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Abstract
Recent advances in task-oriented dialogue001
(TOD) systems, driven by large language mod-002
els (LLMs) with extensive API and tool inte-003
gration, have enabled conversational agents to004
coordinate interleaved goals, maintain long-005
horizon context, and act proactively through006
asynchronous execution. These capabilities ex-007
tend beyond traditional TOD systems, yet ex-008
isting benchmarks lack systematic support for009
evaluating such agentic behaviors. To address010
this gap, we introduce ATOD, a benchmark and011
synthetic dialogue generation pipeline that pro-012
duces richly annotated conversations requiring013
long-term reasoning. ATOD captures key char-014
acteristics of Advanced TOD, including multi-015
goal coordination, dependency management,016
memory, adaptability, and proactivity. Building017
on ATOD, we propose ATOD-Eval, a holis-018
tic evaluation framework that translates these019
dimensions into fine-grained metrics and sup-020
ports reproducible offline and online evaluation.021
We further present a strong agentic memory-022
based evaluator for benchmarking on ATOD.023
Experiments show that ATOD-Eval enables024
comprehensive assessment across task comple-025
tion, agentic capability, and response quality,026
and that the proposed evaluator offers a bet-027
ter accuracy–efficiency trade-off compared to028
existing memory- and LLM-based approaches029
under this evaluation setting.030

1 Introduction031

Task-oriented dialogue (TOD) systems have tradi-032

tionally been studied as conversational agents that033

fulfill user requests sequentially through turn-by-034

turn interactions (Rastogi et al., 2020; Cheng et al.,035

2022; Wang et al., 2023). With the advent of large036

language models (LLMs) and agentic AI systems037

such as ChatGPT (OpenAI, 2024), Claude (An-038

thropic, 2024), and Gemini (Comanici et al., 2025),039

expectations for TOD systems have grown sub-040

stantially. Users now anticipate advanced capa-041

bilities, including managing multiple objectives042

Table 1: Example dialogue illustrating key agentic capa-
bilities of advanced TOD systems, including multi-goal
concurrency, interleaving, long-horizon memory, asyn-
chronous execution, and proactivity.

User Utterance Agent Response Key Capabilities

Book a flight to Chicago
for next Monday.

I found several options.
Would you like me to confirm
one now and also arrange a
hotel near your destination?

Multi-goal
concurrency

Yes, please. Also remind
me to pack my passport
the night before.

Flight confirmed and hotel re-
served. A reminder has been
set for Sunday night to pack
your passport.

Long-horizon memory,
Multi-goal
concurrency

What’s the weather in
Chicago on Monday?

The forecast for Monday in
Chicago is rainy, with a high
of 12°C.

Interleaved workflows

Also book a dinner at an
Italian restaurant for Mon-
day night after my flight.

Your flight lands at 6:30pm.
A table at Luigi’s is reserved
for 8:00pm.

Dependency
management,
Multi-goal
concurrency

Arrange a ride from the
airport to the hotel.

Ride scheduled for 6:45pm.
Do you want the driver’s de-
tails now or closer to the date?

Asynchronous
execution, Proactivity

Closer to the date, please. Got it. I will share the driver’s
info the day before your trip.

Long-horizon memory,
Asynchronous
follow-up

concurrently (multi-goal concurrency), progress- 043

ing while awaiting external API or tool responses 044

(asynchronous execution), and flexibly suspending 045

or resuming objectives within a dialogue (inter- 046

leaved workflows). They further expect proactiv- 047

ity, where systems offer helpful assistance with- 048

out digression, while dynamically handling evolv- 049

ing goal dependencies. Sustaining long-horizon 050

memory is equally critical, as agents must inte- 051

grate immediate conversational context with per- 052

sistent knowledge across extended or multi-session 053

interactions. Table 1 illustrates a representative 054

interaction motivating the evaluation challenges 055

considered in this work, where agents coordinate 056

interdependent goals, preserve context, and enable 057

asynchronous progress in non-sequential dialogues. 058

Together, these characteristics define what we re- 059

fer to as Advanced TOD and pose significant chal- 060

lenges for evaluation, requiring assessment not only 061

of response quality and task completion, but also of 062
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their interaction in complex dialogue settings. De-063

spite notable progress in automatic evaluation (Liu064

et al., 2023; Dubois et al., 2024; Zheng et al., 2023;065

Li et al., 2024; Yao et al., 2024; Jain et al., 2025;066

Acikgoz et al., 2025) and TOD dataset construc-067

tion (Budzianowski et al., 2018; Rastogi et al.,068

2020; Du et al., 2025; Wang et al., 2023; Kulkarni069

et al., 2024), most benchmarks fail to capture the070

advanced characteristics outlined above, leaving071

these capabilities underexplored. In parallel, while072

recent work has begun to evaluate dialogue sys-073

tems with memory components (Xu et al., 2025;074

Chhikara et al., 2025; Maharana et al., 2024; Ong075

et al., 2024), existing approaches lack standard-076

ized protocols for assessing long-horizon retention,077

adaptive updates, and the management of inter-078

leaved goals with complex dependencies. This gap079

highlights the need for a unified benchmark and080

holistic evaluation framework to systematically as-081

sess advanced TOD behaviors under realistic and082

complex interaction scenarios.083

To fill this gap, we introduce ATOD, a bench-084

mark and synthetic dialogue generation pipeline085

that produces richly annotated dialogues requiring086

long-term recall, interleaved workflows, and ex-087

plicit goal dependencies. Building on ATOD, we088

propose ATOD-Eval, a holistic evaluation frame-089

work that provides standardized benchmarks and090

fine-grained metrics for systematically capturing091

advanced TOD capabilities. ATOD-Eval unifies092

evaluation and benchmarking by jointly assessing093

goal completion, dependency management, mem-094

ory consistency, adaptability, proactivity, and multi-095

goal coordination, translating these dimensions into096

reproducible metrics for both offline and online097

settings. We further present a proposed agen-098

tic memory-based evaluator for benchmarking099

on ATOD, enabling empirical comparison against100

strong memory- and LLM-based baselines. Exten-101

sive experiments validate the proposed benchmark102

and evaluation framework, showing that the result-103

ing metrics provide comprehensive and consistent104

assessment of advanced TOD capabilities, while105

the proposed evaluator consistently outperforms106

competitive baselines under this evaluation setting.107

2 Related Work108

2.1 TOD Systems Evaluation109

Automatic evaluation frameworks such as G-110

Eval (Liu et al., 2023), AlpacaEval (Dubois et al.,111

2024), and MT-Bench (Zheng et al., 2023) bench-112

mark open-domain dialogue, focusing on fluency 113

and coherence rather than goal- or memory-driven 114

behaviors. For TOD systems, earlier work em- 115

phasized turn-level user satisfaction (Walker et al., 116

2000; Schmitt and Ultes, 2015; Bodigutla et al., 117

2019), later extending to dialogue-level frame- 118

works such as RoBERTaIQ (Gupta et al., 2021), 119

USDA (Deng et al., 2022), and DQM (Komma 120

et al., 2023). Other studies evaluate task comple- 121

tion using zero-shot LLM judges (Kazi et al., 2024) 122

or interactive protocols with user simulators (Sun 123

et al., 2021; Cheng et al., 2022; Davidson et al., 124

2023). More recent benchmarks, including Auto- 125

TOD (Xu et al., 2024), FNCTOD (Li et al., 2024), 126

τ -Bench (Yao et al., 2024), AutoEval-ToD (Jain 127

et al., 2025), and TD-EVAL (Acikgoz et al., 2025), 128

focus on inform and success rates, without captur- 129

ing advanced TOD capabilities. 130

2.2 TOD Datasets and Benchmarks 131

Human-curated datasets such as Multi- 132

WOZ (Budzianowski et al., 2018), SGD (Rastogi 133

et al., 2020), RADDLE (Peng et al., 2020), 134

τ -Bench (Yao et al., 2024), and MS-TOD (Du 135

et al., 2025) support dialogue state tracking and 136

task completion, but offer limited long-horizon 137

or multi-session memory. These datasets are 138

largely confined to single sessions with narrowly 139

scoped goals. Synthetic datasets, including 140

TOPDIAL (Wang et al., 2023), TOAD (Liu 141

et al., 2024), LUCID (Stacey et al., 2024), and 142

SynthDST (Kulkarni et al., 2024), introduce 143

personalization and proactivity, yet still fall short 144

in supporting agentic behaviors. 145

2.3 Memory for Dialogue Systems 146

Memory mechanisms are critical for retaining con- 147

text and managing goals over extended interac- 148

tions. Early approaches such as RAG (Lewis et al., 149

2020), MemoChat (Lu et al., 2023), and Memo- 150

ryBank (Zhong et al., 2024) enable session-level 151

recall through retrieval, summarization, or history 152

storage, but lack persistent memory across sessions. 153

More recent agentic memory architectures, includ- 154

ing MemGPT (Packer et al., 2023), A-Mem (Xu 155

et al., 2025), mem0 (Chhikara et al., 2025), and 156

MemOS (Li et al., 2025), introduce structured 157

mechanisms for long-term retention. Other works, 158

such as LoCoMo (Maharana et al., 2024), THEA- 159

NINE (Ong et al., 2024), and MAP (Du et al., 160

2025), evaluate memory along temporal or effi- 161

ciency dimensions. However, most studies treat 162
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memory in isolation, without standardized proto-163

cols linking memory usage to goal management in164

advanced TOD settings.165

3 Problem Formulation166

3.1 Characteristics of Advanced TOD167

We introduce key characteristics of advanced TOD168

systems that pose realistic challenges and require169

long-horizon memory and agentic behaviors, with170

context carried across extended and interleaved in-171

teractions: Multi-Goal Concurrency. Users often172

pursue multiple objectives simultaneously, requir-173

ing agents to track and manage parallel goals with174

distinct states; Interleaving. Goals may be sus-175

pended, resumed, and alternated across contexts,176

rather than following strictly sequential workflows;177

Long-Horizon Memory. Goals can span many178

turns, requiring consistent state tracking and de-179

pendency management over extended interactions;180

Asynchronous Execution. Some goals are delayed181

(e.g., awaiting external confirmation), requiring182

agents to maintain a PENDING state and resume183

execution once conditions are met; Proactivity.184

Agents should take initiative by reminding users of185

pending tasks or suggesting relevant actions with186

appropriate context.187

3.2 Task Formulation188

Formally, let D = {(Gi, Ci)}Ni=1 denote a dialogue189

corpus, where Ci = {ci,t}Ti
t=1 is the ordered se-190

quence of dialogue turns and Gi is the associated191

set of user goals with explicit dependencies. Unlike192

traditional TOD settings where a goal is confined193

to a contiguous span, in advanced TOD a single194

goal g ∈ Gi may span disjoint intervals of Ci, be-195

ing initiated, suspended, and resumed as the dia-196

logue evolves. We represent each goal with a goal197

status trajectory {Status(g, t)}Ti
t=1 (e.g., OPEN →198

PENDING → COMPLETED/FAILED), capturing a199

non-contiguous and interleaved lifecycle over ex-200

tended interactions. The evaluation objective is to201

assess how well a system manages interdependent202

goals, maintains long-horizon trajectories, coordi-203

nates asynchronous workflows, and provides proac-204

tive support in both offline and online settings.205

4 ATOD: A Synthetic Dialogue Dataset206

and Generation Pipeline207

Building on the challenges above, we present208

ATOD, a synthetic dataset and generation pipeline209

designed to benchmark the advanced TOD char- 210

acteristics introduced in §3.1. ATOD consists of 211

richly annotated, memory-intensive dialogues that 212

explicitly encode these characteristics, enabling 213

systematic evaluation. As illustrated in Figure 1, 214

the dataset is constructed through a modular LLM- 215

driven pipeline (§4.1–§4.4) with quality control at 216

each stage. We further analyze dataset coverage 217

and compare ATOD with prior benchmarks in §4.5. 218

4.1 Co-occurrence Graph Construction and 219

Goal Trajectory Sampling 220

To generate realistic synthetic dialogues, it is im- 221

portant to capture how goals naturally co-occur in 222

user interactions. Independent goal sampling often 223

yields implausible combinations, while fixed tem- 224

plates limit diversity. To address this, we construct 225

a goal co-occurrence graph G = (V,E) from an 226

underlying dialogue dataset, where each node repre- 227

sents a unique goal and each weighted edge reflects 228

empirical co-occurrence frequency. As shown in 229

Figure 1(a), candidate goal sets S = {g1, . . . , gk} 230

are sampled via stratified random walks of vary- 231

ing lengths over G, preserving realistic correla- 232

tions while introducing diversity. This procedure 233

is dataset-agnostic; in our experiments, we instanti- 234

ate it on the Schema-Guided Dialogue (SGD) cor- 235

pus (Rastogi et al., 2020). The resulting dialogues 236

exhibit richer domain variation and naturally sup- 237

port multi-goal, interleaved, and long-horizon in- 238

teractions. 239

4.2 Annotation of Goal Trajectories and 240

Complexity Categorization 241

As illustrated in Figure 1(b), each sampled goal 242

set S is instantiated into a concrete trajectory via 243

LLM-based annotation, yielding (i) slot values, (ii) 244

inter-goal dependencies DS capturing prerequisite 245

or blocking relations (e.g., PAYMENT depending on 246

BOOKING), and (iii) natural-language goal descrip- 247

tions. Each trajectory is assigned a complexity la- 248

bel c(S) reflecting both quantitative attributes (e.g., 249

number of goals, dependency density) and qual- 250

itative factors (e.g., interleaving or opportunities 251

for proactivity), with detailed criteria provided in 252

Appendix A.3. This categorization ensures cover- 253

age across complexity levels and enables structured 254

evaluation of agentic behaviors. Quality control is 255

applied throughout: the LLM filters duplicate or 256

incompatible goals during sampling, and automatic 257

retries together with LLM-based checks verify slot 258

validity, dependency consistency, and linguistic flu- 259
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Figure 1: ATOD dataset curation pipeline. (a) Co-occurrence Graph & Trajectory Sampling (§4.1): Construct
a goal co-occurrence graph from seed dialogues and sample diverse multi-goal trajectories via random walks;
(b) Trajectory Annotation & Dialogue Generation (§4.2–§4.3): An LLM annotates slot values, inter-goal
dependencies, and complexity, then generates agentic multi-turn dialogues conditioned on the trajectories; (c)
Goal Status Annotation (§4.4): At each turn, an LLM labels active goals and updates lifecycle states, enabling
fine-grained tracking of dialogue progress.

ency during annotation (Appendix A.5).260

4.3 Dialogue Generation261

As shown in Figure 1(b), dialogue synthesis is262

conditioned on the annotated trajectory τ =263

(S,DS , c(S)). The goals, dependencies, and tar-264

geted complexity profile are combined into struc-265

tured prompts for LLM-based generation (tem-266

plates in Appendix A.6). The LLM then produces267

a natural multi-turn conversation C = {ct}Tt=1 that268

realizes the specified goals while exhibiting inter-269

leaving, asynchronous execution, proactive assis-270

tance, and dependency-aware coordination.271

4.4 Turn-level Goal Status Annotation272

Finally, as illustrated in Figure 1(c), an LLM an-273

notator performs iterative turn-level analysis to274

label the status of each goal at every dialogue275

turn. Each utterance ct is annotated with an ac-276

tive goal set At ⊆ S and corresponding statuses277

Status(g, t) ∈ {NOT_MENTIONED, OPEN, PEND-278

ING, COMPLETED, FAILED, ABANDONED}. This279

design allows goals to be initiated, suspended, re-280

sumed, or terminated over time rather than con-281

fined to contiguous spans. The resulting turn-282

aligned status_history provides a rich reference283

for benchmarking multi-goal tracking and asyn-284

chronous or interleaved progressions. 285

4.5 Dataset Coverage 286

ATOD spans diverse domains and goal complexi- 287

ties, ranging from simple two-goal cases to inter- 288

dependent, long-horizon workflows. Table 2 com- 289

pares ATOD with existing benchmarks. While prior 290

datasets capture individual aspects of advanced 291

TOD, ATOD uniquely combines multi-goal concur- 292

rency, interleaving with asynchronous execution, 293

explicit dependency modeling, proactive behaviors, 294

and turn-level status annotation. This makes ATOD 295

the first dataset purpose-built to comprehensively 296

support evaluation of advanced TOD systems. 297

5 Agentic Memory System 298

Building on ATOD, we introduce ATOD-Eval’s 299

agentic memory system (Fig. 2), which serves as 300

the evaluation backbone for advanced TOD. While 301

ATOD provides annotated dialogues for bench- 302

marking, the memory system evaluates models di- 303

rectly on dialogue text by assessing whether they 304

can consistently maintain and update goal trajecto- 305

ries throughout interaction. It consists of two key 306

modules: (i) a dual memory store (§5.1), and (ii) 307

a turn-level processing pipeline (§5.2). 308
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Table 2: Comparison of ATOD with representative TOD benchmarks. “Avg. Turns” denotes per-dialogue averages.
Rightmost column (Goal Status Anno.) refers to explicit per-turn labeling of each goal’s lifecycle state (e.g.,
PENDING, COMPLETED, FAILED). Other columns indicate support for key agentic features: asynchronous goal
management, explicit dependency modeling, interleaving, and proactive behaviors (✓: present, ✗: absent).

Dataset Avg. Turns Async Dependency Interleaving Proactive Goal Status Anno.

MultiWOZ (Budzianowski et al., 2018) 13 ✗ ✗ ✗ ✗ ✗

SGD (Rastogi et al., 2020) 20 ✗ ✗ ✗ ✗ ✗

TOPDIAL (Wang et al., 2023) 12 ✗ ✗ ✗ ✓ ✗

MS-TOD (Du et al., 2025) 7 ✗ ✓ ✓ ✗ ✓

TOAD (Liu et al., 2024) 5 ✗ ✓ ✓ ✓ ✗

LUCID (Stacey et al., 2024) 21 ✓ ✓ ✗ ✗ ✓

ATOD (Ours) 54 ✓ ✓ ✓ ✓ ✓

Figure 2: Architecture of the agentic memory system. (a) Turn-level pipeline for goal extraction, existence checking,
updating/inserting, and proactive auditing. (b) Dual memory store with symbolic metadata and semantic embeddings.
(c) Dependency graph evolution when inserting new goals, with explicit links and status transitions.

5.1 Dual Memory Store309

As shown in Fig. 2(b), the memory system main-310

tains a dual memory store consisting of: (i) a311

structured goal database Dsym, which persis-312

tently records symbolic metadata (e.g., goal content313

and status), and (ii) a semantic vector store Dvec314

(e.g., FAISS (Douze et al., 2024)), which indexes315

embeddings of goal metadata for similarity-based316

retrieval.317

Each goal g is stored as g = {id, status,318

status_history, goal_description,319

dependencies, parent_id, embedding}, where320

status ∈ {OPEN, PENDING, COMPLETED,321

FAILED, ABANDONED}; status_history logs322

turn-level transitions; goal_description pro-323

vides a standardized textual form; dependencies324

and parent_id encode inter-goal relations; and325

embedding supports semantic retrieval during326

interaction. This dual design combines accurate327

symbolic state tracking with flexible semantic328

matching, supporting robust memory management329

over long-horizon dialogues. 330

5.2 Turn-Level Processing Pipeline 331

At each dialogue turn t, the memory system applies 332

a structured turn-level processing pipeline to main- 333

tain the lifecycle of all goals. The pipeline consists 334

of four stages: (i) goal extraction from the cur- 335

rent utterance and context, (ii) existence checking 336

against the dual memory store, (iii) updating or 337

inserting goals with dependency evolution, and 338

(iv) proactive auditing to keep active states con- 339

sistent. This design enables dynamic tracking and 340

interleaving of multi-goal trajectories over long 341

horizons. 342

Formally, given user utterance ut and context 343

ct, the system extracts candidate goals Gt. Each 344

candidate g(i)t ∈ Gt is matched against the memory 345

store to determine whether to update an existing 346

entry or insert a new one: 347

(ut, ct)
extract−−−−→ Gt 348
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349

g
(i)
t

match−−−−→

{
update(g∗), if Match=1,
insert + evolve(g

(i)
t ), if Match=0.

350

Stage 1. Existence Checking. For each can-351

didate g
(i)
t , the system retrieves top-k neighbors352

Nk(g
(i)
t ) from Dvec and applies an LLM-based353

judge fjudge for semantic verification. If confidence354

≥ τ , Match=1; otherwise, Match=0.355

Stage 2. Updating Existing Goals. When356

Match=1, the Update module advances the goal357

lifecycle (e.g., PENDING → COMPLETED), re-358

freshes slot values and dependencies, and preserves359

existing inter-goal relations.360

Stage 3. Adding and Evolving New Goals.361

When Match=0, the new goal is inserted into both362

Dsym and Dvec. The Evolve module links it to re-363

lated goals {gk | rel(g(i)t , gk) ≥ δ}, updating the364

directed dependency graph G = (V, E) to support365

interleaved workflows. Capturing such dependen-366

cies is essential in advanced TOD, where goals are367

often logically conditioned on others (e.g., PAY-368

MENT following BOOKING). Maintaining these369

relations prevents premature completion and en-370

ables faithful modeling of complex task dynamics.371

Stage 4. Proactive Status Tracking. Beyond372

event-driven updates, a background auditing pro-373

cess periodically inspects active goals (OPEN,374

PENDING) against dialogue context and tool out-375

puts. An LLM judge triggers valid transitions (e.g.,376

PENDING → COMPLETED), preventing stale states377

and ensuring coherence across dependent goals.378

Together, these modules maintain consistent,379

dependency-aware goal states, supporting concur-380

rency and reliable evaluation for advanced TODs.381

6 Evaluation Metrics and Framework382

Having established ATOD as a benchmark dataset383

(§4.5) and introduced the agentic memory system384

that tracks evolving goals (§5), we now present the385

evaluation framework of ATOD-Eval. This frame-386

work defines metrics and protocols that assess not387

only whether a system completes tasks, but also388

how effectively it manages complex, interdependent389

dialogues. ATOD-Eval spans three dimensions: (i)390

Task Completion and Efficiency (§6.1), (ii) Agen-391

tic Capability Metrics (§6.2), and (iii) Response392

Quality Metrics (§6.3). A unified framework (§6.4)393

supports both offline and online evaluation.394

6.1 Task Completion and Efficiency 395

We evaluate whether goals are accomplished and 396

how efficiently they progress through the dialogue. 397

Dependency-Aware Goal Completion Rate 398

(dGCR). Conventional goal completion metrics 399

treat all goals equally, unfairly penalizing sys- 400

tems when goals remain blocked by unmet pre- 401

requisites. We define a dependency-aware vari- 402

ant that considers only goals whose prerequisites 403

are satisfied. Formally, let S(g) denote the sta- 404

tus of goal g in Dsym, and let Udec = {g ∈ 405

U | S(g) ∈ {COMPLETED, FAILED}}. Then, 406

dGCR = |{g∈U :S(g)=COMPLETED}|
|Udec| . This formula- 407

tion avoids bias from dependency-locked goals and 408

provides a faithful measure of system performance 409

in multi-goal workflows. 410

Turns to Completion (NTC). For each completed 411

goal, NTC computes the average number of turns 412

between initiation and completion, capturing exe- 413

cution efficiency and complementing dGCR. 414

6.2 Agentic Capability Metrics 415

Beyond task success, we assess whether systems 416

exhibit agentic behaviors such as memory recall 417

and proactive action. 418

Memory Recall Accuracy. This metric measures 419

the proportion of retrieval queries whose outputs 420

match the ground-truth memory state, including 421

slot values, goal statuses, and historical context. 422

Proactivity Effectiveness. We evaluate proactive 423

behaviors by identifying goal or state changes ini- 424

tiated without explicit user prompts and assessing 425

whether these actions are contextually appropriate 426

and beneficial. 427

6.3 Response Quality Metrics 428

In addition to task outcomes and agentic behav- 429

iors, we assess conversational quality, focusing on 430

turn-level relevance and dialogue-level coherence, 431

following prior work (Liu et al., 2023; Dubois et al., 432

2024; Zheng et al., 2023). These metrics ensure 433

that systems maintain natural and consistent inter- 434

actions alongside effective goal management. 435

6.4 Evaluation Framework 436

Together, these metrics form a unified framework 437

that jointly evaluates task outcomes, agentic behav- 438

iors, and conversational quality. ATOD-Eval sup- 439

ports both offline benchmark analysis and online 440

tracking, enabling consistent assessment across 441

static datasets and real-time deployments. 442

6



Table 3: Comparison of goal detection accuracy and status tracking accuracy for each method, broken down by
dialogue complexity. All results are reported as percentages (%) and averaged over the test set.

Category Method
Medium Complex

Goal Detection F1 Status Tracking Acc. Goal Detection F1 Status Tracking Acc.

LLM-based

DeepSeek-R1 52.84 96.36 36.63 74.42
Claude-3.5-Sonnet 74.08 92.94 82.92 76.10
Claude-3.7-Sonnet 76.67 92.47 72.97 78.64
Claude-4-Sonnet 78.95 93.26 75.58 84.26

Memory-based

RAG (Lewis et al., 2020) 85.59 94.85 87.13 77.83
MemoChat (Lu et al., 2023) 80.38 73.88 58.07 66.83
MemoryBank (Zhong et al., 2024) 82.56 94.23 76.86 78.50
LLM-Rsum (Wang et al., 2025) 93.83 89.47 89.13 69.95

Ours 91.92 92.31 86.49 84.28

7 Experimental Setup443

We evaluate the framework’s capability, validity,444

and efficiency using task and cost metrics: (1) Mod-445

ule Capability. We assess whether the agentic446

memory system supports both final and online eval-447

uation by reporting Goal Detection Accuracy (cov-448

erage of correctly identified active goals) and Sta-449

tus Tracking Accuracy (state classification accu-450

racy among detected goals), measured at the fi-451

nal dialogue state and across normalized dialogue452

progress. Implementation details are provided in453

Appendix B.1; (2) Metric Validity. We examine454

whether the proposed metrics reflect task success455

by analyzing their correlations with Dependency-456

Aware Goal Completion Rate (dGCR), reporting457

Pearson’s r and Spearman’s ρ. The evaluated met-458

rics include Turns to Completion (NTC), Memory459

Recall Accuracy, Proactivity Effectiveness, and sub-460

jective response quality at both turn and dialogue461

levels; (3) Efficiency. We measure computational462

cost via per-turn update latency and average to-463

ken usage to assess scalability under increasingly464

complex dialogue conditions.465

We compare against two classes of baselines:466

(i) LLM-based judges: following (Kazi et al.,467

2024), we prompt LLMs (Claude-3.5-Sonnet,468

Claude-3.7-Sonnet, Claude-4-Sonnet,469

DeepSeek-R1) in a zero-shot manner to infer goal470

status and task completion; (ii) Memory-based471

evaluators: we adapt representative memory-472

augmented frameworks, including RAG (Lewis473

et al., 2020), MemoChat (Lu et al., 2023), Memory-474

Bank (Zhong et al., 2024), and LLM-Rsum (Wang475

et al., 2025). Since these architectures primarily476

target open-domain retention, we adapt their477

prompting strategies to align with our specific goal478

status schema, enabling fair comparison.479

8 Results 480

8.1 Evaluation of the Memory System 481

Table 3 reports goal detection and status track- 482

ing results under medium and complex dialogues. 483

Memory-based approaches substantially outper- 484

form LLM judges, highlighting the importance of 485

explicit memory structures for advanced TOD eval- 486

uation. Among them, our method achieves com- 487

petitive accuracy in medium settings and exhibits 488

stronger robustness in complex ones, where most 489

baselines experience notable degradation. These 490

results indicate that our memory system maintains 491

reliable goal tracking under challenging conditions 492

and offers more stable performance than prior ap- 493

proaches as dialogue complexity increases. 494

Figure 3: Goal detection F1 (top) and status tracking
accuracy (bottom) vs. normalized dialogue progress
(0–100%) under Medium and Complex settings.

We further analyze performance as a function of 495

dialogue progress, as shown in Figure 3. Both goal 496

detection and status tracking exhibit near-perfect 497

accuracy at early stages and remain stable as the 498

dialogue unfolds, with only mild degradation even 499

in complex cases. This stability supports reliable 500
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online evaluation and aligns with the design goal of501

ATOD-Eval to emphasize dependency-aware track-502

ing under complex and long-horizon dialogues.503

8.2 Efficiency Analysis504

Figure 4: Per-turn update latency (top) and token usage
(bottom) across methods. Latency is reported as mean
per-turn time with range bars; token usage reports mean
input and output tokens per turn under Medium and
Complex settings.

As shown in Figure 4, our method achieves the505

lowest per-turn update latency, remaining below 25506

seconds even for complex dialogues, while baseline507

systems incur much higher costs (e.g., LLM-Rsum508

exceeds 180 seconds per turn). Latency results are509

reported as mean values with range bars computed510

from log segments. For token usage, our method511

also consistently consumes fewer input and output512

tokens in both Medium and Complex dialogues,513

achieving substantial savings over all baselines.514

This efficiency stems from selective goal matching515

and lightweight updates, which reduce redundant516

LLM calls and allow the system to scale effectively517

under increasing dialogue complexity.518

8.3 Metric Validity Analysis519

Table 4: Average results of proposed evaluation metrics
across medium- and complex-complexity dialogues.

Metric Medium Complex

dGCR 0.967 0.930
Turns to Completion 7.04 10.50
Memory Recall Accuracy 0.913 0.743
Proactivity Effectiveness 0.619 0.586
Turn-level Quality 0.752 0.766
Dialogue-level Quality 4.40 4.45

We first summarize the average values of our520

proposed metrics (Table 4), which reflect different521

dimensions of system behavior: efficiency, mem- 522

ory, proactivity, and interaction quality. As ex- 523

pected, medium dialogues are shorter and yield 524

higher memory recall, whereas complex dialogues 525

require more turns and show reduced recall, consis- 526

tent with their higher difficulty. 527

Table 5: Correlation of proposed evaluation metrics with
dGCR, reported as Pearson’s r and Spearman’s ρ under
Medium and Complex settings.

Metric
Medium Complex
r ρ r ρ

Turns to Completion +0.08 +0.16 +0.20 +0.05

Memory Recall Accuracy +0.75 +0.60 +0.44 +0.43

Proactivity Effectiveness −0.05 −0.03 +0.16 +0.12

Turn-level Quality +0.22 +0.29 +0.08 +0.09

Dialogue-level Quality −0.11 −0.08 +0.13 +0.25

To examine validity, we then analyze correla- 528

tions with dGCR (Table 5). Among all metrics, 529

Memory Recall Accuracy correlates most strongly 530

with dGCR in both settings, highlighting the role 531

of accurate memory in dependency-aware success. 532

Turns to Completion and Turn-level Quality show 533

weaker but complementary alignment, capturing 534

efficiency and local interaction quality. Proactivity 535

Effectiveness correlates only marginally, suggest- 536

ing that richer proactive scenarios would be needed 537

to reveal its value. Overall, the metrics provide 538

complementary perspectives: some align closely 539

with dependency-sensitive success, while others 540

contribute efficiency- and quality-oriented signals. 541

9 Conclusions 542

We introduced ATOD, a benchmark that captures 543

key characteristics of advanced task-oriented di- 544

alogue, including multi-goal concurrency, depen- 545

dency management, long-horizon memory, asyn- 546

chrony, and proactivity, together with turn-level 547

goal status annotations for fine-grained evaluation. 548

Building on this benchmark, we proposed ATOD- 549

Eval, a holistic evaluation framework that trans- 550

lates these capabilities into reproducible metrics 551

for offline and online settings. We further pre- 552

sented a proposed agentic memory-based eval- 553

uator for benchmarking on ATOD. Experimental 554

results show that, under the proposed evaluation set- 555

ting, this evaluator consistently outperforms LLM- 556

and memory-based baselines on goal detection and 557

status tracking, while incurring lower update la- 558

tency and token usage. Overall, ATOD and ATOD- 559

Eval provide a unified and scalable foundation for 560

evaluating next-generation TOD systems. 561

8



Limitations562

This work evaluates advanced task-oriented dia-563

logues under a fixed set of dialogue attributes and564

does not incorporate user-specific contextual sig-565

nals into either response generation or evaluation.566

In real-world deployments, contextual factors like567

user demographics, long-term preferences, and in-568

teraction history may significantly influence dia-569

logue dynamics and task outcomes. While persona-570

augmented multi-turn dialogue settings have been571

explored in prior work, they differ from the ATOD572

scenarios considered here and are therefore out-573

side the scope of the current benchmark. Addi-574

tionally, the proposed framework is restricted to575

text-based dialogue attributes and agent responses.576

Although this setting aligns with many existing577

conversational and voice-based systems, it does not578

capture richer multimodal interactions involving579

visual or other non-textual signals. Consequently,580

modality-specific challenges and interactions are581

not reflected in the current evaluation.582

Ethical Considerations583

This work introduces a synthetic benchmark and584

evaluation framework for agentic task-oriented dia-585

logue systems. Since the dataset is constructed via586

an LLM-driven pipeline using the public Schema-587

Guided Dialogue (SGD) dataset as a seed, it does588

not contain real user data or Personally Identifiable589

Information (PII). However, we acknowledge that590

synthetic dialogues generated by Large Language591

Models may inherently reflect the biases present592

in the underlying models. While we applied multi-593

stage quality control and filtering to ensure the594

relevance and safety of the content, users of this595

benchmark should be aware of these potential limi-596

tations. This dataset is intended solely for research597

purposes to advance the evaluation of complex dia-598

logue capabilities.599
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A Appendix A808

A.1 Synthetic Dataset Quality Analysis809

We assess the quality of synthetic dialogues along810

five dimensions: coherence, fluency, consistency,811

relevance, and naturalness (Liu et al., 2023). As812

shown in Table 6, both medium- and complex-level813

dialogues achieve strong results across all criteria,814

particularly in fluency and relevance. These results815

demonstrate that our generation pipeline produces816

realistic and high-quality conversations suitable for817

downstream evaluation.818

Table 6: LLMs evaluation of synthetic dialogues along
five dimensions. Scores are averaged over medium- and
complex-level dialogues, reported on a 1–5 Likert scale
(higher is better).

Dimension Medium Complex

Coherence 4.04 3.92
Fluency 5.00 5.00
Consistency 4.42 4.04
Relevance 4.58 4.62
Naturalness 4.04 4.04

In addition, our pipeline employs a separate 819

LLM-based judge at multiple stages (§4.2, §4.3, 820

and §4.4), including trajectory sampling, goal an- 821

notation & classification, and status annotation, to 822

ensure the quality of outputs at each step of the 823

generation process. This layered evaluation helps 824

maintain both faithfulness and consistency through- 825

out the synthetic dialogue construction. 826

A.2 Goal Extraction, Co-occurrence Graph 827

Statistics, and Sampling Strategy 828

We first extract goal sequences from the SGD 829

dataset, where each sequence is an ordered list 830

of user goals (domain–intent pairs) within a dia- 831

logue. Table 7 summarizes the extraction results. 832

All 10,739 sequences are multi-domain, with an 833

average length of 3.90 goals and a range of 2–8 834

goals. These sequences span 16 unique domains 835

and 37 unique intents, providing a rich basis for 836

building the co-occurrence graph. 837

Statistic Value

Total Goal Sequences 10,739
Avg. Sequence Length 3.90
Length Range 2–8
Unique Domains 16
Unique Intents 37

Table 7: Summary statistics for extracted goal se-
quences.

We then construct a goal co-occurrence graph 838

where each node is a unique goal and edges repre- 839

sent co-occurrence within the same sequence. Ta- 840

ble 8 shows its statistics. The graph contains 52 841

nodes and 396 edges, forming a single connected 842

component with relatively high density (0.2986) 843

and average degree (15.23), indicating frequent 844

goal co-occurrence across dialogues. This structure 845

supports diverse sampling of multi-goal trajecto- 846

ries, including high-degree hubs (up to 29) and rare 847

goals (degree as low as 2). 848

Statistic Value

Total Nodes (Unique Goals) 52
Total Edges (Co-occurrences) 396
Graph Density 0.2986
Average Degree 15.23
Max Degree 29
Min Degree 2

Table 8: Summary statistics for the co-occurrence graph.
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We sample goal trajectories from this graph by849

selecting connected subgraphs that satisfy the de-850

sired complexity criteria (§A.3), ensuring diversity851

in goal count, domain coverage, and dependency852

patterns.853

A.3 Complexity Criteria854

Our pipeline (§ 4) uses a two-category complexity855

system (medium vs. complex), combining quan-856

titative thresholds with qualitative LLM analysis857

for balanced distribution. Table 9 shows the crite-858

ria based on goals, turns, domains, and advanced859

agentic behaviors.860

Compl. Goals Turns Async. Inter. Dep. Proac. Def.

Medium 2–8 8–35 ✓ ✓ ≤2 ✗ ✗

Complex 7+ 30+ ✓ ✓ ≥2 ✓ ✓

Table 9: Criteria for medium vs. complex dialogues.
Columns: Goals, Turns, Async. (asynchronous), Inter.
(interleaving), Dep. (dependencies), Proac. (proactiv-
ity), Def. (defectiveness). ✓ = present, ✗ = absent.
Ambiguous cases are resolved using domain diversity,
dependency depth, and behaviors.

For categorization process, we follow a three-861

step procedure. First, goal sampling draws trajec-862

tories under a two-category distribution (default:863

65% medium, 35% complex). Second, annota-864

tion enriches sampled goals with slots, dependen-865

cies, and realistic characteristics. Third, hybrid866

classification assigns complexity using pre-defined867

rules combined with LLM analysis, considering868

quantitative factors (goal count, domain diversity,869

dependency structures), qualitative factors (goal in-870

terdependence and coordination complexity), and871

realistic dialogue requirements such as interleaving872

and proactivity needs.873

A.4 Annotated Trajectories and Metadata874

Specification875

Table ?? shows the template used in § 4.4 for turn-876

level goal status annotation. The prompt is instanti-877

ated with the current turn, the list of goals with their878

current statuses, and the expected JSON schema.879

A complete example of the resulting annotated dia-880

logue is provided in Listing 2.881

{882
"dialogue_id": "string",883
"complexity_class": "medium | complex"884

,885
"metadata": {886

"num_goals": "integer",887
"estimated_turns": "integer",888

"async_execution": "boolean", 889
"interleaving": "boolean", 890
"proactivity": "boolean" 891
}, 892

"goal_list": [ 893
{ 894

"id": "string", 895
"domain": "string", 896
"intent": "string", 897
"slots": ["string", ...], 898
"slot_values": { 899

"slot_name_1": "value1", 900
"slot_name_2": "value2" 901

}, 902
"dependencies": ["goal_id", ...], 903
"content": "string", 904
"core_content": "string", 905
"classification_method": " 906

pre_defined | model_based", 907
"dependency_label": "boolean", 908
"defectiveness_label": "boolean" 909

} 910
// ... more goals 911

] 912
} 913

Listing 1: Annotation schema for dialogue trajectories
and goal-level metadata.

A.5 ATOD: Quality Control 914

We use the following LLM-based quality control 915

prompt to verify goal clarity, slot validity, and an- 916

notation consistency of annotated goals (§4.2) prior 917

to dialogue generation. 918

Quality Assessment Prompt

You are a quality judge for annotated goal
trajectories.

Input:
TRAJECTORY ({num_goals} goals, {complexity} com-
plexity):
{goals_text}

Task:
Assess whether this trajectory is ready for dialogue gen-
eration. Check:

• Goal descriptions are clear and specific

• Slot values are realistic (no placeholders)

• All required fields are present

• Annotations are logically consistent

Output format:
Respond with exactly one word: PASS or FAIL

919

A.6 Dialogue Generation Prompt 920

Below, we present the exact prompt template 921

used in §4.3 to instantiate LLM-based dialogue 922

generation. Placeholders (e.g., {complexity}, 923

12



{estimated_turns}, {goal_descriptions}, {agen-924

tic_attrs}) are filled programmatically from the an-925

notated trajectory metadata, as described in §A.4.926

Dialogue Generation Prompt Template

Generate a realistic task-oriented dialogue
between USER and SYSTEM.

Requirements:

• Complexity: {complexity}

• Length: {estimated_turns} turns

• Goals: {goal_descriptions}

• Attributes: {agentic_attrs}

{combined_guidance}
{outcome_guidance}

Dialogue Structure:

1. User introduces goals naturally throughout the con-
versation

2. System works on goals under realistic constraints
and limitations

3. Natural obstacles, delays, and preference changes
may occur

4. The dialogue ends at a natural stopping point

5. Goal completion may be partial or conditional,
reflecting real-world scenarios

Natural Conversation Patterns:

• Users express needs and preferences as they arise

• System responds helpfully while handling practi-
cal constraints

• Users may add, revise, or abandon goals based on
new information

• Availability, pricing, or technical limitations may
surface

• Conversations conclude when users are satisfied or
defer decisions

Format: Alternating USER/SYSTEM turns, starting
with USER.

927

A.7 Goal Status Annotation Prompt928

Below, we present the exact prompt template used929

in §4.4 for turn-level goal status annotation. The930

prompt is instantiated with the current dialogue931

turn, the list of goals with their current statuses,932

and the expected JSON schema. Listing 2 further933

provides a sample annotated dialogue instance, il-934

lustrating how goal status transitions and full goal935

states (all_goals) are tracked across turns.936

Goal Status Annotation Prompt Template

You are tracking goal status in a
task-oriented dialogue. Analyze only the
current turn and update statuses based on what
actually happens.

Current Turn to Analyze:
{last_turn}

Goals and Current Statuses:
{goal_descriptions}

Status Meanings:

• NOT_MENTIONED: goal exists but has not appeared
in the dialogue

• OPEN: mentioned by the user, no action started

• PENDING: system is actively working on the goal

• COMPLETED: goal successfully finished

• FAILED: goal failed due to system or availability
issues

• ABANDONED: user cancelled or changed their mind

Critical Rules:

1. Change a goal’s status only if something definitive
occurs in the current turn

2. PENDING goals may transition only to COMPLETED,
FAILED, or ABANDONED

3. If no clear change occurs, preserve the existing
status

Terminal States (Do Not Change):
{goal_id: current_status, . . . }

Current Statuses (JSON Template):
{json_template}

Instruction: Respond with only the JSON above, updat-
ing only goals whose status clearly changes in the current
turn.

937

{ 938
"dialogue_id": "...", 939
"complexity_class": "complex", 940
"metadata": { 941

"num_goals": ..., 942
"num_turns": ..., 943
"async_execution": true , 944
"interleaving": true , 945
"proactivity": true 946

}, 947
"goal_list": [...], 948
"turns": [ 949

{ 950
"turn_id": 1, 951
"speaker": "USER", 952
"utterance": "I need to book a 953

hotel in Chicago.", 954
"goal_status_changes": [ 955

{"goal_id": "g1", "new_status": 956
"open"} 957

], 958
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"all_goals": {959
"g1": "open",960
"g2": "not_mentioned",961
"g3": "not_mentioned"962

}963
}964
// ... remaining turns omitted965

]966
}967

Listing 2: Sample annotated ATOD dialogue with turn-
level status tracking.

B Appendix B968

B.1 Implementation Details969

Our memory system is instantiated with970

Claude-3.7-Sonnet (accessed via the Amazon971

Bedrock API) as the primary LLM judge. For972

embedding-based retrieval, we use MiniLM-L6-v2973

embeddings indexed with FAISS for efficient974

nearest-neighbor search.975

B.2 Agentic Memory System Templates976

As detailed in §5, the agentic memory system is977

implemented through a set of modular LLM prompt978

templates. Below, we present the templates used979

for (i) goal extraction from individual conversation980

turns, (ii) turn-level goal status classification, and981

(iii) goal graph evolution for establishing links and982

dependencies. Together, these templates enable983

structured, consistent, and interpretable memory984

management across multi-turn dialogues.985

Goal Extraction Prompt

Extract user goals from this conversation turn.
Use standardized core_content patterns.

Conversation Turn:
User: {user_utterance}
System: {system_response}

Core Content Patterns (examples):

• "book hotel" — hotels, rentals

• "book flight" — flights

• "book ticket" — bus, concert, train

• "check account" — balance, account informa-
tion

• "search restaurant" — restaurant discovery

• "book restaurant" — reservations

Status Labels: OPEN, PENDING, COMPLETED, FAILED

Output format (JSON array):
[ {"goal_content": "...", "core_content":
"...", "status": "OPEN"}, . . . ]

986

Goal Status Classification Prompt

Analyze this conversation turn and classify
the status of the specific goal below.

Goal to classify:
"{goal_content}"

Conversation Turn:
User: {user_utterance}
System: {system_response}

Status Definitions:

• OPEN: mentioned, no action taken

• PENDING: system processing or requesting infor-
mation

• COMPLETED: successfully achieved

• FAILED: explicitly failed

• ABANDONED: cancelled by the user

Transition Examples:

• "book a flight"→ OPEN

• "which dates?"→ PENDING

• "flight booked"→ COMPLETED

• "no flights available"→ FAILED

• "never mind"→ ABANDONED

Output format (JSON):
{"status": "STATUS"}

987

Goal Evolution Prompt

Analyze relationships between a new goal and
existing related goals.

New Goal:
Content: {new_goal.content}
Core Content: {new_goal.core_content}

Related Goals (top-k by semantic similarity):
{related_goals_context}

Task: For each related goal, determine the relationship
type:

• link: semantically related but independent

• dependency: new goal depends on the related goal

• none: no significant relationship

Output format (JSON):
{

"goal_id_1": "relationship_type",
"goal_id_2": "relationship_type"

}
988
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