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The process of "conversational grounding" is an interactive process that has been studied extensively in cognitive science, whereby participants in a conversation check to make sure their interlocutors understand what is being referred to. This interactive process uses multiple modes of communication to establish the information between the participants. This could include information provided through eye-gaze, head movements, intonation in speech, along with the content of the speech. While the process is essential to successful communication between humans and between humans and machines, work needs to be done on testing and building the capabilities of the current dialogue system in managing conversational grounding, especially in multimodal medium of communication. Recent work such as Benotti and Blackburn [3] have shown the importance of conversational grounding in dialog systems and how current systems fail in them which is essential for the advancement of Embodied Conversational Agents and Social Robots. Thus my Ph.D. project aims to test, understand and improve the functioning of current dialog models with respect to Conversational Grounding.

INTRODUCTION

In linguistics, Clark and Brennan. [START_REF] Clark | Grounding in Communication[END_REF] propose the concept of "common ground" -the mutual knowledge and mutual assumptions that are essential for successful communication. This common ground is accumulated over the course of a conversation and is built via words, of course, but also through the use of other modalities: pointing to objects in the environment, nodding to indicate that one has understood, and staring at the speaker to indicate that one needs more information, as pointed out by Nakano et al. [START_REF] Nakano | Towards a Model of Face-to-Face Grounding[END_REF]. This interactive process of building a common ground during a conversation by making sure that the interlocutors have understood the information that is being exchanged is called conversational grounding. One way of thinking about this is that these units have an underlying uncertainty which is negotiated and removed by the participants before getting added to the shared information. The uncertainty comes from ambiguities that could be in the form of spatial references like "that car" or event references like "that was funny". These uncertainties are solved through negotiations by providing additional information such as providing further context like "the big one next to the Ferrari" or by asking for clarifcations by the listener such as "You mean the blue one?". The speakers also make sure that the listener has understood by looking at the behavior of the listener, such as if the listener is staring at them confused, and providing them with additional information to remove the ambiguity. A grounding mechanism in a dialog system deals with removing the ambiguity between the user and the agent while creating a local common understanding among them. This ambiguity could be cleared both when the model is acting as the speaker by sensing the lack of understanding from the listener and providing them with additional information or when the model is acting as the listener by asking for clarifcations when necessary. Without a good grounding mechanism, conversations would not be robust and would often lead to misunderstandings. In fact, this is evident in the state-of-the-art dialogue systems that are increasingly using Large Language Models(LLM) as the Natural Language Understanding and Natural Language Generation modules. These LLMs are incapable of retaining and understanding all the information exchanged with the interlocutor during a session of conversation, as shown by Benotti and Blackburn [START_REF] Benotti | Grounding as a Collaborative Process[END_REF]. They are also shown to be not very efective at making sure that the listener has grounded the information. MindCraft [START_REF] Bara | MindCraft: Theory of Mind Modeling for Situated Dialogue in Collaborative Tasks[END_REF] further emphasized the importance of common ground in a situated dialog i.e. a dialog that takes place in a physical environment either real or simulated. Hence building a good grounding module is an essential part of any dialogue system. However, most of the prior research in the area has been conducted using rule-based models and has not been integrated into today's LLMs that were trained using alignment [START_REF] Ouyang | Training language models to follow instructions with human feedback[END_REF] and trained to perform zero-shot learning like Llama [START_REF] Touvron | LLaMA: Open and Efcient Foundation Language Models[END_REF], ChatGPT [START_REF] Openai | Introducing ChatGPT[END_REF] and GPT4 [START_REF] Openai | [END_REF]. Integrating the two types of models could help us overcome the issues of generalization in rule-based models and issues of robustness in LLMs.

Benotti and Blackburn [START_REF] Benotti | Grounding as a Collaborative Process[END_REF] further emphasize that grounding can be divided into two categories -(i) Symbol Grounding: the set of capabilities that link symbols with perceptions. Here one tries to accurately link the system's linguistic representation with its sensor data in the real world. (ii) Conversational Grounding: the process of seeking and providing incremental evidence of mutual understanding through dialogue, and repairing them in cases where there is no mutual understanding. While much research is being undertaken on symbol grounding, especially by roboticists, conversational grounding remains a major challenge for the advancement of truly intelligent dialogue systems.

Moreover, today most dialog systems use LLMs for processing the conversation which are text-only models and do not take into consideration the multi-modal aspect of grounding in situated environments. These situated features include non-verbal behaviors such as head nods and stares, para-verbal behaviors such as intonation, volume, and pauses, and interaction with the environment such as pointing and describing the locations in the spatial context. Removing the information present in intonation can lead to the introduction of ambiguities in the models. For example, an utterance that repeats the previous utterance can either be a confrmation of the previous utterance or a question for clarifcation depending upon the intonation. Grounding in such a context becomes even more challenging as compared to just text-based models. While text-based large language models are able to take advantage of the vast resources of data available publicly for their training, such multimodal data of daily human interactions are scarce and thus need models with the ability to ground the conversations in such low-resource settings. These capabilities would be essential for creating social robots that can interact with humans in the physical environment.

The goal of this PhD project is thus to enable robust conversational grounding for contemporary dialog systems. The work will build on prior research, in modular dialogue systems, that did deal with conversational grounding. However, since the majority of the previous work has been done using symbolic models that are hard to generalize, the work will take advantage of recent developments in artifcial neural-network-based LLMs that are trained on a vast amount of textual data that was scraped from the internet. These models have shown the ability to generalize to new scenarios, however, their efectiveness in dialog systems is yet to be completely tested. The project not only aims to look at multimodal inputs but also eventually will look into generating multimodal outputs with respect to conversational grounding which would be essential for Embodied Conversational Agents and Social Robots.

BACKGROUND AND RELATED WORK

An immense amount of work has been done in addressing the issues of grounding in conversational systems, especially in rulebased modular dialog systems. The proposal of Common Ground in conversations [START_REF] Clark | Grounding in Communication[END_REF][START_REF] Clark | Contributing to Discourse[END_REF] became the basis for further work which looked into the various aspects of grounding. Grounding is difcult because overlapping utterances might be pointing to diferent information. In other words, interlocutors might start exchanging a piece of new information before going back to the previous information in a short span of period making it tough for our Language Models to process them. The information is grounded only when both parties involved agree to it. However, this agreement is not always shown explicitly. The interlocutors have to look for signs of understanding from the other person. Reaching an agreement could thus require solving some uncertainties present in the information. [START_REF] Clark | Grounding in Communication[END_REF] described 4 states of uncertainty :

(1) B didn't notice that A uttered any u.

(2) B noticed that A uttered some u.

(3) B correctly heard u. (4) B understood what A meant by u.

Paek and Horvitz [START_REF] Paek | Conversation as Action under Uncertainty[END_REF] later proposed similar work which stated that uncertainties work at diferent hierarchical levels of mutual understanding: Channel Level, Signal Level, Intention Level and Conversation Level. Both [START_REF] Paek | Conversation as Action under Uncertainty[END_REF] and [START_REF] Clark | Grounding in Communication[END_REF] show the importance of creating a hierarchy of understanding to truly solve the issue of conversational grounding in the spoken dialog system.

Clark [START_REF] Clark | Grounding in Communication[END_REF] also emphasized the diference in grounding for the diferent mediums of conversation. While text-based conversations such as messages have all the information provided through a single modality, the information gets divided into diferent modalities as they increase in number. Dialogs happening over the phone provide new information through acoustic features. Face-to-Face interactions bring additional visual information that plays an important role in grounding [START_REF] Nakano | Towards a Model of Face-to-Face Grounding[END_REF]. Kontogiorgos et. al. [START_REF] Kontogiorgos | Estimating Uncertainty in Task-Oriented Dialogue[END_REF] have demonstrated that uncertainty in face-face interaction is generally represented through non-verbal signals such as eye-gaze. Dimosthenis and Joakim [START_REF] Dimosthenis | Measuring Collaboration Load With Pupillary Responses -Implications for the Design of Instructions in Task-Oriented HRI[END_REF] found that listeners' gaze was observed to be a dominant indicator of speakers' perception of grounding, and led to increased joint-attention with every new speaker utterance. At the same time, even if the fragmented construction of utterances causes additional cognitive load for speakers, instructing entire units of information in a single utterance was not observed to be necessarily efective.

In order to solve these problems of mutual understanding, Traum [START_REF] Rood | A Computational Theory of Grounding in Natural Language Conversation[END_REF] proposed the concepts of Grounding Acts. Grounding Acts paved the way to discretize the phenomenon of grounding into basic units. They also provided a way to create the hierarchical level of understanding as discovered in other mentioned work. The seven categories of Grounding Acts help us understand when a piece of information is considered grounded in the common ground. Each unit of grounding information starts with an initiation and is grounded after an implicit or explicit acknowledgment. Later, Roque and Traum [START_REF] Roque | Degrees of Grounding Based on Evidence of Understanding[END_REF] emphasized that the Grounding Acts could also help us in understanding the degree of uncertainty in a dialog.

However, the work by Traum and Allen [START_REF] Traum | A "Speech Acts" Approach To Grounding In Conversation[END_REF] was done on a simple task-oriented dialog which could be narrowed down to a list of key-value pairs that needed to be extracted from the dialog. Not much work was done on open-domain dialogues that have a fnal task as an objective i.e. the number of topics on which one can converse is not fxed. Such task-based dialogues which require back-and-forth information exchange on unanticipated domains or referents are very common in day-to-day life and require a diferent approach to solve them.

Moreover, Grounding Acts only help us understand when something might be grounded. They do not provide us with much information on how to represent and work with grounded information. The grounded information must be devoid of ambiguities wherever needed, especially regarding the references being made. Grosz et al. [START_REF] Joshi | Towards a computational theory of discourse interpretation[END_REF][START_REF] Grosz | Providing a Unifed Account of Defnite Noun Phrases in Discourse[END_REF] proposed centering as a model of the complexity of the inferences required to integrate the meaning of an utterance into the meaning of the preceding discourse. Centering Theory was among the frst theories to provide a rule-based structure to determine the ambiguities in a discourse. However, this theory was intended for discourse and not particularly for dialogues. Domain Reference Theory [START_REF] Denis | Generating Referring Expressions with Reference Domain Theory[END_REF] tried to resolve the issues present in theories made for discourse. It looked into the major problems with other theories which made them difcult to implement in dialogues including the three major issues -i) most of the theories look into references from the point of linking operations to previously mentioned referents which is not always the case as can be seen for bridges. "I am cooking. Come here" has "here" referring to the kitchen which has not been mentioned previously. ii) Reference resolution relies not only on discursive information but equally on conceptual and visual information. Thus, using a model based on text-based dialogues doesn't provide the entire context. iii) Referring is not only considered as identifying a referent but also imposing a particular point of view on the referent and the manner it has been isolated within a set of potential referents. "the big ball" which was once used to describe a particular ball can be used to refer to it in the future. The Domain Reference Theory considers reference domains that consist of attribute-value pairs minimally including a unique identifer and a type. Most of the above work has been done in a symbolic setting which generally performs great under closed-world tasks but shows its weaknesses when asked to generalize to other tasks without any additional efort.

Some recent works have tried to focus on Reference Centric Multimodal Models by leveraging the success of artifcial neural networks in recent times. [START_REF] Fried | Reference-Centric Models for Grounded Collaborative Dialogue[END_REF] tries to use an end-to-end neural network-based model for solving multimodal referencing problems. Recent work on generative agents has shown the potential of LLM in interaction environments. In the work by Park et al. [START_REF] Joon | Generative Agents: Interactive Simulacra of Human Behavior[END_REF] Multiple agents were created and provided an identity initially. One of the agents was provided with the task of organizing a valentines party in a sandbox environment. The agents had a memory module and used LLMs to decide the importance of diferent memories. The agents demonstrated capabilities of planning relevant events and executing them through human-like interactions. However, the work is in a virtual environment with artifcial agents in action which does not mimic all the behaviors of human dialogues, especially, conversational grounding since they do not use utterances in realtime leading to much simpler conversational exchanges between the agents. While this work provides an insight into the capabilities of LLMs, more work needs to be done for conversational grounding.

RESEARCH QUESTIONS

In line with the previous motivation and related work, my Ph.D. research aims to study and develop a framework for incorporating multimodal conversational grounding capabilities into dialog systems, which have increasingly used Large Language Models for processing conversations. We ask the following questions -(1) How good are current Large Language Models with respect to multimodal conversational grounding and where could they be improved? (2) How can multimodal context (for example, a scene that interlocutors are viewing) be inserted into the LLMs to help in conversational grounding? (3) How can the grounded information be represented and stored efciently in order to use them with Large Language Models?

(4) How can the models better negotiate a piece of information during the conversation before grounding them? (5) How can we generate multimodal output to reduce ambiguity during the negotiation phase of grounding and make sure that the listener has grounded the information?

RESEARCH PLAN

In order to carry out the work on multimodal conversational grounding, we needed a dataset that had the following qualities -

• a corpus containing multimodal data of human-human spoken conversations with ego-centric view of both the participants to help model grounding in real life. • The data should contain various examples of references to objects established in common ground, which requires tasks that engage participants for longer periods of time and where they perform the act of conversational grounding more often.

Recently, the Meetup [START_REF] Ilinykh | Meet Up! A Corpus of Joint Activity Dialogues in a Visual Environment[END_REF] dataset was released where two participants were put on a 2D grid. Each vertex contains a room and the participants are tasked to reach the same room. They can only see their own rooms. When participants move east, west, north, or south, they go to a new room and the image of that room pops up. In order to meet in the same room, they have to describe the rooms to the other participant, discuss a strategy to meet at the same point, remember the rooms described by the other participants and create a mental model of the rooms of the other participant. Thus it is an excellent dataset to help us study and build models for grounding.

Testing the Capabilities of Dialog Systems

Current language models do not have architectures to take into consideration the possibility of negotiations, clarifcations, or requests for clarifcation during the conversation. They treat the entire dialog history as one unit where utterances are arranged according to the time. However, many of these dialogues contain overlapping utterances, and multiple independent pieces of information might be exchanged at the same time. This property of natural spoken dialog makes them unique. Since, the advent of LLMs, dialog models have been able to take advantage of their capabilities to generate grammatically and semantically correct utterances. However, their performance in phenomena that are specifc to dialogs such as conversational grounding has not been studied. Hence, we are currently doing a thorough study of their performance with respect to grounding phenomena. We have therefore taken our annotations of the Meetup dataset and given them to a number of state-of-the-art LLMs in order to test the various grounding phenomenons such as Clarifcation, Cancellation, Acknowledgment, Reference Resolution etc. For now, we are incorporating the image information by providing their descriptions to the LLMs in the form of text.

Representing and Storing the grounded information

In order to negotiate and ground the information exchanged during a conversation, we need a good and efective way to represent the grounded information. In order to represent the grounded information, we might need to remove the ambiguities that come in the form of references wherever necessary. While humans remove the ambiguities only when it is necessary to establish certain information, models do not have an inherent understanding of when to remove such ambiguities during a conversation. Thus building models to help the agent in taking the decision of when to negotiate the ambiguity of the information with the interlocutor becomes essential for conversational grounding. In order to build such models, there exists a lot of scope for incorporating reasoning and inferring capabilities into conversational grounding by inducing worldly prior knowledge into them to reduce the ambiguities, especially since the advancement in pre-trained LLMs. Additionally, the multimodal information from the conversations also helps us to fgure out the intents of the utterances which in turn helps us remove ambiguities before storing the grounded information. Finally, once we decide to ground a piece of information, the task of exploring ways to store the common ground efectively in order to use them during the dialog generation with less inference time becomes an important topic that the project will look into.

METHODOLOGY

In order to execute our research plans as discussed above we are currently working on the following topics :

(1) Our frst work is to annotate two publicly-available dialog datasets with Grounding Acts(GA) and Common Grounding Units(CGU) that are inspired from Traum [START_REF] Traum | A "Speech Acts" Approach To Grounding In Conversation[END_REF]. This includes a spoken dialog corpus named Spot the Diference [START_REF] Lopes | The Spot the Diference corpus: a multi-modal corpus of spontaneous task oriented spoken interactions[END_REF] and Meetup [START_REF] Ilinykh | Meet Up! A Corpus of Joint Activity Dialogues in a Visual Environment[END_REF]. Annotation of the utterances into Grounding Acts and grouping them into diferent units containing one single independent unit would help us fgure out the real challenges of grounding for our models and will also provide us with more data to solve the issues. (2) We are using the annotated utterances to study the large language models and understand if they are able to fgure out the intention behind an utterance which could be to repair one of the previous information being provided, cancel previous information, add new information, ask for clarifying new information etc. Creating a way to look into the performance of these models with respect to Grounding Acts will thus provide us with an important peek into the strengths and weaknesses of these models when it comes to using them for dialog systems.

PRELIMINARY RESULTS

As of now, we have already annotated the Meetup Dataset with Grounding Acts(GAs) and Common Grounding Units(CGUs). The annotations were done by two individuals with a background in computational linguistics. The Inter-Rater Reliability on the annotation was 0.74. The annotation came with its own challenges but also helped us provide great insights into how conversational grounding works in such natural day-to-day conversations.

During the annotation of CGUs, we noticed 27 instances where a particular CGU was re-opened after being grounded. While 11 of the instances had a time diference of more than 10 seconds, the maximum time between when a CGU was grounded and then re-opened was 1 minute 9 seconds(keeping in mind the overall conversation was never more than 3 minutes in the dataset). While most of the CGUs were grounded one utterance later(1599 such instances), the longest CGU was grounded after 13 utterances from its initiation. This shows the need for long-term memories and the ability to edit them in our dialog systems. There were 32 instances where the dialogs were not conclusive enough for the annotators to decide if the information should be grounded or not. These generally contained instances where one participant provides multiple information and asks a few questions together while the response from the other participant is ambiguous regarding the specifc question that it was answering. This provokes the need for our models to have the capability to discuss and remove ambiguities whenever necessary. Further, in 23 instances, the annotators had to change their annotation for a particular utterance after looking at future utterances. The utterances were ambiguous and didn't belong to any particular category until we looked at the next few utterances further down.

The work on testing the Large Language Models is currently undergoing. We have created various test cases using the Meetup annotated dataset to test diferent LLMs. We are testing T5 [START_REF] Rafel | Exploring the Limits of Transfer Learning with a Unifed Text-to-Text Transformer[END_REF], Godel [START_REF] Peng | GODEL: Large-Scale Pretraining for Goal-Directed Dialog[END_REF], Llama [START_REF] Touvron | LLaMA: Open and Efcient Foundation Language Models[END_REF], GPT3.5 and GPT4 [START_REF] Openai | [END_REF]. Since, we have the models of T5, Godel and Llama, we fnetuned them on the meetup dataset and tested both the vanilla and fnetuned versions. For each phenomenon, we took a real instance from the Meetup dataset and made slight changes like the addition of a new question at the end and then checked the perplexity of the model for the correct and wrong responses. All our inputs contain the prior information providing instructions about the situation of the two participants, the rules of the game and the description of the images that the participants are looking at. The image descriptions can be also found in between utterances when participants change a room.

As can be seen in Table 1, the preliminary results show most of the models struggling with diferent phenomena. GPT 3.5 by far performs the best but still struggles in Request Acknowledgment and Cancellation showing their tendencies to answer the obvious answers like a 'yes' when a yes-no question is asked. Similarly, they lack the ability to remove a piece of information from the grounded information when they are canceled. While the fnetuned models have a lower perplexity as compared to the vanilla models, the perplexity is low for both the correct and the wrong utterances. Hence, while fnetuning does help the model and the model has higher probability of generating utterances that are like the ones spoken in the task, it doesn't make the model understand the pragmatics of the dialogs which are shown through the Grounding Acts.

FUTURE WORK AND CONCLUSION

Our tests have shown that current LLMs still lack in abilities to ground conversations. In order to solve this issue, I am planning to build modular dialog systems that break this complex problem into smaller units. The frst module would categorize the utterances into diferent grounding acts and group them into grounding units. This would assist our generator models in focusing on the important utterances. Soon, we will start with the modeling of Common Grounding Units and Grounding Acts using the annotated data. We also plan to test the models on other phenomena like uncertainty and anaphora references. The study will help us understand the current issues of the models and also help us focus our attention on solving them. During the fne-tuning of our models with the meetup dataset, we soon realized that memory is an important issue in today's Language Models that need to be resolved as well. Thus we will look into representing and storing the grounded information over a longer period of time which is crucial for a robust dialog model. We will also look into working directly with images instead of converting the images to descriptions and then using them with LLMs.

Table 1 :

 1 Results of ratio of test cases where correct utterance had lower perplexity

	Model	Repair Cancel Request-Acknowledgment Request-Repair
	T5	9/20	11/20	13/20	10/20
	Godel	8/20	13/20	9/20	10/20
	T5 -Finetuned	9/20	11/20	8/20	10/20
	Godel -Finetuned	7/20	10/20	9/20	9/20
	GPT 3.5	16/20	11/20	11/20	17/20
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