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Abstract

Conversational grounding is the collaborative
process through which speakers establish and
maintain mutual understanding. It is essential
for the success of a dialogue. While it is in-
herent in human conversations, it remains a
challenge for instruction-following Large Lan-
guage Models (LLM). This paper surveys how
conversational grounding is evaluated in task-
oriented dialogue in the current era of LLMs.
First, we focus on how conversational ground-
ing is modelled explicitly—using dialogue acts
and by modelling the participant mental state.
Then, we review collaborative tasks that enable
the evaluation of conversational grounding im-
plicitly at the global level based on outcomes.
Finally, we highlight the limitations of eval-
uation, notably the current methodology and
metrics used, and outline research directions in
conversational grounding and its evaluation.

1 Introduction

In human dialogue, the participants provide ex-
plicit cues of their degree of understanding via ac-
knowledgments, back-channels, paraphrasing, clar-
ifications as well as repair and recover from errors.
This process of collaboratively building a mutual
understanding or common ground is known as con-
versational grounding (Clark and Schaefer, 1989).
Unlike human-human dialogue, grounding is not
inherent in human-machine dialogue. Despite their
fluent responses, Large Language Models (LL.Ms)
make very little effort in clarifying ambiguities or
asking for more relevant information to provide in-
formed responses (Shaikh et al., 2024, 2025; Wang
et al., 2025a). In Task-Oriented Dialogue (TOD),
failure to ground can lead agents to provide confi-
dent responses based on incomplete information,
which impacts the ability to achieve the user goal
(Elizabeth et al., 2025). In critical domains like
healthcare, grounding is essential as even the tiniest
misunderstanding of the user request can have seri-
ous consequences (Wang et al., 2025b; Foo et al.,

151

2025). Hence, it is necessary to develop reliable
evaluation methods for conversational grounding
alongside grounding strategies.

Traditional dialogue pipelines were designed
to handle uncertainty in the input and to ask for
user feedback when required (Su et al., 2016). In
contrast, LLMs are tuned to directly follow in-
structions, which impacts grounding behaviours
like clarifications and repairs (Shaikh et al., 2025).
Grounding evaluates beyond surface-level response
quality by analyzing semantic and pragmatic lev-
els through dialogue phenomena like coreference,
anaphora, etc. (Mohapatra et al., 2024b). To ensure
that dialogue systems truly understand user goals,
it is essential to evaluate how and to what extent
these systems are able to ground. Hence, in this
paper, we survey the evaluation of conversational
grounding for TOD in key papers from the recent
LLM-based approaches in the literature.

The remainder is organized as follows. Section
2 first positions our work by distinguishing be-
tween conversational grounding and another type
of grounding called symbol grounding, as well as
differentiating our survey from other previous com-
parable studies. Then, Section 3 lays the theoretical
background about grounding as studied in cognitive
science, and Section 4 organises the recent LLM-
based TOD literature focusing on conversational
grounding, i.e., how grounding is modelled and
which evaluation strategies are adopted. Finally,
Section 5 presents the research directions that we
believe emerge from this literature review.

2 Positioning of our Work

This section clarifies the scope of our survey by
contrasting conversational grounding with the com-
plementary concept of symbol grounding, and high-
lights the novelty and contributions of our work
relative to existing surveys.
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Figure 1: An example showing the presence of conver-
sational grounding and symbol grounding in dialogue.

2.1 Symbol versus Conversational Grounding

Grounding is widely used in dialogue literature.
Hence, it is important to distinguish between the
two types of grounding. The first one is symbol
grounding, which concerns the link between lan-
guage and entities present in the participants’ world.
These entities can be objects in the physical scene
or in an image, facts or concepts from the partici-
pant’s knowledge, etc. (Larsson, 2018; Benotti and
Blackburn, 2021). Specialised areas of research un-
der the umbrella of symbol grounding thus include
visual grounding (Xiao et al., 2025) and knowledge
grounding (Schneider et al., 2024). Symbol ground-
ing is also known as static grounding (Chandu et al.,
2021) and perceptual grounding (Schneider et al.,
2024). It can be evaluated by measuring whether
the external entity is correctly used in the dialogue.

The second type of grounding—and the focus
of the paper—is conversational grounding. It stud-
ies the interactive process for establishing mutual
understanding in dialogue (Schneider et al., 2024;
Mohapatra et al., 2024a). It is also known as com-
municative grounding (Larsson, 2018) and collab-
orative grounding (Benotti and Blackburn, 2021).
The evaluation is driven by the presence of evi-

dence of grounding behaviour (e.g. acknowledge-
ments, clarification, correction).

Both symbol and conversational grounding are
essential to form a complete understanding of the
conversational context, as shown in Figure 1. Sym-
bol grounding is essential within conversational
grounding in order to make sense of words and their
real-world counterparts. This matters in evaluation
as well, since systems can try to establish mutual
understanding without understanding the physical
entity and vice versa. In this paper, we focus specif-
ically on evaluating conversational grounding.

2.2 Related Surveys

A majority of the studies on grounding deal with
symbol grounding. Chandu et al. (2021) found that
grounding was used in the symbolic sense in the
pre-ChatGPT (Ouyang et al., 2022) phase when
LLMs were not mainstream. They emphasise the
need for more focus on the process of conversa-
tional grounding. Benotti and Blackburn (2021)
also stress the importance of conversational ground-
ing in deep learning based systems and on the abil-
ity to recover from mistakes as an important aspect
for meaningful collaboration.

More recently, Jokinen (2024) notes the need
for both symbol and conversational grounding
of utterances by LLM-based dialogue systems
to real-world events to avoid incorrect informa-
tion. Anikina et al. (2025) surveys grounding
along the dimensions of modalities, scope of
grounded knowledge and the type of grounding
(symbol/static vs conversational/dynamic). They
focus on symbol grounding, and the dynamic na-
ture of knowledge grounding, where the external
knowledge changes during the conversation, rather
than the interactive process that we focus on. Tolzin
and Janson (2025) give a conceptual overview of
the mechanisms (embodiment, social features, men-
tal model, joint action, knowledge base) for build-
ing shared knowledge and how they are interre-
lated in human-agent interaction, reinforcing the
interconnected nature of symbol and conversational
grounding.

These works focus on the methods to perform
symbol grounding while emphasising the potential
for improved systems by employing conversational
grounding. They also point to the lack of studies
on, and therefore the need for, rigorous evaluation
of grounding. Our work reviews strategies of con-
versational grounding in LLMs with a special focus
on the evaluation of the grounding process in TOD.
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3 Theoretical Background

Seminal work in philosophy and psycholinguistics
explore the concept of grounding in human commu-
nication. In philosophy, Stalnaker (2002) describes
the common ground as the set of propositions that
participants in a conversation mutually accept, i.e.
what they take for granted as background informa-
tion. A proposition is part of the common ground
if all participants believe it to be true and believe
that all other participants also believe it to be true
(Stalnaker, 1999). In psycholinguistics, Clark and
Brennan (1991) describe human communication as
a joint activity that requires collaboration between
the participants. For successful communication,
they need to coordinate on the content (the com-
mon ground) and the process of communication
(updating the common ground). This collaborative
process is called grounding.

The Contribution Model Clark and Schaefer
(1989) describe two phases in the grounding pro-
cess: (¢) the presentation phase, where interlocutor
A presents an utterance for interlocutor B to con-
sider; and (%) the acceptance phase, in which B
produces evidence of grounding. Together, these
two phases make a contribution. The acceptance
phase can cover several turns but it is necessarily
concluded by a positive evidence of understanding,
which can be verbal acknowledgments, a relevant
next turn and gestures like a nod or unbroken eye
gaze. However, negative evidences can also oc-
cur during this phase, as signs of mishearing and
misunderstanding that should be collaboratively
repaired in the upcoming turns. The grounding
and its evidences change with the purpose and the
medium of communication, while keeping the col-
laborative effort minimal to build contributions and
reach mutual acceptance. For example, how you
communicate differs when you are talking face-to-
face or writing an email and whether you are giving
out critical information or having a casual chat.
The contribution model defines a grounding cri-
terion, which acts as a threshold, based on which,
the decision to perform grounding can be made. Its
formal definition is: “The contributor and his/her
partners mutually believe that the partners have un-
derstood what the contributor meant to a criterion
sufficient for current purposes.” In other words, if
the grounding criterion is low, there is enough un-
derstanding and hence low need to perform ground-
ing. Although it varies widely depending on the
goal, the participants and the medium of commu-

nication, formalizing the grounding criterion helps
in building and evaluating dialogue systems.

Seminal work proposed to formalize the ground-
ing criterion and to perform grounding using ei-
ther special dialogue acts called grounding acts
(Traum, 1999) or decision making under uncer-
tainty (Horvitz and Paek, 2000). In these two pieces
of work and in general, the notion of grounding
criterion directly connects to predicting the util-
ity of performing grounding, i.e., if the utility of
grounding is low then the grounding criterion is low.
When the listener has comprehended the speaker’s
utterance, there is low utility in performing ground-
ing and vice versa. From the speaker perspective,
the utility of performing grounding depends on the
speaker’s belief that the listener has understood the
utterance. Connecting back to Clark’s contribution
model, when the listener comprehends enough and
the speaker believes that the listener has compre-
hended the utterance, the information is added to
the common ground and a contribution is made.

A last important aspect is that performing
grounding comes with some costs (time spent, cog-
nitive effort, etc.). Hence, there is a trade-off to be
estimated between maximizing the mutual under-
standing and minimizing the costs of the grounding
process. For example, correcting a mistake as early
as possible by providing strong evidence of ground-
ing would have less temporal costs than correcting
it later in the conversation. As a consequence, good
grounding behaviour should take into consideration
the utility and costs of executing the grounding ac-
tion for the task at hand and whether it brings it
closer to making a contribution.

Interactive Alignment Model Unlike the inten-
tional joint activity in the contribution model, Pick-
ering and Garrod (2004) views grounding as part
of an automatic process introduced in the Interac-
tive Alignment Model (1IAM). Interlocutors align
their mental states by aligning automatically at
lower levels of representation. Alignment at the
phonetic and phonological levels (using similar
sounds) percolate upwards to the lexical (using
the same words) and syntactic (same grammati-
cal structure) levels, leading to the aligning of the
mental states. The sources of alignment can be
automatic like preconceived beliefs about one’s in-
terlocutor or through imitation of words, syntax
or prosody (also known as entrainment (Kejriwal
et al., 2026)). It can also result from feedback and
agreement between interlocutors, similar to the pro-
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1. A: 1 am near the train Initiate

station. Where are you?

2. B: Okay. Acknowledge

A’s Belief
B is near bakery east of
the station.
A: near train station. 2
restaurants nearby

Now, head east until you
see the bakery near the mall.

3. A: Okay. Acknowledge

Is it the bakery next to
the supermarket? RequestRepair

A's Belief
A: Bakery is near
supermarket
B: At another bakery
across the road.

4. B: No, not that one. The one
across the road.
Repair

5. A: Next to the mall?
Request-Acknowledge

A’s Belief
A: near 2™ bakery east
of the station, next to
the mall where B is

6. B: Yes, that’s it!

Acknowledge

N\ AN

Mental State-Based \ [

Common Ground
Alis near the train station
B is near the bakery east of
the train station

Common Ground
Ais at the wrong bakery
B is near the bakery across
the road from A

station, next to the mall

Common Ground

A & B at the bakery next
to the mall

station, next to the mall

Outcome-Based

B’s Belief
A: near train
station.
B: near bakery east of
station, next to the mall

Task success

B reached A’s location

B’s Belief
A: at the wrong bakery
B: near bakery east of

B’s Belief
B: near bakery east of

A: at the same bakery

J

(@
Figure 2: An example dialogue demonstrating the three strategies for modelling conversational grounding.
Grounding Acts Description
INITIATE Initial utterance that proposes information to be grounded
CONTINUE Continuation of the previous act from the same speaker
ACKNOWLEDGE Acknowledgement of the presented information to show understanding
REPAIR  Correction of a previous utterance or addition of omitted material
REQREPAIR Request a correction explicitly
REQACK Request an acknowledgement from the other interlocutor
CANCEL  Abandons the grounding in the current discourse unit

Table 1: Grounding acts proposed by Traum and Allen (1992).

cess described by Clark and Brennan (1991). The
information that is automatically available to the in-
terlocutors as a result of their alignment at various
levels is called the implicit common ground.
These theoretical frameworks offer complemen-
tary views on how interlocutors achieve mutual un-
derstanding. The rest of the paper considers Clark’s
contribution model as the foundational grounding
theory, as it emphasizes the strategic, evidence-
based and collaborative nature of conversations.

4 Evaluation of Conversational
Grounding

Conversational grounding theory has been oper-
ationalised in various ways to make the ground-
ing process observable and evaluable. This sec-
tion distinguishes three main strategies: (¢) using
grounding acts, (¢¢) modelling the mental state of
the participants to construct the common ground,
and (727) designing collaborative tasks. Ground-

ing acts provide observable evidence of grounding,
which influences the hidden mental states of partic-
ipants, eventually leading to a positive or negative
outcome of the task. For each strategy, we provide
an overview of the implementations in the litera-
ture, and discuss the corresponding approaches to
evaluate conversational grounding. Figure 2 illus-
trates the strategies.

4.1 Grounding Acts-Based Evaluation

Grounding Acts (GAs) (Traum and Allen, 1992)
are special dialogue acts (Austin, 1962) that in-
dicate the speaker’s attempt to establish mutual
understanding, as listed in Table 1. GAs were in-
troduced as a simplification for the contribution
model during on-the-fly processing of dialogues,
with INITIATE indicating the presentation phase
and ACKNOWLEDGE the acceptance phase. Dur-
ing a conversation (e.g. see Figure 2a), grounding
involves a priori (i.e. based on dialogue history)
deciding whether or not to use a GA and which GA
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to use before generating the upcoming utterance.
From the evaluation perspective, many works use
the presence of GAs as an a posteriori signal (i.e.
based on the full conversation) of the grounding
process. Although recent studies use Clark’s def-
inition of grounding, they do not often follow the
contribution model, which result in them choosing
to define their own GAs or focus on smaller subsets.
Table 3 in Appendix A lists the GAs used in recent
papers.

Typology Among the grounding acts proposed
by Traum and Allen (1992) (Table 1), ACKNOWL-
EDGE presents positive evidence of grounding.
Many recent studies include explicit acknowledge-
ments as an indication of grounding since it is easy
to detect (Mohapatra et al., 2024a,b; Shaikh et al.,
2024, 2025; Jokinen et al., 2024; Schneider et al.,
2024). Another common GA is the REQUESTRE-
PAIR, which is mostly found as clarification ques-
tions in dialogue (Shaikh et al., 2024; Jokinen et al.,
2024; Schneider et al., 2024), followed by REPAIRS
which clarifies the misunderstanding. These rep-
resent negative evidence seen as an indication of
misalignment (Sarkar et al., 2025) or as friction
that helps the system reflect and ground instead of
assuming the user’s needs (Inan et al., 2025).

Other evidence of grounding include REPEAT-
BACK and USE (Roque and Traum, 2008) which
demonstrate understanding by repeating or using
the presented information in the next turn (Mohap-
atra et al., 2024a,b). However, these are not used
widely in literature, probably due to the ambiguous
nature of these acts—a repetition might mean un-
derstanding or that the user requires more clarity on
the content. New acts like OVERRESPONSE have
been introduced owing to the behaviour of LLMs
that produce long and verbose responses (Shaikh
et al., 2025).

Evaluation The grounding capability of LLMs
is evaluated by measuring the GAs produced in
LLM responses and by the LLM’s ability to clas-
sify the GAs present in a turn. Turn-level GA clas-
sification is often implemented using prompting
or fine-tuning (Mohapatra et al., 2024a,b; Shaikh
et al., 2024, 2025; Jokinen et al., 2024; Schneider
et al., 2024). Reference-based metrics such as pre-
cision, recall, F1 and accuracy are used. These
works interpret grounding to be satisfactory the
higher the accuracy of GA classification is. Cur-
rent work shows limited performance, attributing
it to the imbalance in GA categories. This high-

lights how important GAs like REPAIR are often
underrepresented in current datasets (Mohapatra
et al., 2024a). Zero-shot and few-shot prompting
show that LLMs accurately classify GAs like AcC-
KNOWLEDGE but tend to misclassify similar GAs
(e.g. CLARIFICATION vs FoLLOWUP) (Shaikh
et al., 2024; Schneider et al., 2024) or more im-
plicit GAs (USE) (Jokinen et al., 2024; Mohapatra
et al., 2024a). The low performance of LLMs in
detecting REQUESTREPAIRS correlates negatively
with the task success (Sarkar et al., 2025).
Another way of evaluating grounding in LLMs is
by looking at how and when GAs are used. LLMs
show very low inter-annotator agreement with hu-
mans with regards to the number of GAs used and
its position in the conversation (Shaikh et al., 2024).
The perplexity of a response using a correct and
incorrect GA in a given context has been used to
test whether the LLM uses the right GA in the right
context. Lower perplexity for the correct response
indicates the model is able to ground (Mohapatra
et al., 2024b). Although perplexity is lower for
larger models, the question remains whether it ac-
tually improves the model’s understanding. By
examining the distance between paraphrased utter-
ances in the embedding space, it was found that
models are unable to differentiate utterances when
only the key information is changed (e.g “on the
yellow chair” changed to “on the yellow table”).
This indicates that models rely on lexical content
rather than pragmatics (Mohapatra et al., 2024b).

4.2 Mental State-Based Evaluation

Following the theory of mind (Baron-Cohen, 1991),
several works have attempted to model the mental
states of the interlocutors in order to estimate the
common ground as the intersection of their beliefs
as shown in Figure 2b.

Existing Methods One approach is the dialogue
state tracking, in which the cumulative belief state
of the system about the user’s goals (user’s be-
liefs) is tracked at each utterance. The dialogue
state is the first order belief of the system, what
the system believes the user wants based on the
user utterances (Jacqmin et al., 2022). The dia-
logue state was initially designed to handle un-
certainty from noisy speech recognition (Williams
and Young, 2007) and different methods for be-
lief state tracking and evaluation have been widely
studied (Williams et al., 2013; Henderson et al.,
2014a,b; Kim et al., 2016a,b, 2019; Gunasekara
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et al., 2020; Yoshino et al., 2024; Kottur and Moon,
2023). In recent years, the focus shifted towards
zero-shot and few-shot prompting using LLMs to
predict the dialogue state (Feng et al., 2023; Wang
et al., 2024). The dialogue state guides the model
on the next action to be taken.

Other works take belief modelling a step further
by estimating both the first and second-order belief
state of the participants (Qiu et al., 2024). The sec-
ond order belief is what the interlocutor believes
that the other participant believes that she/he be-
lieves. The goal is to reach common ground by
reducing the difference in the first and second order
beliefs through appropriate next turns.

A more fine-grained approach to modelling first-
order belief state is based on evidences. Events are
extracted from the utterances and the level of belief
that participants have in them are predicted. The
beliefs are then added to the common ground based
on evidence from the conversation (Markowska
et al., 2023; Khebour et al., 2024). These meth-
ods introduce challenges around event and belief
extraction, evidence collection and propagation of
errors into common ground estimation.

Evaluation The methods described above eval-
uate grounding by measuring how close the pre-
dicted beliefs are to the optimal common ground or
a minimal amount of shared knowledge required
to understand the conversation and complete the
task. Dialogue state tracking is mainly evaluated
using the Joint Goal Accuracy (JGA) (Jacqmin
et al., 2022). JGA is a reference-based cumula-
tive metric which evaluates the system’s ability to
keep track of the modifications of the user requests
across turns. Instruction-tuned open source LLMs
show improvement over state-of-the-art baselines
on JGA (Feng et al., 2023; Wang et al., 2024).
Other methods evaluate the predicted belief states
by computing the F1 score against gold reference
at turn-level (Qiu et al., 2024; Markowska et al.,
2023). The performance of the belief module di-
rectly impacts the next step, whether it is generat-
ing the response (Qiu et al., 2024) or predicting the
events in the common ground (Markowska et al.,
2023).

Evidence-based methods for modelling the
mental state employ similarity-based metrics.
Markowska et al. (2023) proposes a similarity score
called EMBERT that calculates the cosine similar-
ity between embeddings of the extracted events
and the gold reference. The Sorensen-Dice coeffi-

cient is used to compare the extracted propositions
that were promoted to common ground through ev-
idence with the ground truth, which improves with
multimodal cues (Khebour et al., 2024). These
studies show that there is a large scope for improve-
ment in the systems used for event generation and
assigning the right level of evidence, which impacts
the prediction of the common ground.

These metrics rely on turns produced with a
gold conversation history and a reference common
ground, but in reality, the system may not follow
the same conversation path. There will be multiple
ways to contribute a piece of information to the
conversation. Therefore, the scope of the common
ground required to achieve the task varies based on
how the conversation evolves.

4.3 Outcome-Based Evaluation

Identifying the optimal common ground and defin-
ing the grounding criterion is a challenging task.
Hence, conversational grounding has been stud-
ied by using task success as a proxy to achieving
common ground (See Figure 2c). Special tasks,
known as collaborative tasks, have been designed
to help evaluate grounding at the conversation level
(Schlangen, 2019). Table 2 shows some collabora-
tive tasks with the associated datasets.

Types of Collaborative Tasks Alignment tasks
involve identifying the common element in a given
situation through discussion leading to agreement
on their final choice. They encourage the use of
grounding actions such as clarifications, acknowl-
edgement and referring expressions in a controlled
setting to reach the goal faster. An example of an
alignment task is Mutual Friend (He et al., 2017),
where two participants with a private list of friends
and information about them (e.g. name, school,
etc.) converse to find their mutual friend.

Navigation tasks have the end goal of reach-
ing a given location through dialogue. They
help evaluate grounding as a consequence of the
actions performed through strategically planned
conversations—describing surroundings, correct-
ing misunderstandings etc.  An example is
MeetUp! (Ilinykh et al., 2019), an interactive vi-
sual dialogue game where two players move in a
visual environment of a grid of rooms, with the goal
of meeting in the same room. They can navigate to
different rooms and describe them to coordinate to
meet in the same room.

While alignment and navigation tasks have par-
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Dataset Task Modality Automatic metrics used

Mutual Friend (He et al., 2017) Alignment  Text Success rate

Spot The Difference (Lopes et al., 2018) Alignment  Text (audio transcript) Task success

One Common (Udagawa and Aizawa, 2019) Alignment  Text, image Success rate

Dynamic One Common (Udagawa and Aizawa, 2021) Alignment  Text, dynamic image  Success rate, length of success timestep
MeetUp! (Ilinykh et al., 2019) Navigation  Text, image Task success

Talk The Walk (de Vries et al., 2018) Navigation  Text, image Localisation accuracy

CaSiNo (Chawla et al., 2021) Negotiation Text Points based on priority of items

Deal or No Deal (Lewis et al., 2017) Negotiation Text Agreement rate, Pareto optimal

Table 2: Selected collaborative dialogue datasets that aid in studying conversational grounding at a global level.
We have not included situated datasets like SIMMC here since the related papers focus on turn level tasks like
coreference resolution, multimodal DST etc. and not on the task success.

ticipants working towards the same goal, negoti-
ation tasks involve participants with adversarial
goals trying to find a middle ground. They en-
able evaluation of grounding in more complex set-
tings, since it involves strategic interactions that re-
quire understanding of preferences and constraints
to maximise the success. An example is CaSiNo
(Chawla et al., 2021), which involves two campsite
neighbours with individual preferences negotiating
for food, water and firewood.

We also mention here another category of tasks
called situated tasks. These tasks require partici-
pants to interact with their environment to achieve
a goal. These datasets are multimodal and hence,
rich in both symbol and conversational ground-
ing, allowing us to study the interaction between
them. The SIMMUC (Situated and Interactive Mul-
tiModal Conversations) family of datasets (Moon
et al., 2020; Kottur et al., 2021; Wu et al., 2023)
is a task-oriented dataset in the shopping domain,
in which the user and assistant are in an evolving
shared virtual reality context.

Evaluation Collaborative tasks focus on global
evaluation of grounding with a proxy metric. The
collaborative tasks shown in Table 2 mainly focus
on task-specific success as the main indication that
the participants have reached common ground. In
alignment and navigation tasks, the task success de-
pends on whether the participants choose the same
entity (He et al., 2017; Udagawa and Aizawa, 2019,
2021) or reach the same location (Ilinykh et al.,
2019; de Vries et al., 2018) at the end of the game.
However, task success can be an ambiguous signal
for grounding—participants may succeed due to a
Iucky guess despite very low mutual understanding.

In a negotiation task like CaSiNo (Chawla et al.,
2021), the primary metric evaluating the conversa-
tion is the number of points obtained by the nego-
tiator based on the priority of the items obtained.
Depending on the task, other metrics like agreed %

and pareto optimal (Lewis et al., 2017; Qiu et al.,
2024) are used. These tasks also often include
subjective human evaluation which rates the con-
versation on dimensions like satisfaction, fluency,
correctness, cooperation and human-likeness (He
et al., 2017; Chawla et al., 2021). However, these
tasks do not enable us to measure how grounding is
evolving throughout the conversation. While task
success means that enough grounding is achieved,
it does not take into account the time taken to com-
plete the task at hand. Task completion without
efficiency will not fare well in real world systems.
We need to be able to measure whether the system
is capable of taking corrective measures in order
to reach grounding faster and hence successfully
complete the task. For example, a repair would
mean more turns, but once a repair is made, the
goal can be reached efficiently. In contrast, not giv-
ing enough time for grounding actions may result
in a more costly mistake later, which may result in
an unsuccessful task but with fewer turns.

5 Avenues for Research

In this section, we describe future research direc-
tions regarding the use of conversational grounding
in LLMs, its evaluation in TOD systems and its
correlation with other evaluation dimensions.

5.1 Conversational Grounding in LLMs

The first direction is to encourage LLMs to ground
better. In the context of GAs, one attempt is mit-
igation prompting, which prompts the LLM with
explicit instructions to use clarifications and ac-
knowledgements when necessary (Shaikh et al.,
2024). Although the frequency of GAs in LLM
responses increases, the agreement with how hu-
mans use GAs still remains low. Another method
involves fine-tuning by rewarding the model for
identifying the correct response and penalizing for
selecting the incorrect response in a context where
grounding is required (Mohapatra et al., 2024b;
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Acikgoz et al., 2026). The inability of LLMs to
use GAs correctly is attributed to preference train-
ing methods which specifically tune the models to
follow instructions by assuming common ground
(Shaikh et al., 2025).

Despite these efforts, LLMs still need to improve
in identifying when and what GA to use in order to
maximise the utility of performing grounding while
lowering task-related costs in the long run. Future
work should explore incorporating strategies for
grounding in the various training stages of LLMs,
anchored to Clark’s theory of grounding. With
many closed models in circulation, there is also
a need for methods to handle grounding in black-
box LLMs. An emphasis also needs to be put on
the interconnected nature of symbol and conversa-
tional grounding. Improvements in linking external
entities can reduce the need for repairs while effec-
tive clarifications can help reach symbol grounding
more accurately, helping to develop better systems
that can collaborate to achieve goals faster and
adapt to new tasks as well (Lemon, 2022).

5.2 Grounding Evaluation

When developing methods to improve grounding,
it is important to be able to evaluate their progress.
GA detection relies on turn-level ground truths and
accuracy scores to evaluate the presence of ground-
ing. It does not take into account the progress in
mutual understanding over time nor does it attempt
to explain why a given act was used in a given turn
and not another, which is an important aspect to
address in evaluation. When modelling common
ground through the mental states of participants,
we should keep in mind that dialogue is dynamic,
and different grounding behaviours can interact,
which can influence the common ground that is
established at the end of the conversation. Rather
than relying on reference-based metrics, evaluation
should attempt to measure how far the conversa-
tion might have strayed from the optimal common
ground (i.e. the minimum shared knowledge re-
quired to achieve the goal) and how much each turn
brings it closer to the common ground. It should
also focus on the system’s ability to bring the con-
versation back on track, to repair and recover from
mistakes, and not just whether they make a mistake
or not (Benotti and Blackburn, 2021).

Metrics that are model-agnostic and can be eval-
uated directly on the conversation are inevitable.
An interesting approach can be to analyse internal
representations of conversations to extract latent

features that may act as evidence that correlate to
grounding. Learning these representations could
help detect the presence and level of grounding
from the conversation itself.

5.3 Correlation of Grounding with Other
Factors

Defining and evaluating a good conversation is not
trivial. In TOD, task success rate, user satisfaction
(Walker et al., 1997) and its objective counterpart,
interaction quality (Schmitt et al., 2011) are some
of the metrics used to evaluate the conversation.
For better insights into the system performance,
it would be interesting to study how the level of
grounding impacts these metrics and find the right
balance between them. A system that constantly
clarifies may achieve perfect task success but can
frustrate users, reducing satisfaction. On the other
hand, a system that does not ground at all might
come across as very efficient to the user while the
task solution does not meet the user requirements.
Correlation of grounding with other dimensions
like trust, skills of the participants and the dia-
logue strategies, to name a few, can also be studied.
Whether the system is able to build a representation
of the speaker in addition to that of the conversa-
tion can be interesting to explore. For example, a
skilled participant can adapt to the listener’s exper-
tise to decide what information to introduce and
how much it needs to be grounded for the con-
cerned task. This could improve the perceived trust
of the participants in each other to solve the task.

6 Conclusion

As the community moves toward more capable
agents, conversational grounding remains a crucial
aspect in the path forward. Even though LLMs
generate very fluent responses, a key factor for ef-
fective human-machine collaboration is the ability
to pause, reflect and ground the conversation, rather
than making assumptions about the context.

In this paper, we have highlighted various meth-
ods for modelling conversational grounding in re-
cent systems, how they are used in the evaluation of
grounding and the challenges they face. Progress
in grounding capabilities requires evaluation frame-
works that can test different grounding scenarios
(recovery from mistakes, identifying and clarifying
ambiguity, etc.), measure the balance between the
level of grounding and other evaluation dimensions
and account for the interaction between symbol
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and conversational grounding. To that effect, we
have suggested a few promising research avenues
for the community to consider, that motivate more
rigorous, robust and model-agnostic metrics for
conversational grounding.

Limitations

While this paper is a survey on the evaluation meth-
ods of conversational grounding in LLMs, it is not
exhaustive. Our aim is to provide a general un-
derstanding of conversational grounding, how it
is commonly modelled and associated evaluation
techniques. Several works focusing on only a sin-
gle aspect of grounding (e.g. acknowledgements or
repairs) have not been included. Interested readers
can refer to Di Maro (2021) for a comprehensive
overview of works studying each of the original
grounding acts. Similarly, much work has been
done on dialogue state tracking, including several
surveys (Jacqmin et al., 2022) which explore this
topic in depth.
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A Appendix

Table 3 shows the different grounding acts used in
recent literature, further categorized into one of the
seminal set of grounding acts by Traum and Allen
(1992) and additional finegrained acts by Roque
and Traum (2008).

162


https://doi.org/10.1609/aaai.v33i01.33017120
https://doi.org/10.1609/aaai.v33i01.33017120
https://doi.org/10.1609/aaai.v33i01.33017120
https://doi.org/10.1162/tacl_a_00409
https://doi.org/10.1162/tacl_a_00409
https://doi.org/10.3115/976909.979652
https://doi.org/10.3115/976909.979652
https://doi.org/10.18653/v1/2025.emnlp-main.1104
https://doi.org/10.18653/v1/2025.emnlp-main.1104
https://arxiv.org/abs/2409.18968
https://arxiv.org/abs/2409.18968
https://arxiv.org/abs/2409.18968
https://doi.org/10.18653/v1/2024.acl-long.473
https://doi.org/10.18653/v1/2024.acl-long.473
https://doi.org/10.18653/v1/2024.acl-long.473
https://aclanthology.org/W13-4065/
https://aclanthology.org/W13-4065/
https://doi.org/10.1016/j.csl.2006.06.008
https://doi.org/10.1016/j.csl.2006.06.008
https://doi.org/10.1016/j.csl.2006.06.008
https://doi.org/10.18653/v1/2023.acl-long.345
https://doi.org/10.18653/v1/2023.acl-long.345
https://doi.org/10.18653/v1/2023.acl-long.345
https://doi.org/10.1109/TPAMI.2025.3630635
https://doi.org/10.1109/TPAMI.2025.3630635
https://doi.org/10.1109/TASLP.2023.3293030
https://doi.org/10.1109/TASLP.2023.3293030
https://arxiv.org/abs/2501.17348
https://arxiv.org/abs/2501.17348

Grounding Acts

Term used in recent literature

Description

Associated Papers

Initial utterance that proposes information to be

INITIATEx grounded (the presentation phase) Mohapatra et al. (2024a,b)
Restart Reset a c.onversatlon and reinitialise the same Shaikh et al. (2025)
information to ground
CONTINUEx Continuation of the previous act from the same Mohapatra et al. (2024a,b)
speaker
ACKNOWLEDGEX Acknowledgeme.nt of the presented information to Mohapatra et al. (2024a,2)
show understanding
Acknowledgement Explicit use of utterances like Okay, Yeah etc. Shaikh et al. (2024, 2025)
REPAIR* Correction of a previous utterance Mohapatra et al.
(2024a,b); Shaikh
et al. (2025); Sarkar et al.
(2025)
Reformulation Repeats or restates the query in other words due to Shaikh et al. (2025)
a failure to ground
REQREPAIR* Request a correction explicitly Mohapatra et al.
(2024a,b); Sarkar et al.
(2025)
Clarification Further clarification asked by interlocutor Shaikh et al. (2024, 2025);
Schneider et al. (2024);
Jokinen et al. (2024)
REQACK+ Request an acknowledgement from the other Mohapatra et al. (2024a,)
interlocutor
CANCEL% uArzztmdons the grounding in the current discourse Mohapatra et al. (2024a,b)
Presenting a piece of information that has not yet
SUBMIT} .
been mentioned and has no assumed values
REPEATBACKY Repeat th‘e same information back as a form of explicit Mohapatra et al. (2024a,b)
confirmation
Information already presented is corrected (shows
RESUBMITY . .
negative evidence)
MOVE ONT Move to the next step in the conversation
Next turn Utter a re%evant next turn to move forward in the Shaikh et al. (2025)
conversation
USET Use the information provided Mohapatra et al. (2024a,b)
Follow-up Ask for elaboration on a prior utterance Shaikh et al. (2024, 2025)
LACK OF RESPONSE Neither pa‘mmpant gives a response for a given
length of time
Other Overresponse Response contains more information than what was asked | Shaikh et al. (2025)

Table 3: Grounding acts categorization based on Traum and Allen (1992) (x) and Roque and Traum (2008) ().
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