), J, where J

represents LLM-as-a-Judge (J-score). H-Mem outperforms all baselines in all categories in J-score comparison.

The best result is significant at p < 0.05.

a variant where this filter is disabled (w/o Curation
Filter), meaning every single turn is ingested into
the memory trees. The results are shown in Table
2.

Method F1(t) B1(D)  JMD

H-Mem (with Filter) 47.57 4140 7247
w/o Curation Filter 45.63 39.82 67.34

Table 2: Ablation study of the Memory Curation Agent
on the LoCoMo benchmark. The result shows the Cu-
ration Filter improves the overall correctness due to a
more concise and denser memory structure.

Retrieval Architecture Next, we analyze the
components of the retrieval mechanism itself. The
results are presented in Table 3. We study the effect
of removing the temporal hierarchy, disabling the
adaptive LCA expansion, and forcing the system
to use only the sequential retrieval mode.

Our study includes the following variants:

1. w/o Temporal Tree: In this variant, we re-
move the temporal tree and its expansion logic
entirely. Retrieval is based solely on the glob-
ally relevant “seed facts” found by the ini-
tial FAISS search. This effectively makes the
model a sophisticated RAG system without
our memory curation frontend.

2. w/o LCA Expansion: We disable the Lowest
Common Ancestor (LCA) logic in the Mode
1 search, reverting to a simpler fixed-window
context. This tests the value of our adaptive
temporal context window.

3. Mode 1 Only: We disable the Mode Con-
troller and force the system to use only Mode
1 (Sequential Search) for all queries (as Mode
2 does not fit most queries, as there is no clear

absolute timestamp, but Mode 1 fits every
query). This evaluates the importance of the
dynamic retrieval strategy.

The results clearly quantify the contribution of
each architectural decision. Removing the tempo-
ral tree (w/o Temporal Tree) causes a noticeable
drop in all scores, particularly the J-score (from
72.47 to 71.04), confirming that the temporal con-
text provided by the hierarchy is crucial for seman-
tic correctness. Similarly, disabling the adaptive
context window (w/o LCA Expansion) also harms
performance, with the J-score falling to 70.71. This
demonstrates the value of the LCA method in gath-
ering a broader, more relevant temporal context
compared to a simple fixed window. Finally, forc-
ing the system to use only Mode 1 leads to a drop
in performance, showing the Mode Controller is
a valuable component of the H-Mem architecture
due to the ability of dynamic mode selection.

Method F1(t) B1(H)  J(D
H-Mem 4757 4140 7247
w/o Temporal Tree ~ 46.81 4093 71.04
w/o LCA Expansion 48.14 4191 70.71
Mode 1 Only 47.18 41.32 71.30

Table 3: Ablation study of H-Mem components on the
LoCoMo benchmark. The full model outperforms all
ablated versions, quantifying the contribution of the
temporal tree, LCA-based expansion, and the dynamic
mode controller.

Sensitivity to Top-K Seed Facts The initial
global vector search retrieves the top-k most rele-
vant facts to “seed” the subsequent hierarchical ex-
pansion. To analyze the model’s sensitivity to this
hyperparameter, we evaluated the J-Score across
different values of k, from 5 to 30. The results
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are shown in Figure 5. The performance improves
as k increases across all question categories. This
suggests that a larger set of initial seed facts pro-
vides a more robust starting point for hierarchical
expansion, increasing the likelihood of capturing
the necessary information to answer the query.

However, the gains begin to diminish as k ap-
proaches 30, indicating a point of diminishing re-
turns. Based on the analysis, we set k to 30 for our
main experiments and not increasing k further as it
offers a strong balance between performance and
computational efficiency and cost.

4.4.4 Qualitative Analysis

To provide a more intuitive understanding of H-
Mem’s behavior, we present two case studies that
highlight the specific advantages of our hybrid re-
trieval mechanism.

Case 1: Sequential Search for Temporal Reason-
ing (Mode 1)

¢ Query: “When did Caroline mention she was
going to the LGBTQ support group?”

* Mode Selected: The Mode Controller cor-
rectly identifies there is no absolute timeframe
in the query and choose Mode 1.

Standard RAG Failure: A standard RAG re-
trieves facts about “support groups” in general,
but misses the specific temporal context.

e H-Mem’s Success: In contrast, H-Mem’s
Mode 1 search first identifies the key FactN-
ode about the LGBTQ support group via vec-
tor search, then uses its temporal parent to per-
form an LCA expansion, correctly retrieving
nearby facts that specify the event happened
“yesterday”. This allows the final generation
agent to correctly answer the question.

Consider the query: “When did Caroline men-
tion she was going to the LGBTQ support group?”.
A standard RAG baseline retrieves facts about "sup-
port groups" in general but misses the specific tem-
poral context. In contrast, H-Mem’s Mode 1 search
first identifies the key FactNode about the LGBTQ
support group via vector search, then uses its tem-
poral parent to perform an LCA expansion, cor-
rectly retrieving nearby facts that specify the event
happened “yesterday”. This allows the final gener-
ation agent to correctly answer the question.

Case 2: Intersective Search for Robust Reason-
ing (Mode 2)

* Query: “How many times has Melanie gone
to the beach in 20237

* Mode Selected: The Mode Controller
correctly identifies the absolute timeframe
(“2023’’) and choose Mode 2.

» Standard RAG Failure: A standard RAG
system fails. It retrieves memories about
“beach” from other years and general mem-
ories about “2023” that have nothing to do
with the beach, leading to the incorrect count.

* H-Mem’s Success: H-Mem performs a pre-
cise, two-part search:

1. It finds all memories related to the
“beach” topic in the semantic tree.

2. It finds all memories from the “2023”
node in the temporal tree.

3. It then takes the intersection of these two
sets, resulting in a clean, accurate list
of only the beach trips that happened in
2023, which allows for the synthesis of a
correct final answer.

5 Conclusions

In this work, we introduced H-Mem, a novel hy-
brid multi-dimensional memory architecture specif-
ically designed to overcome the critical limitations
of single-axis memory systems, which often leads
to context collapse or catastrophic forgetting in
long-context conversational agents. By organiz-
ing memories into parallel temporal and semantic
hierarchies, our solution effectively captures the
rich, interwoven nature of dialogue. It employs
a dynamic hybrid retrieval mechanism that flexi-
bly combines a global vector search for key "seed"
memories with a rich hierarchical expansion. This
ensures both speed in identifying relevant infor-
mation and depth in reconstructing the necessary
conversational context.

Our comprehensive experiments on LoCoMo
benchmark demonstrate that H-Mem significantly
outperforms state-of-the-art baselines, showing par-
ticularly strong gains in complex temporal and
multi-hop reasoning tasks. These results validate
our multi-dimensional approach as a more robust
foundation for building intelligent, coherent, and
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truly stateful conversational agents that can main-
tain consistency over long interactions. Future
work could enrich the memory with new dimen-
sions (like user sentiment and conversational goals)
and more sophisticated graph-based methods that
integrate external knowledge. A more fundamental
vision aims to transcend simple retrieval, develop-
ing a system capable of proactive memory manage-
ment to anticipate user needs and meta-cognition
to self-correct its own knowledge gaps.

Limitations

Current agent memory storage and retrieval heav-
ily rely on powerful LLM systems. In the future,
we will attempt to further decompose challenging
tasks to enable dialog question-answering tasks
using smaller language models. Plus, current mod-
eling of semantic and temporal trees remains rela-
tively rudimentary. In the future, we will leverage
LLM to construct more dynamic trees featuring
seamless memory management between storage
and retrieval.
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A LoCoMo Categories Classification

A notable ambiguity exists in the original LoCoMo
dataset and its accompanying paper concerning the
mapping between category indices and their corre-
sponding names. The benchmark paper presents
the results for Conversational QA in Table 2, listing
the categories in the following order:

1. Single Hop

2. Multi Hop

3. Temporal

4. Open Domain

5. Adversarial

This presentation has led subsequent researchers
to assume a direct correspondence between the
numerical indices (1-5) and this list of category
names, often without further inspection of the
dataset’s contents.

To clarify this discrepancy, we performed a de-
tailed analysis of the dataset, exemplified here by
the first conversation (sample_id: conv-26), whose
question distribution is representative of the entire
dataset. Before presenting our findings, we briefly
summarize the category definitions from the origi-
nal paper:

* Single Hop vs. Multi Hop: Single Hop ques-
tions can be answered using evidence from a
single session, whereas Multi Hop questions
can require integrating information from mul-
tiple sessions.

* Temporal: These questions pertain to time-
related information (e.g., when an event oc-
curred).

* Open Domain: These questions may span
multiple sessions but are distinct from Multi
Hop as they typically involve hypotheticals
(using terms like “would” or “will”) rather
than established facts.
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* Adversarial: These questions are designed
to have no answer within the conversational
context, expecting a “No answer” response
from the QA system.

Based on our analysis of the QA pairs and the
question distribution statistics, we have determined
the correct mapping. We propose that the follow-
ing mapping be adopted by future researchers to
ensure fair comparisons and enhance the reliability
of experimental results:

» Category 1: “Multi Hop”

» Category 2: “Temporal”

* Category 3: “Open Domain”
» Category 4: “Single Hop”

» Category 5: “Adversarial”

A.1 Reasoning from Content

Previous works have typically misidentified Cat-
egory 1 as Single Hop. However, our analysis,
supported by the examples in Table 4, invalidates
this assumption. For instance, the second and third
example questions for Category 1 draw evidence
from multiple dialogue sessions, which is the defin-
ing characteristic of Multi Hop questions. In the
provided evidence notation Dn:m, n refers to the
dialogue/session number and m refers to the turn
number. Accordingly, Question #2 requires evi-
dence from both the second (D2) and third (D3)
sessions, while Question #3 synthesizes an answer
from three distinct sessions. This cross-session ev-
idence requirement definitively classifies them as
Multi Hop.

The classification of Category 2 as Temporal is
straightforward. As shown in Table 4, the exam-
ple questions consistently pertain to time-related
queries, such as specific times or the duration of
events or vice versa, aligning perfectly with the
Temporal definition.

For Category 3, we identify the questions as
Open Domain. The original LoCoMo paper de-
fines this category as focusing on hypothetical
scenarios and reasoning about future possibilities.
This is consistent with the examples in Table 4,
which prominently feature subjunctive words like
“would.”

Finally, we classify Category 4 as Single Hop.
Although these questions share a similar thematic
scope with Multi Hop questions, their evidentiary
basis is fundamentally different. For all Category 4

examples, the required evidence, even if composed
of multiple pieces, is contained entirely within a
single session (e.g., the third example draws multi-
ple facts, but all are from the same session).

A.2 Reasoning from Distribution

We further corroborate our proposed mapping by
analyzing the question distribution statistics pro-
vided in the original LoCoMo paper (Table 5). A
minor limitation of this analysis is the discrepancy
between the dataset referenced in the paper (50
conversations) and the publicly released version
(10 conversations, locomo10.json). Consequently,
our analysis relies on the distribution ratios of each
question category rather than absolute counts.

While this prevents a definitive proof from statis-
tics alone, the observed ratios in the public dataset
align with those reported for our proposed mapping.
It is also worth noting that the correct classification
of these four categories implies, by process of elim-
ination, that Category 5 correctly corresponds to
Adversarial questions.

To quantitatively validate our hypothesis, we
compare the question distribution in the public Lo-
CoMo10 dataset against the statistics reported for
the full LoCoMo50 dataset in the paper. The re-
sults, presented in Table 5, show a remarkable con-
sistency when our proposed mapping is used.

Crucially, the frequency ranking of the cate-
gories is identical across both datasets: Category 4
(Single Hop) is the most common, followed by Cat-
egory 2 (Temporal), Category 1 (Multi-Hop), and
finally Category 3 (Open Domain). While the pre-
cise distribution percentages show minor variations,
likely due to the difference in dataset sizes, this
perfect alignment in the ordinal ranking strongly
corroborates our findings.

Thus, our conclusion is supported by two inde-
pendent and converging forms of evidence. The ini-
tial reclassification based on the definitional charac-
teristics of the questions is validated by this subse-
quent statistical analysis, confirming our proposed
mapping is correct.

B Human-Inspired Memory Reasoning

B.1 Tutorial

Prior studies on memory modeling like
MemTree (Rezazadeh et al., 2025), SeCom (Pan
et al.,, 2025), MemGAS (Xu et al., 2025a),
MemoryOS (Kang et al., 2025), and MemOS (Li
et al.,, 2025) have been made from two major
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Category Question Question Evidence
Index 1D
1 1 What did Caroline research? “D2:8”
2 What is Caroline’s relationship status? “D3:13”, “D2:14”
3 What activities does Melanie partake in? “D5:4”, “D9:1”, “D1:12”, “D1:18”
2 1 When did Melanie paint a sunrise? “D1:12”
2 When did Caroline meet up with her friends, “D3:11”
family, and mentors?
3 How long has Caroline had her current group — “D3:13”
of friends for?
3 1 What fields would Caroline be likely to pur- “D1:9”, “D1:11”
sue in her education?
2 Would Melanie be more interested in going ~ “D10:12”, “D10:14”
to a national park or a theme park?
3 Would Caroline be considered religious? “D14:19”, “D12:1”
4 1 What country is Caroline’s grandma from? “D4:3”
Did Melanie make the black and white bowl  “D5:8”
in the photo?
3 How did Melanie’s son handle the accident? “D18:6”, “D18:7”
Table 4: Examples of Questions and Evidence by Category.
Category Index LoCoMo10 Count Category Names LoCoMo50 Paper Count
1 282 (18.31%) Multi-Hop 1,104 (19.47%)
2 321 (20.84%) Temporal 1,547 (27.28%)
3 96 (6.23%) Open Domain 285 (5.03%)
4 841 (54.61%) Single Hop 2,705 (47.70%)
Total (w.o. adversarial) 1,540 Total (w.o. adversarial) 5,671

Table 5: LoCoMo Dataset Counts by Category.

perspectives: the temporal dimension (capturing
aspects of sequence and recency) and the semantic
dimension (capturing aspects of meaning and
topicality). However, we see much less research
on multi-dimensional hierarchical memory that
jointly captures both axes.

To give more motivations, we first studied the
long-context conversational QA benchmark Lo-
CoMo from a human perspective. The primary
observation is that LoCoMo exhibits a large perfor-
mance gap between human and agents, the reason
is that we carefully observed and found that hu-
mans are not reasoning over a large span of text
in a linear fashion. In particular, human take a
well-structured, two-stage reasoning process:

¢ Memory Construction: Humans read ses-
sion by session, summarizing each into con-
cise bullet points. They track the frequency
of concepts (semantically related events), and
distinguish high-frequency concepts forming
the main storyline from low-frequency ones
tied to specific episodes. This process builds
a hierarchical memory structure effectively,
where high-level concepts anchor the main

storyline and low-level details can be retrieved
selectively.

* Memory Reasoning and Retrieval: Hu-
mans begin by interpreting the question, de-
composing it into an adaptive plan guided
by the question words. They parse high-
frequency and low-frequency concepts: when
high-frequency concepts dominate, they re-
visit the sessions containing them; when spe-
cific low-frequency concepts appear, they lo-
cate the few sessions where they occur. While
rereading, explicit clues are extracted and or-
ganized into an answer. If no explicit evidence
emerges, or if the question itself suggests un-
certainty, humans rely on prior knowledge to
infer a plausible response.

B.2 Performance of H-Mem VS Humans

In order to further compare our model’s reason-
ing process with human performance, we asked 10
volunteers aged from 18 to 25 to answer all the
questions in LoCoMo10 in the same manner as out-
lined in the tutorial. The answers from H-Mem and
human participants were then compared on four
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Category F1(1) BLEU-1(1) J-Score(1)
H-Mem Human H-Mem Human H-Mem Human
All 47.57 36.84 41.40 37.00 72.47 75.71
M-Hop 37.95 20.25 29.62 23.51 69.50 58.16
S-Hop 54.53 46.45 48.90 45.71 80.62 82.64
Temp 45.61 33.99 39.16 33.47 57.63 78.19
Open 21.36 10.86 17.70 12.05 59.38 58.33

Table 6: Performance comparison between H-Mem and human evaluators across QA categories.

QA categories: Multi-Hop, Single-Hop, Temporal,
and Open-Domain. The overall results, shown in
Table 6, provide a glimpse that whether human eval-
uator group or H-Mem is good at and where each
falls short. In total, H-Mem’s results outperform
those of human participants in terms of the sur-
face metrics (F1: 47.57 vs. 36.84; BLEU-1: 41.40
vs. 37.00) indicating that, on average, H-Mem can
generate more complete and factually consistent
responses than humans. By contrast, human par-
ticipants outperform H-Mem in terms of J-Score
(75.71 vs. 72.47), suggesting that human-generated
answers are more semantically aligned and exhibit
a better holistic understanding of questions, and
that’s the reason why J-score is the primary evalua-
tion metric.

A more fine-grained breakdown by QA category
further demonstrates the strengths and weaknesses
of both groups, as well as their potential for com-
plementarity.

* Multi-hop questions: H-Mem performs sig-
nificantly better than human participants, with
gains of 17.7 and 6.1 in F1 and BLEU-1, re-
spectively, when it comes to combining scat-
tered clues from different parts of the conver-
sation.

* Single-hop questions: The performance of
H-Mem is close to that of human participants,
with H-Mem being slightly better, indicating
a similar capability to handle single-fact ques-
tions.

e Temporal questions: H-Mem’s results are
higher than human participants in both F1 and
BLEU-1, while human participants outper-
form H-Mem in J-Score (78.19 vs. 57.63),
suggesting human participants have a better
temporal understanding of the questions and
the ability to infer causal relations over long
conversations.

* Open-domain questions: H-Mem achieves
the best margin over human participants in all
three metrics, suggesting a higher coverage of
external knowledge and factual recall ability.

Overall, H-Mem outperforms humans in terms
of multi-hop retrieval and fact composition, while
humans remain more robust in scenarios that re-
quire temporal reasoning or capturing semantic
subtleties of the conversation.

B.3 Human Evaluation Studies

To provide a more intuitive demonstration of hu-
man performance in long-context reasoning tasks,
we invited multiple volunteers to manually com-
plete all questions in the LoCoMo dataset without
consulting the answers. After reading the full long-
form dialog text, volunteers answered two main
types of question: temporal reasoning based on
the timeline, and content-based reasoning. Ques-
tion types encompassed various forms found in Lo-
CoMo, including single-hop, multi-hop, and open-
domain reasoning. During human responses, we
recorded behavioral pathways involving reading,
locating, integrating, and reasoning. These findings
provide valuable insights for comparing differences
between humans and models in long-context infor-
mation integration and temporal consistency.
Temporal Questions. Figures 6-9 illustrate rep-
resentative temporal reasoning examples. Human
evaluators performed remarkably well in tempo-
ral reasoning tasks, as they can intuitively anchor
events to concrete timestamps or relative expres-
sions (like “two weeks ago,” “last month,” “under
a year”). Once the relevant time points are located,
temporal inference becomes straightforward. This
advantage demonstrates that human cognition natu-
rally excels at constructing chronological narratives
and maintaining temporal coherence across long
contexts. Such observations highlight potential di-
rections for improving memory architectures in
long-context models. Future systems could incor-
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Case Study 1: Human Answered Correctly in Temporal-related Question (Example 1).

Question: How many times has Jolene been to France?

Human:

Step 1: For the place name related to France, the conversation only mentioned . So I'll identify
which sessions contain references to Paris.

Step 2: I reviewed my reading notes and found that Session 1 and Session 2 include scenes
mentioning Paris. I’'ll examine them more closely.

Step 3: Session 1 mentions that Jolene’s mother gave her a pendant purchased during their trip to
Paris in 2010.

Step 4: Session 2 describes Jolene discussing the small snake Seraphim with Deborah, where
Jolene mentions buying this snake in Paris a year ago.

Step 5: Therefore, Jolene has visited Paris twice in total.

Human Answer: Twice.

LoCoMo Answer: Twice.

Figure 6: An example for how human evaluators answer the temporal-related question correctly. This question
requires counting the number of times specific episodes appear.

Case Study 2: Human Answered Correctly in Temporal-related Question (Example 2).

Question: How many weeks passed between Maria adopting Coco and Shadow?

Human:

Step 1: To find the answer to this question, one must revisit the episodes involving the adoption of
Coco and the adoption of Shadow.

Step 2: Let’s recap all the sessions mentioned Coco and Shadow, since these two keywords can
help to locate more accurately.

Step 3: Only Session 30 mentioned Coco, and only Session 31 mentioned Shadow.

Step 4: According the episodes in Session 30, Maria got a puppy named Coco two weeks ago
before August 11, 2023.

Step 5: According the episodes in Session 31, Maria just adopted Shadow on August 13, 2023.
Step 6: Since Aug 11 and Aug 13 are only two days apart, the duration between two adoptions can
be considered as two weeks, which is the answer.

Human Answer: Two weeks.

LoCoMo Answer: Two weeks.

Figure 7: An example for how human evaluators answer the temporal-related question correctly. This question
requires calculating the time duration between two moments.

porate human-like temporal indexing or timeline
reconstruction mechanisms to better preserve and
retrieve temporally dependent information.
Content-based Questions. Figures 1015 pro-
vide several content-based reasoning examples. If
the question keywords are exact matches to ex-
plicit or low-frequency entities (for example, a dog
name “Max” or cities “Toronto” and “Vancouver”),
humans can easily identify the corresponding pas-
sages and find the correct answer. In contrast, when
clues are implicit or distributed (for example, for
which the screenplay was rejected), mistakes are
more likely to be caused by a failure to integrate
different evidence than by misinterpretation. More-
over, there exist open-domain questions for which

there is no single ground-truth answer. Human eval-
uators can have multiple reasonable interpretations.
In such cases, the J-Score and other automatic met-
rics are less informative because they do not rep-
resent the semantic variety of human reasoning.
Evaluating open-domain answers requires human
judgment or a more flexible semantic matching
method to approximate it.
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Case Study 3: Human Answered Correctly in Temporal-related Question (Example 3).

Question: Which places in Canada was Evan visiting in July 2023?

Human:

Step 1: To find out where Evan traveled in Canada during July 2023, we need to search for
Canadian place names while restricting the results to July. After reviewing the sessions containing
Canadian place names, they are: Session 1 (Rockies), Session 2 (Jasper), Session 8 (Banff),
Session 9 (Rocky Mountains), Session 19 (Banff).

Step 2: Then, let’s narrow the scope to July 2023. Actually, only Session 4 took place in July
2023. Therefore, we need to adjust our search strategy to determine when Evan actually traveled
to Canada. He likely recalled these trips during other sessions.

- Session 1: Evan talked about a recent family trip to the Rockies. (18 May 2023)

- Session 2: Evan mentioned the family trip to Jasper on the past weekend of 24 May 2023.

- Session 8: Evan implied that he traveled to Canada last month, since Session 8 is in August 2023,
the trip he referred is in July. In this session, Evan explicitly said he went to Banff.

- Session 9: Evan continued to talk about the July Canada trip and mentioned he went to Rocky
Mountains.

- Session 19: Evan showed a photo from Banff and reminisced, a memory of the July trip.

Step 3: Since Jasper trip took place in May, it shouldn’t be included in the answer. Therefore, Evan
traveled to Banff and the Rocky Mountains in July 2023 (possibly a different location from Banff).
Human Answer: Banff, Rocky Mountains.

LoCoMo Answer: Banff, Rocky Mountains.

Figure 8: An example for how human evaluators answer the temporal-related question correctly. To answer
this question correctly, one need to figure out the facts from July 2023 and facts about Evan’s trip to Canada
simultaneously.
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Case Study 4: Human Answered Incorrectly in Temporal-related Question.

Question: When did John start playing professionally?

Human:

Step 1: This requires reviewing all episodes involving playing professionally. I revisited the scenes
where John participated in professional ball games. Playing professionally is a high-frequency
concept spanning Sessions 1, 2, 3, 5, 6, 7, 8, 11, 13, 14, 16, 18, 19, 21, 22, 23, 24, 25, 26, 28, and
29.

Step 2: Since start playing implies a temporal aspect, let’s identify the sessions that mention
starting or continuing over a period of time, from my note taken previously...

- Session 1: John just signed with the Minnesota Wolves.

- Session 6: John reminisced about getting drafted and how his pro career began.

- Session 8: John started a new workout regime to help his basketball game.

- Session 14: John began a new journey in life by starting to mentor younger players.

- Session 20: John started a new yoga practice to work on his strength and flexibility.

- Session 21: John expressed that he had been playing professionally for under a year.

- Session 24: John shared that his recovery was good and continuing to improve.

- Session 25: John reflected on his new endorsement and team’s continued success.

- Session 26: John began offering seminars on sports and marketing.

- Session 28: John put together a benefit basketball game and was still involved.

- Session 29: John announced that he just signed a new endorsement for a beverage company.
Step 3: Since Session 21 has mentioned about John had been playing professionally for under a
year, therefore answer is not later than Session 21 (Dec 6 2023).

Step 4: It seemed that John didn’t mention when he started playing professionally, I can’t find any
time related words with numerical signs like "yesterday", "a month ago"....

Step 5: Therefore, the best answer I tried to give is "under a year from December 6, 2023".
Human Answer: Under a year from December 6 2023.

LoCoMo Answer: May 2023, since John signed Minnesota Wolves in Session 1.

Figure 9: An example for how human evaluators answer the temporal-related question incorrectly. The example
didn’t mention the timing explicitly, it paraphrased the "playing professionally" concept in Session 1 (May 21,
2023).
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Case Study 5: Human Answered Correctly in Content-based Question (Explicit).

Question: What are the names of James’s dogs?

Human:

Step 1: This is a content-based question that requires identifying all sessions where James’s dogs
are mentioned.

Step 2: By reviewing the sessions, the following references were found:

- Session 5: James shared about adopting a pup named Ned, saying it made his days happier.

- Session 9: James mentioned spending time with his Labrador Daisy and two loyal shepherds.

- Session 14: James talked about his dog Max, who enjoys swimming and playing fetch.

- Session 15: James introduced Max, Daisy, and the new pup Ned, noting that they were slowly
bonding.

Step 3: By combining information from all relevant sessions, James owns three dogs: Max, Daisy,
and Ned.

Human Answer: Max, Daisy, Ned.

LoCoMo Answer: Ned, Daisy, Max.

Figure 10: An example showing how human evaluators correctly answer a content-based question. This question
requires integrating factual mentions of entities across multiple sessions rather than temporal reasoning.

Case Study 6: Human Answered Correctly in Content-based Question (Explicit).

Question: Which of Joanna’s screenplays were rejected from production companies?

Human:

Step 1: I need to locate all sessions mentioning Joanna’s screenplays and find where rejection
from production companies is explicitly stated.

Step 2: Reviewing the sessions that mentioned screenplays.

- Session 2: Joanna completed her first screenplay and planned to submit it to film festivals.

- Session 4: Joanna discussed a new screenplay and finishing her second script, expressing mixed
emotions for the critical comments.

- Session 9: She was working on a screenplay titled “Finding Home.”

- Session 14: Joanna shared she had received a rejection letter for her screenplay from a production
company and felt discouraged.

- Session 24: Joanna mentioned a recent setback with a production company rejection. Nate offered
support.

Step 3: Based on the sessions, the screenplays explicitly rejected by production companies are
those mentioned in Session 14 and Session 24. Since I didn’t find evidence for the acceptance of
the second screenplay, the rejection mentioned in Session 14 should be refer to the second, and
Session 24’s refer to the third.

Human Answer: The second and the third.

LoCoMo Answer: The third screenplay.

Figure 11: An example showing how a human evaluator answers an explicit content-based question by identifying
sessions where Joanna’s screenplays were explicitly rejected by production companies. However, the answer was
incorrect since the human evaluator didn’t figure out which screenplay was exactly rejected.
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Case Study 7: Human Answered Correctly in Content-based Question (Implicit).

Question: Which type of vacation would Evan prefer with his family, walking tours in metropolitan
cities or camping trip in the outdoors?

Human:

Step 1: The question does not contain explicit matches to phrases like “metropolitan city” or
“camping trip.” Therefore, the answer must be inferred from contextual evidence across sessions
mentioning travel or leisure activities.

Step 2: I reviewed the sessions that describe Evan’s vacations or preferred activities:

- Session 1: Evan shared about a recent trip to the Rockies, emphasizing nature and relaxation.

- Session 2: Evan mentioned a road trip to Jasper, describing it as peaceful and rejuvenating.

- Session 6: Evan talked about a vacation in Canada filled with outdoor activities.

- Session 14: Evan suggested going on a hike with Sam to enjoy nature and relieve stress.

- Session 20: Evan shared that his son’s bike accident happened during an outdoor activity, and he
later showcased a painting inspired by nature.

Step 3: Across these sessions, Evan consistently preferred open-air, nature-based experiences,
with no mention of enjoying crowded or urban sightseeing. Given the options "walking tours in
metropolitan cities" and "camping trip in the outdoors", the reasoning aligns strongly with the
latter.

Human Answer: Camping trip in the outdoors.

LoCoMo Answer: Camping trip in the outdoors.

Figure 12: An example for how human evaluators correctly answer an implicit content-based question. This question
requires inference rather than direct keyword matching: the evidence comes from multiple sessions emphasizing
outdoor and nature-related experiences rather than city tours.

Case Study 8: Human Answered Correctly in Content-based Question (Implicit).

Question: Which country did James book tickets for in July 20227

Human:

Step 1: I need to find all place names mentioned in the conversation to infer which country they
belong to.

Step 2: I will check each session containing geographic locations:

- Session 6: James mentioned he had visited Italy, Turkey, and Mexico, while John talked about
his trip to Japan.

- Session 16: James said he planned to travel to Toronto and Vancouver, departing on July 11 and
returning on July 20.

- Session 17: James added that during his trip to Canada, he also spent some time in Nuuk, the
capital of Greenland.

Step 3: Since Session 6 occurred in April, those countries (Italy, Turkey, Mexico) are from earlier
trips and can be excluded.

Step 4: Session 16 clearly takes place in July, and the destinations Toronto and Vancouver are in
Canada.

Step 5: Session 17 mentions Greenland, although Greenland is accessible by plane from Toronto
and Vancouver, it is not a country. Therefore, the correct country is Canada.

Human Answer: Canada.

LoCoMo Answer: Canada.

Figure 13: An example showing how human evaluators correctly answer an implicit content-based question. The
reasoning process requires identifying multiple place names across sessions and aligning them with the correct time
frame.

7774



Case Study 9: Human Answered Incorrectly in Content-based Question (Implicit).

Question: What areas of the U.S. has John been to or is planning to go to?

Human:

Step 1: I need to search for all sessions mentioning U.S. locations and determine whether John has
been to or is planning to go to them.

Step 2:

- Session 11: John shared photos from his road trip to the Pacific Northwest, describing its peaceful
scenery.

- Session 18: John went mountaineering and visiting a park with his family, while Maria mentioned
a trip to Oregon, suggesting both were discussing the northwestern U.S..

Step 3: Therefore, John has been to the Pacific Northwest, and his recent outdoor activities also
indicate travel within the northwestern U.S. region. No other regions are mentioned as destinations
he plans to visit.

Human Answer: Pacific Northwest, national parks.

LoCoMo Answer: Pacific Northwest, east coast.

Figure 14: An example showing how humans derive an implicit content-based answer by inferring U.S. regions
from scattered geographical clues across multiple sessions. Since this is an inference question with no definitive
answer, using LLM-as-Judge to evaluate it may not yield accurate results.

Case Study 10: Human Answered Incorrectly in Content-based Question (Implicit).

Question: What are John’s suspected health problems?

Step 1: The question has a keyword "suspected"”, implying that I should search for all sessions
mentioning physical conditions, fatigue, or exercise. These may indicate potential health problems
even if not stated directly.

Step 2: After checking my reading notes, I noticed that Session 7, 10 and 13 contain descriptions
of John’s unhealthy lifestyle habits. I’1l take a closer look at these sessions.

Step 3: According to Session 7, John mentioned feeling exhausted and suffering from tight
shoulders due to long hours of coding, which may imply cervical strain.

Step 4: According to Session 10, John started doing yoga to feel more relaxed, suggesting previous
tension and discomfort.

Step 5: According to Session 13, John reported spending long hours gaming and using computers.
This could point to myopia or vision problems.

Step 6: Therefore, I think John likely suffers from eye strain (myopia) and neck problems (cervical
spondylosis) due to his sedentary, screen-heavy lifestyle.

Human Answer: Myopia, cervical spondylosis.

LoCoMo Answer: Obesity.

Figure 15: An example showing how implicit clues about health need interpretation. The human inferred eye and
neck strain from occupational details, rather than obesity.
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