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ABSTRACT

We describe a class of tasks called decision-oriented dialogues, in which Al
assistants such as large language models (LLMs) must collaborate with one or
more humans via natural language to help them make complex decisions. We
formalize three domains in which users face everyday decisions: (1) choosing an
assignment of reviewers to conference papers, (2) planning a multi-step itinerary
in a city, and (3) negotiating travel plans for a group of friends. In each of these
settings, Al assistants and users have disparate abilities that they must combine
to arrive at the best decision: assistants can access and process large amounts of
information, while users have preferences and constraints external to the system.
For each task, we build a dialogue environment where agents receive a reward
based on the quality of the final decision they reach. We evaluate LLMs in self-play
and in collaboration with humans and find that they fall short compared to human
assistants, achieving much lower rewards despite engaging in longer dialogues.
We highlight a number of challenges models face in decision-oriented dialogues,
ranging from goal-directed behavior to reasoning and optimization, and release our
environments as a testbed for future work.

1 INTRODUCTION

N Mediation——
Group Scheduling

Planning

Travel Planning

—— Assignment
Conference Reviewer Matching

Book a set of flights that respect
individual and group constraints

Plan an efficient itinerary the user

Assign suitable reviewers for
would enjoy

conference papers
site locations and features individual constraints and flights  global visibility

matching preferences preferences

::DD ::
v g | gv—1tp
& = &

matching preferences

g B

Travel Ideas

Tim and Spencer could be good
fits for the RLHF paper.

I don't think Tim is working
on RL anymore, would Cordelia
be a viable match instead?

She's the only person who
can review MT.

Hi! I want to check out the
Guggenheim but other than
that, hang out at cafes...

How about this itinerary?

I don’t like Italian food
unless that place is notable?

Could we all arrive before
Friday 5pm?

I prefer Saturday but I could
make Friday work if Claire
wants that.

Figure 1: Overview of the three collaborative dialogue tasks that we consider. In Assignment, two
agents with symmetric access to information play the role of area co-chairs assigning reviewers to
conference papers. In Planning, an assistant collaborates with a user to help them plan an itinerary.
In Mediation, an assistant must chat with multiple separate users to help them resolve a group
scheduling problem.
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Imagine that you are trying to book conference travel with the help of a digital assistant. Your choice
of airline is flexible, but you’d rather avoid layovers, want to arrive a day or two before the conference
begins, and would like to be able to check in to your hotel as soon as you arrive. Additionally, you’re
in charge of booking travel for a few of your colleagues, each of whom has their own preferences and
budgets, some of whom will be flying in from different cities, but all of whom would like to arrive
at roughly the same time and stay in a nearby area. Suddenly, you must manage and communicate
about a combinatorial explosion of possible itineraries.

Similar optimization problems occur in many everyday situations. Consider consulting a friend about
what computer they’d recommend with the best tradeoff of features for your use cases. Or trying to
allocate funding from multiple grants to determine which students should work on which projects,
while juggling student preferences. Or making strategic decisions with your colleagues about which
projects your company will take on and who to hire to manage those projects. All these situations
share an underlying decision problem in the face of uncertainty, where collaborating with others is
often critical to arrive at the best solution.

Difficult decision problems like these are precisely where Al assistants could shine. Automated
systems can handle large amounts of information and complex computations much better than humans.
For example, in cases like travel booking, they can quickly search over a large number of possible
itineraries and compute total costs in a way that the average user cannot. They may also be able
to efficiently reason under uncertainty about the expected value of decision-relevant information,
helping them determine what information may be important to share with or request from the user. On
the other hand, these decisions cannot be fully automated either. Al assistants complement humans’
knowledge and capabilities: people know their preferences and may have other knowledge external
to the system, including knowledge about fuzzy real-world constraints that are difficult to formalize
in a computer-readable format. To solve these problems, systems need to communicate with users,
ideally with a flexible interface such as natural language. However, there is limited existing work
evaluating model performance in these types of conversational settings. In this paper, we develop a
challenging suite of decision problems in which multiple agents must collaborate with each other and
make decisions via natural language. We then benchmark the abilities of language models on these
tasks and release datasets and environments to encourage future modeling work in this area.

We begin by formalizing the setting of decision-oriented dialogue, a class of tasks in which multiple
agents must communicate in order to arrive at a joint decision, perhaps from a combinatorially large
space of options. Agents in these tasks are jointly rewarded according to the quality of the decision.
Each agent starts out with different information: for example, the user knows their own travel
preferences, while the Al assistant has a database of flight and hotel prices. Sharing their information
allows them to better assess different travel plans. Critically, the large amount of information makes
it unnatural and inefficient for assistants to communicate all of their knowledge to users, or vice versa.
Instead, agents must determine what their partners already know and what information is likely to be
decision-relevant, asking questions and making inferences as needed.

Within this class of tasks, we present three everyday domains where humans and agents must
collaborate in order to make complicated decisions. (1) In Assignment, two agents take on the role of
conference area chairs, assigning reviewers to conference papers when each agent has only has partial
information about reviewer—paper fit. (2) In P1lanning, an assistant with knowledge of a city must
assist a human with building an itinerary based on their preferences. (3) In Mediation, multiple users
must collaborate with an assistant in order to resolve group scheduling challenges. For each task,
we specify an objective measure of utility based on the quality of the final decision. We first collect
human—human dialogues in order to establish a reference point for how humans naturally collaborate
with each other. These are long dialogues, averaging 13 messages over 8 minutes (Table T). We then
develop extensible environments for evaluating language models on each task.

We use these environments to benchmark the relative performance of GPT-3 (Brown et al.| 2020) in
collaboration with humans, along with additional experiments in self-play and in a novel evaluation
procedure known as prompted self-play, in which Al agents complete partial human dialogues. We
then identify several common failure modes of GPT-3 and provide analyses of self-play dialogues.
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2 TASK FORMULATION

We formalize adecision-oriented dialoguéDoD) task as a multi-agent problem consisting of a
set of agents, an underlying world st&te each agent's partial and possibly noisy observafdon

a set of legal messages " M (analogous to actions in an Markov decision process), a reward
functionR with parameters that evaluates decisions, and a communication cost fun€tiorhe

goal of a decision-oriented dialogue is to nd a decision that maximizegile minimizing the
communication cost functio@. W remains xed throughout the dialogue. Our problem can be
thought of as a decentralized partially observable Markov decision process (Dec-POMDP; Bernstein
et al| | 2000) in which actions are messages and formal decisions.

An agenti's policy ; maps its known informatio®; and the dialogue histomymy;:::m; ixto

anew message;: ; mg 10;;rmq;:::m; (X . Agents send messages by sampling from their
policy. Messages may specify a recipient if the number of agé2tsand are expressed in natural
language except for three special formal messages: a proposed decision, a formal acceptance of a
decision, and a formal rejection. If an agent sends a proposed decision message and all other agents
respond with a formal acceptance, the dialogue ends.

To illustrate the information in a DoD, consider the task of planning a travel itinerary that satis es
a user's preference®lanning, as shown in Figure 1, middle). We represent the underlying world
state as a weighted grapt ~ V; E;w whose vertices are potential destinations. A decision is

a pathW “in W, representing the itinerary. Higher-weighted paths are better and the agents must
communicate to improve their knowledge of the edge weights.

In general, we represent the world stifeas a weighted graph and the possible decisions as subgraphs
W "that satisfy task-speci ¢ constrainisEdges and vertices W have weightsv ¢; ;w v; that
represent rewards (which may be negative) for including thew inThe optimal decision for this
world state is a subgrapl' "N W that maximizes the reward
R W' = wv = we 1)
v'W-" e"W-~
In principle, the reward function could be any functiorMéf, but we focus on the linear objective

(1). For most practical tasks, the constrained optimization problem could then be expressed as an
integer linear programming problem and solved using standard algorithms. We assume edge and

vertex weights are determined by their features, represented by feature vectdrsR¥, so that:
T T
WV Vi W € €j 2)
where is a preference vectér.

The hard constraints dV "and the form of the objective are treated as common knowledge. However,

the world stat&V —in particular the feature vectors and the prefereneess only partially observed

by each agent. Therefore, crucially, agents must exchange messages in order to reduce their respective
uncertainties about the optimization problem. However, there is a cost to communicating (e.g., time
or effort), which agents must trade off with their desire to achieve a good decision. Thus, the overall
objective function for a DoD is:

maxR W~ = C m; (3)
W-Sm t

subject tatask-speci ¢ constraints oV "N W

Other collaborative or task-oriented dialogue tasks are typically evaluated on coarse metrics such
as success rate (Li et al., 2016), which measure whether a system accomplished its user's goal. In
contrast, the reward in a DoD providegimdedmeasure of communication success, measuring how
close to optimal a nal decision is.

1Representint‘W as a graph lets us model most discrete optimization problems. A more general formulation
could assume an unstructured world state; agents would communicate about random variables representing
unknown guantities in the world state, rather than features of an underlying graph.

*To reward edges between similar or dissimilar vertices, one could de Bg vi j v, for
example.
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Figure 2: An annotated example of a human-human dialogue and a model-model self-play dialogue
with GPT-3 inPlanning. While humans generally exhibit diverse and exible strategies and reach
good solutions, self-play dialogues tend to be repetitive, and the assistant makes mediocre proposals
and often hallucinates. We discuss more analysis in §7.

3 THE DialOp ENVIRONMENTS

We introduce three everyday collaborative decision-making domains formalized as DoD tasks. To
instantiate them, we releaBgalOp, an open-source suite of decision-oriented dialogue environments
For each task, we implement a text environment to evaluate models in self-play (as in §6.2), a graphical
Ul to build human user interfaces for data collection (as in 84), and a uni ed interface between the
two to evaluate models in collaboration with humans (as in 86.1). An example dialogue for one
task is highlighted in Figure 2, and example dialogues for every task can be found in Appendix C.
In Appendix B.1, we describe how each task can be formalized as a DoD task. Here, we describe
how we implement the environments at a high level, with more details provided in Appendix B.2.

In contrast to other dialogue tasks where evaluation is based on supervised datasets, we procedurally
generate each game by sampling the parameters of the underlying decision problem (e.g. the reward
parameters) to instantiate new dialogue contexts. This process enables future work to study how
models generalize: e.g. to larger optimization problems (by changing the parameter dimensions) or
new domains (by changing the “theme” while keeping the underlying parameters xed).

Agents interact with the text environments through an OpenAl Gym-like interface (Brockman et al.,
2016). Agents send messages to the environment, pre xing each with a messagmbgsage],

[propose] , [accept] , or[reject] ), which the environment parses to determine how to interpret

the message. Messages are forwarded to other agents. Proposals are parsed and scored; on the next
turn, the only valid actions for the other agents j@ecept] and[reject] . Formal rejections clear

the current proposal, and formal acceptances terminate the dialogue. Below, we describe how the
environments implement each of the decision domains we introduce.

3.1 Assignment

Our rst task is an idealized bipartite matching problem, motivated by the scenario of conference
organizers assigning reviewers to submitted papers (Figure 1, left). Although reviewer matching is
sometimes automated via approaches like the Toronto Paper Matching System (TPMS; Charlin &
Zemel, 2013), organizers often have incomplete and partially-overlapping knowledge about which
reviewers t which papers. Further, t cannot necessarily be described on an absolute scale, so when
working together on an assignment, organizers must discuss relative edge weights (“Alice would be a
better choice than Bob for paper 8”). TPMS could in principle be replaced by an Al agent that joins
this dialogue as an additional participant. We consider a simpli ed version of this problem in which
two agents must nd a one-to-one matching between reviewers and papers.
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Environment Implementation For each game, we sample a rand®m 8 table of reviewer-paper

af nity scores (edge weights). Each cell is shown to each agent with probatjiidyved 0:4, SO

that a given cell may be shown to just one agent, to both, or to neither. To discourage reviewers
from communicating af nity scores in the form of numbers—which would not be natural in the
real-world version of this scenario—we scale all scores shown to each agent by a random positive
constant, so that they are not comparable across agents but can still be discussed in relative terms
such as “X is much better than Y.” Each player observes a subset of the reviewer-paper af nity scores,
scaled by some constant unknown to them. The nal reward is the sum of edge weights in the nal
matching, normalized by the value of the best matching with the agents' pooled knowledge, computed
by assuming the values neither of them knows are the average value.

3.2 Planning

Next, we consider the scenario in which a user is planning an itinerary in a city with the assistance
of a travel agent (Figure 1, middle). While existing systems can assist with parts of travel such as
recommendation or booking, they often expect users to provide close-to-full speci cations of their
requests, rather than working toward a solution together. Ideally, systems would be able to assist
us in the comprehensive way that a human travel agent would: starting with an under-speci ed set
of “things we'd like to do,” comprehensively exploring multi-day itineraries based on the user's
preferences and domain knowledge, and iteratively re ning the plan with the user based on feedback.

Environment Implementation In each game, the assistant must propose a set of three sites. The
environment comes with a set of sites (e.g., restaurants, parks, museums). On each game, the
environment randomizes the features of each site (e.g., expected price range). The environment
also has a set of features with natural language labels (e.g., a preference for “Wi-Fi available™) and
randomly generates the user's preference vectoith s 10 nonzero elements.

To simulate the fact that people cannot quantify their actual preferences on an absolute scale, the
user only observes natural language descriptions of their nonzero preferences, without the numerical
preference weights. The assistant only observes the inventory of sites and their features. The
environment optionally provides API calls to search over sites, either via (1) a simple domain-speci ¢
language (DSL) that can query specfields (e.g. name, category, price) of a sifider  over

elds, sort_by eld values (includingdistance_to another destination), and searchtext _query

in freeform natural language or (2) a LLM prompted with examples in the DSL as query executor,
which permits simple generalizations from our DSL.

When the assistant proposes a complete or partial itinerary, the proposal reward (while unknown to
the assistant) is automatically computed for the user's convenience, including a breakdown of the
contributions to the reward from each site, travel times, and budget constraints. With this information,
the user can make judgments about aspects of the itinerary (e.g., that it is worth spending extra travel
time to visit a particularly desirable site). The game ends when the user accepts a full itindeary of
sites. The nal reward is the score of the itinerary, range-normalized by the scores of the best and
worst possiblé-site itineraries.

3.3 Mediation

Finally, we introduce a coordination scenario where the assistant serves as the role of mediator among
multiple users (Figure 1, right). The users are attempting to book ights from their respective cities to

all arrive at some shared destination at around the same time, e.g., to meet up for an event or vacation.
Assistants could be helpful to negotiate individual constraints and consider all the con gurations
ef ciently. We consider a setting whereusers can only coordinate through the single assistant. In

the task, each user wants to choose a ight that is inexpensive and avoids con icts with the user's
calendar commitments, but that arrives close to the arrival times of other users. The assistant has
access to each user's ight options and work calendar, but doesn't observe the user's personal calendar,
nor the user's preferences about which meetings are important.

Environment Implementation In each game, the assistant must coordinate ights for two users.
The environment generates a random set of personal calendar events, work calendar events, and
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Figure 3: Human-LM and self-play scores compared to human dialogues, plotted against dialogue
lengths in words. LM assistants achieve lower scores than human assistants on average, and also tend
to have longer dialogues. Models in self-play have even lower scores and longer dialogues since they
must also play the role of a cooperative user. Marginal histograms show the marginal distributions of
the # words and score. The dashed line shows the average score of a random proposal.

importance weights for each event indicating how important it is. The environment also generates a
list of ights for each user, each with randomized features for price, arrival time, and departure time.

The user observes their own personal and work calendar and ight set, while the assistant observes
the work calendars and ight sets bbthusers (but not their personal calendars, and without the
meeting importances). The assistant has one-on-one chats with each user and is allowed to talk to any
user at any time; deciding which user to talk to is itself a strategic decision. The assistant can propose
a ight to one or both users. When the assistant proposes a ight to a user, the user observes the score
breakdown in terms of missed meetings, price, and closeness to the other user's ight (when known).
The game ends when the assistant proposes a set of ights for all users and all users accept. The nal
reward is the sum of their scores, range-normalized by the best and worst possible scores.

4 DATASET

In order to study the communication strategies used by humans and establish baseline performance
numbers, we collected a set of human-human dialogues. For each task, we built a multi-player online
interface and collected high-quality human-human dialogues in randomized games using a mixture
of workers hired directly and through Amazon Mechanical Turk, resulting in a total of 409 dialogues,
consisting of 5253 messages and over 58K words across domains. Human players take a median time
of 8min 19sec across tasks. Humans achieve an average of roughly 90% of the maximum possible
score on both the assignment and planning domains, and close to 100% performance in the mediation
domain. We provide additional data statistics and example dialogues for each task in Appendix C.

Human have access to the same information as evaluated models, but presented in a graphical Ul
rather than as pure text. A side-by-side depiction of the interface for humans and models is shown in
Appendix Figure 5. In each task, each annotator played the role of an assistant or user. For ease of
play, annotators were not required to take turns, but used a chat interface where they could send a
message at any time. Consecutive messages from the same annotator were concatenated into a “turn.
Although real-world users know their own preferences, our annotators are emulating users that we
have generated programmatically, so we must tell them what their preferences are. This setup gives
us full knowledge of user preferences so that we can objectively evaluate the quality of the decision.

5 BASELINE MODELS

Future Al agents for decision-oriented dialogue may bene t from incorporating explicit reasoning over
possible world states and possible decisions. However, as a baseline approach, this paper evaluates
few-shot prompted LLMs as the Al agents. These have the bene t that they can attempt a wide variety
of dialogue interactions without the need for domain-speci c training or modeling. In particular, we
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focus our evaluations on the instruction-tur@@B T-3model known asext-davinci-003 , prompted

for each task with 1-2 human-human dialogue examples from the dataset for each task. Models
receive the same information that human annotators do, presented through a text-based environment
instead of a Ul. If models fail to generate a valid message (e.g., user simulator model attempting to
send proposals), we append the generated message to the prompt, along with any error message from
the game, and continue generating, allowing the model to revise its previous generation. Generally,
we simply prompt models with player information in context, with some exceptions we note here.
ForPlanning, we noted that models needed particularly complex reasoning to search based on the
dialogue (on the assistant side) and decide whether to accept an itinerary based on the scores (on
the user side) and implemented a ReAct-style prompting approach (Yao et al., 2023). To do so, we
augment the few-shot example dialogues in the user and assistant promgtainkdgh steps (1

am losing the most points from the travel time between events. | should reject

the proposal... "), which demonstrate how the agent can reason.Nfediation, to handle the
multi-party dialogue, we adopt a simple turn-taking strategy where we iterate round-robin through
all agents; on the assistant's turn, it is prompted witu to and chooses which user to send the
message to by generating eitieor 1.

6 EVALUATION

In this section, we evaluate how well prompted present-day LLMs can collaborate with humans
as a baseline for our task. First, we directly compare the performance of LM assistants with
human assistants at assisting human users. While human assistance is the ultimate goal, human-LM
evaluation is expensive and frustrating for human users, given the quality of current models, leading
us to introduce two automatic evaluation settings for our benchmark to ease future evaluation and
provide additional insights into model behavior: self-play and prompted self-play.

6.1 HUMAN-LM EVALUATION

First, we evaluate whether current baseline prompted LLMs can serve as effective decision-making
assistants. We recruited 13 participants (a mixture of undergraduates, graduate students, and contrac-
tors) and collected a total of 77 dialogues between these participants and GPT-3, prompted with the
information for the assistant role. In Figure 3, we show human-human and human-LM normalized
rewards against the number of words in the dialogue. We also show the performance of a naive
rule-based baseline that selects a random proposal from the set of all possible proposals.

We observed that human-LM dialogues achieved lower scores, despite being longer than human-
human dialogues. Qualitatively, participants had a frustrating experience with the LM assistant. In
initial trials, we observed that the LM assistant would often get “stuck” making similar proposals
repeatedly, leading the dialogue to fail to make progress. In these cases, users were instructed to
accept the best proposal they could get, but dialogues likely could have been much longer. We discuss
particular failure modes of LM assistants further in 87. Overall, these results suggest that present-day
LLMs are far from serving as useful assistants, despite the appearance of helpfulness.

6.2 SELF-PLAY

Since human evaluation is expensive and frustrating, we evaluate whether models can collaborate
with each other in self-play as a cheaper proxy for the benchmark, prompting another model to play
the role of the user. We prompt models with the same randomly generated task instances as the
human-human dialogues in the evaluation dataset to reduce variance, although future agents can also
generally be evaluated on new random instances generated from the environment. In Figure 3, we see
that self-play exhibits a similar trend to human-LM play: models achieve lower rewards and longer
dialogues than both human-human and human-LM pairs, suggesting that self-play is a reasonable
proxy for human evaluation. We note that self-play is a more dif cult setting than human-LM play,

as models also have to serve as cooperaibars The performance drop compared to human-LM

pairs provide a sense for how much human-LM performance could be attributed to human partners,
who could compensate for model failures e.g. by taking initiative to share relevant information or
keeping the dialogue on track to better solutions.
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Figure 4: Prompted self-play results for all three tasks, compared to human results. For each setting,
we initialize dialogues with 50% and 75% of a corresponding human game and let GPT-3 complete
the dialogue. In th@roposalsetting, we prompt the model with an entire human dialogue except for

the nal proposal and force the model to end the game. The average score of a randomly selected
proposal is shown for each task as a dashed line. (*) For reference, we also show the mean score of
models in unrestricted self-play; this differs from a 0% PSP condition, because the PSP conditions
bias the models to stop when the dialogue reaches the corresponding human-human dialogue length.

6.3 PROMPTEDSELF-PLAY

As a more nuanced proxy for human evaluation, we also propose a new mode of automatic evaluation
known asprompted self-playPSP), in which a given pre x of a human-human dialogue is completed
with model-model play. PSP provides a more ne-grained picture of model capabilities by initializing
models with a human dialogue that is already “on-track,” containing information that the human-
human pair has talked about already. This makes it easier to nd good soliftiorlels are able

to understand and reason over that information to make a proposal. Additionally, models should
be able to reason over what commitments are established or information is known by the other
agent to decide how to proceed from the pre x. For example, models ought to avoid asking about
information already implied by previous utterances—which, in PSP, include real human utterances.
Finally, prompting in this way encourages models to complete dialogues “in the style” of the human-
human pair in the pre x. As a result, PSP both tests whether models can exibly continue dialogues
demonstrating different strategies (e.g. with one agent taking most of the initiative), and whether
assistants can collaborate with a diverse range of humans, similar to population play and ctitious
self-play evaluation (Jaderberg et al., 2019; Strouse et al., 2021).

Given a human-human dialogue from our dataset, we test how models perform if they are provided
with 50% of the dialogue, 75% of the dialogue, and everything except the nal proposal, and then
continue the dialogue with self-play. We bias models to output dialogues that are approximately the
same length as the corresponding human-human dialogue by prompting them to make their nal
proposal once the number of words in the dialogue exceeds the number of words in the human
dialogue minus 25. Figure 4 shows average PSP performance for each tB&nrimg, models
perform better with additional human data in the prompt, suggesting that they are at least partially
capable of integrating information from the human-human pre x. However, there is still a substantial
gap between theroposalcondition and human-human dialogue scores, indicating that models
struggle to perform the nal optimization step of choosing the best solution given the entire dialogue
history. Meanwhile, inAssignment models fail across all PSP conditions; this occurs because
the nal step of the reviewer matching task involves integrating the discussed values to compute a
bipartite matching, which is dif cult for models. Finally, iMediation , models score well above

a random baseline in all PSP conditions but do not perform better with additional human-human
dialogue context, suggesting that they can meaningfully communicate about the task but don't make
the optimal nal proposal. In the future, tool use could potentially greatly improve performance on
this task, particularly with tools that can speci cally handle the optimization part of the problem.

7 ANALYSIS

In order to quantify the strategies that humans and agents use in our tasks, we annotate individual
messages in human-human and human-LM dialogues, categorizing them into dialogue acts. Quantita-
tive analysis of dialogue acts over time are shown in Appendix D. Surprisingly, while LM assistants

underperform human assistants on task performance, we observed no major differences between
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the types of messages used in human-human and human-LM dialogues, suggesting that LMs are
capable at imitating dialogues at least at a super cial level. To investigate why human-LM dialogues
underperform, we turn to qualitative analysis, observing several classes of failure modes.

Lack of Goal-Directed Behavior Decision-oriented dialogues require models to explicitly optimize

a decision objective. Critically, this requirpanning e.g. asking questions that will lead to discussion

of decision-relevant information, or making proposals as a mechanism for gathering information.
We observed that models do ask questions, but tend to ask general ones such as “Do you have
any other preferences?” and sometimes slightly more speci ¢ ones such as “Do you have a price
point?”, but the questions are ngdal-directedin eliciting decision-critical information. Models will

also make iterative proposals, but the proposals only super cially build on each other (e.g. adding
events one-by-one, and then concluding), often not improving in score. This led Al assistants to
be much less ef cient in their dialogues (longer, yet lower-scoring) than human assistants, who in
contrast, ask questions and make proposals that help them narrow down the search space. This is
unsurprising given that present-day models are not explicitly trained to optimize for task objectives
beyond following the initial task instruction.

Failures of Reasoning and Grounding OnPlanning, we observed that the model would make

tool queries as prompted to do so, but fail to reason over the outputs of the tool (e.g., searching
for museums when the user asked to visit a museum and then outputting a proposal consisting of
the search results and nothing else). Models also fail to do the optimization step of the proposal
(as supported by our PSP results): proposals are often only slightly better than random, and do not
improve drastically over the course of the dialogue. Additionally, models would often fail to ground
the information they were given, e.g., outputting hallucinated ightdvadiation .

Uncooperativeness Human players were often frustrated that LM assistants were uncooperative.
For instance, they would fail to ful Il requests like “please add ... to the itinerary” or would ignore
information provided by the user such as “I cannot make any ights on Friday,” even when human
players would repeatedly send these messages. LM assistants also exhibited a failure to understand
joint commitmenby verbally committing to one course of action then making a different proposal
entirely. Mediation was particularly challenging due to the multi-party dialogue—here, the LM
failed to manage the coordination amongst multiple players, sometimes making a proposal after
eliciting preferences from one player without consulting the other player.

Beyond achieving a basic level of cooperation, we would hope that future LMs can exhibit more rich
and adaptive behaviors. We show a human-human dialogue side-by-side with a self-play dialogue
in Figure 2. We generally observe across the human dialogues that human-human pairs exhibit diverse
strategies in (lyser vs. assistant initiativen some dialogues, users are proactive in sharing relevant
information, while in others assistants make directed queries to narrow down the set of proposals;
and (2)coordination strategiesworking incrementally from partial proposals, backtracking, and
more. In contrast, self-play dialogues and utterances from the LM assistant tend to be repetitive.

8 DiscUsSION& CONCLUSION

In this paper, we presented data, environments, and model baselines for a class of tasks we call
decision-oriented dialoguesAcross all task settings, current language models did not perform

as well as humans, suggesting failures in their ability to communicate ef ciently and reason in
structured real-world optimization problems. Future work in this domain may seek to integrate tools
and inference technigues which would allow language models to compute optimal decisions while
maintaining their exible communication and collaboration skills.

The ultimate goal of this line of work is to build general collaborative agents rather than those
specialized to particular settings. As we develop more generally capable models, future work should
evaluate whether models cageneralizetheir collaborative capabilities to harder task instances
andtransferthem to related tasks. Many real-world problems may be much more complex and
unstructured but involve decision-making nonetheless, ranging from choosing a gift to designing a
website layout to making a life decision. We hope that our work is a step toward future assistants that
can help us deliberate and make the best decisions in the range of problems we face every day.
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A RELATED WORK

Task-Oriented Dialogue Our work may be viewed as an extension of task-oriented dialogue,
where a system must assist a user with accomplishing a goal, such as hotel booking or calendar
scheduling (Budzianowski et al., 2018; Wei et al., 2018; Semantic Machines et al., 2020). Most task-
oriented dialogue settings evaluate systems with coarse metrics such as success rate (e.g. at returning
hotel information requested by a user) or word overlap with human-human dialogues. In contrast,
our tasks are grounded in underlying optimization problems, where the quality of the nal solution
provides a richer measure of communicative success. Additionally, agenttakeigtitiativeto share

and query information, similar to early work on task-oriented dialogue in mixed-initiative settings
(Novick & Sutton, 1997; Horvitz, 1999) such as TRAINS (Allen et al., 1995) and TRIPS (Allen &
Ferguson, 2002), in which users had to collaborate with a computer agent in order to solve planning
problems.

Grounded & Goal-Directed Dialogue Many prior works have studied grounded and goal-directed
dialogue more broadly, where agents use language to communicate and achieve goals, often in a
setting that involves multimodal, situated, or external (non-linguistic) knowledge. Examples of such
tasks include Cards (Potts, 2012; Vogel et al., 2013), CerealBar (Suhr et al., 2019), MutualFriends
(He et al., 2017), and OneCommon (Udagawa & Aizawa, 2019), as well as partially-cooperative
negotiation dialogue tasks such as Deal or No Deal (Lewis et al., 2017) and Craigslist Bargaining
(He et al., 2018). In many of these tasks, including ours, the nature of the multi-agent collaboration
requires that agents not only nd the optimal solution, but also reach mutual understanding (a
setting termed “grounded agreement games”; Schlangen (2019)), eliciting rich coordination and
communication strategies in language. Other work has studied how agents can explicitly model user
preferences to more effectively persuade or argue that a course of action is desirable (Carenini &
Moore, 2006). Decision-oriented dialogue shares elements with many of these tasks, with a focus
on fully-cooperative problems in real-world decision domains and a formalism to characterize the
underlying inference problem in these settings.

Large Language Models Our goal of building task-general dialogue agents motivates the use of
large language models (LLMs) such as GPT-3 (Brown et al., 2020; Ouyang et al., 2022), PaLM
(Chowdhery et al., 2022), or LLaMA (Touvron et al., 2023). Current-era language models are known
to struggle with aspects of our tasks, such as mathematical reasoning (Hendrycks et al., 2021), explicit
state tracking (Li et al., 2021), pragmatics (Fried et al., 2022), and theory of mind (Sap et al., 2022).
However, recent work in scratchpad prompting (Nye et al., 2021), chain-of-thought reasoning (Wei
et al., 2022), and external tool use (Schick et al., 2023) has sought to address these problems. We
build baseline models with similar approaches in our setting. While LLMs can perform reasonably
well in some of our settings, we show that they cannot consistently handle dialogues with complex
decision problems as well as humans.

Human—Al Collaboration  Our task may also be viewed as a cooperative multi-agent setting (Dafoe
et al., 2020). Research in human-Al collaboration and multi-agent reinforcement learning has also
formalized tasks that require collaborating strategically with other agents on a shared goal, through
tasks such as Overcooked (Carroll et al., 2019), Hanabi (Bard et al., 2020), and Diplomacy (Bakhtin
et al., 2022). Our evaluation methodology is adapted from these tasks, where methods like population
play and ctitious self-play are often used as proxies for human evaluation in addition to self-
play (Heinrich et al., 2015; Strouse et al., 2021). In human-Al collaboration, cooperative tasks
have been formulated in game-theoretic terms where agents use signals from the user such as
demonstrations, feedback, or language (Jeon et al., 2020; Lin et al., 2022) to explicitly optimize for
assistive behavior (Had eld-Menell et al., 2016; Sadigh et al., 2016). In our work, we are similarly
interested in formalizing settings where agents should explicitly optimize for human assistance in the
course of dialogue.
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B ENVIRONMENT DETAILS

B.1 FORMALIZATION

Here, we describe how each task is formalized as an instance of a decision-oriented dialogue problem.

Assignment We represeriV as a bipartite graph and restrict valid propo$&ISN W to be bipartite
matchings. Edge weights e; represent reviewer-paper af nities, and each agent observes some
subset of these weights. Agents have symmetric information and roles in this task: their observations

are drawn from the same distribution, and either agent can propose a dé&cision.

Planning We formalize this task by constructiMy as a fully-connected graph over the locations,
where edge weights represent travel times (and the preference over edge weights is negative). The
user has preferencesabout which sites to visit, a budget, and a preference for reducing travel
time. Meanwhile, the assistant has access to a database of sites, along with information about their
cost, location, and amenities (e.g., outdoor seating). Unlike reviewer matching, this task exhibits
asymmetry of information: the assistant has information about vertex features and edge weights,
while the user only has information about their own preference vect@édditionally, only the
assistant can make proposals that the user must accept or reject. Due to the budget constraint, the
prescribed itinerary length, and the preference to minimize travel, this domain involves aspects of the
knapsack problem, subset-selection problems, and the traveling salesman problem.

Mediation In the underlying optimization problem, the world stélfecan be modeled as a complete
n-partite graph, where the vertices associated with each user are their ight options. Any two ights
for different users are connected by an edge, whose weight indicates how compatible the ights are
(i.e., whether they arrive at similar times). Vertex weights are derived from the users' calendars, with
important meetings creating a preference against ights (vertices) that con ict with them. The goal is

to select a ight for each user so that the induced subgk&ipifwith n vertices and; edges) has
high total weight. This task has asymmetric roles and information.

B.2 PROCEDURAL GENERATION DETAILS

Here, we describe how games are procedurally generated, omitting minor details that we implement
for task realism. To fully reproduce our environments, please see our code release.

Assignment To create an environment instance, each cell ofkthek table of reviewer-paper

af nity scores is sampled fronuniform 0; 100 (with k 8 in our experiments). To ensure that
communication is necessary to do well, we reject a random game unless the optimal score with the
agents' pooled knowledge is 1:25times as good as the score that either player would achieve with
their own information if they replace unknown cells with the average value (50). We scale values by
a random scalar sampled from Uniforin10 .

Planning To generate contexts for the dialogue, we create a seed list of 39 site names and locations.
Each site is one of the following categories: restaurants, bars, cafes, sights (museums and landmarks),
outdoor (parks), or shopping.

To create an environment instance, we randomly shuf e the locations of the sites and randomize their
features. Each site has ve nonzero random features, out of the following list (some of which only
apply to some categories):

 Rating (categorical)

* Has parking (bool)

*There are many ways we could have made the task more realistic. Rather than reveal each score either
perfectly or not at all, we could reveal some amount of noisy evidence about the score. Alternatively, each score
could be a function of underlying features—for example, the dot product of the paper's topic vector and the
reviewer's topical-expertise vector. We could then selectively reveal evidence about these features—-Alice is an
expert on Botany"—rather than about edge weights.
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» Has takeout (bool) [restaurants only]

* Touristy (bool)

* Cuisine (categorical) [restaurants only]

» Good for kids (bool) [restaurant, cafe, museum, landmark, park, shop only]
» Accepts reservations (bool) [restaurants only]
* Open late (bool)

» Good for groups (bool)

» Ambience (categorical) [restaurant, cafe, bar]
» Outdoor seating (bool) [restaurant, cafe, bar]
* \egetarian options (bool) [restaurant, cafe]

» Vegan options (bool) [restaurant, cafe]

« Live music (bool) [restaurant, bar]

» Has Wi-Fi (bool) [cafe]

Alcohol type (categorical) [bar]

Viewpoint (bool) [park]

We procedurally generate preferences from the user from the following types:

» Feature: a preference over the value of one of the features above
» Want to go: a preference to go to a speci c site or set of sites
* Price: a preference to keep the budget less than some xed amount

« At least one site of type: a preference to go to at least one site of some type (e.g., to visit at
least one museum)

« Distance: a (negative) preference per unit traveled between sites

Each of these preferences is parameterized and randomized on every environment instance. Every
user has a price and distance preference; the other preferences are sampled with some probability
up to a total ofP preferencesH 10 in our experiments). We speci cally exclude preference

con gurations that are un-intuitive (e.g., a preference for places that do not have takeout). We
template natural language descriptions for each preference to present to the user.

Mediation To create an environment instance, we generate a random calendar for each user. For
each 30-min slot between 9am—-8pm during a 3-day period, if the slot is still free, we add an event
with probabilitypevent  0:35, selecting the event duration uniformly at random from {30 min, 60

min, 2 hr, 4 hr}.fghareq  0:75 Of these events are selected to be shared events that both the assistant
and user can see; the remainder are private events that only the user can see. The importance of each
event is sampled from Uniform; 10 .

We generate a set &f 30 ights for each user with a random start time in the 3-day period,
sampling a duration (in hours) frotgniform 1;10 . Flight prices for each usérare sampled from

max 50;N ;; ; toensurethat ight prices a user sees are realistically around the same value,
and the parameters of the distribution  are sampled fronuniform 50; 1000 . We generate a
price preference weightice Uniform 20, 1 and preference per 3-hour difference in arrival
between the two users' ights,ivar  Uniform  10; 1 (for every 3 hour difference between their
ight times, deduct giva)-
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Figure 5: Data collection and evaluation frameworks. To collect human-human dialogues, we built
web interfaces that allow humans to play either the User or Assistant role for each task. When
evaluating how well an LLM can act as an assistant, we linearize information from the web interface
into a text prompt and provide additional tools that let the language model access information that
cannot t within its context window. This gure shows just the Assistant role, for one task.

C DATA COLLECTION DETAILS & STATISTICS

Human players from Mechanical Turk were vetted via a pre-quali cation survey. Data collection
was run in multiple dyads, with cooperative players from each dyad (as judged manually) being
invited to participate in followup rounds of data collection. Workers are bonused up to $2.00 in
tiers by how close they get to the best possible proposal. In Table 1, we show the data statistics for
human-human dialogues. In Figures 6—8, we show example dialogues for each task. As depicted
in Figure 5 forPlanning, humans (left) receive the same information as language models, but in a
graphical interface instead of in text.

Dialogues Messages) Words () Proposals () Time ()

Assignment 134 184 1.1 169.3 10.9 17 0.1 8m 9s
Planning 114 9.0 04 1419 6.5 3.0 0.1 10m56s
Mediation 162 109 05 119.0 5.7 2.8 0.2 7m 15s
All Domains 409 128 0.5 1418 4.7 25 0.1 8m 19s

Table 1: Data statistics for human-human dialogues. We collect a total of 409 dialogues, resulting
in 5253 messages and 58K words across domains. Dialogues for each setting are roughly the same
number of words on average.
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