
CogMem: A Cognitive Memory Architecture for Sustained Multi-Turn
Reasoning in Large Language Models

Anonymous ACL submission

Abstract001

Large language models (LLMs) excel at single-002
turn reasoning but often lose accuracy and003
coherence over extended, multi-turn interac-004
tions. Recent evaluations such as TurnBench005
highlight recurring failure modes, including006
reasoning bias, task drift, hallucination, over-007
confidence, and memory decay. Current ap-008
proaches typically append full conversational009
histories, causing unbounded context growth,010
higher computational costs, and degraded rea-011
soning efficiency. We introduce CogMem, a012
cognitively inspired, memory-augmented LLM013
architecture that supports sustained iterative014
reasoning through structured, persistent mem-015
ory. CogMem incorporates three layers: a016
Long-Term Memory (LTM) that consolidates017
cross-session reasoning strategies; a Direct Ac-018
cess (DA) memory that maintains session-level019
notes and retrieves relevant long-term mem-020
ories; and a Focus of Attention (FoA) mech-021
anism that dynamically reconstructs concise,022
task-relevant context at each turn. Experiments023
on TurnBench show that this layered design024
mitigates reasoning failures, controls context025
growth, and improves consistency across ex-026
tended reasoning chains, suggesting that struc-027
tured hierarchical memory is a promising di-028
rection for improving long-horizon multi-turn029
reasoning in large language models.030

1 Introduction031

Reasoning is central to human intelligence (Wason032

and Johnson-Laird, 1972; Holyoak and Morrison,033

2012) and serves as a core benchmark for artifi-034

cial systems. Large language models (LLMs) have035

demonstrated remarkable performance on single-036

turn reasoning tasks (Brown et al., 2020; Touvron037

et al., 2023; Comanici et al., 2025). Yet real-world038

applications demand iterative, multi-turn reason-039

ing: models must integrate new information, revise040

assumptions, and maintain coherent thinking over041

extended interactions. Sustaining long-horizon rea-042

soning remains a key challenge.043

Recent benchmarks have highlighted this gap. 044

TurnBench-MS (Zhang et al., 2025) requires mod- 045

els to infer hidden rules through sequential inter- 046

actions, integrating feedback across turns. Even 047

top-performing LLMs achieve only 84% accu- 048

racy in classic mode and 18% in nightmare mode, 049

with early errors often cascading through subse- 050

quent steps. Other benchmarks, including Aval- 051

onBench (Light et al., 2023) and MT-Bench (Bai 052

et al., 2024), confirm that sustained dialog-based 053

reasoning remains a significant challenge. Chain- 054

of-Thought prompting (Wei et al., 2022) improves 055

single-turn inference but is insufficient for long- 056

term, multi-turn reasoning, highlighting the need 057

for persistent, structured memory. 058

Memory-augmented LLMs offer one path for- 059

ward. Retrieval-Augmented Generation (Lewis 060

et al., 2020) extends context via retrieval but 061

lacks persistent lifecycle management. Later sys- 062

tems, including MemBank (Zhong et al., 2024), 063

Mem0 (Chhikara et al., 2025), Mem1 (Zhou et al., 064

2025), A-Mem (Xu et al., 2025), and MemOS (Li 065

et al., 2025), introduced structured, evolving mem- 066

ory architectures that enable dynamic extraction, 067

updating, and long-term storage of relevant knowl- 068

edge. However, these approaches typically treat 069

memory and reasoning as loosely coupled. 070

We propose a cognitively inspired, memory- 071

augmented reasoning architecture that tightly inte- 072

grates reasoning and structured memory. The sys- 073

tem maintains a hierarchical memory: a long-term 074

memory stores distilled reasoning strategies and 075

cross-session knowledge, a direct-access memory 076

preserves session-relevant plans and information, 077

and a focus-of-attention module reconstructs mini- 078

mal working context at each turn. Reasoning and 079

memory agents collaborate continuously, allow- 080

ing models to recover from early errors, maintain 081

coherence, and efficiently manage context across 082

sessions. This framework combines insights from 083

prior memory-augmented LLMs with a unified, 084
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Figure 1: Overview of the CogMem framework.

cognitively grounded approach to persistent, adap-085

tive reasoning. Our contributions are:086

• A structured, multi-level memory architecture087

that enables coherent, long-horizon reasoning088

while controlling context growth.089

• Integration of modular reasoning and memory090

agents for continuous inference, knowledge ac-091

cumulation, and recovery from reasoning errors.092

• Empirical validation on TurnBench-MS demon-093

strating improved reasoning accuracy, reduced094

failure modes, and enhanced efficiency in ex-095

tended multi-turn reasoning tasks.096

2 Method097

2.1 System Overview098

We propose a memory-augmented reasoning frame-099

work designed to enable LLMs to maintain coher-100

ent, adaptive, and efficient reasoning across mul-101

tiple turns. The system comprises two coopera-102

tive agents: the reasoning agent and the mem-103

ory agent, coordinated by a session manager and104

a memory manager (Section 2.4), with defini-105

tions and case studies provided in Appendix C.106

These components operate on a hierarchical mem-107

ory structure inspired by cognitive models of work-108

ing memory, consisting of three layers with distinct109

levels of accessibility and persistence: long-term110

memory (LTM), direct-access memory (DA), and111

focus of attention (FoA) (Figure 1).112

Long-Term Memory (LTM) stores distilled rea-113

soning strategies and reusable problem-solving pat-114

terns accumulated across sessions, serving as a115

persistent repository that evolves as new insights 116

are integrated. 117

Direct-Access Memory (DA) functions as 118

session-level working memory, maintaining con- 119

cise notes of intermediate conclusions, sub-goals, 120

and ongoing plans. At the start of each session, the 121

LTM supplies the DA with the most relevant long- 122

term memories, enabling the reasoning agent to 123

access prior knowledge without repeatedly query- 124

ing the full LTM. 125

Focus-of-Attention (FoA) dynamically recon- 126

structs the minimal reasoning context for each turn. 127

It selectively integrates current notes, retrieved 128

long-term memories, summarized dialogue history, 129

and new user input to produce a compact, informa- 130

tive prompt. This ensures a bounded, interpretable 131

context while retaining essential information for 132

accurate reasoning. 133

This hierarchical design allows iterative reason- 134

ing without unbounded context expansion, preserv- 135

ing critical reasoning cues, recovering from ear- 136

lier mistakes, and maintaining continuity across 137

extended reasoning chains while controlling com- 138

putational cost. 139

2.2 Processing Workflow 140

Upon receiving user input, the session manager de- 141

termines whether an existing session can be reused 142

or extended. If a matching session exists, stored 143

results and memory states are reused directly. Oth- 144

erwise, the system searches for an inheritable ses- 145

sion, where a prior dialogue forms the prefix of 146

the current input. In these cases, corresponding 147
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memories and notes are restored to continue rea-148

soning seamlessly. If no session is reusable, a new149

session is initialized: the DA is created empty, and150

the memory agent queries the LTM for relevant151

information by rewriting the current situation into152

a descriptive query for semantic retrieval.153

Reasoning begins with constructing the first FoA,154

the First Context Window (Figure 1b), which in-155

cludes session notes, summarized dialogue history,156

and new user input. The reasoning agent evaluates157

whether this context is sufficient; if incomplete, it158

returns identifiers of missing turns, allowing FoA159

to retrieve details and construct a Second Context160

Window. The agent then performs inference over161

this refined context, integrating retrieved turn de-162

tails, user input, and existing notes. Together, these163

cycles constitute a single turn in the dialogue flow.164

After reasoning, the memory agent summarizes165

the generated content. The summary, user input,166

and model response form a new turn record, updat-167

ing the DA asynchronously. This ensures the user168

receives immediate responses while the memory169

remains coherent and current. Turn records and170

updated memory states are stored in the session171

cache for efficient reuse.172

Inactive sessions trigger a cleanup procedure:173

expired sessions and cached DA entries are deleted,174

while FoA turn data are reference-counted to enable175

turn-level reuse. Before final removal, the LTM176

reviews the session to determine whether distilled177

knowledge should be merged, added, or excluded,178

ensuring only meaningful reasoning traces persist.179

2.3 Interaction among Memory Layers180

The memory layers interact through ongoing cycles181

of retrieval, reconstruction, and refinement. FoA182

selects activated memories and relevant DA notes183

to construct the next reasoning context. The DA184

retrieves relevant entries from the LTM and up-185

dates its notes as new reasoning outcomes are sum-186

marized. At session conclusion, the LTM distills187

essential insights from DA and FoA summaries, in-188

tegrating them into its persistent store. This bidirec-189

tional flow allows the model to accumulate experi-190

ence and maintain stable reasoning across sessions.191

2.4 Implementation and Efficiency192

The framework is modular and compatible with the193

OpenAI SDK, operating with any base LLM. The194

memory agent is a lightweight model responsible195

for summarization, retrieval, and note generation,196

enabling a separation of complex inference and 197

efficient memory management. 198

Short-term data, including notes, turns, and ses- 199

sion metadata, are stored in RAM for fast access, 200

optionally supported by external caches such as 201

Redis. The LTM resides in a vectorized database 202

for high-speed semantic retrieval and selective up- 203

dates. The memory manager orchestrates interac- 204

tions among FoA, DA, and LTM, while the session 205

manager handles identification, caching, expiration, 206

and garbage collection. Event-triggered garbage 207

collection ensures consistent latency regardless of 208

session length, maintaining bounded computational 209

cost across long dialogues. 210

2.5 Design Rationale and Error Mitigation 211

The framework addresses recurring multi-turn rea- 212

soning failures, including reasoning bias, task mis- 213

conception, hallucination, overconfidence, memory 214

decay, and unbounded context growth. 215

FoA and DA reduce reasoning bias, hallucina- 216

tion, and memory decay by reconstructing a con- 217

cise input window at each step, retaining only es- 218

sential reasoning traces. DA maintains structured 219

notes of current plans and intermediate conclusions 220

rather than full histories, ensuring reasoning is 221

grounded in distilled information. Iteratively re- 222

vising assumptions in notes reduces bias over time. 223

LTM accumulates refined reasoning patterns and 224

task-specific strategies across sessions, guiding task 225

understanding and planning, and enhancing cross- 226

session adaptability. Persistent memory supports 227

incremental improvement and long-term stability. 228

The session manager and lifecycle controller 229

bound computational cost. Reusable or inheritable 230

sessions avoid redundant computation, and selec- 231

tive refinement into LTM ensures only meaning- 232

ful reasoning traces persist. Overall, the frame- 233

work transforms multi-turn reasoning from an ever- 234

growing sequence of appended contexts into struc- 235

tured, iterative refinement, yielding more reliable, 236

interpretable, and temporally consistent reasoning. 237

3 Experiment Setup and Results 238

3.1 Experimental Settings 239

We evaluate our framework on the TurnBench- 240

MS benchmark (Zhang et al., 2025), which is de- 241

signed to assess iterative reasoning and adapta- 242

tion in multi-turn interactions. TurnBench simu- 243

lates rule-discovery games where models infer hid- 244

den patterns through sequential queries and feed- 245
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Models
Average Accuracy

Total Easy Medium Hard
Baseline - gemini-2.5-flash 0.76 0.87 0.93 0.47
Baseline + FoA 0.76 0.93 0.84 0.53
Baseline + FoA + DA 0.84 0.93 0.93 0.66
Baseline + FoA + DA + LTM 0.93 1.00 1.00 0.80
Random Guess 0.0085 0.0079 0.0098 0.0077

Table 1: Performance comparison between the CogMem
framework and the baseline model under the TurnBench
classic mode settings. A random-guessing baseline is
included for comparison. All results are obtained using
the chain-of-thought (CoT) prompting strategy. The
bold text represents the best performance.

back. Following the official evaluation protocol,246

we use the classic mode consisting of 45 game se-247

tups across three difficulty levels, including easy,248

medium, and hard.249

All experiments employ chain-of-thought250

prompting. The reasoning agent is Gemini 2.5251

Flash (Comanici et al., 2025), while the memory252

agent uses a lightweight Gemini 2.5 Flash Lite253

variant for summarization and retrieval. External254

vector storage is managed via Milvus (Wang255

et al., 2021), and accuracy is computed following256

TurnBench standards (Pedregosa et al., 2011).257

Full experimental and implementation details are258

provided in Appendix A.259

3.2 Baselines260

We evaluate four incremental configurations to iso-261

late the contribution of each memory component:262

• Baseline: Gemini 2.5 Flash with chain-of-263

thought prompting, no memory.264

• Baseline + FoA: Adds focus-of-attention for265

bounded context reconstruction.266

• Baseline + FoA + DA: Incorporates direct-access267

memory for structured session notes.268

• Baseline + FoA + DA + LTM: Full system with269

long-term memory for cross-session adaptation.270

All other settings (prompts, decoding parame-271

ters, temperature) are identical. A random-guessing272

baseline is included to indicate lower-bound perfor-273

mance. Detailed experiment setups, prompts, and274

memory configurations are in Appendix A.275

3.3 Results and Analysis276

Table 1 summarizes the performance for the classic277

mode of TurnBench-MS (see Appendix D for addi-278

tional experiments). The baseline uses the official279

Gemini 2.5 Flash results, achieving an overall ac-280

curacy of 0.76. Introducing the FoA alone brings a281

small but consistent improvement on harder setups282

in the classic environment, suggesting that dynamic 283

context reconstruction helps reduce redundant rea- 284

soning and maintain focus, though its impact re- 285

mains limited under high-noise conditions. 286

Adding the direct-access memory yields a sub- 287

stantial gain, raising total accuracy in the classic 288

mode to 0.84. This indicates that structured note 289

keeping and short-term summarization improve 290

reasoning consistency and help the model recover 291

from earlier mistakes by preserving key conclu- 292

sions between turns. Finally, integrating the long- 293

term memory produces the strongest results: 0.93 294

total accuracy in the classic mode, with perfect 295

scores on easy and medium difficulties and 0.80 296

on hard setups. The improvement confirms that 297

cross-session accumulation of distilled reasoning 298

patterns allows the model to generalize strategies 299

and stabilize its decision process over extended 300

reasoning chains. This effect is further illustrated 301

through a qualitative case study in Appendix D.3. 302

Overall, the ablation trend demonstrates clear ad- 303

ditive benefits from each memory layer. FoA miti- 304

gates token growth and focus drift; DA enhances 305

within-session consistency; and LTM extends adap- 306

tation across sessions. Together, they transform 307

the model’s behavior from reactive, context-bound 308

reasoning to structured, self-referential reasoning 309

capable of maintaining coherence under both stan- 310

dard and adversarial conditions. A detailed analy- 311

sis of latency and total computational cost for each 312

memory component is provided in Appendix E.2. 313

4 Conclusion 314

We introduced CogMem, a cognitively inspired 315

memory architecture that enables large language 316

models to sustain accurate, coherent, and efficient 317

reasoning over extended multi-turn interactions. 318

CogMem integrates three complementary layers: 319

long-term memory, direct-access memory, and fo- 320

cus of attention to manage reasoning information 321

at different temporal scales. This design allows the 322

model to retain essential context, prevent redundant 323

expansion, and recover earlier errors. Experiments 324

on TurnBench-MS show that each memory layer 325

contributes incrementally, with the full CogMem 326

system achieving substantial gains over the base- 327

line Gemini 2.5 Flash model. These results demon- 328

strate that structured, cognitively grounded mem- 329

ory can transform LLMs from reactive, context- 330

dependent reasoners into adaptive, self-consistent 331

systems capable of sustained multi-turn inference. 332
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Limitations333

While CogMem demonstrates clear improvements334

in reasoning stability and coherence, its current335

evaluation remains limited in scope. All exper-336

iments were conducted on the TurnBench-MS337

benchmark with a single base model, which con-338

strains the generalizability of the findings. Future339

work will extend the evaluation to a wider range of340

reasoning datasets, task types, and language mod-341

els to further validate CogMem’s adaptability and342

robustness across diverse multi-turn reasoning sce-343

narios.344

Ethical345

This work focuses on improving the reasoning346

stability and efficiency of large language models347

through structured memory design. All exper-348

iments were conducted using publicly available349

benchmark data (TurnBench-MS) and proprietary350

language models accessed through standard APIs.351

No personally identifiable or sensitive information352

was used in any stage of development or evaluation.353

The goal of CogMem is to enhance the reliabil-354

ity and interpretability of multi-turn reasoning sys-355

tems, which may reduce unintended hallucinations356

and overconfident outputs in deployed AI appli-357

cations. Nonetheless, improved long-term reason-358

ing capabilities also raise considerations regarding359

information persistence and user privacy. Future360

work will further examine safeguards for memory361

management, data retention, and user consent to362

ensure that cognitively inspired memory systems363

remain transparent, controllable, and aligned with364

ethical standards for responsible AI development.365
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A Experimental Details469

A.1 Benchmark Setup470

We follow the TurnBench-MS protocol (Zhang471

et al., 2025) with 45 setups for classic mode and472

three difficulty levels (easy, medium, hard). Each473

setup simulates a rule-discovery game requiring474

multi-turn reasoning and iterative feedback integra-475

tion.476

A.2 Model Configuration477

• Reasoning Agent Gemini 2.5 Flash is used with478

standard chain-of-thought prompts. Parameters479

match those reported in the TurnBench paper to480

ensure fair comparison.481

• Memory Agent Gemini 2.5 Flash Lite is used for482

summarization, retrieval, and note maintenance.483

Its generative reasoning is disabled to improve484

speed and reduce cost.485

• Vector Storage All memory retrievals use Mil-486

vus (Wang et al., 2021). Session and long-term487

memories are stored as vectors and retrieved us-488

ing semantic similarity queries.489

A.3 Prompting and CoT Setup490

• All models use chain-of-thought prompting.491

• Prompts are consistent across all configurations.492

• Memory components are only active in FoA, DA,493

and LTM settings, not in the baseline.494

A.4 Baselines and Ablations495

• Baseline: Gemini 2.5 Flash with CoT, no mem-496

ory.497

• Baseline + FoA: Adds focus-of-attention for498

bounded context reconstruction.499

• Baseline + FoA + DA: Adds session-level direct-500

access memory.501

• Baseline + FoA + DA + LTM: Full memory hier-502

archy for cross-session knowledge accumulation.503

• Random-guessing: Lower-bound reference.504

A.5 Evaluation Metrics505

Accuracy is computed using scikit-learn (Pe-506

dregosa et al., 2011), comparing model outputs507

against ground-truth rules in each TurnBench sce-508

nario. Scores are reported per difficulty level and509

evaluation mode.510

A.6 Implementation Notes511

• Short-term notes, turns, and session metadata are512

stored in RAM with optional external caching513

(Redis).514

• LTM is stored in a vectorized database supporting 515

selective updates. 516

• Reasoning and memory agents run asyn- 517

chronously; the memory agent updates DA after 518

reasoning steps. 519

• Session manager handles identification, caching, 520

expiration, and garbage collection. 521

All hyperparameters, session management pro- 522

tocols, and retrieval configurations are fully docu- 523

mented in the internal code repository (link omitted 524

for anonymization in submission). 525

A.7 Addentional Experiments 526

Models
Average Accuracy

Total Easy Medium Hard
gemini-2.5-flash 0.76 0.87 0.93 0.47

+ FoA 0.76 0.93 0.84 0.53
+ FoA + DA 0.84 0.93 0.93 0.66
+ FoA + DA + LTM 0.93 1.00 1.00 0.80

qwen-3-14b 0.6 0.73 0.53 0.53
+ FoA 0.66 0.8 0.8 0.4
+ FoA + DA 0.74 0.9 0.8 0.53
+ FoA + DA + LTM 0.87 1.0 0.93 0.73

Random Guess 0.0085 0.0079 0.0098 0.0077

Table 2: Performance comparison between the CogMem
framework and the baseline model under the TurnBench
classic mode settings. A random-guessing baseline is
included for comparison. All results are obtained using
the chain-of-thought (CoT) prompting strategy. The
bold text represents the best performance.

B Related Work 527

Multi-Turn Reasoning and Benchmarks As 528

LLMs are applied to increasingly complex tasks, 529

benchmarks have evolved to test multi-turn and 530

multi-step reasoning beyond single-query question 531

answering. TurnBench-MS (Zhang et al., 2025) 532

is a recent benchmark explicitly designed for iter- 533

ative reasoning: models must infer hidden rules 534

through sequential interactions and integrate feed- 535

back across turns. Results reveal a large perfor- 536

mance gap between humans and current LLMs, es- 537

pecially when long reasoning chains or corrections 538

are required. Analyses further show that reason- 539

ing errors made early in the process often persist 540

or cascade through later steps. Other benchmarks 541

such as AvalonBench (Light et al., 2023) and MT- 542

Bench (Bai et al., 2024) confirm that sustained 543

dialog-based reasoning remains a significant chal- 544

lenge for LLMs. 545

To mitigate such failures, Chain-of-Thought 546

(CoT) prompting (Wei et al., 2022) encourages 547
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models to articulate intermediate steps, improv-548

ing single-instance reasoning but remaining insuf-549

ficient for multi-turn or session-level reasoning,550

where memory continuity and selective recall are551

essential. Our work builds upon these insights, us-552

ing TurnBench as a testbed while introducing an553

explicit structured memory framework to improve554

reasoning persistence and efficiency.555

Memory-Augmented LLMs and Long-Term In-556

teraction Recent research increasingly views557

memory as a core component of scalable LLM558

systems. Early approaches such as Retrieval-559

Augmented Generation (RAG) (Lewis et al., 2020)560

expanded effective context length by incorporating561

external retrieval, but lacked persistent storage or562

lifecycle management. Subsequent systems formal-563

ized memory as a managed and evolving resource564

rather than a static cache.565

Among these, MemBank (Zhong et al., 2024)566

introduced a unified external memory store for567

continual distillation and adaptive overwriting.568

Mem0 (Chhikara et al., 2025) and its graph-based569

variant extended this paradigm to conversational570

agents, dynamically extracting, updating, and or-571

ganizing salient facts from dialogue. Mem1 (Zhou572

et al., 2025) and A-Mem (Xu et al., 2025) further573

explored agentic and self-organizing memories, en-574

abling models to autonomously create and refine575

memory entries as they interact. MemOS (Li et al.,576

2025) conceptualizes memory as a first-class oper-577

ating resource, establishing unified governance and578

lifecycle management across parametric, activation,579

and external memories580

These developments collectively illustrate a tran-581

sition from context extension to structured, persis-582

tent, and self-adaptive memory architectures that583

support long-term reasoning and continuity across584

sessions. But they generally treat reasoning and585

memory as loosely coupled components. In con-586

trast, our approach integrates these elements within587

a unified, cognitively grounded framework. The588

memory hierarchy is explicitly inspired by Ober-589

auer (2002)’s model, mapping the relationships590

among focus, working, and long-term memory to591

guide reasoning dynamics. Through tight interac-592

tion between the reasoning and memory agents, the593

system continuously refines and reconstructs con-594

text at each turn, rather than updating memory only595

after reasoning is complete. Furthermore, we intro-596

duce session-level lifecycle management that han-597

dles session inheritance, recycling, and selective598

long-term refinement, thereby enabling reasoning 599

continuity and governance beyond what previous 600

systems support. 601

C Method Extension 602

C.1 Agent Definition 603

The reasoning agent is solely responsible for task- 604

level inference and decision making, while the 605

memory agent performs only lightweight mem- 606

ory operations, such as summarization, information 607

extraction, and semantic retrieval, without partici- 608

pating in reasoning. 609

C.2 Implementation 610

The Memory Update Policy is determined directly 611

by the LLM, during distillation, the Reasoning 612

Agent decides whether an incoming memory trace 613

should update an existing entry or create a new one. 614

This choice was made intentionally to avoid fixed 615

heuristics and leverage the model’s semantic under- 616

standing. We will add a clear description of this 617

mechanism to the appendix as well. 618

C.3 Case Study 619

Our framework includes a validation step in which 620

the reasoning agent checks whether the summary 621

produced by the memory agent contains enough 622

information for the current task. If the reasoning 623

agent detects missing or incomplete information, 624

it will request that specific turns be expanded to 625

obtain more detailed content. This prevents errors 626

caused by possible information loss during summa- 627

rization and ensures that reasoning quality is not 628

affected (as illustrated in the example below). 629

Example: Some parts are shortened as [...]. 630
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{"role": "user", "content": "You will be
given the summary of chat history with
turn id:\n\nChat history: ```\n**turn:**
aa56a8af3c07eb95\nThe user entered the
Proposal Stage, [...]\n\n**turn:**
593da13289755cd8\nThe user informed the
assistant that the current code (1, 2, 3)
resulted in a FAIL for Verifier <4>,
leading the assistant to analyze how this
failure updates the constraints for V<4>
based on previous results, and
subsequently decide to test a new, highly
informative Verifier <1> to gather
orthogonal information.\n\n
[...]```\n\nUser input:```[...there is
the user input]```\n\nYour task:\n1.
Analyze the user input carefully.\n2.
Decide whether the summary and notes
already provide enough context to respond
accurately.\n3. **If they are
sufficient**, you do not need to inspect
any detailed chat turns, leave the
`\"turn_ids\"` list empty (`[]`).\n4.
**If you need specific details from one
or more turns** to reason correctly, list
the IDs of those turns in
`\"turn_ids\"`.\n\nOutput json
format:\n{\"reasoning\": \"Your
reasoning about whether more details are
needed\", \"turn_ids\": [\"ID of the
history turn or keep list empty\",
...]}\n"}

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

{"role": "assistant", "content": "{\n
\"reasoning\": \"The current turn
provides the result [...], I need to
re-verify the exact result from turn
`593da13289755cd8` to ensure the previous
deduction about V<4> was accurate and not
based on a misunderstanding of how (1, 2,
3) satisfies or fails
criteria.\\n\\nSpecifically, I need to
check the result for V<4> with code (1, 2,
3) in turn `593da13289755cd8` to confirm
the FAIL result.\",\n \"turn_ids\":
[\n\"593da13289755cd8\"\n]\n}"}

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

{"role": "user", "content": "**detailed turn
items:** ```\n**turn:**
593da13289755cd8\nuser_input: [...the
detailed user
input]\n\nassistant_response: [...the
detailed assistant
response]\n\n```\n\n**Existing
notes**:\n[...detailed
notes]\n\n**Related strategy**: \n[...
detailed long term memory]\n\n**User
input**:\n[... current user input /
task]\n"}

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

D Experiment Extension631

D.1 TurnBench Nightmare Results632

we conducted an additional evaluation on the night-633

mare mode of TurnBench-MS. Due to the signif-634

icantly higher computational cost of nightmare635

mode, we evaluated the full CogMem architecture636

(Baseline + FoA + DA + LTM). The Results are 637

presented in Table 3. 638

While the absolute numbers remain low, as is 639

typical for nightmare mode, the results show con- 640

sistent improvements relative to the reported Gem- 641

ini 2.5 Flash performance (18% overall accuracy), 642

indicating that CogMem offers measurable gains 643

even in adversarial reasoning environments. 644

We did not include full ablations (FoA, DA, 645

LTM) in nightmare mode due to its intensive cost 646

and because our primary focus remains on the clas- 647

sic mode, where controlled, reproducible evalua- 648

tion is standard and where the ablation trend is 649

already clean and monotonic (Table 1). Given that 650

the nightmare mode setup introduces very high 651

noise and intentional perturbations designed to 652

destabilize reasoning, ablations there would be sub- 653

stantially harder to interpret and risk conflating 654

robustness to adversarial perturbations with archi- 655

tectural contributions. 656

Models
Average Accuracy

Total Easy Medium Hard
Baseline - gemini-2.5-flash 0.18 0.13 0.27 0.13
Baseline + FoA + DA + LTM 0.24 0.27 0.20 0.27
Random Guess 0.0076 0.0074 0.0079 0.0075

Table 3: Performance comparison between the CogMem
framework and the baseline model under the TurnBench
nightmare mode settings. A random-guessing baseline
is included for comparison. All results are obtained
using the chain-of-thought (CoT) prompting strategy.

D.2 More Benchmarks 657

Current open multi-turn reasoning benchmarks 658

with verifiable turn-level ground truth are extremely 659

limited. After careful selection, we used Turn- 660

Bench to evaluate the performance of our current 661

framework. 662

At the same time, we would like to clarify that 663

CogMem is designed as a task-agnostic architec- 664

tural framework, rather than a dataset-specific so- 665

lution. We also provide support for the OpenAI 666

SDK, which makes using CogMem as simple as 667

calling a standard model. This allows CogMem to 668

be applied to any dataset with minimal effort. 669

D.3 Qualitative Analysis 670

The qualitative evidence is important to understand 671

how CogMem improves reasoning rather than only 672

how much, we provide a qualitative case study, 673

based on the same evaluation setup as the main 674

experiments, that directly illustrates how CogMem 675
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changes the model’s reasoning dynamics and pre-676

vents concrete failure modes of a vanilla LLM.677

Sample case: In this TurnBench setup, the
ground-truth code is 122.

678

Baseline (No CogMem). LLM eventually pre-679

dicts 222. This is not a random failure: the full680

reasoning trace shows several systematic issues681

that are typical for long-chain LLM reasoning:682

• Premature commitment from a single observa-683

tion. After seeing only one <FAIL> from Verifier684

1, the model immediately “locks in” a very strong685

claim: “Verifier 1 (<FAIL> with 143): The ac-686

tive criterion is ‘no numbers in ascending order’687

(B Y and Y P).” This is logically unjustified688

(many rules are consistent with a single FAIL)689

but is later treated as a hard constraint to prune690

the search space.691

• Hallucinating unobserved feedback. Later, the692

model writes:“241 got V1 <PASS> while 143693

got V1 <FAIL>.” In the actual interaction, 241694

was never tested against V1. This is a clear695

hallucination of past feedback, caused by long,696

entangled context; that hallucinated fact is then697

used to justify a new interpretation of V1.698

• Silently redefining verifier semantics. To rec-699

oncile the hallucinated “241 PASS / 143 FAIL”700

pattern, the model abandons the original seman-701

tics of V1 (about ascending sequences) and re-702

places it with an ad-hoc content rule: “The most703

consistent interpretation . . . is that V1’s active704

criterion is ‘contains a 2’.” This is outside the705

allowed rule family specified in the task descrip-706

tion. Once this incorrect rule is written into the707

context, subsequent reasoning treats it as ground708

truth.709

Without explicit control over memory, a long710

reasoning chain can drift, overwrite earlier assump-711

tions, and hallucinate intermediate results. The712

failure is not random noise; it is structurally linked713

to how the model manages (or fails to manage) its714

own history.715

In CogMem. On the same setup, CogMem cor-716

rectly infers the true code 122. It avoids the above717

failure modes via three concrete design choices:718

• Notes extracted from feedback and conclu-719

sions. After each interaction, a separate “mem-720

ory” model summarizes the most important infor-721

mation into ’note’, e.g.: “The active criterion for722

Verifier 2, when testing code 123, is PURPLE < 723

3.” and “The true secret code must have PURPLE 724

in 1, 2 based on Verifier 2.” These notes are al- 725

ways traceable back to explicit <PASS>/<FAIL> 726

signals and local logic. As a result, in the Cog- 727

Mem trace there is no analogue of the halluci- 728

nated “241 got V1 <PASS> while 143 got V1 729

<FAIL>” statement. 730

• Two-stage context: summary first, targeted 731

expansion on demand. Instead of feeding the 732

full raw history to the model, CogMem provides: 733

a compact per-round summary (including only 734

notes + a short description of what was tested), 735

and the ability to request the full text of specific 736

past rounds by ID if the summary is judged in- 737

sufficient. In this puzzle, the model repeatedly 738

reasons over the set of candidate rules, e.g.: “Ac- 739

tive V3 BLUE < YELLOW, BLUE < PURPLE 740

based on V3(123)=PASS and V3(111)=FAIL.” 741

and “After testing 112 on V3: This PASS strongly 742

suggests the active criterion for V3 is BLUE 743

< PURPLE.” Earlier “trial hypotheses” do not 744

linger as raw text to be mis-remembered; only 745

the vetted set-valued constraints are carried for- 746

ward. This prevents early over-confident state- 747

ments from hard-coding themselves into later 748

reasoning, which is what happened in the base- 749

line. 750

• Separation of reasoning vs. memory: hypotheses 751

stay local, constraints stay global. In CogMem, 752

rich free-form reasoning stays in the current turn, 753

while only distilled constraints (e.g., “P 1,2”, 754

“V5 B=P, Y=P”) are written into notes. The sub- 755

sequent turns consistently operate on these con- 756

straints, systematically intersecting them: From 757

V2 and V4 notes: digits 1,2,4,5 and P 1,2; From 758

V3: B < P; From V5 after 111 PASS and 112 759

FAIL: V5 B=P, Y=P, and final reasoning shows 760

V5 must be Y=P; Combining these: P=2, B=1, 761

Y=2, unique candidate 122. 762

TurnBench also shows that multi-turn reasoning 763

is easily affected by problems like memory decay 764

and hallucination. CogMem is designed to reduce 765

these issues: its Notes are updated continuously, 766

and its reorganized context lets the reasoning agent 767

pull in needed past information without being dis- 768

tracted by the full raw history. Together, these 769

features help the model keep logical consistency 770

across turns and avoid treating guesses or hallu- 771

cinations as facts. This leads to more stable and 772

accurate reasoning. 773
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Figure 2: Token consumption per dialogue turn for Cog-
Mem (blue) and the model-only baseline (orange) on
the TurnBench-MS classic mode. The x-axis represents
dialogue turns, while the y-axis shows the number of
tokens processed at each turn. CogMem maintains a
stable token usage as conversations progress, whereas
the model-only baseline exhibits nearly linear growth,
reflecting the accumulation of full dialogue context..

E System Overhead774

E.1 Efficiency and Token Usage Analysis775

Figure 2 compares token consumption across dia-776

logue turns between CogMem and the model-only777

baseline. The baseline shows a near-linear increase778

in token usage as turn count rises, resulting from779

the continual accumulation of prior dialogue his-780

tory in the prompt. In contrast, CogMem maintains781

a bounded and much flatter growth curve. Its focus-782

of-attention mechanism reconstructs a concise rea-783

soning context at each turn, and its direct-access784

memory allows the model to reuse structured notes785

instead of reloading full historical text. This leads786

to a substantial reduction in token count—on av-787

erage, CogMem uses less than half the tokens of788

the baseline after 15 turns, with the gap widening789

as dialogues extend. The result confirms that Cog-790

Mem’s layered memory architecture not only im-791

proves reasoning accuracy but also enforces com-792

putational efficiency, making multi-turn reasoning793

more scalable for long or iterative interactions.794

E.2 Latency and Total Computational Cost795

CogMem was designed with efficiency as a core796

constraint, and we explicitly instrumented the797

framework with latency tracing to measure con-798

tributions from each component (FoA, DA, and799

LTM). Below we summarize the net overhead rela-800

tive to a baseline model-only system.801

• Focus of Attention (FoA). FoA operations (turn 802

hashing, cache lookup, and context reassem- 803

bly) involve only lightweight string manipula- 804

tion. These steps incur 0–1 ms of latency and 805

no additional model inference. Thus, the FoA 806

contributes negligible overhead. 807

• Long-Term Memory (LTM) Retrieval. LTM 808

is queried only when a new session begins, not 809

per turn. This step includes: one short summa- 810

rization by the Memory Agent (<100 tokens in 811

the most case), one embedding computation us- 812

ing a lightweight local embedding model, and 813

one vector search in a cloud-hosted Milvus/Zilliz 814

database. The total latency for this sequence is 815

typically <1 second, dominated by the network 816

round-trip. Because this occurs once per session, 817

the amortized per-turn cost is negligible. 818

• Two-step Reasoning Workflow. The system 819

prompts the Reasoning Agent twice per turn: 820

First pass: returns only a small JSON dict con- 821

taining IDs of missing turns, which lead to very 822

low token count, minimal latency; Second pass: 823

produces the actual answer, same cost as a nor- 824

mal LLM inference. Thus, the additional cost 825

versus baseline is one small, low-token LLM call 826

per turn. 827

• Asynchronous Memory Agent Operations. All 828

expensive Memory Agent tasks (turn summariza- 829

tion, note updating, long-term distillation) run 830

asynchronously after the final answer is returned. 831

These operations do not affect user-perceived la- 832

tency and use a much cheaper model (Gemini 833

2.5 Flash Lite, 1/6 the cost of Gemini 2.5 Flash), 834

with short generations (in most cases <100 to- 835

kens), making their cost marginal. 836

• CogMem Reduces Long-horizon Cost. A key 837

advantage of CogMem is that its two-step reason- 838

ing workflow prevents context from growing lin- 839

early over turns, unlike the baseline model-only 840

approach. As shown in Appendix E.1, baseline 841

token usage increases nearly linearly with turn 842

count, whereas CogMem’s FoA + DA mecha- 843

nism keeps the prompt size bounded and stable. 844

CogMem introduces minimal synchronous over- 845

head while significantly reducing token consump- 846

tion in long interactions. In practice, end-to-end 847

latency remains dominated by the main Reasoning 848

Agent’s generation time, and the total computa- 849

tional cost becomes lower than the baseline as the 850

number of turns increases. 851
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