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Abstract

Modern task-oriented dialogue (TOD) systems increas-
ingly rely on large language model (LLM) agents, lever-
aging Retrieval-Augmented Generation (RAG) and long-
context capabilities for long-term memory utilization. How-
ever, these methods prioritise semantic similarity over
task intent, degrading multi-session coherence. We pro-
pose MemGuide, a two-stage intent-driven memory selec-
tion framework: (1) Intent-Aligned Retrieval retrieves goal-
consistent QA-formatted memory units; (2) Missing-Slot
Guided Filtering reranks units by slot-completion gain via
a chain-of-thought reasoner and fine-tuned LLaMA-8B filter.
We also introduce the MS-TOD, the first multi-session TOD
benchmark with 132 diverse personas, 956 task goals, and
annotated intent-aligned memory targets. Evaluations on MS-
TOD show that MemGuide boosts task success rate by 11%
(88%→99%) and reduces dialogue length by 2.84 turns, and
matches single-session performance.

Code and Dataset: —
https://github.com/Elvin-Yiming-Du/MS TOD Memory

Introduction
Modern task-oriented dialogue (TOD) systems increasingly
integrate large language models (LLMs) to enhance gen-
eralization, context understanding, and response generation
(Nguyen et al. 2025; Xu et al. 2024a,b; Chung et al. 2023;
Hudeček and Dusek 2023). To utilize historical dialogue
states across turns, two dominant strategies have emerged:
retrieval-augmented generation (RAG), which supplements
the LLM with relevant task descriptions or prior dialogue

*These authors contributed equally.
†Corresponding author.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Task-oriented dialogue, without (left) vs. with
(right) multi-session memory; the former demands more
turns of conversation.

states (Xu et al. 2024a,b), and the use of long-context
models, which encode the entire history directly as input
(Nguyen et al. 2025). However, they are both limited to
surface-level semantic similarity, often ignoring the task-
specific intent and slot-level continuity crucial for coherent
multi-session TOD.

While memory-augmented methods (Lu et al. 2023) have
emerged, they are often evaluated on single-session bench-
marks that lack support for long-term goal tracking and
multi-session memory supervision. Unlike open-domain set-
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tings that focus on free-form recall (Zhong et al. 2024), task-
oriented dialogue demands structured slot tracking, evolving
intent management, and consistent state maintenance. Cru-
cially, real-world users frequently interact with assistants
across multiple sessions to accomplish complex goals, yet
most existing TOD models and datasets (Budzianowski et al.
2018; Rastogi et al. 2020; Stacey et al. 2024; Liu et al. 2024)
are confined to single-session settings, highlighting a funda-
mental gap between current TOD systems and the demands
of persistent, goal-driven dialogue settings. As shown in Fig-
ure 1, traditional single-session TOD systems require users
to restate details (e.g., flight times, seat preferences) in every
session, leading to inefficiency and frustration.

To address this, we propose MemGuide, a novel frame-
work that utilizes long-term memory in the multi-session
TOD task. Unlike prior methods that rely solely on seman-
tic similarity for memory selection, MemGuide incorporates
task intent and slot-level guidance to enhance memory rel-
evance and response quality. It consists of two core phases:
(1) Intent-Aligned Retrieval, where an LLM generates an
intent hypothesis based on the current dialogue state and re-
trieves memory units aligned with the predicted goal, ensur-
ing retrieved history is both semantically similar and goal-
consistent to support cross-session task tracking robustly.
(2) Missing-Slot Guided Filtering, which first employs a
chain-of-thought (CoT) slot reasoner to detect missing slot
values, followed by a filtering module that removes irrele-
vant or redundant Question Answering (QA) memory units
to distill slot-level content for response generation.

These two phases enable MemGuide to convert long-term
user history into actionable context, supporting minimal-
turn, task-consistent dialogue generation across sessions.

To enable systematic evaluation, we construct the Multi-
Session Task-oriented Dialogue (MS-TOD), a new bench-
mark comprising 132 simulated speakers, each engag-
ing in over 20 sessions covering diverse task goals de-
rived from Schema-Guided Dialogue (SGD) (Rastogi et al.
2020). MS-TOD supports evaluation of slot continuity and
long-term memory retrieval across sessions. Unlike open-
domain benchmarks focused on retrieving dialogue sum-
maries (Zhong et al. 2024; Li et al. 2024a; Du et al. 2024),
multi-session TOD introduces additional challenges. Sys-
tems must recall key slot-value pairs, track evolving user in-
tents, and proactively resolve missing or outdated informa-
tion, while minimizing redundant interactions. To support
automatic evaluation, we introduce a proactive response
generation module to simulate user engagement and evalu-
ate system performance in resolving missing information.
Experimental results demonstrate that MemGuide signifi-
cantly improves dialogue coherence, response quality, task
success rate, and overall efficiency in multi-session TOD.
The main contributions include:

• We propose MemGuide, a two-stage framework that dis-
tills and leverages cross-session memory for efficient,
minimal-turn task completion.

• We introduce MS-TOD, the first multi-session TOD
dataset and benchmark task for evaluating long-term
memory integration across sessions.

Settings GPT-4 Score Slot Acc.

No Retrieval (Direct Prompting)
Current Session Context 2.60 0.13
Full Context 4.76 0.61
Retrieval-based Methods
BM25-Based Retrieval 5.90 0.53
Embedding-Based Retrieval 7.01 0.67
Hybrid Retrieval 7.04 0.68
Oracle (Upper Bound)
Oracle 8.51 0.82

Table 1: Evaluation of confirmation-type response genera-
tion under different prompting and retrieval strategies.

• We demonstrate that MemGuide consistently outper-
forms strong baselines across multiple metrics, demon-
strating the effectiveness of intent-aware memory re-
trieval and slot-guided filtering.

Related Work
Task-Oriented Dialogue Dataset
TOD datasets are typically constructed via either Machine-
to-Machine (M2M) (Shah et al. 2018; Rastogi et al.
2020) or Wizard-of-Oz (WOz) setups (Wen et al. 2017;
Budzianowski et al. 2018). M2M datasets (e.g., SGD,
STAR) provide schema-driven task flows, while WOz-based
datasets (e.g., MultiWOZ, FRAMES) offer more natural but
annotation-heavy dialogues. Recent efforts aim to improve
realism and domain diversity (Hu et al. 2023; Dai et al. 2022;
Xu et al. 2024b; Li et al. 2024b), yet existing benchmarks
primarily assume single-session tasks. There remains a no-
table gap in datasets designed for multi-session TOD, where
tracking long-range goals and user intents is essential.

Task-Oriented Dialogue Systems
Traditional TOD systems adopt modular pipelines for NLU,
DST, and response generation (Wu et al. 2019a; Peng et al.
2018), later unified into end-to-end models trained on anno-
tated dialogues (Wen et al. 2017; Wang et al. 2020). With the
rise of LLMs, recent work explores their use in zero-shot and
fine-tuned TOD (Madotto et al. 2021; Bang, Lee, and Koo
2023), often achieving strong results on intent recognition
and slot filling. In parallel, long-term memory (LTM) meth-
ods such as ChitChat (Li et al. 2024c), MemoryBank (Zhong
et al. 2024), and LoCoMo (Maharana et al. 2024) support ex-
tended context retention through summarization or heuristic
filtering, but lack structured memory aligned with task goals.
Most assume single-session dialogues and overlook chal-
lenges in maintaining multi-session goal continuity. This
work addresses these gaps by introducing MemGuide for
long-range, goal-aware tracking.

Preliminary Experiments
To motivate our framework, we first examine the limitations
of direct prompting in multi-session TOD and explore the
potential of retrieval-based strategies. Since existing TOD
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Domain: Travel   Intent: BookHotel

User: Hi. Did you find any good 
hotel options for my stay in San 
Francisco?

Assistant: Hi! Yes, I did. The 
first option is Hotel ABC, which 
offers free breakfast and Wi-Fi. 
The second option is Hotel XYZ, 
located near popular tourist spots 
and includes a gym facility. 
Which one sounds better to you.

User: Hotel XYZ sounds better.

Assistant: Just to confirm, you 
would like to book a room at 
Hotel XYZ in San Francisco for 
one adult from March 1st to 
March 8th, correct?

Session #24

User Task_Goal
check_in_date:    March 1st
check_out_date : March 8th
where_to : San Francisco
number_of_adults: one adult

Domain: Travel    Intent: BookHotel

User: Hi, I'm looking to book 
a room in San Francisco.

Assistant: Sure! I can help 
with that. When would you 
like to check in?

User: I'd like to check in on 
March 1st.

Assistant: Got it. And when 
will you be checking out?

User: I'll be checking out on 
March 8th.

Assistant: Alright. How many 
adults will be staying?

User: Just one adult.

User Task_Goal
check_in_date: March 1st
check_out_date : March 8th
where_to: San Francisco
number_of_adults: one adult

Session #1

Task dialog history Task Completion Evaluation

Figure 2: An Example of MS-TOD dataset.

datasets lack long-term dependencies, we construct an eval-
uation set focused on confirmation-type response genera-
tion. This evaluation set adopts the same input–output for-
mulation, evaluation criteria, and sample set as the MS-TOD
benchmark to ensure consistency and comparability.

To clarify the evaluation setting, we formulate a
confirmation-style response generation task. Formally, given
the current user utterance ut, the dialogue context c =
{u1, r1, . . . , ut−1, rt−1} from the current session, and his-
tory dialogue sessions H in the corresponding memory
bank (retrieved or concatenated), the model generates a
confirmation-style response rt. The task goal g is held out
for reference during evaluation. This setting mimics a com-
mon scenario in TOD where the system determines whether
the dialogue contains sufficient information to proceed with
task execution. For all settings, we use GPT-4o-mini as the
unified generator, allowing a fair comparison across input
strategies. We compare two strategies:

(1) Retrieval-based methods, including sparse (BM25
(Robertson and Zaragoza 2009)), dense (text-embedding-
small-31), and a hybrid retrieval. Each selects top-k his-
tory sessions H relevant to the current utterance ut with the
model input x = [H; c;ut]. (2) Direct prompting, where
the full dialogue history is concatenated with the current user
utterance ut without retrieval. The input is x = [H;C;ut].
The model generates a confirmation response rt = LLM(x).

As Table 1 shows, retrieval-based methods consistently
outperform direct prompting. For instance, dense retrieval-
based method achieves 0.67 slot accuracy and 7.01 GPT-
4 score, surpassing full-context prompting (0.61 and 4.76).
This significant gap highlights how direct prompting strug-
gles with context limitations and the ”lost-in-the-middle”
(Liu et al. 2023), where irrelevant history overwhelms key
information, motivating our development of MemGuide for
advanced intent-aligned retrieval.

1OpenAI. text-embedding-3-small. 2025. https://platform.
openai.com/docs/guides/embeddings

Attribute Evaluation
Domains 16
Intents 19
Task goals 956
Dialogues 2,861
Utterances 18,530
Avg. slots per task goal 4.24

Number of individuals 132
Avg. intents per individual 5.45
Avg. sessions per individual 21.67
Avg. utterances per individual 140.38

Table 2: MS-TOD dataset statistics for evaluation.

Dataset
MS-TOD is a multi-session benchmark for evaluating long-
term memory through user-specific memory banks, with
over 20 sessions from a single user. This supports assess-
ment of memory retrieval, slot tracking, and intent continu-
ity. For evaluation, we include held-out sessions with manu-
ally annotated confirmation-type responses (Figure 2). MS-
TOD is built in four stages: (1) multi-session dialogue gen-
eration; (2) confirmation-type response annotation; (3) QA-
style memory bank construction; and (4) human validation.

Multi-Session Dialogue Generation
We begin by generating multi-session dialogues for each
task goal sampled from the SGD dataset (Rastogi et al.
2020). For every task, we synthesize three temporally or-
dered sessions using GPT-4, each conditioned on the slot-
filling status of the previous session. This simulates how
users revisit and revise the same task across time. Specif-
ically, Session 1 presents an incomplete task with missing
slots; Session 2 introduces updates; and Session 3 concludes
with final confirmation. This staged construction reflects
real-world dialogue dynamics while avoiding overfitting, as
most SGD tasks involve fewer than ten slots.

Confirmation-Type Response Annotation
To evaluate long-term task fulfillment in dialogue systems,
we annotate the final session of each task with confirmation-
type responses. Each marks the utterance confirming task
completion and associated slot-value goal with manually
labels (confirmation/non-confirmation). These annotations
serve two purposes: (1) Supervising Memory Selection,
indicating when to trigger memory retrieval; and (2) Sup-
porting Evaluation, evaluating if the system recalls goal-
relevant content and generates accurate confirmations.

Memory Bank Construction
Since multi-session interactions are organized around indi-
viduals, we group dialogues into individual memory banks
(Figure 2), where each bank stores temporally ordered ses-
sions. During construction, we ensure that intents within the
same bank are distinct and non-conflicting, enabling consis-
tent memory usage and avoiding cross-intent interference.
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Sure, Just to confirm, you 
want me to play the song 
Black Widow on the 
bedroom speaker, correct?

Playback 
Device

Please generate one 
sentence to describe the 
user intent according to 
the dialogue history …

Figure 3: Overflow of our MemGuide framework, which comprises Intent-Aligned Retrieval and Missing-Slot Guided Filtering.

Each bank contains over 20 sessions spanning at least six
task intents (Table 2), with one held-out evaluation session
per intent for confirmation-type assessment. For each com-
pleted session, we use GPT-4 to generate an intent descrip-
tion along with a set of QA pairs, each capturing a slot-
specific fact for retrieval. This QA-style format is moti-
vated by prior work (Chen et al. 2023) showing that ques-
tion–answer structures facilitate more accurate and efficient
retrieval compared to unstructured text. To maintain causal
consistency, memory access is limited to sessions prior to
the current evaluation point.

Human Validation
To ensure coherence, correctness, and usability, we apply a
structured multi-stage validation process involving three an-
notators experienced in NLP. The process includes: (1) Ver-
ifying each session preserves the intended goal and correct
slot values; (2) Removing dialogues with excessive redun-
dancy across sessions; (3) Verifying that confirmation-type
utterances match expected slot-value goals; (4) Removing
sessions that fail to complete task goals or lack confirmation
turns; and (5) Excluding episodes with unnatural repetition
of similar intents. We additionally conduct inter-annotator
agreement evaluation to ensure labeling consistency.

MemGuide
MemGuide is a two-stage framework for multi-session
TOD, as shown in Figure 3. It first performs Intent-Aligned
Retrieval, extracting the current user intent via an LLM and
retrieving QA-formatted memory units from the memory
bank that align with this intent using semantic similarity.
Then, Missing-Slot Guided Filtering identifies unfilled task
slots through a CoT reasoner and re-ranks retrieved memo-
ries with a fine-tuned LLaMA-8B filter based on their ability
to fill these slots. Finally, Response Generation leverages
the filtered memories to produce proactive responses, reduc-
ing conversational turns and boosting task success.

Given a dialogue context c = {u1, r1, . . . , ut−1, rt−1, ut}
and a user-specific long-term memory bank M , the goal is
to generate the next system response rt. The memory bank

M is a collection of memories from past sessions, struc-
tured as M = {(ki, Vi)}Ni=1 and t is the number of turns.
Each entry consists of a high-level intent description ki (e.g.,
”book a flight to San Francisco”) represents the high-level
intent and a corresponding set of QA-formatted memory
units Vi = {(qi,j , ai,j)}nj=1, where qi,j is the j-th question
about a task slot within the i-th intent (e.g., ”What is the de-
parture date?”) and ai,j is the corresponding answer (e.g.,
”July 28, 2025”). The optimal response r should coherently
continue the conversation while strategically utilizing infor-
mation from M to progress towards task completion. It is
generated by an LLM conditioned on the context and a care-
fully selected memory subset Msel ⊆ M .

Intent-Aligned Retrieval
The stage aims to broadly identify past sessions relevant to
the current user goal by retrieving memory entries from the
long-term bank that share a consistent high-level intent, en-
suring thematic alignment.

Current Intent Extraction. Given the dialogue context
c, we use GPT-4o-mini to generate a high-level intent de-
scription dint, which summarizes the user’s objective in
the current session. The model is prompted to generate a
short, command-like phrase summarizing the user’s goal
(e.g., ”find a local Italian restaurant”). This distilled phrase
serves as a current intent key, kcur, providing a canonical
task representation that is standardized for retrieval.

Semantic Retrieval. We then retrieve memory units from
the bank M , which contain stored intent keys {ki}Ni=1. and
corresponding QA pairs that are semantically closest to the
extracted current intent kcur. We use an embedding model
(e.g., text-embedding-3-small) to compute dense vector rep-
resentations for all memory units. The relevance score be-
tween kcur and each memory unit is calculated using cosine
similarity. The top-K memory units (ki, Vi) with the high-
est scores are selected to form the candidate memory set,
Mcand. This procedure ensures that we only consider mem-
ories from sessions with a shared high-level objective, guar-
anteeing thematic alignment for subsequent stages.
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Missing-Slot Guided Filtering
While the retrieved memories in Mcand are thematically
aligned with the user’s intent, their immediate utility for
the current dialogue turn can vary significantly. To address
this, this stage performs a fine-grained filtering, prioritizing
memory units that are most likely to resolve the immediate
information needs of the dialogue.

Information Gap Identification. To guide the filtering
process, we first must precisely identify what informa-
tion is required to advance the current task. We lever-
age an LLM configured as a CoT reasoner (Wei et al.
2022) to analyze the dialogue context c and the overall
goal corresponding with intent key kcur, so as to enumer-
ate a list of essential task slots that have not yet been
filled or confirmed. The CoT prompt is structured to guide
the LLM through a logical sequence. First, it enumer-
ates all required slots for the intent, then checks the di-
alogue history to determine which of these slots have al-
ready been filled or confirmed, and finally outputs only
those slots that remain unresolved. The result is a list of
hypothesized missing slots, Lmiss = {slot1, slot2, . . . }.
For example, in a flight booking task where the user has
only specified a destination, Lmiss might be identified as
{departure date, return date, seat preference}.

Re-ranking by Marginal Slot-Completion Gain. Hav-
ing identified the information gaps represented by Lmiss, we
then re-rank each QA pair (qi,j , ai,j) within the candidate
set Mcand based on its potential to fill one of these gaps.
This process is driven by the principle of selecting infor-
mation with the highest marginal slot-completion gain, the
expected improvement in downstream task performance.

To operationalize this, we fine-tune a smaller, efficient
LLaMA-8B model (Meta AI 2024) to act as a specialized
filter. This filter estimates the probability that a given QA
pair provides an answer for one of the missing slots. For
each QA pair (qi,j , ai,j) from Mcand, the model computes:

si,j = P (y = 1 | c, Lmiss, qi,j , ai,j) (1)

where y = 1 signifies that the answer ai,j successfully fills
a slot presented in Lmiss. To supervise this filter, we con-
struct a training dataset using the same pipeline as MS-TOD
memory bank generation. Specifically, for each held-out ses-
sion, we simulate missing-slot contexts and label each QA
pair from prior sessions as positive (if it fills a missing slot)
or negative (otherwise). Detailed training configurations and
dataset are provided in Appendix. The model is optimized
using a standard binary cross-entropy loss function:

L = −
∑
i,j

[yi,j log si,j + (1− yi,j) log(1− si,j)] (2)

To balance the initial semantic relevance from the initial
semantic retrieval (denoted as spre

i,j) with the slot-filling util-
ity score si,j from our filter, we compute a final score:

sfinal,ij = α · spre
i,j + (1− α) · si,j (3)

where α is a hyperparameter. We select the top-K (e,g,.
K=5) QA pairs with the highest sfinal,ij scores.

Response Generation
The final response is generated using the top-K memorys
Acore = {a1, a2, . . . , aK}, omitting auxiliary questions qi,j .
An LLM reader receives the dialogue context c, the core
facts Acore, and missing slots Lmiss as prompt inputs.

r = LLMReader(prompt(c, Acore, Lmiss)) (4)

The prompt instructs the model to: (1) continue the con-
versation naturally, and (2) proactively address Lmiss using
Acore, e.g., by confirming or suggesting stored values. For
example, if memory provided a preferred airline, the system
might respond, ”I see you’re flying to Montreal. Last time
you flew with Air Canada. Would you like to book with
them again?” This proactive strategy, directly informed by
our two-stage memory selection, minimizes redundant ques-
tions and accelerates task completion. All prompt templates
used in our method are provided in Appendix.

Experiments
To enable fine-grained assessment of long-term memory uti-
lization and task completion, we evaluate MemGuide on ses-
sions from the MS-TOD benchmark that are annotated with
confirmation-type responses, in which the final utterance ex-
plicitly confirms that the user goal has been achieved. Each
session is associated with a gold-standard task goal and cor-
responding slot-value set, enabling precise evaluation using
standard metrics of task success and response quality.

Experimental Setups
Evaluation Metrics. We use four core automatic metrics
and human evaluation to evaluate performance: 1) GPT-
4 score, (1–10) evaluates response quality in terms of flu-
ency, coherence, and informativeness (details in Appendix);
2) Joint Goal Accuracy (JGA) measures slot prediction ac-
curacy; 3) Dialogue Turn Efficiency (DTE) captures the
number of turns required to complete a task, and 4) Suc-
cess Rate (S.R.) indicates whether the user goal is achieved.
5) Human evaluation further assesses Accuracy, Informa-
tiveness, and Coherence, with A.I.C. denoting their average.

Baselines. We evaluate MemGuide against three represen-
tative categories of baselines: 1) General-purpose LLMs.
We assess full-context prompt (FCP)-based dialogue perfor-
mance using instruction-tuned models including LLaMA3-
8B (Touvron et al. 2024), Qwen2.5-7B (Team 2024c),
Mistral-7B (Team 2024a), and GPT-4o-mini (Team 2024b).
2)Traditional Task-Oriented Dialogue Systems. To eval-
uate MemGuide under structured DST conditions, we in-
clude task-specific baselines such as BERT-DST (Chao and
Lane 2019), LDST (Feng et al. 2024), and AutoTOD (Xu
et al. 2024a), where the latter incorporates an external mem-
ory module for cross-turn goal tracking. While these mod-
els were not originally designed for multi-session scenar-
ios, they represent the strongest available TOD pipelines
when adapted to this setting. 3) Long-term Summariza-
tion. We implement a summarization-based baseline in-
spired by ChatCite (Li et al. 2024c), which condenses ses-
sion histories into concise summaries used during inference.
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Model Setting GPT-4 JGA DTE S.R. A. I. C. A.I.C.

LLaMA3-8B FCP 4.89 0.64 5.37 0.82 0.56 1.47 1.74 1.26
MemGuide 6.39 0.63 3.46 0.92 0.61 1.98 2.16 1.58

Qwen-7B FCP 6.26 0.66 4.93 0.83 0.43 1.24 1.85 1.17
MemGuide 6.81 0.66 4.31 0.87 0.54 1.70 2.30 1.51

Mistral-7B FCP 6.20 0.73 2.52 1.00 0.58 1.63 1.99 1.40
MemGuide 6.48 0.80 1.21 1.00 0.61 2.06 2.08 1.58

GPT-4o-mini FCP 6.93 0.67 6.03 0.88 0.62 1.83 1.90 1.78
MemGuide 7.14 0.70 3.19 0.99 0.65 2.38 2.48 2.17

Table 3: Combined results comparing FCP and MemGuide across LLMs. GPT-4, JGA, DTE, and S.R. are automatic metrics;
A., I., C., and A.I.C. are human evaluation metrics for accuracy, informativeness, coherence, and their average score.

Model GPT-4 JGA DTE S.R.
Bert-DST∗ - 0.07 - -
LDST∗ - 0.23 - -
AutoTOD† 6.49 0.44 7.80 0.81
ChatCite 6.59 0.660 4.71 0.84
MemGuide 7.14 0.70 3.19 0.99

Table 4: Results of traditional TOD models, summary-based
methods, and MemGuide. Models marked with ∗ focus on
DST only. † indicates a simplified AutoTOD pipeline.

Main Results

Comparision with General-purpose LLMs. Compared to
FCP, MemGuide leverages the same underlying LLM as
a memory reader to retrieve and utilize relevant long-term
memory, yielding substantial improvements across critical
metrics. As illustrated in Table 3, our approach consistently
outperforms FCP across all tested models, demonstrating ro-
bust gains in task accuracy, response quality, and interac-
tion efficiency. For example, when using Mistral-7B as the
LLM Reader, MemGuide increases JGA from 0.73 to 0.80
and reduces DTE from 2.52 to 1.21, representing a 52% re-
duction. LLaMA3-8B achieves the largest improvement in
GPT-4 score (from 4.89 to 6.39), while GPT-4o-mini re-
duces dialogue turns from 6.03 to 3.19, corresponding to
a 47.1% decrease.. Similar gains are observed with Qwen-
7B and other models. These consistent gains across models
confirm that integrating memory-guided reasoning with the
same base model enhances not only task accuracy but also
response relevance and interaction fluency, validating the
effectiveness of intent-aligned memory selection in multi-
session task-oriented dialogue.

Comparison with Traditional TOD and Summariza-
tion Baselines. As existing models are not explicitly de-
signed for multi-session TOD, we compare MemGuide with
two representative categories: (1) traditional Dialogue State
Tracking (DST)-focused models (BERT-DST, LDST, Auto-
TOD), and (2) a summarization-based approach inspired by
ChatCite. As shown in Table 4, MemGuide consistently out-
performs all baselines across key metrics. Compared to Au-
toTOD, it increases JGA from 0.440 to 0.698 and reduces
DTE from 7.80 to 3.19. Against the summarization baseline,
MemGuide achieves clear improvements across all metrics:
the GPT-4 score increases from 6.59 to 7.14, JGA improves

Dataset Methods JGA AGA

SGD

SGD Baseline 0.254 0.906
GOLOMB 0.465 0.750
SGP-DST 0.722 0.913
TS-DST 0.786 0.956
LDST 0.845 0.994
MemGuide∗ 0.846 0.965

MultiWOZ 2.2

SGD Baseline 0.420 -
TRADE 0.454 -
DS-DST 0.517 -
TripPy 0.530 -
TOATOD 0.638 -
SDP-DST 0.576 0.985
LDST 0.607 0.988
MemGuide∗ 0.879 0.976

Table 5: Results of different methods on SGD and Mul-
tiWOZ 2.2. MemGuide∗ is a single-session variant of
MemGuide, where the missing slot guided filtering is dis-
abled while retaining the QA memory.

Setting w/ Raw History w/ Intent-QA Memory
LLaMA3-8B 5.09 6.34
Qwen-7B 6.38 6.56
Mistral-7B 5.86 6.71
GPT-4o-mini 7.01 7.14

Table 6: Comparison of GPT-4 scores using retrieved history
vs. intent-QA memory across different LLM settings.

from 0.66 to 0.70, DTE decreases from 4.71 to 3.19, and the
success rate rises from 0.84 to 0.99. These results demon-
strate the effectiveness of MemGuide in improving both task
performance and dialogue efficiency.

Human Evaluation. We conduct human evaluation
to assess the effectiveness of MemGuide in generating
confirmation-type responses after memory-guided dialogue
planning. Human annotators rate each response along three
dimensions: Accuracy (binary), Informativeness (scored
from 0 to 3), and Coherence (scored from 0 to 3). The av-
erage of these scores, denoted as A.I.C., provides an over-
all measure of perceived response quality. As shown in
Table 4, MemGuide consistently improves human-judged
quality across all metrics. All evaluations are conducted un-
der a blind review protocol.
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Generalization to Single-Session DST Tasks. To as-
sess the generalization of MemGuide in single-session set-
tings, we focus on dialogue state tracking (DST), a core task
that supports downstream components like policy planning
and response generation. DST is a widely used and well-
defined task that depends on context understanding and sup-
ports downstream dialogue components. We evaluate it on
two widely-used single-session DST benchmarks, SGD and
MultiWOZ2.2. While both benchmarks focus on DST, dif-
ferences in annotation schemes and domain coverage result
in distinct baseline configurations across SGD and Multi-
WOZ2.2 (Table 5). On SGD, MemGuide achieves a state-
of-the-art JGA of 0.846, surpassing strong baselines such
as LDST (Feng et al. 2023), GOLOMB (Gulyaev et al.
2020), SGP-DST (Ruan et al. 2020), and TS-DST (Du et al.
2022), and performs comparably to LDST on Average Goal
Accuracy (AGA) (Rastogi et al. 2020). On MultiWOZ2.2,
MemGuide* attains a JGA of 0.879, significantly outper-
forming prior models including TRADE (Wu et al. 2019b),
TripPy (Heck et al. 2020), and SDP-DST (Lee, Cheng, and
Ostendorf 2021). We attribute the superior performance to
QA memory’s ability to capture slot dependencies more ef-
fectively in smaller domain settings, confirming its adapt-
ability and robustness across datasets.

Ablation Study
Effect of intent-aligned Retrieval. Table 6 shows that our
intent-aligned retrieval with structured QA memory con-
sistently improves response quality, outperforming unstruc-
tured baselines by up to 1.29 points (e.g., LLaMa3-8B: 5.05
→ 6.34). We attribute this enhancement to the alignment be-
tween the retrieved structured context and the model’s gen-
erative reasoning process. By providing intent-anchored QA
pairs, the system can reason over task-relevant content with
greater precision and mitigated ambiguity, thereby corrobo-
rating the theoretical premise that structured supervision is
key to enhancing long-context utility in dialogue systems.

Effect of Missing-Slot Guided Filtering. We assess the
impact of the missing-slot guided filtering module by re-
moving it while retaining the same hybrid RAG retrieval. As
shown in Figure 4, the absence of filtering results in a sig-
nificant performance drop: JGA on Qwen2.5-7B drops from
0.74 to 0.41, and DTE on GPT-4o-mini increases from 3.19
to 4.30. This highlights the critical role of fine-grained mem-
ory selection in both accuracy and interaction efficiency.
This module operates in two stages: the CoT reasoner iden-
tifies missing task slots, which guide the memory filter to
prioritize QA pairs that fill these gaps. This joint reason-
ing and filtering strategy significantly improves retrieval
quality: compared to semantic-only retrieval, Recall@5 im-
proves by 7.7% on average, raising the performance of text-
embedding-3-small from 0.792 to 0.832. By bridging re-
trieval with task-specific gaps, the filter prioritizes slot-value
pairs that are more likely to advance the dialogue.

Case Study
In our case study, we compared four methods for generat-
ing confirmation responses: (1) FCP, (2) Hybrid RAG, (3)
ChatCite, and (4) MemGuide. As shown in Table 7, FCP

Session 23 Intention: The user intends to listen to songs.

Dialogue
Context

User: Can you play “Drive” again? Assistant:

FCP Sure! Just to confirm, you’d like me to play the song “Drive” on the
bedroom speaker again. Should I start it now? Also, would you
like me to check out some tickets for ... (Extra Noise)

Hybrid
RAG

Sure! Let me play “Drive” for you once more. By the way, have
you decided on the number of tickets you’d like to buy for Bill
Callahan’s concert? It’s coming up on March 10th in Los Angeles!
(Wrong Answer)

ChatCite Sure! I’ve started playing “Drive” again. Is there anything else
you’d like? (Key Slot Omission)

MemGuide Sure! Just to confirm, you’d like me to play the song “Drive” on the
bedroom speaker again. Should I start it now? (Right Answer)

Table 7: Case study.

0.0 0.5 1.0
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GPT4o-mini

Mistral-7B

Qwen2.5-7B

LLaMA3-8B

0.64

0.74
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0.57

0.70

0.80

0.66

0.63

JGA

0 2 4 6
Score

3.54

1.20

4.70
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3.19

1.17

4.36

3.46

DTE

Figure 4: Comparison of Hybrid RAG (blue) vs. MemGuide
(purple) across four LLMs on two metrics: JGA and DTE.

often introduces irrelevant or outdated content due to un-
filtered long context, while Hybrid RAG and ChatCite fre-
quently miss critical slot values such as dates or preferences,
reflecting retrieval noise or lack of task-specific reasoning.
In contrast, MemGuide consistently produces accurate and
concise responses by combining intent-aligned retrieval with
missing-slot guided filtering. Notably, it achieves higher slot
coverage and fluency than other methods, as verified by both
GPT-4 scores and manual annotation. These results highlight
the value of intent-aware retrieval and task-specific filtering
for enhancing response quality in multi-session TOD.

Conclusion

We present MemGuide, a two-stage memory-guided frame-
work for multi-session LLM agents. By combining
intent-aligned retrieval with missing-slot guided filtering,
MemGuide enables task-aware, slot-specific memory selec-
tion that surpasses traditional semantic similarity. Evaluated
on MS-TOD, our novel benchmark for multi-session TOD,
MemGuide significantly improves task success, shortens di-
alogues, and enhances interaction coherence. These results
confirm that structured memory supervision and goal-aware
reasoning are critical for developing effective LLM agents.
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