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ABSTRACT

Recent advances in task-oriented dialogue (TOD) systems, driven by LLMs with
extensive API and tool integration, have expanded the scope of conversational
agents beyond traditional turn-by-turn task execution. Modern systems are in-
creasingly expected to coordinate interleaved goals, preserve long-horizon con-
text, and provide proactive assistance under asynchronous execution. However,
existing benchmarks do not systematically evaluate these agentic behaviors. To
address this gap, we introduce ATOD, a benchmark and synthetic dialogue gener-
ation pipeline that produces richly annotated conversations requiring long-horizon
reasoning. ATOD captures key characteristics of Advanced TOD, including multi-
goal coordination, dependency management, long-horizon memory, and proactiv-
ity. Building on ATOD, we propose ATOD-Eval, a holistic evaluation framework
that operationalizes these dimensions through fine-grained metrics and supports
reproducible evaluation in both offline and online settings. We further present
an agentic memory-based evaluator for benchmarking models on ATOD. Experi-
ments show that ATOD-Eval enables comprehensive assessment of task comple-
tion, agentic capability, and response quality, and that the proposed evaluator pro-
vides a favorable accuracy—efficiency trade-off relative to strong memory-based
and LLM-based baselines under this evaluation setting.

1 INTRODUCTION

Task-oriented dialogue (TOD) systems have traditionally been studied as conversational agents that
satisfy user requests through sequential, turn-by-turn interactions |[Rastogi et al.| (2020); |Cheng et al.
(2022); |Wang et al.| (2023). With the emergence of LLMs and agentic Al systems such as Chat-
GPT |OpenAl| (2024), Claude |Anthropic| (2024)), and Gemini [Comanici et al.[ (2025), expectations
for TOD systems have increased substantially. Users now expect advanced capabilities, including
the ability to manage multiple objectives concurrently (multi-goal concurrency), continue progress
while waiting for external API or tool responses (asynchronous execution), and flexibly suspend or
resume objectives during a dialogue (interleaved workflows). They also expect proactivity, in which
the system offers useful assistance without digression while dynamically handling evolving goal

*Work performed during internship at Amazon.
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Table 1: Illustrative dialogue that highlights key agentic capabilities of advanced TOD systems.

User Utterance Agent Response Capabilities

Book a flight to Chicago for next Monday. I found several options. Would you like me to confirm one now and MGC
also reserve a hotel near your destination?

Yes, please. Also remind me to pack my Flight confirmed and hotel reserved. A reminder has also been LHM; MGC
passport the night before. scheduled for Sunday night.

What is the weather in Chicago on Mon- Forecast for Monday in Chicago: rainy, high of 12 °C. INT

day?

Also book dinner at an Italian restaurant for ~ Your flight lands at 6:30 pm. A table at Luigi Trattoria is reserved DEP; MGC
Monday night after my flight. for 8:00 pm.
Arrange transportation from the airport to Transportation is scheduled for 6:45 pm. Would you like the driver ~ ASY; PRO

the hotel. information now or closer to the date?
Closer to the date, please. Understood. I will send the driver information the day before your =~ LHM; AFU
trip.

Abbreviations. MGC: multi-goal concurrency; LHM: long-horizon memory; INT: interleaving; DEP:
dependency management; ASY: asynchronous execution; PRO: proactivity; AFU: asynchronous follow-

up.

dependencies. Long-horizon memory is equally important, because agents must integrate immediate
conversational context with persistent knowledge across extended or multi-session interactions.

Table |1) shows a representative interaction that motivates the evaluation challenges studied in this
work. In such interactions, agents must coordinate interdependent goals, preserve context over
time, and support asynchronous progress in non-sequential dialogues. Together, these characteristics
define what we refer to as Advanced TOD. Evaluating such systems requires assessment not only
of response quality and task completion, but also of how these aspects interact in complex dialogue
settings. Despite substantial progress in automatic evaluation Liu et al.|(2023)); Dubois et al.| (2024);
Zheng et al.[(2023); Li et al.| (2024)); |Yao et al.| (2024); Jain et al.[(2025); |Acikgoz et al.|(2025) and
TOD dataset construction [Budzianowski et al.| (2018)); Rastogi et al.|(2020); Du et al.| (2025); Wang
et al.| (2023)); [Kulkarni et al|(2024), most benchmarks do not capture the advanced characteristics
described above, leaving these capabilities underexplored. In parallel, although recent work has
started to evaluate dialogue systems with memory components |Xu et al.| (2025); |[Chhikara et al.
(2025); Maharana et al.| (2024)); Ong et al.| (2024), existing approaches do not provide standardized
protocols for assessing long-horizon retention, adaptive updates, and the management of interleaved
goals with complex dependencies. This limitation points to the need for a unified benchmark and a
holistic evaluation framework for systematic assessment of advanced TOD behavior under realistic
and complex interaction scenarios.

To address this need, we introduce ATOD, a benchmark and synthetic dialogue generation pipeline
that produces richly annotated dialogues requiring long-horizon memory, interleaved workflows,
and explicit goal dependencies. Building on ATOD, we propose ATOD-Eval, a holistic evaluation
framework that provides standardized benchmarks and fine-grained metrics for advanced TOD capa-
bilities. ATOD-Eval integrates benchmarking and evaluation by jointly assessing goal completion,
dependency management, memory consistency, proactivity, and multi-goal coordination, translating
these dimensions into reproducible metrics for both offline and online settings. We further present
an agentic memory-based evaluator for benchmarking models on ATOD, which enables empirical
comparison with strong memory-based and LLM-based baselines. Extensive experiments validate
the proposed benchmark and evaluation framework, showing that the resulting metrics provide a
comprehensive and consistent assessment of advanced TOD capabilities, while the proposed evalu-
ator delivers a strong accuracy—efficiency trade-off under this evaluation setting.

2 RELATED WORK

2.1 EVALUATION OF TOD SYSTEMS

Automatic evaluation frameworks such as G-Eval|Liu et al|(2023), AlpacaEval|[Dubois et al.|(2024),
and MT-Bench [Zheng et al.| (2023) are designed for open-domain dialogue and focus primarily on
fluency and coherence rather than on goal-driven or memory-dependent behavior. In TOD, early
work emphasized turn-level user satisfaction Walker et al.| (2000); Schmitt & Ultes| (2015)); [Bod-
igutla et al.|(2019), and later work extended evaluation to the dialogue level through frameworks
such as RoOBERTalQ |Gupta et al.[(2021]), USDA Deng et al.| (2022), and DQM Komma et al.| (2023).
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Other studies evaluate task completion with zero-shot LLM judges [Kazi et al.| (2024) or interac-
tive protocols that rely on user simulators Sun et al.| (2021); |Cheng et al.| (2022); Davidson et al.
(2023). More recent benchmarks, including AutoTOD |Xu et al.| (2024), FNCTOD [Li et al.| (2024)),
7-Bench |Yao et al.| (2024)), AutoEval-ToD Jain et al.| (2025)), and TD-EVAL |Acikgoz et al.| (2025),
focus mainly on inform and success rates and therefore do not capture the broader capabilities re-
quired in advanced TOD.

2.2 TOD DATASETS AND BENCHMARKS

Human-curated datasets such as MultiWOZ Budzianowski et al.| (2018), SGD |Rastogi et al.| (2020),
RADDLE Peng et al.| (2020), 7-Bench |Yao et al.| (2024), and MS-TOD Du et al.| (2025) support
dialogue state tracking and task completion, but provide limited support for long-horizon or multi-
session memory. Most of these datasets are confined to single sessions with narrowly scoped goals.
Synthetic datasets, including TOPDIAL |Wang et al.| (2023), TOAD [Liu et al.| (2024), LUCID |Stacey
et al.| (2024), and SynthDST |Kulkarni et al.| (2024)), introduce personalization and proactivity, but
they still do not adequately support advanced agentic behavior.

2.3 MEMORY IN DIALOGUE SYSTEMS

Memory mechanisms are essential for retaining context and managing goals over extended interac-
tions. Early approaches such as RAG [Lewis et al.| (2020), MemoChat [Lu et al.| (2023), and Memo-
ryBank Zhong et al.| (2024) support session-level recall through retrieval, summarization, or history
storage, but they do not maintain persistent memory across sessions. More recent agentic memory
architectures, including MemGPT |Packer et al.| (2023), A-Mem |Xu et al.| (2025), mem0O |Chhikara
et al.| (2025)), and MemOS [Li et al.| (2025)), introduce structured mechanisms for long-term retention.
Other studies, such as LoCoMo|Maharana et al.| (2024), THEANINE Ong et al.[(2024)), and MAP Du
et al.[(2025)), evaluate memory along temporal or efficiency dimensions. However, most prior work
studies memory in isolation and does not provide standardized protocols that connect memory use
with goal management in advanced TOD settings.

3 PROBLEM FORMULATION

3.1 CHARACTERISTICS OF ADVANCED TOD

Advanced TOD differs from conventional sequential TOD in several important ways. Multi-Goal
Concurrency. Users may pursue multiple objectives at the same time, requiring agents to track
and manage parallel goals with distinct states. Interleaving. Goals may be suspended, resumed,
and alternated across contexts rather than following a strictly sequential workflow. Long-Horizon
Memory. Goals may span many turns, so agents must preserve consistent state and dependency
information over extended interactions. Asynchronous Execution. Some goals are delayed, for
example while waiting for external confirmation, which requires agents to maintain a PENDING state
and resume execution when conditions are satisfied. Proactivity. Agents should take initiative by
reminding users of pending tasks or suggesting relevant actions in context, including asynchronous
follow-up, in which the system later re-contacts the user about a deferred or time-sensitive goal.

3.2 TASK FORMULATION

Formally, let D = {(G;,C;)}}Y, denote a dialogue corpus, where C; = {ci7t}tT;'1 is the ordered
sequence of dialogue turns and G; is the associated set of user goals with explicit dependencies.
Unlike in traditional TOD settings, where each goal is usually confined to a contiguous span, in
advanced TOD a single goal ¢ € G; may span disjoint intervals of C; and may be initiated, sus-
pended, and resumed as the dialogue evolves. We represent each goal through a goal status trajec-
tory {Status(g, t)}tT;?l, such as OPEN — PENDING — COMPLETED/FAILED/ABANDONED, which
captures a non-contiguous and interleaved lifecycle over extended interactions. The evaluation ob-
jective is to assess how well a system manages interdependent goals, maintains long-horizon tra-
jectories, coordinates asynchronous workflows, and provides proactive support in both offline and
online settings.
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Figure 1: ATOD data curation pipeline. (a) Co-occurrence Graph & Trajectory Sampling (:
construct a goal co-occurrence graph from seed dialogues and sample diverse multi-goal trajectories
through random walks; (b) Trajectory Annotation & Dialogue Generation (§4.2}-§4.3): an LLM
annotates slot values, inter-goal dependencies, and complexity, and 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.

4 ATOD: A SYNTHETIC DIALOGUE DATASET AND GENERATION PIPELINE

Motivated by the challenges above, we present ATOD, a synthetic dataset and generation pipeline
designed to benchmark the advanced TOD characteristics introduced in §3.1] ATOD consists
of richly annotated, memory-intensive dialogues that explicitly encode these characteristics and
thereby enable systematic evaluation. As illustrated in Figure[I] the dataset is constructed through
a modular LLM-driven pipeline (§4.1}-§4.4) with quality control at each stage. We further analyze
dataset coverage and compare ATOD with prior benchmarks in §4.5]

4.1 CO-OCCURRENCE GRAPH CONSTRUCTION AND GOAL TRAJECTORY SAMPLING

To generate realistic synthetic dialogues, it is important to capture how goals naturally co-occur in
user interactions. Independent goal sampling often produces implausible combinations, whereas
fixed templates limit diversity. To address this issue, we construct a goal co-occurrence graph G =
(V, E) from an underlying dialogue dataset, where each node represents a unique goal and each
weighted edge reflects empirical co-occurrence frequency. As shown in Figure[I[a), candidate goal
sets S = {g1,...,9xr} are sampled through stratified random walks of varying lengths over G,
preserving realistic correlations while increasing diversity. This procedure is dataset-agnostic; in
our experiments, we instantiate it with the Schema-Guided Dialogue (SGD) corpus [Rastogi et al.
(2020). The resulting dialogues exhibit richer domain variation and naturally support multi-goal,
interleaved, and long-horizon interactions.

4.2 ANNOTATION OF GOAL TRAJECTORIES AND COMPLEXITY CATEGORIZATION

As illustrated in Figure [I(b), each sampled goal set S is instantiated into a concrete trajectory
through LL.M-based annotation, yielding (i) slot values, (ii) inter-goal dependencies Dg that cap-
ture prerequisite or blocking relations (for example, PAYMENT depending on BOOKING), and (iii)
natural-language goal descriptions. Each trajectory receives a complexity label ¢(.S) that reflects
both quantitative attributes, such as the number of goals and dependency density, and qualitative
factors, such as interleaving or opportunities for proactivity; detailed criteria are provided in Ap-



Published as a workshop paper at ICLR 2026 Workshop MemAgents

pendix [A.3] This categorization ensures coverage across complexity levels and enables structured
evaluation of agentic behavior. Quality control is applied throughout the pipeline: the LLM filters
duplicate or incompatible goals during sampling, and automatic retries together with LLM-based
checks verify slot validity, dependency consistency, and linguistic fluency during annotation (Ap-
pendix [A.3)). This multi-stage quality control pipeline validates intermediate outputs step by step to
reduce error propagation and improve logical coherence, as reflected in the quality scores reported

in Appendix[A.1]
4.3 DIALOGUE GENERATION

As shown in Figure [T{b), dialogue synthesis is conditioned on the annotated trajectory 7 =
(S, Dg, c(S)). The goals, dependencies, and target complexity profile are combined into structured
prompts for LLM-based generation (templates are provided in Appendix[A.6)). The LLM then gener-
ates a natural multi-turn conversation C = {c;}7_; that realizes the specified goals while exhibiting
interleaving, asynchronous execution, proactive assistance, and dependency-aware coordination.

4.4 TURN-LEVEL GOAL STATUS ANNOTATION

Finally, as illustrated in Figure[T|c), an LLM annotator performs iterative turn-level analysis to label
the status of each goal at every dialogue turn. Each utterance c; is annotated with an active goal set
A; C S and corresponding statuses Status(g,t) € {NOT_MENTIONED, OPEN, PENDING,
COMPLETED, FAILED, ABANDONED}. This design allows goals to be initiated, suspended,
resumed, or terminated over time rather than being confined to contiguous spans. The resulting
turn-aligned status_history provides a rich reference for benchmarking multi-goal tracking
and asynchronous or interleaved progress.

4.5 DATASET COVERAGE

ATOD spans diverse domains and goal complexities, ranging from simple two-goal cases to interde-
pendent long-horizon workflows. Through our modular pipeline, we generated a total of 1,000 richly
annotated multi-turn dialogues spanning medium and complex settings. Because ATOD-Eval is a
zero-shot benchmark designed to evaluate existing LLMs and agentic systems, it does not involve
parameter training; accordingly, all 1,000 dialogues are used as the test set. Table[2]compares ATOD
with representative prior benchmarks. Although existing datasets capture individual aspects of ad-
vanced TOD, ATOD uniquely combines multi-goal concurrency, interleaving with asynchronous
execution, explicit dependency modeling, proactive behavior, and turn-level status annotation. This
design makes ATOD the first dataset specifically constructed to support comprehensive evaluation
of advanced TOD systems.

Table 2: Comparison of ATOD with representative TOD benchmarks. “Average Turns” denotes
the per-dialogue average. The rightmost column (Goal Status Anno.) indicates whether explicit per-
turn labeling of the lifecycle state of each goal is available (for example, PENDING, COMPLETED, or
FAILED). Other columns indicate support for key agentic features: asynchronous goal management,
explicit dependency modeling, interleaving, and proactive behavior (v': present, X: absent).

Dataset Average Turns Async Dependency Interleaving Proactive Goal Status Anno.
MultiWOZ Budzianowski et al.|(2018) 13 X X X X X
SGD |Rastogi et al.|(2020) 20 X X X X X
TOPDIAL |Wang et al.|(2023) 12 X X X v X
MS-TOD Du et al.|(2025) 7 X v v X v
TOAD Liu et al.[(2024] 5 X v v v X
LUCID Stacey et al.|(2024) 21 v v X X v
ATOD (Ours) 54 v v v v v

5 AN AGENTIC MEMORY-BASED EVALUATOR

Building on ATOD, we introduce the agentic memory-based evaluator of ATOD-Eval (Fig. ,
which is implemented as an agentic memory system. Whereas ATOD provides annotated dialogues
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for benchmarking, this evaluator assesses models directly from dialogue text by checking whether
goal trajectories are maintained and updated consistently throughout the interaction. The evaluator
contains two main components: (i) a dual memory store (§5.1) and (ii) a turn-level processing

pipeline (§5.2).

(a) Goal Processing
(Manage Memories) Goal Database g Vector Store

(The Semantic Index)

Memory
GoalNote
9 ) ) ID P D
(3] B ©B GoalTitle
Status
Links
(toop for each goal) IF goal EXISTS Update ‘ Parent_ID
: il ] (b) Memory Store
IF Lis NEW

N ) N
o inked
— Extract Goals Judge if Goal Exists Goal Management status updated ~

New Turn Orchestrator New Goal )
(c) Goal Graph Evolution

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

5.1 DUAL MEMORY STORE

As shown in Fig. {b), the memory system maintains a dual memory store consisting of (i) a struc-
tured goal database Ds,,,, which persistently records symbolic metadata such as goal content and
status, and (ii) a semantic vector store D,.. (for example, FAISS Douze et al. (2024))), which
indexes embeddings of goal metadata for similarity-based retrieval.

Each goal ¢ is stored as {id, status, status_history, goal_description,
dependencies, parent_id, embedding}, where status € {OPEN, PENDING, COM-
PLETED, FAILED, ABANDONED}; status_history records turn-level transitions;
goal_description provides a standardized textual representation; dependencies and
parent_id encode inter-goal relations; and embedding supports semantic retrieval during in-
teraction. NOT_-MENTIONED is used only in the per-turn annotations of ATOD for goals that
have not yet appeared in the dialogue; the memory store records only instantiated goals. This dual
design combines precise symbolic state tracking with flexible semantic matching and thereby sup-
ports robust memory management over long-horizon dialogues.

5.2 TURN-LEVEL PROCESSING PIPELINE

At each dialogue turn ¢, the memory system applies a structured turn-level processing pipeline to
maintain the lifecycle of all goals. The pipeline consists of five stages: (i) goal extraction from the
current utterance and context, (ii) existence checking against the dual memory store, (iii) updating
matched goals, (iv) inserting and evolving new goals with dependency evolution, and (v) proactive
auditing to keep active states consistent. This design supports dynamic tracking and interleaving of
multi-goal trajectories over long horizons.

Formally, given user utterance u; and context c¢;, the system extracts candidate goals G;. Each
candidate g,gl) € G; is matched against the memory store to determine whether an existing entry
should be updated or a new one should be inserted:
extract
(Ut, Ct) — Gy
(4) match_ | update(g™), if Match = 1,
9¢ " — 9. (1) : _
insert + evolve(g;"), if Match = 0.
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Stage 1. Goal Extraction. The system extracts candidate goals G; from the current turn and
dialogue context.

Stage 2. Existence Checking. For each candidate gfi), the system retrieves the top-k neighbors
Ny (ggz)) from Dy, and applies an LLM-based judge fjudge for semantic verification. If the confi-
dence score is at least 7, then Match = 1; otherwise, Match = 0.

Stage 3. Updating Existing Goals. When Match = 1, the Update module advances the lifecycle
of the goal, for example from PENDING to COMPLETED, refreshes slot values and dependencies,
and preserves existing inter-goal relations.

Stage 4. Adding and Evolving New Goals. When Match = 0, the new goal is inserted into both
Dgym and Dyc.. The Evolve module links the new goal to related goals {gy, | rel(gil), gr) > 0} and
updates the directed dependency graph G = (V, £) to support interleaved workflows. Capturing
these dependencies is essential in advanced TOD, where goals are often logically conditioned on
others, such as PAYMENT following BOOKING. Maintaining these relations prevents premature

completion and supports faithful modeling of complex task dynamics.

Stage 5. Proactive Status Tracking. Beyond event-driven updates, a background auditing process
periodically inspects active goals (OPEN, PENDING) against dialogue context and tool outputs. An
LLM judge triggers valid transitions, for example from PENDING to COMPLETED, which prevents
stale states and preserves coherence across dependent goals.

Together, these modules maintain consistent and dependency-aware goal states, thereby supporting
concurrency and reliable evaluation in advanced TOD.

6 ATOD-EvAL: EVALUATION METRICS AND FRAMEWORK

Having introduced ATOD as a benchmark dataset (§4.3) and the agentic memory-based evaluator
that tracks evolving goals (§5), we now present the evaluation framework of ATOD-Eval. This
framework defines metrics and protocols that assess not only whether a system completes tasks, but
also how effectively it manages complex and interdependent dialogues. ATOD-Eval covers three
dimensions: (i) Task Completion and Efficiency (§6.1)), (ii) Agentic Capability Metrics (§6.2), and
(iii) Response Quality Metrics (§6.3). A unified evaluation framework (§6.4) supports both offline
and online evaluation.

6.1 TASK COMPLETION AND EFFICIENCY

We evaluate whether goals are completed and how efficiently they progress through the dialogue.

Dependency-Aware Goal Completion Rate (dGCR). Conventional goal completion metrics treat
all goals equally and therefore unfairly penalize a system when some goals remain blocked by unmet
prerequisites. We define a dependency-aware variant that evaluates only goals whose prerequisites
have been satisfied. Formally, let S(g) denote the status of goal g in Dgyy,, and let U denote the
set of dependency-decidable goals, , goals whose prerequisites are satisfied and can therefore be
evaluated fairly. Define Ugec = {g € U | S(g) € {COMPLETED, FAILED}}. Then,

[{g € Ugec : S(g) = COMPLETED}|
|Z/{dec| ’

This formulation avoids bias from dependency-locked goals and provides a faithful measure of sys-
tem performance in multi-goal workflows.

dGCR =

Turns to Completion (NTC). For each completed goal, NT'C computes the average number of turns
from initiation to completion, thereby capturing execution efficiency and complementing dGCR.

6.2 AGENTIC CAPABILITY METRICS

Beyond task success, we assess whether systems exhibit agentic behavior such as memory recall and
proactive action.
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Memory Recall Accuracy. This metric measures how often the memory retrieved by a system
matches the ground-truth state, including slot values, goal statuses, and historical context. Con-
cretely, an LLM judge compares the retrieved memory state against the ground-truth goal metadata
and determines whether the retrieved content is semantically consistent at the turn level. These
judgments are then averaged across the dialogue.

Proactivity Effectiveness. We evaluate proactive behavior by identifying proactive events, in which
the system initiates a goal or a state change without an explicit user request in the same turn, and
then judging whether the action is contextually appropriate and beneficial. This metric is evaluated
with an LLM judge that determines whether the proactive action meaningfully advances the task or
provides necessary information without explicit user prompting. These judgments are aggregated
over all proactive events in a dialogue.

6.3 RESPONSE QUALITY METRICS

In addition to task outcomes and agentic behavior, we assess conversational quality, focusing on
turn-level relevance and dialogue-level coherence, following prior work [Liu et al.| (2023)); Dubois
et al.| (2024);[Zheng et al.| (2023). These metrics ensure that systems maintain natural and consistent
interactions while also managing goals effectively.

6.4 EVALUATION FRAMEWORK

Together, these metrics form a unified framework that jointly evaluates task outcomes, agentic be-
havior, and conversational quality. ATOD-Eval supports both offline benchmark analysis and online
tracking, enabling consistent assessment across static datasets and real-time deployments.

7 EXPERIMENTAL SETUP

We evaluate the capability, validity, and efficiency of the framework through task-oriented and cost-
oriented metrics. To assess evaluator capability, we report Goal Detection F1, which measures cov-
erage of correctly identified active goals, and Status Tracking Accuracy, which measures state clas-
sification accuracy among detected goals; these metrics are reported both at the final dialogue state
and across normalized dialogue progress. Implementation details are provided in Appendix
To assess metric validity, we analyze correlations with Dependency-Aware Goal Completion Rate
(dGCR) through Pearson’s 7 and Spearman’s p. The evaluated metrics include Turns to Completion
(NTC), Memory Recall Accuracy, Proactivity Effectiveness, and subjective response quality at both
the turn level and the dialogue level. To assess efficiency, we measure per-turn update latency and
average token usage in order to study scalability under increasingly complex dialogue conditions.

We compare with two classes of baselines. The first class comprises LLM-based judges: fol-
lowing |[Kazi et al.|(2024), we prompt LLMs (Claude-3.5-Sonnet, Claude-3.7-Sonnet,
Claude-4-Sonnet, DeepSeek-R1) in a zero-shot setting to infer goal status and task com-
pletion. The second class comprises memory-based evaluators: we adapt representative memory-
augmented frameworks, including RAG |Lewis et al.| (2020), MemoChat [Lu et al.| (2023)), Memory-
Bank Zhong et al.[(2024), and LLM-Rsum Wang et al.| (2025). Because these architectures were
developed primarily for open-domain retention, we adapt their prompting strategies to align with
our goal status schema and thereby support a fair comparison.

8 RESULTS

8.1 EVALUATION OF THE MEMORY SYSTEM

Table [3] reports goal detection and status tracking results for medium and complex dialogues.
Memory-based approaches are generally stronger than direct LLM judges, which highlights the im-
portance of explicit memory structures for advanced TOD evaluation. Relative to the baselines, our
method provides a strong overall balance in medium settings and achieves the highest status track-
ing accuracy in complex settings, where several baselines degrade substantially. Figure [3a further
analyzes performance as a function of normalized dialogue progress.
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Table 3: Comparison of goal detection F1 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 Accuracy  Goal Detection F1 ~ Status Tracking Accuracy
DeepSeek-R1 52.84 96.36 36.63 74.42
LLM-based Claude-3.5-Sonnet 74.08 92.94 82.92 76.10
i Claude-3.7-Sonnet 76.67 92.47 72.97 78.64
Claude-4-Sonnet 78.95 93.26 75.58 84.26

RAG ((Tewis et al.|[2020}) 85.59 94.85 87.13 77.83

-+ MemoChat ((Cu et al.J|2023] 80.38 73.88 58.07 66.83
Memory-based  \1o oryBank Zhong et al.|2024}) 82.56 94.23 76.86 78.50
LLM-Rsum (( ; 93.83 89.47 89.13 69.95

Ours 91.92 92.31 86.49 84.28

8.2 EFFICIENCY ANALYSIS

As shown in Figure [3b] our method achieves the lowest mean per-turn update latency across both
settings. It also uses fewer input and output tokens in both medium and complex dialogues. This
efficiency advantage arises from selective goal matching and lightweight updates, which reduce
redundant LLM calls.
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Figure 3: Online performance and efficiency analysis under medium and complex settings.

8.3 METRIC VALIDITY ANALYSIS

We first summarize the average values of the proposed metrics in Table fa These metrics reflect
complementary dimensions of system behavior, including efficiency, memory, proactivity, and in-
teraction quality. Medium dialogues are shorter and yield higher memory recall, whereas complex
dialogues require more turns and exhibit lower recall.

Table 4: Summary statistics and validity analysis of the proposed evaluation metrics under medium
and complex settings.

(a) Average results across medium and com-  (b) Correlation with dGCR (Pearson 7,

plex settings. Spearman p).

Metric Medium Complex Metric Medium Complex

r P T P
dGCR . 0.967 0.930 Turns to Completion +0.08 +0.16 +0.20 +0.05
# Turns to Completion 7.04 10.50 Memory Recall Accuracy  +0.75  +0.60 +0.44 +0.43
Memory Recall Accuracy 0.913 0.743 Proactivity Effectiveness ~ —0.05 —0.03 +0.16 +0.12
Proactivity Effectiveness 0.619 0.586 Tgrn—level Quality . +0.22  4+0.29 +0.08 +0.09
Turn-level Quality 0.752 0.766 Dialogue-level Quality -0.11  -0.08 +0.13 +0.25
Dialogue-level Quality 4.40 4.45
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To examine validity, we then analyze correlations with dGCR in Table[fb] Among all metrics, Mem-
ory Recall Accuracy shows the strongest correlation with dGCR in both settings, which highlights
the role of accurate memory in dependency-aware task success. Turns to Completion and Turn-level
Quality show weaker but still informative alignment, capturing efficiency and local interaction qual-
ity. Proactivity Effectiveness exhibits only marginal correlation, which suggests that richer proactive
scenarios may be needed to reveal its value more clearly. Overall, the metrics provide comple-
mentary views of system behavior: some align closely with dependency-sensitive success, whereas
others contribute efficiency-oriented and quality-oriented signals.

9 CONCLUSIONS

We introduced ATOD, a benchmark that captures key characteristics of advanced task-oriented di-
alogue, including multi-goal concurrency, dependency management, long-horizon memory, asyn-
chrony, and proactivity, together with turn-level goal status annotations for fine-grained evaluation.
Building on this benchmark, we proposed ATOD-Eval, a holistic evaluation framework that trans-
lates these capabilities into reproducible metrics for offline and online settings. We further presented
an agentic memory-based evaluator for benchmarking on ATOD. Experimental results show that,
under the proposed evaluation setting, the evaluator achieves a strong overall accuracy—efficiency
trade-off, including competitive goal detection, the highest status tracking accuracy in complex dia-
logues, and substantially lower update latency and token usage than strong LLM-based and memory-
based baselines.
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A APPENDIX A

A.1 SYNTHETIC DATASET QUALITY ANALYSIS
We assess the quality of synthetic dialogues along five dimensions: coherence, fluency, consistency,

relevance, and naturalness [Liu et al.[(2023). As shown in Table @ both medium-level and complex-
level dialogues achieve strong results across all criteria, particularly in fluency and relevance. These
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results indicate that the generation pipeline produces realistic and high-quality conversations suitable
for downstream evaluation.

Table 5: LLM-based evaluation of synthetic dialogues along five dimensions. Scores are averaged
over medium-level and complex-level dialogues and are reported on a 1-5 Likert scale, where higher
values are 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, the pipeline employs a separate LLM-based judge at multiple stages (§4.2]
and §4.4), including trajectory sampling, goal annotation & classification, and status annotation, to
ensure output quality at each step of the generation process. This layered evaluation helps preserve
both faithfulness and consistency throughout synthetic dialogue construction.

A.2 GOAL EXTRACTION, CO-OCCURRENCE GRAPH STATISTICS, AND SAMPLING STRATEGY

We first extract goal sequences from the SGD dataset, where each sequence is an ordered list of user
goals, represented as domain—intent pairs, within a dialogue. Table [6] summarizes the extraction
results. All 10,739 sequences are multi-domain, with an average length of 3.90 goals and a range of
2-8 goals. These sequences span 16 unique domains and 37 unique intents, which provides a rich
basis for constructing the co-occurrence graph.

Table 6: Summary statistics for extracted goal sequences.

Statistic Value

Total Goal Sequences 10,739
Avg. Sequence Length 3.90

Length Range 2-8
Unique Domains 16
Unique Intents 37

We then construct a goal co-occurrence graph in which each node corresponds to a unique goal
and edges represent co-occurrence within the same sequence. Table [/] reports the graph statistics.
The graph contains 52 nodes and 396 edges, forms a single connected component, and exhibits rela-
tively high density (0.2986) and average degree (15.23), which indicates frequent goal co-occurrence
across dialogues. This structure supports diverse sampling of multi-goal trajectories, including high-
degree hubs (up to 29) and rare goals (with degree as low as 2).

We sample goal trajectories from this graph by selecting connected subgraphs that satisfy the target
complexity criteria (§A.3)), thereby ensuring diversity in goal count, domain coverage, and depen-
dency patterns.

A.3 COMPLEXITY CRITERIA

Table 7: Summary statistics for the co-occurrence graph.

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
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The pipeline in § [ uses a two-category complexity system (medium and complex) that combines
quantitative thresholds with qualitative LLM analysis to achieve balanced coverage. Table[8|presents
the criteria based on goals, turns, domains, and advanced agentic behavior.

Table 8: Criteria for medium and complex dialogues. Columns: Goals, Turns, Async. (asyn-
chronous), Inter. (interleaving), Dep. (dependencies), Proac. (proactivity), Defective? (whether
defective cases are allowed, for example, injected infeasibility or inconsistency). v/ = present, X =
absent. Ambiguous cases are resolved through domain diversity, dependency depth, and observed
behavior.

Compl. Goals Turns Async. Inter. Dep. Proac. Defective?

Medium 2-8 8-35 v v <2 X X
Complex 7+ 30+ v v >2 v v

The categorization process follows three stages. First, goal sampling draws trajectories under a two-
category distribution (default: 65% medium, 35% complex). Second, annotation enriches sampled
goals with slots, dependencies, and realistic interaction characteristics. Third, hybrid classification
assigns complexity through a combination of predefined rules and LLM analysis, considering quan-
titative factors (goal count, domain diversity, and dependency structure), qualitative factors (goal
interdependence and coordination difficulty), and realistic dialogue requirements such as interleav-
ing and proactivity.

A.4 ANNOTATED TRAJECTORIES AND METADATA SPECIFICATION

To represent complex goal structures and agentic behavior in ATOD, we define a formal schema
for dialogue trajectories and metadata (§4.2), shown in Listing [T} The schema captures interleaved
goals, slot-filling states, and explicit inter-goal dependencies that arise in advanced TOD settings.
Metadata fields encode global dialogue attributes and execution characteristics, such as interleav-
ing, proactivity, and asynchronous actions, which are later used to condition dependency-aware and
turn-level evaluation signals. Each goal entry specifies its intent, slots, and dependency relations,
which enables systematic analysis of goal initiation, suspension, and resumption across multi-goal
interactions.

{
"dialogue_id": "string",
"complexity_class": "medium | complex",
"metadata": {
"num_goals": "integer",
"estimated_turns": "integer",
"async_execution": "boolean",
"interleaving": "boolean",
"proactivity": "boolean"
}o
"goal_list": [
{
"id": "string",
"domain": "string",
"intent": "string",
"slots": ["string", ...1,
"slot_values": {
"slot_name_1": "valuel",
"slot_name_2": "value2"
s
"dependencies": ["goal_id", ...1,
"content": "string",
"core_content": "string",
"classification_method": "pre_defined | model_based",
"dependency_label": "boolean",
"defectiveness_label": "boolean"
}

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

A.5 ATOD: QUALITY CONTROL

We use the following LLM-based quality control prompt to verify goal clarity, slot validity, and
annotation consistency of annotated goals (§4.2)) before dialogue generation.

Quality Assessment Prompt
You are a quality judge for annotated goal trajectories.

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

Task:
Assess whether this trajectory is ready for dialogue generation. Check:

* The goal descriptions are clear and specific
* The slot values are realistic and contain no placeholders
* All required fields are present

* The annotations are logically consistent

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

A.6 DIALOGUE GENERATION PROMPT
Below we present the exact prompt template used in §4.3|for LLM-based dialogue generation. Place-

holders (for example, {complexity}, {estimated_turns}, {goal_descriptions}, and {agentic_attrs})
are filled programmatically from the annotated trajectory metadata, as described in
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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. The user introduces goals naturally throughout the conversation
2. The 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 realistic scenarios
Natural Conversation Patterns:
» Users express needs and preferences as they arise
* The system responds helpfully while handling practical constraints
» Users may add, revise, or abandon goals based on new information
* Availability, pricing, or technical limitations may arise

¢ Conversations conclude when users are satisfied or defer decisions

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

A.7 GOAL STATUS ANNOTATION PROMPT

Below we present the exact prompt template used in for turn-level goal status annotation. The
prompt is instantiated with the current dialogue turn, the list of goals together with their current
statuses, and the expected JSON schema. Listing [2| further provides a sample annotated dialogue
instance, illustrating how goal status transitions and complete goal states (all_goals) are tracked

across turns.

16



Published as a workshop paper at ICLR 2026 Workshop MemAgents

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: the goal exists but has not appeared in the dialogue
* OPEN: the goal has been mentioned by the user, but no action has started
e PENDING: the system is actively working on the goal
e COMPLETED: the goal has been completed successfully
e FAILED: the goal failed because of system limitations or availability constraints

* ABANDONED: the user cancelled the goal or changed their mind

Critical Rules:
1. Change the status of a goal 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 JISON above, updating only goals whose status clearly changes in the
current turn.

"dialogue_id": "...",
"complexity_class": "complex",
"metadata": {
"num_goals": ...,
"num_turns": ,
"async_execution": true,
"interleaving": true,
"proactivity": true
by

"goal_list": [...],
"turns": [
{
"turn_id": 1,
"speaker": "USER",
"utterance": "I need to book a hotel in Chicago.",
"goal_status_changes": [
{"goal_id": "gl", "new_status": "OPEN"}

1,
"all goals": {

"gl": "OPEN",
"g2": "NOT_MENTIONED",
"g3": "NOT_MENTIONED"
}
}
// ... remaining turns omitted
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Listing 2: Sample annotated ATOD dialogue with turn-level status tracking.

B APPENDIX B

B.1 IMPLEMENTATION DETAILS

Using the proposed generation pipeline, we construct a benchmark of 1,000 richly annotated multi-
turn dialogues. The dataset follows a predefined complexity distribution, with 65% of dialogues
categorized as medium and 35% as complex. Since ATOD-Eval is a zero-shot, prompt-based bench-
mark designed to evaluate existing LLMs and agentic systems, it does not involve parameter train-
ing. Accordingly, all 1,000 dialogues are used as the test set for evaluation. The memory system
is instantiated with Claude-3.7-Sonnet (accessed through the Amazon Bedrock API) as the
primary LLM judge. For embedding-based retrieval, we use MiniILM-L6-v2 embeddings indexed
with FAISS for efficient nearest-neighbor search. Across all experiments, we use fixed values of
top-k, the similarity threshold §, and the LLM decision threshold 7.

B.2 AGENTIC MEMORY SYSTEM TEMPLATES

As described in §5] the agentic memory system is implemented through a set of modular LLM
prompt templates. We present three templates in sequence, corresponding to (i) goal extraction from
individual conversation turns, (ii) turn-level goal status classification, and (iii) goal graph evolution
for establishing inter-goal links and dependencies. Together, these templates support structured,
consistent, and interpretable memory management across multi-turn dialogues.

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

e "book ticket" — bus, concert, train

e "check account" — balance, account information
* "search restaurant" — restaurant discovery

e "book restaurant" — reservations

Status Labels (for extracted goals): OPEN, PENDING, COMPLETED, FAILED, ABANDONED

Note: NOT_MENTIONED does not appear in the extracted list because extraction returns only goals that
are triggered or discussed in the current turn.

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

-1
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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: the system is processing the goal or requesting information
* COMPLETED: the goal has been achieved successfully
e FAILED: the goal has failed explicitly
* ABANDONED: the goal has been cancelled by the user

Transition Examples:
* "book a flight" — OPEN
* "which dates?" — PENDING
e "flight booked" — COMPLETED
* "no flights available" — FAILED
* "never mind" — ABANDONED

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

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-%£ by semantic similarity):
{related_goals_context}

Task: For each related goal, determine the relationship type:
¢ link: semantically related but independent
* dependency: the new goal depends on the related goal

* none: no significant relationship

Output format (JSON):

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

}
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