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Abstract001

Long-horizon conversational agents have to002
manage ever-growing interaction histories that003
quickly exceed the finite context windows of004
large language models (LLMs). Existing mem-005
ory frameworks provide limited support for006
temporally structured information across hi-007
erarchical levels, often leading to fragmented008
memories and unstable long-horizon person-009
alization. We present TiMem, a temporal–010
hierarchical memory framework that organizes011
conversations through a Temporal Memory012
Tree (TMT), enabling systematic memory con-013
solidation from raw conversational observa-014
tions to progressively abstracted persona rep-015
resentations. TiMem is characterized by three016
core properties: (1) temporal–hierarchical or-017
ganization through TMT; (2) semantic-guided018
consolidation that enables memory integra-019
tion across hierarchical levels without fine-020
tuning; and (3) complexity-aware memory021
recall that balances precision and efficiency022
across queries of varying complexity. Under023
a consistent evaluation setup, TiMem achieves024
state-of-the-art accuracy on both benchmarks,025
reaching 75.30% on LoCoMo and 76.88% on026
LongMemEval-S. It outperforms all evaluated027
baselines while reducing the recalled mem-028
ory length by 52.20% on LoCoMo. Mani-029
fold analysis indicates clear persona separa-030
tion on LoCoMo and reduced dispersion on031
LongMemEval-S. Overall, TiMem treats tem-032
poral continuity as a first-class organizing prin-033
ciple for long-horizon memory in conversa-034
tional agents. Code is available at https:035
//anonymous.4open.science/r/TiMem.036

1 Introduction037

Large Language Models (LLMs) have enabled con-038

versational agents to evolve from short-horizon task039

solvers (Qian et al., 2024; Zeng et al., 2024; Zhang040

et al., 2024) to long-horizon personalized compan-041

ions (Chen et al., 2024a; Li et al., 2025a; Zhang042

et al., 2025). Supporting such interactions requires043
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Figure 1: TiMem framework overview. The framework
organizes conversational streams through a five-level
TMT, consolidating memories from factual segments to
persona profiles, with adaptive memory recall guided
by query complexity.

two capabilities: maintaining temporal coherence 044

as user states evolve, and forming stable represen- 045

tations by distilling consistent personas from dy- 046

namic experiences. However, interaction histories 047

grow unbounded, while LLMs operate under finite 048

context windows, making it harder to sustain tem- 049

porally consistent personalization at scale. The key 050

challenge is to transform long-horizon experience 051

into compact representations that remain tempo- 052

rally grounded and useful for subsequent tasks. 053

Existing solutions under-emphasize temporal 054

structure as a first-class constraint, and often lack 055

explicit temporal containment guarantees across 056

hierarchical levels. Parametric approaches expand 057

context windows (Chen et al., 2023; et al., 2024) 058
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or optimize internal context capacity (Bini et al.,059

2025; Bui et al., 2025), but they remain bounded060

by model architecture and do not provide persis-061

tent cross-session storage. External memory sys-062

tems (Chhikara et al., 2025; Packer et al., 2024;063

Zhong et al., 2023) enable persistence but often rely064

on semantic similarity-driven clustering (Sarthi065

et al., 2024) or learned routing policies (Du et al.,066

2025), treating temporal structure as auxiliary meta-067

data. As a result, memories from different periods068

can be aggregated without clear temporal bound-069

aries, and retrieval may surface temporally distant070

evidence without an explicit ordering. For evolv-071

ing users, persona modeling benefits from a time-072

ordered evidence chain rather than only semanti-073

cally similar fragments.074

Cognitive neuroscience provides a principled075

perspective on this problem. Human memory076

relies on complementary learning systems (Mc-077

Clelland et al., 1995), where memory consolida-078

tion (Squire et al., 2015) progressively transforms079

rapid episodic encoding into more stable seman-080

tic structures (Cowan et al., 2021). This adaptive081

process prioritizes goal-relevant information over082

indiscriminate retention. Translating this view to083

long-horizon agents suggests two design require-084

ments: time should be encoded as an explicit struc-085

tural constraint, and memory should be consoli-086

dated progressively across temporal granularities.087

To this end, we introduce TiMem, a memory088

framework that uses temporal structure as the pri-089

mary organizing principle and operationalizes con-090

solidation in a computational form. TiMem consoli-091

dates fine-grained episodic interactions into higher-092

level semantic patterns and persona representations,093

rather than maintaining raw context buffers.094

As illustrated in Figure 1, TiMem implements095

a hierarchical consolidation mechanism with three096

components and requires no additional fine-tuning097

in our experiments. (1) The Temporal Mem-098

ory Tree (TMT) organizes memories with explicit099

temporal containment and order through tree con-100

straints. (2) The Memory Consolidator performs101

instruction-guided consolidation; level-specific102

prompts control the abstraction level, enabling103

plug-and-play use across different LLM backends.104

(3) Memory Recall performs complexity-aware hi-105

erarchical retrieval: a recall planner selects appro-106

priate hierarchy levels based on query complexity,107

and a recall gating step filters candidates to balance108

factual detail with higher-level personalization.109

Our contributions are threefold: (1) the TMT,110

a novel structure that enforces explicit tem- 111

poral containment and granularity for mem- 112

ory organization; (2) the TiMem framework, 113

a temporal–hierarchical memory consolidation 114

framework based on instruction-guided reasoning 115

and complexity-adaptive recall, requiring no fine- 116

tuning; (3) a comprehensive evaluation demonstrat- 117

ing TiMem’s state-of-the-art accuracy (75.30% on 118

LoCoMo, 76.88% on LongMemEval-S) and effi- 119

ciency (52.20% reduced recalled context on Lo- 120

CoMo), with ablations and manifold analyses pro- 121

viding insights into its hierarchical representations. 122

2 Related Work 123

Parametric Memory Approaches. Context win- 124

dow expansion methods such as Gemini (et al., 125

2024), LongLoRA (Chen et al., 2024b), and RoPE 126

scaling (Chen et al., 2023) alleviate sequence 127

length limits but incur quadratic computational 128

costs and attention dilution (Liu et al., 2024). Para- 129

metric optimization approaches, including Mem- 130

LoRA (Bini et al., 2025), HMT (He et al., 2025), 131

and TRIM-KV (Bui et al., 2025), compress mem- 132

ory through adapter distillation or learned token 133

retention. However, they remain constrained by 134

architectural context windows and do not support 135

persistent cross-session memory. 136

External Memory Management. Semantic clus- 137

tering approaches, including Mem0 (Chhikara 138

et al., 2025), RAPTOR (Sarthi et al., 2024), and 139

MemTree (Rezazadeh et al., 2025), organize mem- 140

ory through embedding-based similarity aggrega- 141

tion. Graph-based approaches, including Zep (Ras- 142

mussen et al., 2025), LiCoMemory (Huang et al., 143

2025), and Theanine (iunn Ong et al., 2025), ex- 144

plicitly model entity relations and temporal knowl- 145

edge. Cognitively motivated frameworks such as 146

A-MEM (Xu et al., 2025), Nemori (Nan et al., 147

2025), ENGRAM (Patel and Patel, 2025), and 148

RMM (Tan et al., 2025) employ self-organizing or 149

agentic mechanisms, while preference-aware sys- 150

tems like MemoryBank (Zhong et al., 2023) and 151

PAMU (Sun et al., 2025) support personalization 152

through dynamic updates. OS-inspired memory 153

systems such as MemGPT (Packer et al., 2024), 154

MemoryOS (Kang et al., 2025), and MemOS (Li 155

et al., 2025b) manage long contexts via hierarchi- 156

cal tiers and virtual memory mechanisms. How- 157

ever, most existing approaches do not treat tempo- 158

ral structure as a first-class organizing principle, 159

resulting in fragmented memory representations 160

and unstable long-horizon behavior. 161
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Figure 2: TiMem architecture overview: a five-layer TMT from level 1 segments to level 5 profiles, with a
consolidation pipeline processing dialog into temporal-hierarchical memories, and a recall pipeline without fine-
tuning that includes a recall planner, hierarchical recall, and a recall gating module.

3 Methodology162

We present TiMem, a temporal–hierarchical mem-163

ory framework for long-horizon conversational164

agents. TiMem consists of (i) a TMT that encodes165

temporal structure, (ii) a Memory Consolidator that166

performs level-specific consolidation via instruc-167

tion prompting without fine-tuning, and (iii) a Re-168

call pipeline that uses a planner to select relevant169

memory levels and a recall gating module to retain170

query-relevant memories, as illustrated in Figure 2.171

3.1 Temporal Memory Tree172

The TMT provides a stable backbone for long-173

horizon memory: it preserves temporal coherence,174

supports progressive consolidation, and reduces175

noise by transforming details into higher-level ab-176

stracts. Lower-level memories cover short intervals177

and keep concrete details, while higher-level ones178

span longer intervals and store more consolidated179

representations. Each node m stores a time inter-180

val τ(m) and a semantic memory σ(m). We use181

ℓ(m) ∈ {1, . . . , L} to denote the level of node m,182

from fine-grained to generalized.183

Definition. TMT is a hierarchical memory struc-184

ture T = (M,E, τ, σ) defined by:185

• M =
⋃L

i=1Mi is the set of memory nodes parti-186

tioned across L abstraction levels;187

• E ⊆ M ×M defines parent–child relationships188

where ℓ(mu) = ℓ(mv) + 1, ∀(mu,mv) ∈ E;189

• τ assigns each node a temporal interval τ(m) =190

[tstart, tend] which is continuous over periods;191

• σ maps each node to a semantic memory σ(m)192

stored as text and embeddings.193

Structural Properties. The structure is governed 194

by three principles that make temporal order ex- 195

plicit and enable progressive abstraction: 196

• Temporal Containment: τ(mu) ⊇ τ(mv), 197

for each parent-child edge (mu,mv) ∈ E, the 198

parent interval covers the child interval. 199

• Progressive Consolidation: |Mi| ≤ |Mi−1| 200

ensures higher-level memories are fewer, re- 201

flecting consolidation from fine-grained facts 202

to patterns and profiles. 203

• Semantic Consolidation: Specified by level- 204

specific instruction prompts Ii, σ(mu) = 205

LLM({σ(mv)}, Ii) enables hierarchy special- 206

ization through the consolidation process. 207

Implementation TMT supports arbitrary L and 208

τ configurations. For reproducibility, TiMem 209

uses a five-level hierarchy (segment, session, day, 210

week, profile). Each level performs a different type 211

of consolidation, specified by level-specific instruc- 212

tion prompts Ii: 213
• Factual Summarization: Segments L1 distill 214

key dialog details; Sessions L2 merge into 215

non-redundant event summaries. 216

• Evolving Patterns: Daily L3 captures routine 217

contexts and recurrent interests; Weekly L4 218

integrates evolving behavioral features and 219

preference patterns. 220

• Persona Representation: Profile L5 is an 221

incrementally refined profile capturing stable 222

personality, preferences, and values from long- 223

term patterns, updated on monthly intervals. 224
The framework is designed to be model- 225

independent and does not require fine-tuning; it 226

can be applied across different LLM backbones. 227
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3.2 Memory Consolidation228

TiMem constructs the hierarchy with a Memory229

Consolidator that converts dialog into structured230

memories and uses Stratified Scheduling to balance231

consolidation efficiency and computational cost.232

3.2.1 Memory Consolidator233

At level i, the consolidator generates new memories234

by prompting an LLM with (i) child memories, (ii)235

historical memories, and (iii) instruction prompts.236

Φi : Ci ×Hi × Ii → Mi (1)237

In formula (1), Ci are child memories from level238

i−1, Hi provides short same-level history for conti-239

nuity, and Ii are instruction prompts. We use I1-I2240

for factual consolidation, I3-I4 for pattern consoli-241

dation, and I5 for profile representation. Example242

consolidator prompt is shown in Appendix E.3.1.243

Child Memories We group the conversation244

timeline into intervals g ∈ Gi (e.g., sessions, days).245

For i ≥ 2, child memories for each group are the246

lower-level nodes whose time spans fall inside g:247

Ci(g) = {m ∈ Mi−1 : τ(m) ⊆ g}, i ≥ 2 (2)248

At the base level (L1), child memories are the raw249

dialog turns within the interval.250

Historical Memories Hi consists of the wi most251

recent memories from the same level Mi:252

Hi = {m(i)
−j : 1 ≤ j ≤ wi} (3)253

where m(i)
−j denotes the j-th most recent memory254

at level i. This sliding window provides continuity255

across temporal groups. We set wi = 3 across all256

levels to ensure consolidation consistency.257

3.2.2 Stratified Scheduling258

Memory consolidation follows a two-tier schedul-259

ing strategy that balances freshness and efficiency:260

261 • Online consolidation (L1): Factual segment262

memories m(1)
k are generated immediately as the263

dialog progresses. With wd = 1 dialog turn264

(one user–assistant exchange), the consolidator265

Φ1 is invoked after each new turn to capture fine-266

grained evidence.267

• Scheduled consolidation (L2-L5): Higher-level268

memories m(i)(g) are generated automatically269

when their temporal windows end. Upon clo-270

sure of temporal group g ∈ Gi, the framework271

triggers Φi(Ci(g),Hi(g); Ii) to consolidate child272

memories into a higher-level, more abstract rep-273

resentation.274

Thus, this stratified design ensures that factual 275

details are captured in real time while higher-level 276

consolidation is aligned with predefined temporal 277

boundaries. 278

3.3 Memory Recall 279

Memory recall traverses the TMT to surface rele- 280

vant memories, balancing precision, efficiency, and 281

context length. It adapts scope to query complex- 282

ity: simple questions target exact evidence, while 283

complex ones incorporate higher-level memories 284

to provide long-range context. A final recall gating 285

step filters redundancy and conflicts, retaining only 286

memories required for the current interaction. 287

3.3.1 Recall Planner 288

The planner p : Q → C × K maps a query q to 289

a complexity label c ∈ {simple, hybrid, complex} 290

and keywords K. We obtain both by prompting 291

an LLM (Appendix E.1.1), without dataset-specific 292

training or labeled annotations. 293

Query complexity determines which TMT levels 294

to search. We define three layer groups: 295

• Factual Layers (Lfact): L1-L2 capturing fine- 296

grained event details. 297

• Pattern Layers (Lpatt): L3-L4 behavioral 298

trends and patterns. 299

• Profile Layer (Lprof): L5 synthesizing long- 300

term, stable characteristics. 301

Although simple queries are short, they can still 302

ask about stable preferences, so we include the pro- 303

file layer L5 by default. Intermediate pattern layers 304

are useful for cross-event reasoning and are there- 305

fore emphasized in hybrid and complex queries. 306

The recall strategy S maps complexity c to sub- 307

sets of TMT: 308

S(simple) = Lfact ∪ Lprof (4) 309

S(hybrid) = Lfact ∪ Lpartial
patt ∪ Lprof (5) 310

S(complex) = Lfact ∪ Lpatt ∪ Lprof (6) 311

where Lpartial
patt recalls L3 memories, while Lpatt re- 312

calls more L3 and L4 memories. Simple queries 313

bypass intermediate consolidated memories by di- 314

rectly accessing factual details and stable profiles, 315

while complex ones traverse the full hierarchy to 316

capture information at all levels. 317

3.3.2 Hierarchical Recall 318

Hierarchical recall operates in two stages: leaf se- 319

lection at the base level, followed by hierarchical 320

recall propagation through memory subtrees. 321
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Stage 1: Base-Level Memory Activation At L1,322

dual-channel scoring combines semantic similarity323

and lexical matching through fusion:324

s(m, q,K) = λssem(m, q) + (1− λ)slex(m,K) (7)325

where ssem is cosine similarity between embed-326

dings, slex is BM25 score for keyword matching,327

and λ ∈ [0, 1] balances both channels. The top-k1328

scoring segments form the leaf set Ω1(q,K).329

Stage 2: Hierarchical Recall Propagation For330

each leaf m ∈ Ω1, we collect its ancestors at the331

hierarchy levels selected by S(c):332

A(m, c) = {m′∈M : m⪯m′, ℓ(m′)∈S(c)} (8)333

where m ⪯ m′ denotes that m′ is an ancestor of m,334

and S(c) restricts recall to levels specified by com-335

plexity c. The complete candidate set integrates336

leaves and their ancestors:337

Ωc(q,K) = Ω1(q,K) ∪
⋃

m∈Ω1(q,K)A(m, c) (9)338

For brevity, we denote this candidate set as Ωc.339

The number of recalled memories per level is deter-340

mined by query complexity; specific configurations341

are detailed in Appendix B.3.342

3.3.3 Recall Gating343

Recall gating implements recall-time forgetting:344

after collecting candidate memories, we keep only345

the truly useful ones for answering the query.346

The recall gating module ϕ receives query q, its347

complexity c, and the candidate set Ωc organized by348

hierarchy levels. It prompts an LLM to determine349

whether each memory should be retained:350

Ωϕ(q, c) = {m ∈ Ωc | ϕ(m, q, c) = retain} (10)351

where ϕ(m, q, c) denotes the LLM’s retention deci-352

sion for memory m given query q and complexity c.353

Query complexity guides the breadth of retention:354

simple queries favor precision by retaining fewer355

memories, while complex queries favor recall by356

accepting broader context. Example recall gating357

prompt template is in Appendix E.3.2.358

The retained memories are ranked by hierarchy359

level and temporal proximity within each level:360

Ωfinal(q, c) = sort
(
Ωϕ(q, c), key=(ℓ(m), |tq−tm|)

)
(11)361

where ℓ(m) denotes the hierarchy level, tq is the362

query time, and tm = tend(m) so |tq − tm| mea-363

sures temporal distance, organizing relevant mem-364

ories by recency within each consolidation level,365

thereby ensuring concise, temporally coherent, and366

information-dense responses.367

3.3.4 Recall Pipeline 368

The complete recall integrates three stages: 369

1. Recall planner: p(q)→ (c,K) predicts com- 370

plexity c and extracts keywords K to determine 371

the hierarchical search scope. 372

2. Hierarchical Recall: Dual-channel scoring se- 373

lects L1 leaves, then hierarchical recall prop- 374

agation collects relevant ancestors at planner- 375

specified levels, forming the candidate set Ωc. 376

3. Recall Gating: The refiner filters the candi- 377

dates based on query relevance and temporal 378

consistency, then orders them to produce the 379

final memory set Ωfinal(q, c). 380

This pipeline enables complexity-adaptive re- 381

call that balances precision and temporal relevance 382

across TMT’s hierarchical structure. 383

4 Experiments 384

4.1 Experimental Setup 385

Datasets We evaluate on two long-term conversa- 386

tional memory benchmarks: LoCoMo (Maharana 387

et al., 2024), a dataset with 10 user groups across 388

multi-session dialog, and LongMemEval-S (Wu 389

et al., 2025), including 500 conversations designed 390

for very-long memory processing evaluation. 391

Baselines We compare TiMem with five rep- 392

resentative memory baselines using their recom- 393

mended configurations: MemoryBank (Zhong 394

et al., 2023), Mem0 (Chhikara et al., 2025), A- 395

MEM (Xu et al., 2025), MemoryOS (Kang et al., 396

2025), and MemOS (Li et al., 2025b). 397

Implementation Details For fair comparison, all 398

methods use the same LLM and embedding setup: 399

gpt-4o-mini-2024-07-18 for generation and re- 400

call, Qwen3-Embedding-0.6B for embeddings, and 401

recall budget k = 20. TiMem uses λ = 0.9 and 402

wi=3. We use the LLM-as-a-Judge (LLJ), where 403

an LLM judges answer correctness; we report accu- 404

racy along with memory tokens and recall latency 405

for efficiency. Details are in Appendix B. 406

4.2 Main Results 407

4.2.1 Results on LoCoMo 408

Table 1 shows that TiMem achieves the best over- 409

all LLJ accuracy on LoCoMo at 75.30% ± 0.16%. 410

It outperforms the strongest evaluated baseline, 411

MemOS, at 69.24% ± 0.11%. TiMem also im- 412

proves F1 and ROUGE-L (RL) to 54.40 and 54.68 413

in percentage, and achieves the best LLJ score 414

in each question type. We compute LLJ using 415

Mem0’s evaluation prompt template, as shown in 416

Appendix E.1.2. 417
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Method Single-Hop Temporal Open-Domain Multi-Hop Overall F1 RL
↑ LLJ (841Q) ↑ LLJ (321Q) ↑ LLJ (96Q) ↑ LLJ (282Q) ↑ LLJ (1540Q) ↑ ↑

MemoryBank 46.18 ± 0.32 29.34 ± 0.45 36.67 ± 0.47 33.36 ± 0.54 39.77 ± 0.27 25.78 25.15
A-MEM 52.82 ± 0.28 60.87 ± 0.37 43.75 ± 0.00 38.37 ± 0.27 51.29 ± 0.06 30.37 36.85
Mem0 62.09 ± 0.42 59.25 ± 0.41 37.70 ± 0.47 50.14 ± 0.32 57.79 ± 0.34 42.52 44.14
MemoryOS 68.37 ± 0.46 52.46 ± 0.49 46.67 ± 1.79 52.76 ± 0.49 60.79 ± 0.48 45.36 43.74
MemOS 76.07 ± 0.10 69.47 ± 0.25 45.14 ± 0.49 56.85 ± 0.69 69.24 ± 0.11 45.02 47.41

TiMem (Ours) 81.43 ± 0.05 77.63 ± 0.34 52.08 ± 0.74 62.20 ± 0.82 75.30 ± 0.16 54.40 54.68

Table 1: Performance comparison on LoCoMo benchmark. Categories include Single-Hop, Temporal, Open-
Domain, and Multi-Hop. Best results are bolded; underline indicates second best.

Method LongMemEval-S Task Categories OverallKU MS SSA SSP SSU TR
↑ (78Q) ↑ (133Q) ↑ (56Q) ↑ (30Q) ↑ (70Q) ↑ (133Q) ↑ (500Q)

Answer Model: GPT-4o-mini-2024-07-18

MemoryBank 21.79 ± 0.00 9.77 ± 0.00 50.00 ± 0.00 12.00 ± 1.83 29.71 ± 0.64 17.14 ± 0.34 21.04 ± 0.09
A-MEM 72.82 ± 0.51 40.30 ± 0.37 87.50 ± 0.00 39.33 ± 2.49 82.86 ± 0.00 36.09 ± 0.48 55.44 ± 0.15
Mem0 78.72 ± 0.70 66.17 ± 0.92 51.79 ± 0.00 50.00 ± 2.36 94.29 ± 0.00 49.17 ± 0.67 64.96 ± 0.41
MemoryOS 56.15 ± 0.57 44.81 ± 0.41 78.18 ± 0.00 51.33 ± 1.83 81.14 ± 0.64 53.38 ± 0.00 58.04 ± 0.18
MemOS 76.67 ± 0.51 58.80 ± 0.30 67.86 ± 0.00 50.67 ± 1.33 93.71 ± 0.70 65.11 ± 0.37 68.68 ± 0.16

TiMem (Ours) 86.16 ± 1.07 70.83 ± 0.98 82.14 ± 0.00 63.33 ± 0.00 95.71 ± 0.00 68.42 ± 0.00 76.88 ± 0.30

Answer Model: GPT-4o-2024-11-20

MemoryBank 22.56 ± 0.70 12.78 ± 0.00 61.43 ± 0.98 13.33 ± 0.00 33.43 ± 0.78 13.53 ± 0.00 22.88 ± 0.23
A-MEM 87.18 ± 0.00 45.26 ± 0.30 83.21 ± 0.87 56.67 ± 2.98 90.00 ± 0.00 46.77 ± 0.30 63.40 ± 0.33
Mem0 84.87 ± 0.57 65.11 ± 0.41 55.00 ± 0.80 60.67 ± 1.49 95.71 ± 0.00 51.88 ± 0.00 67.56 ± 0.30
MemoryOS 60.00 ± 0.57 51.13 ± 0.53 80.00 ± 0.00 53.33 ± 0.00 82.86 ± 0.00 54.59 ± 0.67 61.20 ± 0.23
MemOS 76.07 ± 0.60 68.42 ± 0.00 63.69 ± 0.84 64.44 ± 1.57 92.86 ± 0.00 71.43 ± 0.61 73.07 ± 0.25

TiMem (Ours) 87.69 ± 0.70 72.78 ± 0.34 85.71 ± 0.00 55.33 ± 1.83 96.28 ± 0.78 73.38 ± 1.14 78.96 ± 0.26

Table 2: Performance comparison on the LongMemEval-S benchmark, reporting LLJ accuracy by task type.
Categories include KU: Knowledge Update, MS: Multi-Session, SSA/P/U: Single-Session Assistant/Preference/User,
and TR: Temporal Reasoning. Best results are bolded; underline indicates second best.

4.2.2 Results on LongMemEval-S418

Table 2 shows that TiMem achieves the best over-419

all LLJ accuracy on LongMemEval-S at 76.88%420

± 0.30% with gpt-4o-mini-2024-07-18 as the421

answer model, outperforming the evaluated base-422

lines. With gpt-4o-2024-11-20 as the answer423

model, TiMem remains best overall at 78.96%424

± 0.26%. The QA and LLJ protocol follow the425

official LongMemEval-S evaluation template, as426

shown in Appendix E.2.1 and E.2.2.427

4.3 Ablation Studies428

We ablate TiMem to isolate the contribution429

of its main components. All ablations use430

gpt-4o-mini-2024-07-18 for LLM operations431

and Qwen3-Embedding-0.6B for embeddings.432

4.3.1 Planner and Recall Gating433

Table 3 compares seven configurations of recall434

scope and gating. Fixed-scope recall under-recalls435

for Simple queries and introduces noise for Com-436

plex ones. Recall gating sharply reduces mem-437

ory length—for example, from 3710.30 to 367.68438

tokens on LoCoMo under Simple—but accuracy 439

drops when the scope is overly narrow. Among 440

fixed-scope settings, Hybrid + Recall Gating per- 441

forms best, achieving 73.38% on LoCoMo and 442

75.00% on LongMemEval-S. The adaptive planner 443

further improves the accuracy–cost trade-off, reach- 444

ing 75.30% with 511.25 tokens on LoCoMo and 445

76.88% with 1270.62 tokens on LongMemEval-S. 446

4.3.2 Hierarchical Architecture 447

Table 4 examines hierarchy depth and recall strat- 448

egy. With L1-only memories, hierarchical re- 449

call propagation raises LongMemEval-S LLJ from 450

57.40% to 72.40% compared to flat recall, indi- 451

cating that hierarchical propagation recovers nec- 452

essary temporal dependencies. However, L1-only 453

remains below the full hierarchy on LoCoMo, as 454

isolated factual fragments often lack the broader 455

context required for complex queries. Using only 456

high-level layers (L2–L5) further reduces accuracy, 457

confirming that summaries alone cannot replace 458

fine-grained evidence. Overall, the full hierarchy 459

combines precise L1 grounding with contextual 460
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Configuration LoCoMo LongMemEval-S
LLJ ↑ Mem Len ↓ LLJ ↑ Mem Len ↓

w/o Planner, w/o Gating
- Simple 73.51 3710.30 73.20 3371.53
- Hybrid 72.40 4376.40 74.00 4054.78
- Complex 72.86 5658.26 74.40 5685.68

w/o Planner, w Gating
- Simple 71.88 367.68 69.00 397.04
- Hybrid 73.38 691.59 75.00 1673.93
- Complex 72.92 4479.06 74.20 3028.68

w Planner, w/o Gating
- Planned 72.99 4411.09 73.80 3941.98

w P., w G. (Baseline) 75.30 511.25 76.88 1270.62

Table 3: Recall Planner and Recall Gating effective-
ness. The planned configuration of the TiMem baseline
achieves the best balance between accuracy and mem-
ory length.

Memory Layers LoCoMo LongMemEval-S
LLJ ↑ Mem Len ↓ LLJ ↑ Mem Len ↓

L1 only (base layer)
w Flat Rec. 70.06 995.15 57.40 1823.98
w Hier. Rec. 73.18 361.23 72.40 437.42

L2-L5 only (high-level)
w Flat Rec. 51.23 2348.49 48.00 2657.68
w Hier. Rec. 57.08 3786.44 64.20 2344.92

L1-L5 (full hierarchy)
w Flat Rec. 70.71 1715.65 55.40 4519.26
w H. R. (Baseline) 75.30 511.25 76.88 1270.62

Table 4: Hierarchical vs. Flat Architectures. Compar-
ison of L1-only, L2-L5 only, and Full Hierarchy with
flat vs. hierarchical recall strategies.

understanding from L2–L5, achieving the best per-461

formance on both datasets.462

These ablations support TiMem’s core design:463

the temporal hierarchy provides both factual preci-464

sion and contextual understanding through memory465

consolidation, while the adaptive planner dynami-466

cally balances recall scope.467

4.4 Memory Manifold Analysis468

Figure 3 illustrates UMAP visualization of469

TiMem memory embeddings on LoCoMo and470

LongMemEval-S through different hierarchies. It471

shows that consolidation reshapes memory geome-472

try differently across datasets. On LoCoMo, higher-473

level memories separate users more clearly, with474

clustering quality improving 6.2×, indicating effec-475

tive persona feature distillation. On LongMemEval-476

S, consolidation reduces spatial dispersion by 50%,477

suggesting suppression of sampling noise while478

retaining core persona attributes. These comple-479

mentary behaviors suggest that TiMem preserves480

semantically salient patterns beyond uniform aver-481

aging. Detailed metrics are in Appendix D.482
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Figure 3: UMAP visualization of memory embed-
dings. Left: LoCoMo exhibits 10 user groups sep-
aration through hierarchical consolidation. Right:
LongMemEval-S converges toward shared persona
structure through noise suppression.

4.5 Recall Efficiency Analysis 483

Table 5 reports recall efficiency metrics: memory 484

context length and latency. 485

Method LoCoMo LongMemEval-S
Memory Latency Memory Latency
↓ (tokens) ↓ (P50/P95) ↓ (tokens) ↓ (P50/P95)

MemoryBank 8063.77 9.46/13.07 13906.81 10.74/14.50
A-MEM 2431.4 1.74/7.23 3971.6 5.12/11.89
Mem0 1070.10 2.44/4.29 1647.56 3.64/6.11
MemoryOS 4659.09 1.66/2.21 7574.30 1.63/3.95
MemOS 1371.42 1.69/3.44 1091.51 1.64/2.70

TiMem (Ours) 511.25 2.35/4.91 1270.62 1.76/4.48

Table 5: Recall efficiency metrics. Memory context
length and P50/P95 latency across benchmarks. TiMem
significantly reduces context load compared to baselines
while maintaining low latency.

On LoCoMo, TiMem recalls 511.25 tokens per 486

query versus 1,070.10 for Mem0, reducing con- 487

text length by 52.20%. P50 recall latency is 2.35s 488

on LoCoMo and 1.76s on LongMemEval-S. Con- 489

text length increases with query complexity, and 490

LongMemEval-S queries are more diverse and re- 491

call more context. Latency includes planner, recall, 492

and gating, with LLM calls as the dominant. 493

4.6 Parameter Studies 494

We conduct a parameter study on LoCoMo. 495

LLM Configuration Under the same answering 496

and judgement protocol, TiMem is portable across 497

internal LLMs for memory operations. End-to-end 498

performance is primarily driven by the answering 499

LLM, with the best configuration reaching 80.45%, 500

indicating that answer-time reasoning dominates 501

once memory quality is adequate. 502

Segment Granularity Increasing the L1 seg- 503

ment size consistently degrades accuracy, dropping 504

from 75.30% at 1 turn to 65.26% at 8 turns, indi- 505

cating that finer-grained segments better preserve 506

atomic evidence for downstream QA. 507

7



Detailed experimental designs, results, and cross-508

configuration analysis are provided in Appendix C.509

4.7 Case Study510

Figure 4 contrasts TiMem’s hierarchical consolida-511

tion against Mem0 fragmented memories.512

        Profile for Caroline ( May 2023 )
1. Basic Identity
Role Positioning: Female / Aspiring Counselor
Life Background: Single, no children, lives in an urban setting.
Main Social Contacts: Melanie (weekly), LGBTQ support group 
members (monthly).
2. Key Events This Month
May 8: Attended an LGBTQ support group, where she felt a 
sense of acceptance and inspiration. This experience motivated 
her to explore career options in mental health. May 25 ...

No, she likely wouldn't.

[ Filtered-out Memories ]

��

    [8 May 2023] Caroline expressed a keen interest in pursuing 
counseling or a career in mental health, stating her desire to 
support those facing similar issues. Melanie affirmed that ...

   [27 June 2023] Caroline expressed that her own journey 
and the support she received made a huge difference in her 
life, motivating her to help others going through similar 
experiences ... Melanie acknowledged ...

��

��

query: "Would Caroline still want to pursue counseling as a career if she hadn't received support growing up?"

TiMem: Fine-grained Segments + Deep Profile Consolidation Fragmented Memories: Event Records only

Yes, she would.Ground Truth: Likely no 

[12 July, 2023] Caroline started looking 
into counseling and mental health career 
options to help others on their journeys

[28 August, 2023] Caroline recalled her 
past struggles and feeling alone.

[28 August, 2023] Caroline felt glad she 
could share her story and offer support.

[28 August, 2023] Caroline recalled her 
past struggles and feeling alone.

[23 August, 2023] Caroline received 
helpful support and got lots of help from 
adoption advice/assistance group attended.

[27 June, 2023] Caroline contacted her 
mentor for adoption advice.

[27 June, 2023] Caroline started caring 
m o r e  a b o u t  m e n t a l  h e a l t h  a n d 
understanding herself.

... ...

... ...

Figure 4: Case study comparing TiMem and a non-
hierarchical baseline. TiMem’s hierarchical consoli-
dation organizes timestamped evidence into coherent
chains and a persona profile, whereas the baseline re-
calls only isolated event records.

TiMem recalls segments establishing causal de-513

pendency, with the consolidated L5 profile connect-514

ing her career aspiration to formative experiences.515

The recall gating module excludes memories lack-516

ing true relevance. This structured causality yields517

the correct answer: No, she likely wouldn’t.518

Mem0 as a representative baseline recalls frag-519

mented factual memories. Without hierarchical520

consolidation, the framework fails to construct the521

support→career chain, producing an inverted an-522

swer: Yes, she would.523

This comparison highlights how TMT’s tempo-524

ral containment and instruction-based consolida-525

tion organize episodic evidence into a coherent526

inferential structure for counterfactual reasoning.527

4.8 Discussion528

Our experiments suggest three key takeaways for529

long-horizon memory in conversational agents.530

Temporal continuity is an effective organiz-531

ing principle. By enforcing temporal containment,532

TMT provides stable temporal leaves for consoli-533

dation and recall, instead of treating semantic sim-534

ilarity as the primary structure. Ablation studies535

and manifold analysis indicate that this temporal536

hierarchy enables effective compression: it facili-537

tates the construction of temporal evidence chains,538

amplifies user-specific distinctions, and suppresses539

noise in long dialogs.540

Semantic-guided consolidation makes ab- 541

straction explicit and portable. Level-specific 542

prompts encourage distinct consolidation objec- 543

tives across layers without architecture-specific tun- 544

ing. Empirically, hierarchical consolidation outper- 545

forms the evaluated methods, indicating that pro- 546

gressive transformation over temporally grouped 547

memories is beneficial beyond storing more text. 548

Recall reflects a practical trade-off between 549

precision and efficiency. The complexity-aware 550

recall planner consistently outperforms fixed recall 551

scopes, while recall gating is most effective when 552

the candidate set contains distractors. For highly 553

complex queries, broader context may outweigh ag- 554

gressive filtering, and planner errors can expand or 555

shrink the recall scope; in practice, recall budgets 556

can be tuned to different application needs. 557

Overall, TiMem suggests that combining tem- 558

poral organization with hierarchical consolidation 559

and adaptive recall yields compact yet grounded 560

long-term memory for conversational agents. 561

5 Conclusion 562

We introduced TiMem, a temporal–hierarchical 563

memory framework for long-horizon conversa- 564

tional agents, which treats temporal continuity 565

as a first-class organizing principle for long-term 566

memory personalization. TiMem provides: (i) the 567

TMT, a structure that enforces temporal contain- 568

ment and order; (ii) instruction-guided consolida- 569

tion without fine-tuning that progressively trans- 570

forms raw dialog into higher-level patterns and in- 571

crementally refined profiles updated monthly; and 572

(iii) complexity-aware recall that plans the recall 573

scope, propagates evidence hierarchically from ac- 574

tivated leaves, and applies recall-time gating to 575

retain only query-relevant memories. 576

Under a consistent evaluation setup, TiMem 577

achieves state-of-the-art accuracy of 75.30% on 578

LoCoMo and 76.88% on LongMemEval-S, while 579

reducing recalled context by 52.20% on LoCoMo 580

via recall planning and gating. Manifold analysis 581

indicates that temporal consolidation yields per- 582

sona separation while reducing dispersion, support- 583

ing coherent long-horizon memory representations. 584

We view TiMem as a practical and interpretable 585

foundation for long-term agent memory. Future 586

directions include combining temporal hierarchies 587

with richer structured memory representations and 588

incorporating storage-time forgetting and adaptive 589

temporal boundaries to further improve efficiency 590

and robustness. 591
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6 Limitations592

LLM Middleware Performance Consolidation593

and recall modules rely on general-purpose LLMs594

through instruction prompts. Fine-tuning special-595

ized smaller models for these operations may im-596

prove efficiency while maintaining module func-597

tionality.598

Structured Representation High-level memo-599

ries lack explicit categorical structures or knowl-600

edge graphs. Hybrid architectures combining tem-601

poral hierarchies with typed entity representations602

may better capture multi-dimensional content.603

Forgetting Mechanism The framework lacks604

storage-time forgetting mechanism. Future work605

should explore effective storage-level forgetting606

methods that selectively consolidate memories607

while maintaining critical facts and recurring pat-608

terns, balancing efficiency with factual integrity.609

Temporal Parameterization TiMem uses realis-610

tic temporal boundaries for reproducibility. Adap-611

tive temporal boundaries detection or interaction-612

density scheduling could enhance domain transfer-613

ability.614

7 Ethics Statement615

This work does not involve human subjects or per-616

sonally identifiable information. Experiments use617

publicly available benchmarks under appropriate li-618

censes. TiMem enforces strict user-group isolation619

by design: each memory tree is scoped to a single620

user, with no cross-user memory sharing or aggre-621

gation, protecting individual privacy. Deployed sys-622

tems should implement secure storage, explicit user623

consent, and data deletion mechanisms. As with624

any LLM-based system, practitioners should mon-625

itor for potential biases in memory consolidation626

and ensure transparency about retention policies.627
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A.2 LongMemEval-S Benchmark802

LongMemEval-S (Wu et al., 2025) is a synthetic803

benchmark with 500 conversations and 500 ques-804

tions. It simulates online memory processing and805

assesses five capabilities: (1) information extrac-806

tion from single user/assistant turns, (2) multi-807

session reasoning, (3) knowledge updates, (4) tem-808

poral reasoning, and (5) abstention. The benchmark809

constructs 500 user personas by sampling attributes810

from a shared persona template pool.811

B Implementation Details812

B.1 Memory Consolidation Configuration813

All frameworks use gpt-4o-mini-2024-07-18814

for memory consolidation with temperature 0.7815

and Qwen3-Embedding-0.6B (dimension 1024) for816

embeddings, ensuring consistent processing ca-817

pabilities across comparisons. For TiMem: L1818

memories created online using non-overlapping819

sliding window with segment size wd = 1 turn820

(one user–assistant exchange); L2–L5 generated821

through scheduled aggregation at temporal bound-822

aries (session end, daily, weekly, and G5 monthly823

intervals for profiles). Historical context window824

wi = 3 prior memories per layer, balancing conti-825

nuity and computational cost.826

B.2 Question Answering Configuration827

Basic settings Baselines are evaluated using their828

recommended configurations with the following829

unified settings: gpt-4o-mini-2024-07-18 for830

consolidation and recall, Qwen3-Embedding-0.6B831

for embeddings, and recall budget k=20 memories.832

LoCoMo Question answering uses gpt-4o-mini-833

2024-07-18 with Mem0’s prompt templates.834

LongMemEval-S We use a unified template to835

clearly separate roles. Internal LLM (consolida-836

tion/planner/gating) is gpt-4o-mini-2024-07-18.837

External LLM is gpt-4o-mini-2024-07-18 by de-838

fault (we additionally report results with gpt-4o-839

2024-11-20). Judge LLM follows the official840

LongMemEval-S evaluation prompt. The evalu-841

ation prompt was meta-evaluated by its authors to842

achieve >97% agreement with human experts, sup-843

porting the reliability of LLJ-based scoring on this844

benchmark (Wu et al., 2025).845

B.3 Recall Configuration846

TiMem’s hierarchical recall uses complexity-aware847

configurations with two LLM calls per query: a848

recall planner (1 call) and recall gating (1 call).849

Stage Operation and Key Parameters

1. Recall Planner (1 LLM call)
Predicts complexity c ∈ {simple, hybrid,
complex} and extracts keywords K to set
level-specific budgets and search scope S(c).

2. Hierarchical Recall (no LLM calls)
Leaf Activa-
tion

Score L1 leaves by s(m, q,K) = λssem +
(1 − λ)slex with λ=0.9 (cosine similarity +
BM25), then select top-k1=20.

Ancestor Col-
lection

For each activated leaf, collect ancestors
whose levels satisfy ℓ(m) ∈ S(c) (determin-
istic traversal).

Budgeting Keep up to: Simple (L1:20, L2:4, L5:1); Hy-
brid (L1:20, L2:4, L3:2, L5:1); Complex
(L1:20, L2:8, L3:4, L4:2, L5:1).

Pruning /
Early Stop

If candidates exceed per-level budgets, prune
by similarity scores; if fewer ancestors exist,
terminate early.

3. Recall Gating (1 LLM call)
Prompt an LLM to retain/drop each candidate
memory conditioned on (q, c), producing the
final memory set Ωfinal.

Table 6: Recall configuration in TiMem, organized by
the three major stages: recall planner, hierarchical recall,
and recall gating.

C Parameter Studies 850

C.1 LLM Configuration Analysis 851

We investigate the interplay between internal LLMs 852

(used for memory consolidation and recall) and 853

external LLMs (used for question answering). This 854

experiment examines the memory system’s quality 855

and downstream reasoning capability separately, 856

analyzing how different model combinations affect 857

end-to-end performance. 858

Experimental Design We test two internal LLM 859

configurations: 860

• GPT-4o-mini: A representative commercial 861

LLM used for memory consolidation and recall. 862

• Qwen3-32B: A representative open-source LLM 863

used as a production-oriented alternative. 864

As shown in table 7, for each internal configu- 865

ration, we evaluate five external LLMs for ques- 866

tion answering: gpt-4o-mini, gpt-4o, qwen3-8b, 867

qwen3-32b, and qwen3-235b-a22b. We re- 868

port results from two LLM-as-judge evaluators: 869

gpt-4o-mini (denoted LLJ-G) and qwen3-32b 870

(denoted LLJ-Q), and observe consistent trends 871

across both judges. 872

C.2 Segment Granularity Analysis 873

We analyze the impact of L1 segment size on mem- 874

ory quality and retrieval effectiveness. Segment 875
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Answer Model F1 ↑ RL ↑ LLJ-G ↑ LLJ-Q ↑

Internal: GPT-4o-mini-2024-07-18

GPT-4o-mini 54.40 54.68 75.30 72.86
GPT-4o 56.14 56.40 74.03 72.60
Qwen3-8B 46.58 47.00 66.04 64.68
Qwen3-32B 50.45 50.82 74.61 73.38
Qwen3-235B-A22B 42.17 43.60 80.45 79.03

Internal: Qwen3-32B

GPT-4o-mini 51.50 51.74 71.23 70.00
GPT-4o 53.65 53.90 72.60 70.19
Qwen3-8B 44.59 45.29 64.16 62.34
Qwen3-32B 46.74 47.15 74.74 72.73
Qwen3-235B-A22B 40.20 41.47 77.73 76.23

Table 7: LLM Configuration Analysis. Comparison of
answering models across two internal memory genera-
tion models (GPT-4o-mini, Qwen3-32B).

granularity determines the trade-off between detail876

preservation and computational efficiency.877

Experimental Design. We evaluate four segment878

sizes based on dialog turn counts: 1 turn (finest),879

2 turns, 4 turns, and 8 turns (coarsest). All other880

parameters use default values.881

Segment Size F1 RL LLJ (%) Delta

1 turn (baseline) 54.40 54.68 75.30 –
2 turns 52.45 51.00 73.64 -1.66
4 turns 50.56 49.27 70.00 -5.30
8 turns 46.94 45.72 65.26 -10.04

Table 8: Impact of L1 segment granularity on LoCoMo
performance. Segment size determines the number of
dialogue turns aggregated into each L1 memory. Default
configuration uses 1 turn. Delta shows performance
change relative to 1-turn baseline.

As shown in table 8, the performance of the882

question-answering decreases as the size of the883

segment increases, indicating a trade-off between884

the size of the segment and the accuracy of the QA885

in practical applications.886

D Memory Manifold Analysis887

We analyze how hierarchical consolidation trans-888

forms memory structure using manifold metrics:889

Intrinsic Dimensionality, Silhouette Score, Spread,890

and Trustworthiness.891

D.1 LoCoMo: Feature Distillation892

Table 9 shows progressive user differentiation893

across hierarchy levels. L1 segments exhibit high894

dimensionality and low clustering quality, indicat-895

ing that generic conversational patterns dominate896

at the segment level. Through hierarchical consoli-897

dation, dimensionality compresses by 5.6-fold to898

Layer IntDim↓ Silh↑ Sep.Ratio↑ Trust↑ Cont↑

L1 73 0.093 0.30 0.950 0.941
L2 35 0.273 0.77 0.964 0.955
L3 37 0.274 0.76 0.963 0.955
L4 28 0.329 0.89 0.972 0.964
L5 13 0.574 2.14 0.818 0.862

Table 9: LoCoMo manifold metrics. Progressive fea-
ture separation from L1 to L5 evidenced by increasing
Silhouette Score and Separation Ratio.

Layer IntDim↓ Spread↓ CV↓ Radius95↓ Trust↑

L1 100 0.692 0.085 0.789 0.917
L2 100 0.672 0.078 0.761 0.942
L3 100 0.533 0.162 0.669 0.847
L4 82 0.432 0.180 0.575 0.812
L5 68 0.345 0.155 0.444 0.789

Table 10: LongMemEval-S convergence metrics. Re-
duced Spread and Radius95 indicate convergence to-
ward unified persona templates from L1 to L5.

reach 13 dimensions at L5, while clustering quality 899

improves by 6.2-fold to achieve 0.574 silhouette 900

score. The separation ratio increases from 0.30 to 901

2.14, indicating extraction of user-specific features 902

from dialog streams. 903

D.2 LongMemEval-S: Noise Suppression 904

Table 10 reveals convergence toward shared struc- 905

ture in the synthetic dataset. L1 exhibits high 906

spread at 0.692 and maximum dimensionality at 907

100. Through consolidation, spread reduces by 908

50% to reach 0.345 at L5, while the effective ra- 909

dius (mean distance to centroid) shrinks from 0.789 910

to 0.444. Dimensionality remains saturated at 100 911

through L1-L4, then drops to 68 at L5, with the low- 912

dimensional shared structure emerging through pro- 913

gressive consolidation. 914

D.3 Adaptive Consolidation 915

TiMem demonstrates adaptive consolidation that 916

responds to different data characteristics. In Lo- 917

CoMo conversations, the framework acts as a fea- 918

ture separator, increasing inter-user variance as sep- 919

aration ratio grows from 0.30 to 2.14. In synthetic 920

LongMemEval-S data, it functions as a noise fil- 921

ter, reducing variance as spread decreases from 922

0.692 to 0.345. Both processes achieve semantic 923

compression through dimensionality reduction, yet 924

produce contrasting topological effects: expanding 925

distinctiveness for diverse users versus contracting 926

dispersion for noisy data. Trustworthiness scores 927

exceeding 0.78 across all levels indicate that these 928

manifold transformations preserve neighborhood 929

relationships during dimensionality reduction. 930
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E Prompt Templates 931

E.1 LoCoMo Benchmark 932

We adopt the prompt template from Mem0 (Chhikara et al., 2025) for LoCoMo QA and evaluation: 933

E.1.1 Question Answering Prompt 934

You are an intelligent memory assistant tasked with retrieving accurate information from
conversation memories.
# CONTEXT:
You have access to memories from two speakers in a conversation. These memories contain
timestamped information that may be relevant to answering the question.
# INSTRUCTIONS:
1. Carefully analyze all provided memories from both speakers
2. Pay special attention to the timestamps to determine the answer
3. If the question asks about a specific event or fact, look for direct evidence in the memories
4. If the memories contain contradictory information, prioritize the most recent memory
5. If there is a question about time references (like "last year", "two months ago", etc.),
calculate the actual date based on the memory timestamp. For example, if a memory from 4 May 2022
mentions "went to India last year," then the trip occurred in 2021.
6. Always convert relative time references to specific dates, months, or years. For example,
convert "last year" to "2022" or "two months ago" to "March 2023" based on the memory timestamp.
Ignore the reference while answering the question.
7. Focus only on the content of the memories from both speakers. Do not confuse character names
mentioned in memories with the actual users who created those memories.
8. The answer should be less than 5-6 words.
# APPROACH (Think step by step):
1. First, examine all memories that contain information related to the question
2. Examine the timestamps and content of these memories carefully
3. Look for explicit mentions of dates, times, locations, or events that answer the question
4. If the answer requires calculation (e.g., converting relative time references), show your work
5. Formulate a precise, concise answer based solely on the evidence in the memories
6. Double-check that your answer directly addresses the question asked
7. Ensure your final answer is specific and avoids vague time references
Relevant Memories:
{context_memories}
Question: {question}
Answer:

E.1.2 LLM-as-Judge Evaluation Prompt 935

Your task is to label an answer to a question as ’CORRECT’ or ’WRONG’. You will be given the
following data:
(1) a question (posed by one user to another user),
(2) a ’gold’ (ground truth) answer,
(3) a generated answer

which you will score as CORRECT/WRONG.
The point of the question is to ask about something one user should know about the other user
based on their prior conversations. The gold answer will usually be a concise and short answer
that includes the referenced topic, for example:
Question: Do you remember what I got the last time I went to Hawaii?
Gold answer: A shell necklace
The generated answer might be much longer, but you should be generous with your grading - as long
as it touches on the same topic as the gold answer, it should be counted as CORRECT.
For time related questions, the gold answer will be a specific date, month, year, etc. The
generated answer might be much longer or use relative time references (like "last Tuesday" or
"next month"), but you should be generous with your grading - as long as it refers to the same
date or time period as the gold answer, it should be counted as CORRECT. Even if the format
differs (e.g., "May 7th" vs "7 May"), consider it CORRECT if it’s the same date.
Now it’s time for the real question:
Question: {question}
Gold answer: {standard_answer}
Generated answer: {generated_answer}
First, provide a short (one sentence) explanation of your reasoning, then finish with CORRECT or
WRONG. Do NOT include both CORRECT and WRONG in your response, or it will break the evaluation
script.
Just return the label CORRECT or WRONG in a json format with the key as "label".
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E.2 LongMemEval-S Benchmark936

E.2.1 Question Answering Prompt937

We follow the default non-CoT template from LongMemEval (Wu et al., 2025):938

I will give you several related memories between you and a user. Please answer the question based
on the relevant memories.
Related Memories:
{memories}
Current Date: {current_date}
Question: {question}
Answer:

E.2.2 LLM-as-Judge Evaluation Prompt939

LongMemEval uses task-specific evaluation prompts. For most tasks (SSU, SSA, MS):940

I will give you a question, a correct answer, and a response from a model. Please answer yes if
the response contains the correct answer. Otherwise, answer no. If the response is equivalent to
the correct answer or contains all the intermediate steps to get the correct answer, you should
also answer yes. If the response only contains a subset of the information required by the
answer, answer no.
Question: {question}
Correct Answer: {answer}
Model Response: {response}
Is the model response correct? Answer yes or no only.

For temporal reasoning tasks, off-by-one tolerance is applied:941

I will give you a question, a correct answer, and a response from a model. Please answer yes if
the response contains the correct answer. Otherwise, answer no. If the response is equivalent to
the correct answer or contains all the intermediate steps to get the correct answer, you should
also answer yes. If the response only contains a subset of the information required by the
answer, answer no. In addition, do not penalize off-by-one errors for the number of days. If the
question asks for the number of days/weeks/months, etc., and the model makes off-by-one errors
(e.g., predicting 19 days when the answer is 18), the model’s response is still correct.
Question: {question}
Correct Answer: {answer}
Model Response: {response}
Is the model response correct? Answer yes or no only.

For knowledge update tasks:942

I will give you a question, a correct answer, and a response from a model. Please answer yes if
the response contains the correct answer. Otherwise, answer no. If the response contains some
previous information along with an updated answer, the response should be considered as correct
as long as the updated answer is the required answer.
Question: {question}
Correct Answer: {answer}
Model Response: {response}
Is the model response correct? Answer yes or no only.

For single-session preference tasks:943

I will give you a question, a rubric for desired personalized response, and a response from a
model. Please answer yes if the response satisfies the desired response. Otherwise, answer no.
The model does not need to reflect all the points in the rubric. The response is correct as long
as it recalls and utilizes the user’s personal information correctly.
Question: {question}
Rubric: {rubric}
Model Response: {response}
Is the model response correct? Answer yes or no only.
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E.3 TiMem System Prompts 944

We present key prompt templates used in TiMem’s internal processing pipeline: 945

E.3.1 L1 Segment Memory Consolidator 946

You are a dialogue memory generator. Your task is to write a fragment memory that captures only
the NEW facts from the "Current Conversation" (do not repeat anything already covered in
"Historical Memories").
Core principle:
Convert dialogue from first-person to third-person narration, preserving as much substantive
information content from the original as possible, excluding only confirmed non-informative
words.
What to preserve:
- All substantive information: people, events, times, places, causes, results, numbers, specific
descriptions
- Original wording: Keep specific terms used in dialogue for titles, item names, activity
descriptions, etc, numbers use Arabic numerals
- Emotional expressions: Retain explicit emotions and attitudes from original (like "happy",
"worried", "likes"), but avoid adding subjective inferences not present in original
What to exclude:
Only exclude purely functional words: greetings ("hi""bye"), confirmation words
("uh-huh""okay""yes"), meaningless fillers ("um""you know""like")
Time normalization:
- Preserve the original relative time expressions exactly as written (e.g., "last night", "this
morning", "last Friday"). DO NOT convert relative time to absolute dates.
Style:
- Use English third-person narration.
- Write plain sentences (no lists/numbering/Markdown). Aim for 2-4 sentences, but allow longer to
retain essential details.
- Use exact proper nouns as in the dialogue; do not replace/expand/infer names, organizations, or
locations.
- Each memory should focus on one core fact or closely related fact group; avoid packing too many
unrelated details into a single entry.
Inputs:
- Historical memories (do not repeat): {previous_summary}
- Current conversation: {new_dialogue}
Please generate a fragment memory that contains ONLY the new facts. If the current conversation
has no substantial new content, provide a minimal 1-2 sentence summary of the core topic or
attitude expressed in this turn (do NOT output "no significant additions" or similar empty
statements).

E.3.2 Recall Gating Prompt for Simple Queries 947

Filter memories for simple fact query (Complexity 0).
Strategy: Aggressive filtering - Keep only direct answers
Target: 3-8 memories
## Filtering Rules
1. KEEP if memory directly answers the question
2. KEEP if memory provides essential context (time/location of the fact)
3. EXCLUDE if related but does not contribute to answer
4. EXCLUDE if different topic entirely
## Instructions
- Be strict: Only keep memories that help answer the specific question
- Remove noise: Exclude tangentially related memories
- Aim for 3-8 memories total
Question: {question}
Candidate memories ({total_count} total):
{numbered_memories}
Return IDs to keep (JSON format):
{{"relevant_ids": [1, 2, 3, ...]}}
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E.3.3 Recall Planner Prompt948

You are a professional query intent analysis expert. Please select the most appropriate retrieval
method based on the question type, and extract keywords.
Critical Judgment Principles:
- If the question requires understanding the user’s preferences, habits, values, personality
traits, or historical behavior patterns to answer correctly, classify as "Deep Retrieval" (2)
- If the question involves reasoning, prediction, evaluation, subjective judgment, or
hypothetical scenarios, classify as "Deep Retrieval" (2)
- If the question requires integrating behaviors across multiple time points, multiple choices,
or long-term trends to answer, classify as "Deep Retrieval" (2)
- Only single factual queries (who, when, where, what specific action) should be classified as
"Simple Retrieval" (0)
Retrieval Type Definitions:
0 - Simple Retrieval (Factual Questions):
- Questions answerable by retrieving a single fact fragment
- Characteristics: Explicit time, location, person, event, or other objective fact queries
- Examples: "Where does X work?" "When did X go to location Y?" "Which meeting did X attend?"
- Key: Answer is an explicitly recorded fact, no reasoning or preference judgment needed
1 - Hybrid Retrieval (Multi-Fact Integration Questions):
- Questions requiring integration of multiple fact memories to answer
- Characteristics: Need to enumerate, summarize, or compare multiple facts, but no deep reasoning
required
- Examples: "What activities did X participate in?" "What topics did X and Y discuss?" "Where has
X been?"
- Key: Need to aggregate multiple facts, but still objective information integration
2 - Deep Retrieval (Personalized Reasoning Questions):
- Questions requiring reasoning based on user’s deep personalized information (preferences,
habits, values, personality) to answer
- Core Characteristics:

* Need to understand user’s stable preferences (what they like/dislike, values, interests)
* Need to infer user’s future behavior or likely choices ("Would like...?" "Suitable for...?"

"Would choose...?")
* Need to evaluate or judge user’s personality traits, behavior patterns, cognitive style
* Involves subjective judgment, evaluation, recommendation, prediction, hypothetical questions
* Need to infer user’s attitude or tendency based on historical behavior patterns

- Examples: "Would X enjoy a beach vacation?" "Is X an extroverted person?" "Might X be
interested in programming?" "Does X prioritize career or family more?"
- Key: Answer requires synthesizing user’s deep traits and preferences, not directly recorded
facts
Judgment Process:
1. First identify: Does the question require user’s preferences/habits/personality/values? If yes
→ Deep Retrieval (2)
2. Second identify: Does the question require reasoning/prediction/evaluation/subjective
judgment? If yes → Deep Retrieval (2)
3. Third identify: Does the question require summarizing multiple fact fragments? If yes → Hybrid
Retrieval (1)
4. Finally: If only single explicit fact needed → Simple Retrieval (0)
Keyword extraction requirements:
1. Extract 1-3 most important keywords from the question
2. Exclude common stopwords (such as: the, a, in, is, have, and, or, with, etc.)
3. STRICTLY FORBIDDEN: Never include any personal names, usernames, or names
4. FOCUS ONLY ON: Action words, object names, location types, concept words, adjectives and other
non-name key concepts
Question: {question}
Please carefully analyze the essential needs of the question and output in the following JSON
format:
{\n

"complexity": 0/1/2,\n
"keywords": ["keyword1", "keyword2", "keyword3"]\n

}
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