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Agent

"An agent is anything that can be viewed as 
perceiving its environment through sensors and 
acting upon that environment through actuators. "

—Russell and Norvig, 2010

• "an agent’s choice of action at any given instant can 
depend on the entire percept sequence observed to 
date, but not on anything it hasn’t perceived."

• foundation for most ML and AI systems.
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Figure 2.1 Agents interact with environments through sensors and actuators.

there is to say about the agent. Mathematically speaking, we say that an agent’s behavior is
described by the agent function that maps any given percept sequence to an action.AGENT FUNCTION

We can imagine tabulating the agent function that describes any given agent; for most
agents, this would be a very large table—infinite, in fact, unless we place a bound on the
length of percept sequences we want to consider. Given an agent to experiment with, we can,
in principle, construct this table by trying out all possible percept sequences and recording
which actions the agent does in response.1 The table is, of course, an external characterization
of the agent. Internally, the agent function for an artificial agent will be implemented by an
agent program. It is important to keep these two ideas distinct. The agent function is anAGENT PROGRAM

abstract mathematical description; the agent program is a concrete implementation, running
within some physical system.

To illustrate these ideas, we use a very simple example—the vacuum-cleaner world
shown in Figure 2.2. This world is so simple that we can describe everything that happens;
it’s also a made-up world, so we can invent many variations. This particular world has just two
locations: squares A and B. The vacuum agent perceives which square it is in and whether
there is dirt in the square. It can choose to move left, move right, suck up the dirt, or do
nothing. One very simple agent function is the following: if the current square is dirty, then
suck; otherwise, move to the other square. A partial tabulation of this agent function is shown
in Figure 2.3 and an agent program that implements it appears in Figure 2.8 on page 48.

Looking at Figure 2.3, we see that various vacuum-world agents can be defined simply
by filling in the right-hand column in various ways. The obvious question, then, is this: What
is the right way to fill out the table? In other words, what makes an agent good or bad,
intelligent or stupid? We answer these questions in the next section.

1 If the agent uses some randomization to choose its actions, then we would have to try each sequence many
times to identify the probability of each action. One might imagine that acting randomly is rather silly, but we
show later in this chapter that it can be very intelligent.
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Agent

• percept: anything observable to the agent when it makes its decision
• often a sequence of percepts
• may include irrelevant information!

• actions: set of possible outputs or decisions an agent can make based on the percepts.
• can include a sequence of actions
• may not include all necessary actions!

• environment: everything external to the agent that can affect its percepts and be affected by its 
actions.
• most times the percepts cover a subset of the environment.
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Agent

• percept: current temperature; target temperature

• actions: heater on/off 

• environment: room temperature; outside weather; 
insulation; occupants opening doors/windows

Thermostat
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Agent

• percept: pixel array

• actions: set of possible digits 

• environment: camera images; noise, blur, lighting 
conditions; downstream system consuming 
extracted text

Handwritten Digit Recognition

0  1  2  3  4  5  6  7  8  9



poll: LLM agents...
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Properties of Environments

• Fully observable vs. partially observable: If an agent’s sensors give it access to the complete state of the environment 
at each point in time, then we say that the task environment is fully observable.

• Single agent vs. multiagent: The distinction between single-agent and multiagent environments may seem simple 
enough.

• Deterministic vs. stochastic: If the next state of the environment is completely determined by the current state and 
the action executed by the agent, then we say the environment is deterministic; otherwise, it is stochastic.

• Episodic vs. sequential: In an episodic task environment, the agent’s experience is divided into atomic episodes.

• Static vs. dynamic: If the environment can change while an agent is deliberating, then we say the environment is 
dynamic for that agent; otherwise, it is static.

• Discrete vs. continuous: The discrete/continuous distinction applies to the state of the environment, to the way time 
is handled, and to the percepts and actions of the agent.
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Properties of Environments

Section 2.3. The Nature of Environments 45

Task Environment Observable Agents Deterministic Episodic Static Discrete

Crossword puzzle Fully Single Deterministic Sequential Static Discrete
Chess with a clock Fully Multi Deterministic Sequential Semi Discrete

Poker Partially Multi Stochastic Sequential Static Discrete
Backgammon Fully Multi Stochastic Sequential Static Discrete

Taxi driving Partially Multi Stochastic Sequential Dynamic Continuous
Medical diagnosis Partially Single Stochastic Sequential Dynamic Continuous

Image analysis Fully Single Deterministic Episodic Semi Continuous
Part-picking robot Partially Single Stochastic Episodic Dynamic Continuous

Refinery controller Partially Single Stochastic Sequential Dynamic Continuous
Interactive English tutor Partially Multi Stochastic Sequential Dynamic Discrete

Figure 2.6 Examples of task environments and their characteristics.

batch of defective parts, the robot should learn from several observations that the distribution
of defects has changed, and should modify its behavior for subsequent parts. We have not
included a “known/unknown” column because, as explained earlier, this is not strictly a prop-
erty of the environment. For some environments, such as chess and poker, it is quite easy to
supply the agent with full knowledge of the rules, but it is nonetheless interesting to consider
how an agent might learn to play these games without such knowledge.

Several of the answers in the table depend on how the task environment is defined. We
have listed the medical-diagnosis task as single-agent because the disease process in a patient
is not profitably modeled as an agent; but a medical-diagnosis system might also have to
deal with recalcitrant patients and skeptical staff, so the environment could have a multiagent
aspect. Furthermore, medical diagnosis is episodic if one conceives of the task as selecting a
diagnosis given a list of symptoms; the problem is sequential if the task can include proposing
a series of tests, evaluating progress over the course of treatment, and so on. Also, many
environments are episodic at higher levels than the agent’s individual actions. For example,
a chess tournament consists of a sequence of games; each game is an episode because (by
and large) the contribution of the moves in one game to the agent’s overall performance is
not affected by the moves in its previous game. On the other hand, decision making within a
single game is certainly sequential.

The code repository associated with this book (aima.cs.berkeley.edu) includes imple-
mentations of a number of environments, together with a general-purpose environment simu-
lator that places one or more agents in a simulated environment, observes their behavior over
time, and evaluates them according to a given performance measure. Such experiments are
often carried out not for a single environment but for many environments drawn from an en-
vironment class. For example, to evaluate a taxi driver in simulated traffic, we would want toENVIRONMENT

CLASS

run many simulations with different traffic, lighting, and weather conditions. If we designed
the agent for a single scenario, we might be able to take advantage of specific properties
of the particular case but might not identify a good design for driving in general. For this
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LLM Agents

• If we use an LLM to power the agent, then we now 
care less about training the LLM than test-time 
learning, and adaptation.
• Core assumption behind reasoning; "execute actions 

until we can answer"

• This requires focusing the design work on 
understading the task: decomposition, sub-task 
dependencies, etc.

• Question: what if the environment includes other 
LLM agents that we have control over?

Section 2.1. Agents and Environments 35
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Figure 2.1 Agents interact with environments through sensors and actuators.

there is to say about the agent. Mathematically speaking, we say that an agent’s behavior is
described by the agent function that maps any given percept sequence to an action.AGENT FUNCTION

We can imagine tabulating the agent function that describes any given agent; for most
agents, this would be a very large table—infinite, in fact, unless we place a bound on the
length of percept sequences we want to consider. Given an agent to experiment with, we can,
in principle, construct this table by trying out all possible percept sequences and recording
which actions the agent does in response.1 The table is, of course, an external characterization
of the agent. Internally, the agent function for an artificial agent will be implemented by an
agent program. It is important to keep these two ideas distinct. The agent function is anAGENT PROGRAM

abstract mathematical description; the agent program is a concrete implementation, running
within some physical system.

To illustrate these ideas, we use a very simple example—the vacuum-cleaner world
shown in Figure 2.2. This world is so simple that we can describe everything that happens;
it’s also a made-up world, so we can invent many variations. This particular world has just two
locations: squares A and B. The vacuum agent perceives which square it is in and whether
there is dirt in the square. It can choose to move left, move right, suck up the dirt, or do
nothing. One very simple agent function is the following: if the current square is dirty, then
suck; otherwise, move to the other square. A partial tabulation of this agent function is shown
in Figure 2.3 and an agent program that implements it appears in Figure 2.8 on page 48.

Looking at Figure 2.3, we see that various vacuum-world agents can be defined simply
by filling in the right-hand column in various ways. The obvious question, then, is this: What
is the right way to fill out the table? In other words, what makes an agent good or bad,
intelligent or stupid? We answer these questions in the next section.

1 If the agent uses some randomization to choose its actions, then we would have to try each sequence many
times to identify the probability of each action. One might imagine that acting randomly is rather silly, but we
show later in this chapter that it can be very intelligent.

LLM
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LLM Agents

• "A multiagent system is one that consists of a number of 
agents, which interact with one-another. In the most general 
case, agents will be acting on behalf of users with different 
goals and motivations. To successfully interact, they will 
require the ability to cooperate, coordinate, and negotiate 
with each other, much as people do."

• Very long history, starting in the 1970s with CMU's Hearsay 
speech recognition system.

Multiagent systems
Section 2.1. Agents and Environments 35
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Figure 2.1 Agents interact with environments through sensors and actuators.
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abstract mathematical description; the agent program is a concrete implementation, running
within some physical system.

To illustrate these ideas, we use a very simple example—the vacuum-cleaner world
shown in Figure 2.2. This world is so simple that we can describe everything that happens;
it’s also a made-up world, so we can invent many variations. This particular world has just two
locations: squares A and B. The vacuum agent perceives which square it is in and whether
there is dirt in the square. It can choose to move left, move right, suck up the dirt, or do
nothing. One very simple agent function is the following: if the current square is dirty, then
suck; otherwise, move to the other square. A partial tabulation of this agent function is shown
in Figure 2.3 and an agent program that implements it appears in Figure 2.8 on page 48.

Looking at Figure 2.3, we see that various vacuum-world agents can be defined simply
by filling in the right-hand column in various ways. The obvious question, then, is this: What
is the right way to fill out the table? In other words, what makes an agent good or bad,
intelligent or stupid? We answer these questions in the next section.

1 If the agent uses some randomization to choose its actions, then we would have to try each sequence many
times to identify the probability of each action. One might imagine that acting randomly is rather silly, but we
show later in this chapter that it can be very intelligent.

LLM
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Types of multiagent systems

cooperative competitive

objective alignment Agents share a common goal (fully or mostly) Agents have conflicting goals

payoff structure Often shared reward or team utility Individual reward, often zero-sum or general-
sum

information sharing Encouraged / required Limited, strategic, or deceptive

coordination Central challenge Strategy against opponents is central

typical analysis tools Distributed optimization, consensus, 
cooperative game theory

Non-cooperative game theory, adversarial 
learning



poll: what are some advantages of 
multiagent systems?
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Multiagent systems
Social simulation

• Imagine that we have a simulated population of 
agents.

• Our task to create a multiagent system that 
reproduces social dynamics we might observe in 
reality.

• Is this a cooperative or competitive multiagent 
system?

Generative Agents: Interactive Simulacra of Human Behavior 
Joon Sung Park Joseph C. O’Brien Carrie J. Cai 
Stanford University Stanford University Google Research 

Stanford, USA Stanford, USA Mountain View, CA, USA 
joonspk@stanford.edu jobrien3@stanford.edu cjcai@google.com 

Meredith Ringel Morris Percy Liang Michael S. Bernstein 
Google DeepMind Stanford University Stanford University 
Seattle, WA, USA Stanford, USA Stanford, USA 

merrie@google.com pliang@cs.stanford.edu msb@cs.stanford.edu 

Figure 1: Generative agents are believable simulacra of human behavior for interactive applications. In this work, we demonstrate 
generative agents by populating a sandbox environment, reminiscent of The Sims, with twenty-!ve agents. Users can observe 
and intervene as agents plan their days, share news, form relationships, and coordinate group activities. 

ABSTRACT 
Believable proxies of human behavior can empower interactive 
applications ranging from immersive environments to rehearsal 
spaces for interpersonal communication to prototyping tools. In 
this paper, we introduce generative agents: computational software 
agents that simulate believable human behavior. Generative agents 
wake up, cook breakfast, and head to work; artists paint, while 

Permission to make digital or hard copies of part or all of this work for personal or 
classroom use is granted without fee provided that copies are not made or distributed 
for pro!t or commercial advantage and that copies bear this notice and the full citation 
on the !rst page. Copyrights for third-party components of this work must be honored. 
For all other uses, contact the owner/author(s). 
UIST ’23, October 29–November 01, 2023, San Francisco, CA, USA 
© 2023 Copyright held by the owner/author(s). 
ACM ISBN 979-8-4007-0132-0/23/10. 
https://doi.org/10.1145/3586183.3606763 

authors write; they form opinions, notice each other, and initiate 
conversations; they remember and re"ect on days past as they plan 
the next day. To enable generative agents, we describe an architec-
ture that extends a large language model to store a complete record 
of the agent’s experiences using natural language, synthesize those 
memories over time into higher-level re"ections, and retrieve them 
dynamically to plan behavior. We instantiate generative agents 
to populate an interactive sandbox environment inspired by The 
Sims, where end users can interact with a small town of twenty-!ve 
agents using natural language. In an evaluation, these generative 
agents produce believable individual and emergent social behav-
iors. For example, starting with only a single user-speci!ed notion 
that one agent wants to throw a Valentine’s Day party, the agents 
autonomously spread invitations to the party over the next two 
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Multiagent systems
Social simulation

UIST ’23, October 29–November 01, 2023, San Francisco, CA, USA J.S. Park, J.C. O’Brien, C.J. Cai, M.R. Morris, P. Liang, M.S. Bernstein 

Figure 5: Our generative agent architecture. Agents perceive their environment, and all perceptions are saved in a comprehensive 
record of the agent’s experiences called the memory stream. Based on their perceptions, the architecture retrieves relevant 
memories and uses those retrieved actions to determine an action. These retrieved memories are also used to form longer-term 
plans and create higher-level re!ections, both of which are entered into the memory stream for future use. 

4 GENERATIVE AGENT ARCHITECTURE 
Generative agents aim to provide a framework for behavior in an 
open world: one that can engage in interactions with other agents 
and react to changes in the environment. Generative agents take 
their current environment and past experiences as input and gener-
ate behavior as output. Underlying this behavior is a novel agent ar-
chitecture that combines a large language model with mechanisms 
for synthesizing and retrieving relevant information to condition 
the language model’s output. Without these mechanisms, large 
language models can output behavior, but the resulting agents may 
not react based on the agent’s past experiences, may not make 
important inferences, and may not maintain long-term coherence. 
Challenges with long-term planning and coherence remain [19] 
even with today’s most performant models such as GPT-4. Because 
generative agents produce large streams of events and memories 
that must be retained, a core challenge of our architecture is to 
ensure that the most relevant pieces of the agent’s memory are 
retrieved and synthesized when needed. 

At the center of our architecture is the memory stream, a data-
base that maintains a comprehensive record of an agent’s experi-
ence. From the memory stream, records are retrieved as relevant to 
plan the agent’s actions and react appropriately to the environment. 
Records are recursively synthesized into higher- and higher-level 
re!ections that guide behavior. Everything in the architecture is 
recorded and reasoned over as a natural language description, al-
lowing the architecture to leverage a large language model. 

Our current implementation utilizes the gpt3.5-turbo version of 
ChatGPT [77]. We expect that the architectural basics of genera-
tive agents—memory, planning, and re!ection—will likely remain 
the same as language models improve. Newer language models 
(e.g., GPT-4) will continue to expand the expressive power and 
performance of the prompts that underpin generative agents. As of 
writing, however, GPT-4’s API was invitation-only, so our agents 
use ChatGPT. 

4.1 Memory and Retrieval 
Challenge: Creating generative agents that can simulate human 
behavior requires reasoning about a set of experiences that is far 
larger than what should be described in a prompt, as the full mem-
ory stream can distract the model and does not even currently "t 
into the limited context window. Consider the Isabella agent an-
swering the question, “What are you passionate about these days?” 
Summarizing all of Isabella’s experiences to "t in the limited con-
text window of the language model produces an uninformative 
response, where Isabella discusses topics such as collaborations for 
events and projects and cleanliness and organization in a cafe. In-
stead of summarizing, the memory stream described below surfaces 
relevant memories, resulting in a more informative and speci"c 
response that mentions Isabella’s passion for making people feel 
welcome and included, planning events and creating an atmosphere 
that people can enjoy, such as the Valentine’s Day party. 

Approach: The memory stream maintains a comprehensive record 
of the agent’s experience. It is a list of memory objects, where each 
object contains a natural language description, a creation times-
tamp, and a most recent access timestamp. The most basic element 
of the memory stream is an observation, which is an event directly 
perceived by an agent. Common observations include behaviors 
performed by the agent themselves or behaviors that agents per-
ceive being performed by other agents or non-agent objects. For 
instance, Isabella Rodriguez, who works at a co#ee shop, might 
accrue the following observations over time: (1) Isabella Rodriguez 
is setting out the pastries, (2) Maria Lopez is studying for a Chem-
istry test while drinking co!ee, (3) Isabella Rodriguez and Maria 
Lopez are conversing about planning a Valentine’s day party at 
Hobbs Cafe, (4) The refrigerator is empty. 

Our architecture implements a retrieval function that takes the 
agent’s current situation as input and returns a subset of the mem-
ory stream to pass on to the language model. There are many pos-
sible implementations of a retrieval function, depending on what 
is important for the agent to consider when deciding how to act. 

Generative Agents UIST ’23, October 29–November 01, 2023, San Francisco, CA, USA 

Figure 6: The memory stream comprises a large number of observations that are relevant and irrelevant to the agent’s current 
situation. Retrieval identi!es a subset of these observations that should be passed to the language model to condition its 
response to the situation. 

In our context, we focus on three main components that, together, 
produce e!ective results. 

Recency assigns a higher score to memory objects that were re-
cently accessed, so that events from a moment ago or this morning 
are likely to remain in the agent’s attentional sphere. In our im-
plementation, we treat recency as an exponential decay function 
over the number of sandbox game hours since the memory was 
last retrieved. Our decay factor is 0.995. 

Importance distinguishes mundane from core memories by as-
signing a higher score to memory objects that the agent believes to 
be important. For instance, a mundane event, such as eating break-
fast in one’s room, would yield a low importance score, whereas 
a breakup with one’s signi"cant other would yield a high score. 
There are many possible implementations of an importance score; 
we "nd that directly asking the language model to output an integer 
score is e!ective. The full prompt appears below: 

On the scale of 1 to 10, where 1 is purely mundane 
(e.g., brushing teeth, making bed) and 10 is 
extremely poignant (e.g., a break up, college 
acceptance), rate the likely poignancy of the 
following piece of memory. 
Memory: buying groceries at The Willows Market 
and Pharmacy 
Rating: <fill in> 

This prompt returns an integer value of 2 for “cleaning up the room” 
and 8 for “asking your crush out on a date.” The importance score 
is generated at the time the memory object is created. 

Relevance assigns a higher score to memory objects that are 
related to the current situation. What is relevant depends on the 
answer to, “Relevant to what?”, so we condition relevance on a 

query memory. If the query, for example, is that a student is dis-
cussing what to study for a chemistry test with a classmate, memory 
objects about their breakfast should have low relevance, whereas 
memory objects about the teacher and schoolwork should have 
high relevance. In our implementation, we use the language model 
to generate an embedding vector of the text description of each 
memory. Then, we calculate relevance as the cosine similarity be-
tween the memory’s embedding vector and the query memory’s 
embedding vector. 

To calculate the "nal retrieval score, we normalize the recency, 
relevance, and importance scores to the range of [0, 1] using min-
max scaling. The retrieval function scores all memories as a weighted 
combination of the three elements: ����� = �!"#"$#% · ������� + 
�&'()!*+$#" · ���������� + �!","-+$#" · ��������� . In our implemen-
tation, all �s are set to 1. The top-ranked memories that "t within 
the language model’s context window are included in the prompt. 

4.2 Re"ection 
Challenge: Generative agents, when equipped with only raw ob-
servational memory, struggle to generalize or make inferences. 
Consider a scenario in which Klaus Mueller is asked by the user: 
“If you had to choose one person of those you know to spend an 
hour with, who would it be?" With access to only observational 
memory, the agent simply chooses the person with whom Klaus 
has had the most frequent interactions: Wolfgang, his college dorm 
neighbor. Unfortunately, Wolfgang and Klaus only ever see each 
other in passing, and do not have deep interactions. A more desir-
able response requires that the agent generalize from memories of 
Klaus spending hours on a research project to generate a higher-
level re#ection that Klaus is passionate about research, and likewise 
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record of the agent’s experiences called the memory stream. Based on their perceptions, the architecture retrieves relevant 
memories and uses those retrieved actions to determine an action. These retrieved memories are also used to form longer-term 
plans and create higher-level re!ections, both of which are entered into the memory stream for future use. 

4 GENERATIVE AGENT ARCHITECTURE 
Generative agents aim to provide a framework for behavior in an 
open world: one that can engage in interactions with other agents 
and react to changes in the environment. Generative agents take 
their current environment and past experiences as input and gener-
ate behavior as output. Underlying this behavior is a novel agent ar-
chitecture that combines a large language model with mechanisms 
for synthesizing and retrieving relevant information to condition 
the language model’s output. Without these mechanisms, large 
language models can output behavior, but the resulting agents may 
not react based on the agent’s past experiences, may not make 
important inferences, and may not maintain long-term coherence. 
Challenges with long-term planning and coherence remain [19] 
even with today’s most performant models such as GPT-4. Because 
generative agents produce large streams of events and memories 
that must be retained, a core challenge of our architecture is to 
ensure that the most relevant pieces of the agent’s memory are 
retrieved and synthesized when needed. 

At the center of our architecture is the memory stream, a data-
base that maintains a comprehensive record of an agent’s experi-
ence. From the memory stream, records are retrieved as relevant to 
plan the agent’s actions and react appropriately to the environment. 
Records are recursively synthesized into higher- and higher-level 
re!ections that guide behavior. Everything in the architecture is 
recorded and reasoned over as a natural language description, al-
lowing the architecture to leverage a large language model. 

Our current implementation utilizes the gpt3.5-turbo version of 
ChatGPT [77]. We expect that the architectural basics of genera-
tive agents—memory, planning, and re!ection—will likely remain 
the same as language models improve. Newer language models 
(e.g., GPT-4) will continue to expand the expressive power and 
performance of the prompts that underpin generative agents. As of 
writing, however, GPT-4’s API was invitation-only, so our agents 
use ChatGPT. 

4.1 Memory and Retrieval 
Challenge: Creating generative agents that can simulate human 
behavior requires reasoning about a set of experiences that is far 
larger than what should be described in a prompt, as the full mem-
ory stream can distract the model and does not even currently "t 
into the limited context window. Consider the Isabella agent an-
swering the question, “What are you passionate about these days?” 
Summarizing all of Isabella’s experiences to "t in the limited con-
text window of the language model produces an uninformative 
response, where Isabella discusses topics such as collaborations for 
events and projects and cleanliness and organization in a cafe. In-
stead of summarizing, the memory stream described below surfaces 
relevant memories, resulting in a more informative and speci"c 
response that mentions Isabella’s passion for making people feel 
welcome and included, planning events and creating an atmosphere 
that people can enjoy, such as the Valentine’s Day party. 

Approach: The memory stream maintains a comprehensive record 
of the agent’s experience. It is a list of memory objects, where each 
object contains a natural language description, a creation times-
tamp, and a most recent access timestamp. The most basic element 
of the memory stream is an observation, which is an event directly 
perceived by an agent. Common observations include behaviors 
performed by the agent themselves or behaviors that agents per-
ceive being performed by other agents or non-agent objects. For 
instance, Isabella Rodriguez, who works at a co#ee shop, might 
accrue the following observations over time: (1) Isabella Rodriguez 
is setting out the pastries, (2) Maria Lopez is studying for a Chem-
istry test while drinking co!ee, (3) Isabella Rodriguez and Maria 
Lopez are conversing about planning a Valentine’s day party at 
Hobbs Cafe, (4) The refrigerator is empty. 

Our architecture implements a retrieval function that takes the 
agent’s current situation as input and returns a subset of the mem-
ory stream to pass on to the language model. There are many pos-
sible implementations of a retrieval function, depending on what 
is important for the agent to consider when deciding how to act. 
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Figure 7: A re!ection tree for Klaus Mueller. The agent’s observations of the world, represented in the leaf nodes, are recursively 
synthesized to derive Klaus’s self-notion that he is highly dedicated to his research. 

recognize Maria putting in e!ort into her own research (albeit in 
a di!erent "eld), enabling a re#ection that they share a common 
interest. With the approach below, when Klaus is asked who to 
spend time with, Klaus chooses Maria instead of Wolfgang. 

Approach: We introduce a second type of memory, which we call 
a re!ection. Re#ections are higher-level, more abstract thoughts 
generated by the agent. Because they are a type of memory, they 
are included alongside other observations when retrieval occurs. 
Re#ections are generated periodically; in our implementation, we 
generate re#ections when the sum of the importance scores for the 
latest events perceived by the agents exceeds a threshold (150 in 
our implementation). In practice, our agents re#ected roughly two 
or three times a day. 

The "rst step in re#ection is for the agent to determine what 
to re#ect on, by identifying questions that can be asked given the 
agent’s recent experiences. We query the large language model with 
the 100 most recent records in the agent’s memory stream (e.g., 
“Klaus Mueller is reading a book on gentri"cation”, “Klaus Mueller is 
conversing with a librarian about his research project”, “desk at the 
library is currently unoccupied”) and prompt the language model, 
“Given only the information above, what are 3 most salient high-
level questions we can answer about the subjects in the statements?” 
The model’s response generates candidate questions: for example, 
What topic is Klaus Mueller passionate about? and What is the 
relationship between Klaus Mueller and Maria Lopez? We use these 
generated questions as queries for retrieval, and gather relevant 
memories (including other re#ections) for each question. Then 
we prompt the language model to extract insights and cite the 
particular records that served as evidence for the insights. The full 
prompt is as follows: 

Statements about Klaus Mueller 
1. Klaus Mueller is writing a research paper 
2. Klaus Mueller enjoys reading a book 
on gentrification 
3. Klaus Mueller is conversing with Ayesha Khan 
about exercising [...] 
What 5 high-level insights can you infer from 
the above statements? (example format: insight 
(because of 1, 5, 3)) 

This process generates statements such as Klaus Mueller is dedi-
cated to his research on gentrification (because of 1, 2, 8, 15). We 
parse and store the statement as a re#ection in the memory stream, 
including pointers to the memory objects that were cited. 

Re#ection explicitly allows the agents to re#ect not only on 
their observations but also on other re#ections: for example, the 
second statement about Klaus Mueller above is a re#ection that 
Klaus previously had, not an observation from his environment. 
As a result, agents generate trees of re#ections: the leaf nodes of 
the tree represent the base observations, and the non-leaf nodes 
represent thoughts that become more abstract and higher-level the 
higher up the tree they are. 

4.3 Planning and Reacting 
Challenge: While a large language model can generate plausible be-
havior in response to situational information (e.g., [46, 80]), agents 
need to plan over a longer time horizon to ensure that their sequence 
of actions is coherent and believable. If we prompt a language model 
with Klaus’s background, describe the time, and ask what action 
he ought to take at the given moment, Klaus would eat lunch at 12 
pm, but then again at 12:30 pm and 1 pm, despite having already 
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Figure 5: Our generative agent architecture. Agents perceive their environment, and all perceptions are saved in a comprehensive 
record of the agent’s experiences called the memory stream. Based on their perceptions, the architecture retrieves relevant 
memories and uses those retrieved actions to determine an action. These retrieved memories are also used to form longer-term 
plans and create higher-level re!ections, both of which are entered into the memory stream for future use. 

4 GENERATIVE AGENT ARCHITECTURE 
Generative agents aim to provide a framework for behavior in an 
open world: one that can engage in interactions with other agents 
and react to changes in the environment. Generative agents take 
their current environment and past experiences as input and gener-
ate behavior as output. Underlying this behavior is a novel agent ar-
chitecture that combines a large language model with mechanisms 
for synthesizing and retrieving relevant information to condition 
the language model’s output. Without these mechanisms, large 
language models can output behavior, but the resulting agents may 
not react based on the agent’s past experiences, may not make 
important inferences, and may not maintain long-term coherence. 
Challenges with long-term planning and coherence remain [19] 
even with today’s most performant models such as GPT-4. Because 
generative agents produce large streams of events and memories 
that must be retained, a core challenge of our architecture is to 
ensure that the most relevant pieces of the agent’s memory are 
retrieved and synthesized when needed. 

At the center of our architecture is the memory stream, a data-
base that maintains a comprehensive record of an agent’s experi-
ence. From the memory stream, records are retrieved as relevant to 
plan the agent’s actions and react appropriately to the environment. 
Records are recursively synthesized into higher- and higher-level 
re!ections that guide behavior. Everything in the architecture is 
recorded and reasoned over as a natural language description, al-
lowing the architecture to leverage a large language model. 

Our current implementation utilizes the gpt3.5-turbo version of 
ChatGPT [77]. We expect that the architectural basics of genera-
tive agents—memory, planning, and re!ection—will likely remain 
the same as language models improve. Newer language models 
(e.g., GPT-4) will continue to expand the expressive power and 
performance of the prompts that underpin generative agents. As of 
writing, however, GPT-4’s API was invitation-only, so our agents 
use ChatGPT. 

4.1 Memory and Retrieval 
Challenge: Creating generative agents that can simulate human 
behavior requires reasoning about a set of experiences that is far 
larger than what should be described in a prompt, as the full mem-
ory stream can distract the model and does not even currently "t 
into the limited context window. Consider the Isabella agent an-
swering the question, “What are you passionate about these days?” 
Summarizing all of Isabella’s experiences to "t in the limited con-
text window of the language model produces an uninformative 
response, where Isabella discusses topics such as collaborations for 
events and projects and cleanliness and organization in a cafe. In-
stead of summarizing, the memory stream described below surfaces 
relevant memories, resulting in a more informative and speci"c 
response that mentions Isabella’s passion for making people feel 
welcome and included, planning events and creating an atmosphere 
that people can enjoy, such as the Valentine’s Day party. 

Approach: The memory stream maintains a comprehensive record 
of the agent’s experience. It is a list of memory objects, where each 
object contains a natural language description, a creation times-
tamp, and a most recent access timestamp. The most basic element 
of the memory stream is an observation, which is an event directly 
perceived by an agent. Common observations include behaviors 
performed by the agent themselves or behaviors that agents per-
ceive being performed by other agents or non-agent objects. For 
instance, Isabella Rodriguez, who works at a co#ee shop, might 
accrue the following observations over time: (1) Isabella Rodriguez 
is setting out the pastries, (2) Maria Lopez is studying for a Chem-
istry test while drinking co!ee, (3) Isabella Rodriguez and Maria 
Lopez are conversing about planning a Valentine’s day party at 
Hobbs Cafe, (4) The refrigerator is empty. 

Our architecture implements a retrieval function that takes the 
agent’s current situation as input and returns a subset of the mem-
ory stream to pass on to the language model. There are many pos-
sible implementations of a retrieval function, depending on what 
is important for the agent to consider when deciding how to act. 
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identify whether the architecture meets a basic level of behavioral 
competency. This ensures that we are not solely comparing abla-
tions to each other without a behavioral grounding. We recruited 
a unique worker for each of the 25 agents and tasked them with 
watching a replay of that agent’s sandbox life and inspecting its 
memory stream. We then asked the workers to roleplay and author 
responses to the interview questions in the voice of the agent whose 
replay they watched. To ensure that the crowdworker-authored 
responses met at least a baseline expectation of quality, the !rst 
author manually inspected the workers’ responses to the question 
"Describe your typical weekday schedule in broad strokes" to con-
!rm that the responses were in coherent sentences and in the voice 
of the agent. Four sets of crowdworker-authored responses did not 
meet these criteria and were re-generated by other workers. 

6.3 Human Evaluators 
We required that our evaluators be in the U.S., "uent in English, 
and older than 18 years old. They were paid at a rate of $15.00 
per hour [87], and provided consent by agreeing to a consent form 
approved by our institution’s IRB. We recruited 100 evaluators from 
Proli!c, an online platform for recruiting study participants [83], 
whose participation lasted around 30 minutes. The median age score 
of our participants was 4 (3=“18-24 years old”, 4=“25-34 years old”). 
25 of them identi!ed as female, 73 as male, and 2 as non-binary. 42 
participants held a bachelor’s degree, 5 had a higher degree, 13 had 
an associate’s degree, and the rest had a high school diploma or 
some high school-level education. 73.0% of our participants identi-
!ed as Caucasian, 7.0% as Hispanic, 6.0% as Asian, 10.0% as African 
American, and 4.0% as other. 

6.4 Analysis 
Our experiment produced 100 sets of rank data, where each partici-
pant ranked the !ve conditions by believability. To translate this 
rank data into interval data for interpretable comparison, we used 
the ranks to calculate a TrueSkill rating [42] for each condition. 
TrueSkill is a generalization of the Elo chess rating system [29] for 
a multiplayer environment, and has been used by Xbox Live for 
player ranking based on competitive game performance. Given a 
set of ranked outcomes, TrueSkill outputs a mean rating value � and 
standard deviation � for each condition. Conditions with the same 
rating should roughly be a toss-up, with each winning half of the 
comparisons between the two conditions. Higher scores indicate 
conditions that beat lower-ranked conditions in the rankings. 

Separately, to investigate the statistical signi!cance of these re-
sults, we applied the Kruskal-Wallis test [56], a non-parametric 
alternative to the one-way ANOVA, to the raw rank data. We 
then performed the Dunn post-hoc test [98] to identify any pair-
wise di#erences between the conditions. Finally, we adjusted the 
p-values for multiple comparisons in the Dunn test using the Holm-
Bonferroni method [45]. 

Furthermore, the !rst author conducted an inductive analy-
sis [95] to study the qualitative distinctions between the responses 
produced in each condition. We employed qualitative open cod-
ing [33] in two phases. In the !rst phase, we generated codes that 
closely represented the generated responses at the sentence level. 
In the second phase, we synthesized the resulting codes from the 

Figure 8: The full generative agent architecture produces 
more believable behavior than the ablated architectures and 
the human crowdworkers. Each additional ablation reduces 
the performance of the architecture. 

!rst phase to extract higher-level themes. We utilized these themes 
to compare the types of responses generated in our study. 

6.5 Results 
Our !ndings suggest that the full architecture of generative agents 
generates the most believable behavior among all the conditions. 
We contrast the responses of the full architecture with those of other 
conditions below. However, we also report that the full architecture 
was not without "aws and illustrate its modes of failures. 

6.5.1 The Full Architecture Bests Other Conditions. As seen in Fig-
ure 8, the full generative agent architecture produced the most 
believable behavior (� = 29.89; � = 0.72). Performance degraded 
with the removal of each component in the ablation conditions: 
the ablated architecture with no access to re"ection was the next 
best (� = 26.88; � = 0.69), followed by no access to re"ection or 
planning (� = 25.64; � = 0.68), and then the crowdworker condition 
(� = 22.95; � = 0.69). The ablated architecture with no access to 
memory, planning, or re"ection performed the worst among all 
conditions (� = 21.21; � = 0.70). TrueSkill models each condition’s 
skill value as N(�, �2), allowing us to get a sense of e#ect size 
through Cohen’s d. Comparing the condition representing prior 
work (with no memory, planning, or re"ection [12, 46, 80]) to the 
full architecture produces a standardized e#ect size of � = 8.16, or 
eight standard deviations. 

A Kruskal-Wallis test con!rms the overall statistical signi!cance 
of the di#erences in ranks between the conditions (� (4) = 150.29, 
� < 0.001). Dunn post-hoc tests con!rm that all pairwise di#erences 
between conditions were signi!cant (� < 0.001), except for the 
crowdworker condition and the fully ablated baseline—the two 
worst-performing conditions. 

6.5.2 Generative Agents Remember, but With Embellishments. Gen-
erative agents equipped with a complete memory module are capa-
ble of recalling past experiences and answering questions in a man-
ner that is consistent with their self-knowledge across a wide range 
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Multiagent systems
Coordination

• centralized: Orchestrator dispatches tasks, collects results. Simple but bottleneck-prone. 

• decentralized: Peer-to-peer negotiation. Agents bid on tasks, self-organize. More resilient, harder to 
debug.

• hybrid: Planner sets strategy; executors coordinate locally. Most production LLM systems use this 
pattern.
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Multiagent systems
Communication

• message format: structured schemas (e.g., JSON) or free-form text?

• turn-taking: who speaks when, and who can interrupt or override

• shared state: are there shared artifacts between agents?

• termination conditions: when does the system declare success or failure?



19

• word boundary ambiguity

• "recognize speech" vs "wreck a nice beach"

• coarticulation effects across phonemes

• speaker variability & noise

• no single knowledge source sufficient

• key insight: speech understanding requires integrating multiple knowledge sources (e.g., acoustic, 
phonetic, lexical, syntactic, semantic, and pragmatic) cooperatively.

V. Lesser, R. Fennell, L. Erman, and D. Reddy. Organization of the hearsay ii speech understanding system. IEEE Transactions on Acoustics, Speech, and Signal Processing, 23(1):11-24, 1975.

Blackboard Architecture
Hearsay II
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• knowledge sources (agents) cooperate by hypothesizing 
and testing (creating and evaluating) hypotheses in a 
global data base or blackboard

• generation and modification of globally accessible 
hypotheses is the primary means of communication 
between diverse agents. 

• blackboards allow an agent t0 contribute knowledge 
without being aware of which other agent's will use its 
knowledge or which agent contributed the knowledge 
that it used. 

• each agent can be made independent and separable.

V. Lesser, R. Fennell, L. Erman, and D. Reddy. Organization of the hearsay ii speech understanding system. IEEE Transactions on Acoustics, Speech, and Signal Processing, 23(1):11-24, 1975.
Norman Carver and Victor Lesser. Blackboard systems for knowledge-based signal understanding, page 205–250. Prentice-Hall, Inc., USA, 1992.

Knowledge
   source
("Expert")

Knowledge
   source
("Expert")

Blackboard

Data (there is no control flow in this model)

Figure 2: The idealized blackboard model.

problem-solving knowledge into a set of independent modules (the “experts”) provides the system
with the flexibility to experiment with alternative control strategies and alternative problem-solving
methods. The ability do this kind of experimentation is crucial for the successful development of
knowledge-based systems. An integrated, global database permits module independence because
it assures that modules can recognize when they should be invoked without requiring the modules
to directly invoke each other. In addition, because there is a single integrated representation of all
the developing solution hypotheses, it is possible to have multiple, alternative solution paths being
pursued in parallel and to be able to recognize the relationships among the paths.

We will now look in more detail at the architecure of blackboard systems. Any problem-solving
architecture must prescribe methods for structuring and using three major components: domain
knowledge, a database, and control knowledge. Domain knowledge consists of the task-specific
knowledge and procedures that are used to actually solve the problem. The database holds the
initial data, intermediate results, and the answer. Control knowledge includes both task-specific
and task-independent knowledge about how/when to use the domain knowledge to best solve the
problem. The basic blackboard problem-solving model prescribes a database structure and domain
knowledge interaction protocols, but says little about control knowledge (control is discussed further
in Section 5).

A blackboard system is composed of two main components: the blackboard and a set of knowledge
sources (or KSs). Figure 2 shows the relationships between these components. The blackboard is
a shared, global database that contains the data and the developing hypotheses. The knowledge
sources contain the domain knowledge of the system (they are the “experts” of the idealized model
described above). KSs examine the blackboard and construct new hypotheses or modify existing
hypotheses when appropriate.

The knowledge sources are intended to be totally independent (modular): their execution should
not explicitly depend on the execution of other KSs and they should not communicate directly with

8

Blackboard Architecture
Hearsay II
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Blackboard Architecture
Hearsay II

• each level in the blackboard contains a (potentially complete) 
representation of the utterance
• the levels are differentiated by the units that make up the 

representation, e.g., phrases, words, phonemes.

• each agent is a condition-action module: its condition specifies 
when it can contribute, and its action specifies what 
hypotheses to generate or modify

• agent activation is directed by changes on the blackboard by 
one agent trigger other agents, rather than through explicit 
calls or a central sequencer

• the system exploits its best data and most promising methods 
flexibly, guided by a heuristic scheduler that prioritizes 
pending agent actions

Lee D. Erman, Frederick Hayes-Roth, Victor R. Lesser, and D. Raj Reddy. The hearsay-ii speech-understanding system: integrating knowledge to resolve uncertainty. ACM Comput. Surv., 12(2):213–253, June 
1980.
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FIGURE 2 The levels and knowledge sources of September 1976. KSs are indicated by vertical 
arcs wzth the circled ends mdzcating the input level and the pointed ends indicating output 
level. 

FIGURE 3. Functional description of the speech-understanding KSs. 

Stgnal Acqutsttton, Parameter Extractton, Segmentatton, and Labeltng: 
• SEG' Digitizes the s,gnal, measures parameters, and produces a labeled segmentation 

Word Spotting 
• POM. Creates syllable-class hypotheses from segments. 
• MOW. Creates word hypotheses from syllable classes. 
• WORD-CTL Controls the number of word hypotheses that MOW creates. 

Phrase-Island Generatton" 
• WORD-SEQ Creates word-sequence hypotheses that represent potential phrases from word hypotheses and 

weak grammatwal knowledge. 
• WORD-SEQ-CTL Controls the number of hypotheses that WORD-SEQ creates 
• PARSE' Attempts to parse a word sequence and, if successful, creates a phrase hypothesis from it. 

Phrase Extending: 
• PREDICT: Predicts all possible words that mzght syntactically precede or follow a given phrase. 
• VERIFY' Rates the consistency between segment hypotheses and a contzguous word-phrase pmr 
• CONCAT Creates a phrase hypothesis from a verified contiguous word-phrase pair. 

Ratmg, Halttng, and Interpretatton. 
• RPOL: Rates the credibility of each new or modified hypothesis, using information placed on the hypothesis 

by other KSs 
• STOP" Decides to halt processing (detects a complete sentence with a sufficiently high rating, or notes the 

system has exhausted ~ts available resources) and selects the best phrase hypothesis or set of complementary 
phrase hypotheses as the output. 

• SEMANT: Generates an unambiguous interpretation for the reformation-retrieval system which the user has 
queried 

Computing Surveys, Vol. 12, No. 2, June 1980 
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• bottom-up: processing starts at the Parameter level 
(raw acoustic signal) and moves upward through 
Segment → Syllable → Word → Word-Sequence → 
Phrase → Data Base Interface. 
• agents each take input from a lower level (circled end) 

and produce output at a higher level (pointed end).

• top-down: some agents work downward or laterally.
• PREDICT: Predicts all possible words that mzght 

syntactically precede or follow a given phrase.
• VERIFY: Rates the consistency between segment 

hypotheses and a contzguous word-phrase pair.

Lee D. Erman, Frederick Hayes-Roth, Victor R. Lesser, and D. Raj Reddy. The hearsay-ii speech-understanding system: integrating knowledge to resolve uncertainty. ACM Comput. Surv., 12(2):213–253, June 
1980.
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Computing Surveys, Vol. 12, No. 2, June 1980 
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• agents read from and write to the blackboard; all 
communication is mediated through shared hypotheses on the 
blackboard levels

• a blackboard monitor detects changes made by agents and 
creates corresponding entries in the scheduling queues for 
agent condition programs that might be interested

• scheduler selects the highest-priority pending action each 
cycle, using the focus-of-control database to calculate 
priorities based on hypothesis credibility, duration, and global 
problem-solving state

• the system dynamically allocates resources to whichever agent 
action appears most promising given the current blackboard 
state

Lee D. Erman, Frederick Hayes-Roth, Victor R. Lesser, and D. Raj Reddy. The hearsay-ii speech-understanding system: integrating knowledge to resolve uncertainty. ACM Comput. Surv., 12(2):213–253, June 
1980.
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accordance with the global state informa- 
tion, calculates a priority for each activity 
(KS condition program or action program) 
in the scheduling queues. The highest prior- 
ity activity is removed from the queues and 
executed. If the activity is a KS condition 
program, it may insert new instances of KS 
action programs into the scheduling 
queues. If the activity is a KS action pro- 
gram, the blackboard monitor notices the 
blackboard changes it makes. Whenever a 
change occurs that  would be of interest to 
a KS condition program, the monitor cre- 
ates an activity in the scheduling queues 
for that  program. The monitor also updates 
the global state information to reflect the 
blackboard modifications. 

1. AN EXAMPLE OF RECOGNITION 

In this section we present a detailed de- 
scription of the Hearsay-II speech system 
understanding one utterance. The task for 
the system is to answer questions about 
and retrieve documents from a collection of 
computer science abstracts (in the area of 

artificial intelligence). Example sentences: 
"Which abstracts refer to theory of computa- 
tion?" 
"List those articles." 
"What has McCarthy written since nineteen sev- 
enty-four?" 

The vocabulary contains 1011 words (in 
which each extended form of a root, e.g., 
the plural of a noun, is counted separately 
if it appears). The grammar defining the 
legal sentences is context-free and includes 
recursion. The style of the grammar is such 
that  there are many more nonterminals 
than in conventional syntactic grammars; 
the information contained in the greater 
number of nodes imbeds semantic and 
pragmatic constraint directly within the 
grammatical structure. For example, in 
place of 'Noun' in a conventional grammar, 
this grammar includes such nonterminals 
as 'Topic', 'Author', 'Year', and 'Publisher'. 
Because of its emphasis on semantic cate- 
gories, this type of grammar is called a 
semantic template grammar or simply a 
semantic grammar [HAYE75, BURT76, 
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classes of segments are produced: silence, 
sonorant  peak, sonorant  nonpeak, fricative, 
and flap. Associated with each classified 
segment  is its duration, absolute amplitude, 
and ampli tude relative to its neighboring 
segments  (i.e., local peak, local valley, or 
plateau).  T h e  segments are contiguous and 
nonoverlapping, with one class designation 
for each. 

SEG also does a finer labeling of each 
segment,  using a reper tory  of 98 phonelike 
labels. Each  of the labels is characterized 
by  a vector  of autocorrelat ion coefficients 
[ITAK75]. These  template  vectors were gen- 
eralized from manual ly  labeled speaker- 
specific training data. The  labeling process 
matches  the central  port ion of each seg- 
ment  against each of the templates  using 
the I takura  metr ic  and produces a vector  of 
98 numbers.  T h e  i th number  is an est imate 
of the (negative log) probabil i ty tha t  the 

segment  represents  an occurrence of the i th 
al lophone in the  label set. For  each seg- 
ment ,  SEG creates a hypothesis  at  the seg- 
men t  level and associates with it the vector  
of es t imated al lophone probabilities. The  
several  highest  ra ted  labels of each segment  
are shown in Figure 5c. 

Step 2. KS: WORD-CTL. 
Stimulus: Start of processing. 
Action: Create goal hypotheses at the word 
level. These will control the amount of hy- 
pothesization that MOW will do. (The goal 
hypotheses are not shown in Figure 5.) 

Step 3. KS: WORD-SEQ-CTL. 
Stimulus: Start of processing. 
Action: Create goal hypotheses at the word- 
sequence level. These will control the amount 
of hypothesization that WORD-SEQ will do. 

Step 4. KS: POM. 
Stimulus: New segment hypotheses. 
Action: Create syllable-class hypotheses. 
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classes of segments are produced: silence, 
sonorant  peak, sonorant  nonpeak, fricative, 
and flap. Associated with each classified 
segment  is its duration, absolute amplitude, 
and ampli tude relative to its neighboring 
segments  (i.e., local peak, local valley, or 
plateau).  T h e  segments are contiguous and 
nonoverlapping, with one class designation 
for each. 

SEG also does a finer labeling of each 
segment,  using a reper tory  of 98 phonelike 
labels. Each  of the labels is characterized 
by  a vector  of autocorrelat ion coefficients 
[ITAK75]. These  template  vectors were gen- 
eralized from manual ly  labeled speaker- 
specific training data. The  labeling process 
matches  the central  port ion of each seg- 
ment  against each of the templates  using 
the I takura  metr ic  and produces a vector  of 
98 numbers.  T h e  i th number  is an est imate 
of the (negative log) probabil i ty tha t  the 

segment  represents  an occurrence of the i th 
al lophone in the  label set. For  each seg- 
ment ,  SEG creates a hypothesis  at  the seg- 
men t  level and associates with it the vector  
of es t imated al lophone probabilities. The  
several  highest  ra ted  labels of each segment  
are shown in Figure 5c. 

Step 2. KS: WORD-CTL. 
Stimulus: Start of processing. 
Action: Create goal hypotheses at the word 
level. These will control the amount of hy- 
pothesization that MOW will do. (The goal 
hypotheses are not shown in Figure 5.) 

Step 3. KS: WORD-SEQ-CTL. 
Stimulus: Start of processing. 
Action: Create goal hypotheses at the word- 
sequence level. These will control the amount 
of hypothesization that WORD-SEQ will do. 

Step 4. KS: POM. 
Stimulus: New segment hypotheses. 
Action: Create syllable-class hypotheses. 
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nonoverlapping, with one class designation 
for each. 

SEG also does a finer labeling of each 
segment,  using a reper tory  of 98 phonelike 
labels. Each  of the labels is characterized 
by  a vector  of autocorrelat ion coefficients 
[ITAK75]. These  template  vectors were gen- 
eralized from manual ly  labeled speaker- 
specific training data. The  labeling process 
matches  the central  port ion of each seg- 
ment  against each of the templates  using 
the I takura  metr ic  and produces a vector  of 
98 numbers.  T h e  i th number  is an est imate 
of the (negative log) probabil i ty tha t  the 

segment  represents  an occurrence of the i th 
al lophone in the  label set. For  each seg- 
ment ,  SEG creates a hypothesis  at  the seg- 
men t  level and associates with it the vector  
of es t imated al lophone probabilities. The  
several  highest  ra ted  labels of each segment  
are shown in Figure 5c. 

Step 2. KS: WORD-CTL. 
Stimulus: Start of processing. 
Action: Create goal hypotheses at the word 
level. These will control the amount of hy- 
pothesization that MOW will do. (The goal 
hypotheses are not shown in Figure 5.) 

Step 3. KS: WORD-SEQ-CTL. 
Stimulus: Start of processing. 
Action: Create goal hypotheses at the word- 
sequence level. These will control the amount 
of hypothesization that WORD-SEQ will do. 
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labels. Each  of the labels is characterized 
by  a vector  of autocorrelat ion coefficients 
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specific training data. The  labeling process 
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ment  against each of the templates  using 
the I takura  metr ic  and produces a vector  of 
98 numbers.  T h e  i th number  is an est imate 
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segment  represents  an occurrence of the i th 
al lophone in the  label set. For  each seg- 
ment ,  SEG creates a hypothesis  at  the seg- 
men t  level and associates with it the vector  
of es t imated al lophone probabilities. The  
several  highest  ra ted  labels of each segment  
are shown in Figure 5c. 

Step 2. KS: WORD-CTL. 
Stimulus: Start of processing. 
Action: Create goal hypotheses at the word 
level. These will control the amount of hy- 
pothesization that MOW will do. (The goal 
hypotheses are not shown in Figure 5.) 
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Stimulus: Start of processing. 
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• assume that we want to use a blackboard 
architecture for information gathering

• query: user provides genre and constraints

• response: system recommendation for user query

Blackboard Architecture
Resource-Bounded Information Gathering

user query system response

documents are retrieved and processed. Data extracted from documents at the Corel site is integrated with
data extracted from documents at the Benchin site to form a product description object of Corel WordPerfect.
Furthering processing leads to the discovery of 14 other competing products. At the end of the prescribed
deadline, BIG’s data indicates that the “best” product is Corel WordPerfect 3.5, i.e., it best satisfices the
product specifications. BIG returns this recommendation to the client along with the gathered information,
corresponding extracted data, and certainty metrics about its extraction and decision processes.

Figure 3: BIG’s final decision for this Sample Run

In the remainder of this paper, we discuss related research, Section 2, and then present the BIG agent ar-
chitecture and its key components in Section 4. In Section 5 we present interesting research issues addressed
by BIG and provide details from actual BIG runs. In Section 6 BIG is discussed from a holistic perspec-
tive, including empirical experiment results and an execution trace. Conclusions and future directions are
presented in Section 7.

2 Related Research

The exponential growth of the Web has not gone unnoticed by the research and commercial communities.
The general solution, as one researcher so aptly put it [15], is to “move up the information food chain,” in
other words, to build higher-level information processing engines that utilize existing tools like the URL
search engines (e.g., Infoseek and AltaVista). One class of work toward this end is the meta search engine.
Meta search engines typically issue queries to multiple search engines like AltaVista and Infoseek in parallel,
customizing the human client’s query for each search engine and using advanced features of the search
engines where available. Examples of this include SavvySearch [21] and MetaCrawler [15]; commercial

6

Victor Lesser, Bryan Horling, Frank Klassner, Anita Raja, Thomas Wagner, and Shelley Zhang. BIG: An Agent for Resource-Bounded Information Gathering and Decision Making. Artificial Intelligence 
Journal, Special Issue on Internet Information Agents, 118(1-2):197-244, May 2000.
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Goal/Subgoal Relationships I

-- -I.. Goal Inlet-relationships

Figure 1: Goal Tree for the Vacation Planning Example

violated requirements by the set of agents involved
in the process. CBR-TEAM is directly relevant to
the information gathering model we propose. Infor-
mation acquired by an agent can be related to the
requirements of information acquisition in another
agent. Viewing partial results as information rele-
vant to a query opens up a rich set of possible sub-
problem interrelationships that may be exploited.
Figure 2 shows an example that highlights the same
issues in the document retrieval domain (modified
from [Decker, 1994]). For a given query, there may
be many sources of relevant information. Product
reviews often exist on-line, or may obtained from
publishers for a fee in paper or electronic format.
Relevant reviews may be found on-line in the re-
view section of the TidBits newsletter, in the Info-
Mac archives, or in discussions about the product
in Usenet news groups. The query may be satis-
fied by dispatching agents to locate the required
review and then retrieve it. Each agent may em-
ploy different access methods (such as WAIS, FTP,
HTTP, telnet, etc.), and the access methods may
have recourse to the same information at a vari-
ety of physical locations (such as the main TidBits
archive ftp.tidbits.com or its various mirrors). In-
terrelationships exist between some of the goals of
the agents involved. Locating a paper review "en-
ables" its retrieval, i.e. paper reviews may be ob-
tained by first finding a citation, and then either
finding the actual article or obtaining it from the
publisher. Finding a citation via Uncover "facili-
tates" the goal of getting the article faxed to the
user. An overlaps interrelationship exists between
Agentl’s "Get from Seller" goal and Agent 2’s "Use

Uncover" goal. This is due to the fact that once an
agent accessing the seller’s archive finds a particu-
lar citation, Agent 2 can avoid the search for that
same citation at the Uncover database.
Satisficing: Although the amount of information
available on the Internet is seemingly boundless,
the resources like time, money and computational
resources available to search that information typi-
cally are not. Rather than being able to develop an
exhaustively complete and accurate response to a
query, intermediate results from disparate sources
must be pieced together to form consistent islands
of information that can be incrementally refined to
form a more accurate solution depending on the
extent of available resources and time. That is,
the information gathering process must be satisfic-
ing along various dimensions like precision, qual-
ity, etc. If communication is slow, we may access
nearby data with low expected quality first, rather
than trying distant data sources of higher qual-
ity that may require more time than is available.
When more time is allocated to the search process,
the scope of the search can be broadened to in-
clude higher quality sources, while retaining some
amount of effort on inexpensive low quality sources.
Redundancy: Redundancy in distributed search,
either in the form of replication of data at multiple
sites or the possibility of deriving the same con-
clusion from different sets of data, raises a host of
issues. Advantages of redundancy include increased
robustness of the system in environments with
failure-prone components and increased flexibility
in responses. Redundancy can play a role in the re-
duction of uncertainty when dealing with erroneous
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Figure 2: A goal tree for retrieving Macintosh related product reviews

or incomplete information. On the other hand,
redundancy has the disadvantage of increased re-
source usage and possibly increased total process-
ing times. For example, the Internet may contain
"mirror" sites for certain data repositories or it may
contain redundant data from different sources for
the same task. Data from different sources may be
of different quality or may be differently organized.
A particular task could possibly do with low qual-
ity data which perhaps could be locally acquired.
Thus, recognizing the role of redundant data and
computation could be important for exploiting the
possibilities such redundancy offers in a CIG sys-
tem. Redundancy could be permitted if the control
costs outweigh the benefits of avoiding it. Alter-
natively, if we are dealing with faulty systems or
poor quality data, redundancy could help resolve
the uncertainty in the retrieved data by providing
additional constraints.

Conclusion" We believe that distributed in-
formation retrieval tasks characterized by com-
plex, heterogeneous and unstructured data envi-
ronments, can be viewed as a distributed problem-
solving task within the FA/C paradigm. The bene-
fits of such a view not only stem from the fact that
it provides a comprehensive conceptual model for
the myriad of methods being proposed for intelli-
gent information retrieval (fIR), but also from the
fact that the view provides a direct map from the
wealth of existing methods in Multi Agent Systems
(MAS) to the distributed information retrieval do-
main.

We hope that this paper encourages IR system

designers to take a radically new view of infor-
mation gathering as a distributed problem solving
activity and to develop IR systems that are ap-
propriate for that model. Such IR systems must
be able to concurrently, asynchronously, and in-
crementally gather information from a variety of
sources, employing a range of access and search
methods; they must be able to handle new con-
straints, revising decisions based on the arrival of
new information or the status of a partially com-
pleted search. Information Gathering systems pro-
posed in the literature typically either do not fully
exploit the potential of knowledge-intensive meth-
ods for the task [Bowman et al., 1994; Callan, 1994;
Huhns et al., ] or tend toward distributed pro-
cessing, failing to exploit the dependencies be-
tween agents working on different aspects of an
information gathering task[Knoblock and Areas, ;
Vorhees, ]. Cooperating to enhance efficiency of
a resource-limited information acquisition process
or negotiating to dynamically resolve conflicts and
inconsistencies in the acquired data, leading to fur-
ther search or retrieval, may be important aspects
of IG systems in the future. Our model is an initial
step in this direction. We also suggest that exist-
ing methods in MAS can serve to leverage future
implementations of IG systems based on this view.
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• Like Hearsay II, BIG uses a blackboard and opportunistic agent-
based planning (RESUN), but adds explicit resource-bounded 
scheduling — the Task Assessor generates a task structure and 
the Design-to-Criteria Scheduler selects a course of action that 
satisfices under the user's time, cost, and quality constraints

• RESUN planner tracks sources-of-uncertainty on blackboard 
objects and plans to resolve them by retrieving and extracting 
additional information 
• extends Hearsay-II's idea of data-directed KS activation to web-based 

information gathering

• Information Extractors (ranging from heavyweight NLP to 
lightweight grep) act as knowledge sources, processing retrieved 
documents and posting structured product objects to the 
blackboard, where they trigger further planning
• parallels Hearsay-II's KS condition/action cycle but applied to text 

extraction rather than speech signals

Blackboard Architecture
Resource-Bounded Information Gathering

Victor Lesser, Bryan Horling, Frank Klassner, Anita Raja, Thomas Wagner, and Shelley Zhang. BIG: An Agent for Resource-Bounded Information Gathering and Decision Making. Artificial Intelligence 
Journal, Special Issue on Internet Information Agents, 118(1-2):197-244, May 2000.

manner to provide support for the interpretation models under consideration.
In recasting IG as an interpretation problem, we face a search problem characterized by a generally

combinatorially explosive state space. In the IG task, as in other interpretation problems, it is impossible
to perform an exhaustive search to gather information on a particular subject, or even in many cases to
determine the total number of instances (e.g. particular word processing programs) of the general subject
(e.g. word processing) that is being investigated. Consequently, any solution to this IG problem needs to
support reasoning about tradeoffs among resource constraints (e.g. the decision must be made in 1 hour),
the quality of the selected item, and the quality of the decision process (e.g. comprehensiveness of search,
effectiveness of IE methods usable within specified time limits). Because of the need to conserve time, it is
important for an interpretation-based IG system to be able to save and exploit information about pertinent
objects learned from earlier forays into the WWW. Additionally, we argue that an IG solution needs to
support constructive problem solving, in which potential answers (e.g. models of products) to a user’s query
are incrementally built up from features extracted from raw documents and compared for consistency or
suitability against other partially-completed answers.

In connection with this incremental model-building process, an interpretation-based IG problem solu-
tion must also support sophisticated scheduling to achieve interleaved data-driven and expectation-driven
processing. Processing for interpretation must be driven by expectations of what is reasonable, but, ex-
pectations in turn must be influenced by what is found in the data. For example, during a search to find
information on word processors for Windows95, with the goal of recommending some package to purchase,
an agent finding Excel in a review article that also contains Word 5.0 might conclude based on IE-derived
expectations that Excel is a competitor word processor. However, scheduling of methods to resolve the un-
certainties stemming from Excel’s missing features would lead to additional gathering for Excel, which in
turn would associate Excel with spreadsheet features and would thus change the expectations about Excel
(and drop it from the search when enough of the uncertainty is resolved). Where possible, the scheduling
should permit parallel invocation of IE methods or requests for WWW documents.
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RESUN Information
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Figure 4: The BIG Agent Architecture

4 The BIG Agent Architecture

The overall BIG agent architecture is shown in Figure 4. The agent is comprised of several sophisticated
components that are complex problem problem-solvers and research subjects in their own rights. The most

9
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Blackboard Architecture
Resource-Bounded Information Gathering

Victor Lesser, Bryan Horling, Frank Klassner, Anita Raja, Thomas Wagner, and Shelley Zhang. BIG: An Agent for Resource-Bounded Information Gathering and Decision Making. Artificial Intelligence 
Journal, Special Issue on Internet Information Agents, 118(1-2):197-244, May 2000.

children.
The Get-Information task has two children, also governed by a seq sum(). The dotted edge leading from

Get-Basic-Information to Get-Extra-Information is an enables non-local-effect (task interaction) denoting
that Get-Basic-Information must produce quality before Get-Extra can be performed. In this case, it models
the notion that product models must be constructed before any time can be spent doing optional or extra
activities like improving the precision of the result or increasing the information coverage (discussed in
Section 5.3). Choice in this task structure occurs any time tasks are grouped under a sum() qaf (there are
many other qafs that entail choice, but they are not used in this example). For example, Look-for-Materials
has six subtasks under a sum(), which means that any combination of these subtasks may be performed and
in any order (barring deadlines on individual tasks or task interactions), i.e., the power-set minus the empty-
set may be performed. Likewise with the children of Get-More-Objects and Detail-Product-Information.
Alternative choices about where to search, how many places to search, which methods to employ while
searching, which information extraction technologies to use, the number of reviews to gather for products,
and so forth are all modeled in TÆMS. This is also what gives BIG the ability to target its performance for
particular situations. For example, in a situation where a result is desired by a tight deadline, the Design-
to-Criteria scheduler will analyze the task structure and find a solution path that “best” trade-offs quality for
duration and cost. There is another element of choice in BIG, it is in the level of abstraction that is used in
the creation of the TÆMS task structure – a task assessor component determines which are the options that
are important to enumerate and the granularity of what is included in a leaf-node (primitive action).
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Figure 2: Information Gathering Task Structure

These problem solving options are then considered and weighed by the scheduler – it performs qual-
ity/cost/time trade-off analysis and determines a course of action for BIG. The resulting schedule is denoted
by the integer annotations on the tasks. The schedule is executed; multiple retrieval requests are issued and

5
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• A blackboard system is a shared-memory architecture for cooperative problem solving under 
uncertainty: independent agents read from and write to a global blackboard, communicating only 
through changes to shared hypotheses.

• Control is data-directed and opportunistic: a monitor detects blackboard changes, a scheduler 
selects the most promising pending agent action, and processing can proceed both bottom-up (from 
data) and top-down (from expectations); no fixed pipeline.

• Originated in Hearsay-II (1970s speech understanding) and later extended to systems like BIG 
(1990s web information gathering), demonstrating the architecture's generality across domains.

Blackboard Architecture
Summary



discussion: what can we use from 
blackboard architectures for 
multiagent LLMs?
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• Can apply the classical blackboard architecture to LLM-based multi-agent systems, revisiting a 40-
year-old idea in the context of modern foundation models.

• Motivated by a practical and underexplored bottleneck in real-world data science: locating relevant 
files within large, heterogeneous data lakes before any downstream analysis can begin.

• Neither single-agent (context window limits) nor master–slave multi-agent (rigid task assignment) 
approaches scale to this challenge — and that the blackboard paradigm's decentralized, autonomy-
preserving design offers a principled alternative.

Blackboard Architecture for Multiagent LLMs

Alireza Salemi, Mihir Parmar, Palash Goyal, Yiwen Song, Jinsung Yoon, Hamed Zamani, Hamid Palangi, and Tomas Pfister. Llm-based multi-agent blackboard system for information discovery in data 
science. 2025.
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Blackboard Architecture for Multiagent LLMs

Alireza Salemi, Mihir Parmar, Palash Goyal, Yiwen Song, Jinsung Yoon, Hamed Zamani, Hamid Palangi, and Tomas Pfister. Llm-based multi-agent blackboard system for information discovery in data 
science. 2025.

LLM-based Multi-Agent Blackboard System for Information Discovery in Data Science
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Figure 1 | Overview of the blackboard multi-agent system for information discovery in data science. In
this framework, the main agent does not assign tasks to subordinate agents. Instead, it posts requests
to the blackboard, and subordinate agents autonomously decide whether to respond based on their
expertise. The main agent then uses the responses to the request to solve the given task.

limitations. First, it is not scalable: as the number of files grows, fitting them into the limited context
window of an LLM becomes infeasible. Second, the heterogeneity of files poses a challenge, as a single
agent may struggle to e!ectively analyze, interpret, and integrate diverse forms of information. Third,
such systems lack robustness to noise, since the presence of many irrelevant files can overwhelm the
model and degrade both reasoning quality and precision. One may argue that Retrieval-Augmented
Generation (RAG) (Kim et al., 2024; Lewis et al., 2020; Salemi and Zamani, 2024b) provides a
solution by choosing a subset of files in the data lake; However, current retrieval techniques are
known to perform poorly on tabular and domain-specific data, which are pervasive in data science
applications (Gu et al., 2025; Huang et al., 2022; Ji et al., 2025; Yu et al., 2025).

An alternative approach explores multi-agent systems, which frequently adopt a master–slave
paradigm (Han et al., 2025; Li et al., 2024; Xu and Peng, 2025). In this setting, a single controller
(e.g., orchestration agent) assigns subtasks to a set of subordinate agents that then execute the
specified actions. While conceptually straightforward, this architecture has several drawbacks. First,
this master-slave paradigm limits the agents’ autonomy: subordinate agents are forced to execute
instructions from the coordinator even when they lack su"cient information or hold outdated or
erroneous information. Second, the central controller must maintain an accurate model of each
agents capabilities to assign tasks, an assumption that is often unrealistic when agents have only
partial or evolving knowledge of the problem space. Finally, when multiple agents possess overlapping
expertise, the controller faces an inherent assignment ambiguity, making task routing di"cult.

Inspired by the blackboard architecture that with substantial impact on traditional AI systems
since the 1980s (Botti et al., 1995; Erman et al., 1980), we adopt a new communication paradigm
for LLM multi-agent systems. In this paradigm, a central agent remains responsible for solving the
overall task, similar to the master-slave paradigm. However, rather than assigning subtasks to specific
agents, the central agent posts a request on a shared blackboard that describes the task or information
needed, as shown in Figure 1. Subordinate agents monitoring the blackboard can independently

2

• Offline phase: data lake is partitioned into clusters 
(using Gemini) and each cluster is assigned to a 
dedicated file agent, which pre-analyzes its files to 
understand structure, schema, and content.

• Online phase: given a problem, the main agent posts 
requests to the shared blackboard; file agents and a 
web search agent listen and autonomously decide 
whether to respond, writing results to a separate 
response board.

• The main agent reads responses and uses them to 
iteratively plan, run code, and ultimately generate a 
final Python program that answers the question. No 
agent is ever directly assigned a task.
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Blackboard Architecture for Multiagent LLMs
Main agent

Alireza Salemi, Mihir Parmar, Palash Goyal, Yiwen Song, Jinsung Yoon, Hamed Zamani, Hamid Palangi, and Tomas Pfister. Llm-based multi-agent blackboard system for information discovery in data 
science. 2025.

• The main agent follows the ReAct framework
• at each step it reasons, selects an action, executes it, observes the outcome, and appends it to history before proceeding.

• Its action space has five options: Plan (decompose the problem), Reason (analyze observations), Execute Code (run 
Python and observe output or errors), Request Help (post to the blackboard and collect responses), and Answer 
(emit the final program and terminate).

• The Request Help action is the blackboard interface: the agent describes what data or information it needs without 
addressing any specific sub-agent, then receives whatever responses volunteer agents choose to provide.

• Planning and reasoning actions have no external effect — they serve as internal scratchpad steps that guide 
subsequent actions, consistent with chain-of-thought style problem solving.

• The agent is capped at T = 10 sequential actions, balancing solution quality against computational cost; empirically, 
performance improves monotonically as this budget increases.  Compare with BIG's resource-bounded reasoning.
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Blackboard Architecture for Multiagent LLMs
Helper agents

Alireza Salemi, Mihir Parmar, Palash Goyal, Yiwen Song, Jinsung Yoon, Hamed Zamani, Hamid Palangi, and Tomas Pfister. Llm-based multi-agent blackboard system for information discovery in data 
science. 2025.

• Two types of helper agents support the main agent: file agents, each responsible for a cluster of data lake files, and a 
search agent for retrieving external web-based knowledge.

• File agents
• In an offline phase, each file agent inspects a sample of its assigned files, learning their structure, schema, and required 

preprocessing — building the expertise it will later draw on to evaluate blackboard requests.
• In the online phase, upon receiving a request, a file agent decides whether its holdings are relevant; if so, it responds with file 

paths, Python loading code, data samples, and suggested preprocessing steps — or stays silent if it cannot help.

• Search agents
• The search agent handles requests for general domain knowledge (e.g., algorithm definitions, domain-specific terminology) by 

iteratively querying Google Custom Search and extracting webpage content — but explicitly declines requests involving local 
files or datasets.

• Both agent types retain full autonomy: no agent is forced to respond, and the main agent may choose to use or 
ignore any response it receives.
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Blackboard Architecture for Multiagent LLMs
Workflow

Alireza Salemi, Mihir Parmar, Palash Goyal, Yiwen Song, Jinsung Yoon, Hamed Zamani, Hamid Palangi, and Tomas Pfister. Llm-based multi-agent blackboard system for information discovery in data 
science. 2025.

LLM-based Multi-Agent Blackboard System for Information Discovery in Data Science

I need access to data that can help me determine which of the 10 NICC-defined geographic areas requested the most helicopters for firefighting. Specifically, I am looking for
datasets that contain information on firefighting resource requests, including the type of resource (e.g., helicopter), the requesting geographic area, and the date of the request.

Which of the 10 NICC-defined geographic areas requested the most helicopters for firefighting?

Question

Main Agent
Request

NOAA Wildfire Data

cannot help

State-Level Wildfire
Statistics

Yes, I can help. The provided files contain exactly the information requested. 'Wildfire_Acres_by_State.csv' includes state-level data on total acreage burned and population, and
'Wildfire_Fires_by_State.csv' contains the total number of fires per state. I can merge these to provide a comprehensive dataset.

Wildfire Environmental
and Operational Data

Yes, I can help. The file `cleaned_helicopter_requests_by_region.csv` contains the exact information required: the total number of helicopter requests aggregated by NICC-defined
geographic areas.

US General Geographic and
Demographic Data

I can fulfill the second part of your request. I have a dataset with the most recent population estimates for each US state. However, I do not have a dataset containing information
about individual wildfires and their acreage.

cannot help

Utility Scripts

code

import pandas as pd
def load_and_process_data():
    acres_file = 'Wildfire_Acres_by_State.csv'
    fires_file = 'Wildfire_Fires_by_State.csv'
    df_acres = pd.read_csv(acres_file, index_col=0)
    df_fires = pd.read_csv(fires_file, index_col=0)
    df_acres['Total Acres Burned'] = df_acres['Total Acres Burned'].fillna(0)
    merged_df = pd.merge(df_acres, df_fires, on='State')
    return merged_df

The processed data is a single table containing aggregated wildfire statistics for each US state. The
columns include 'State', 'Total Acres Burned' (the total area burned by wildfires), 'Population' (the
state's population), and 'Total Fires' (the total number of wildfire incidents).

Data Explanation

State  Total Acres Burned  Population  Total Fires\\n0                  Alabama             20978.0     5157699   
     1525\\n1                   Alaska            667075.0      740133          377\\n2                  Arizona           
282989.0     7582384         2191\\n3                 Arkansas             25444.0     3088354         1219\\n4       
       California           1081144.0    39431263         8316\

Data Sample

Suggested Steps

1) Load 'Wildfire_Acres_by_State.csv' and 'Wildfire_Fires_by_State.csv' into pandas DataFrames. 2) When loading, specify `index_col=0` to correctly handle the unnamed index
column in the source files. 3) Clean the acres data by filling the missing value for 'Total Acres Burned' for 'District of Columbia' with 0. 4) Merge the two DataFrames on the 'State'
column to create a single, unified dataset.

code

import pandas as pd

def get_helicopter_requests_by_region():
    file_path = '/cleaned_helicopter_requests_by_region.csv'
    df = pd.read_csv(file_path, index_col=0)
    df_sorted = df.sort_values(by='Total Helicopter Requests',
ascending=False)
    return df_sorted

This dataset provides a summary of the total number of helicopter requests for firefighting, aggregated
by geographic area. It contains two columns: 'Region', which lists the name of the NICC-defined
geographic area, and 'Total Helicopter Requests', which is the count of requests for that region.

Data Explanation

Region  Total Helicopter Requests\\n2              Great Basin Area                        232\\n6               
Northwest Area                        185\\n5           Northern Rockies Area                        112\\n9       
Southern California Area                         89\\n4        Northern California Area                         81\\n10     
           Southwest Area                         65\\n8                   Southern Area                         49\\n7           
 Rocky Mountain Area                         39\\n0                     Alaska Area                         19\\n1                   
Eastern Area                          9\

Data Sample

Suggested Steps

1) Load the CSV file using the pandas library. 2) Set the `index_col=0` parameter during loading to correctly handle the unnamed index column in the file. 3) The data is already
cleaned and aggregated, so no further preprocessing is needed. 4) Sort the DataFrame by 'Total Helicopter Requests' to easily identify the area with the most requests.

code

import pandas as pd
def load_population_data():
    file_path = '/NST-EST2024-POP.xlsx'
    df_pop = pd.read_excel(
        file_path,
        skiprows=3,
        skipfooter=1, # Skip the note at the bottom
        header=None
    )
    df_pop.columns = ['Geographic_Area', 'April_2020_Base', 'Pop_2020',
'Pop_2021', 'Pop_2022', 'Pop_2023', 'Pop_2024']
    df_pop = df_pop[df_pop['Geographic_Area'].str.startswith('.', na=False)]
    df_pop['Geographic_Area'] = df_pop['Geographic_Area'].str.lstrip('.')
    df_pop.rename(columns={'Geographic_Area': 'state'}, inplace=True)
    df_recent_pop = df_pop[['state', 'Pop_2024']].copy()
    df_recent_pop['Pop_2024'] = df_recent_pop['Pop_2024'].astype(int)
    return df_recent_pop

This dataset contains the annual resident population estimates for US states from April 1, 2020, to July
1, 2024. The provided code extracts the state name and the most recent population estimate for 2024.

Data Explanation

       state      Pop_2024\\n0    Alabama     5157699\\n1     Alaska      740133\\n2    Arizona   
 7582384\\n3   Arkansas     3088354\\n4 California    39431263

Data Sample

Suggested Steps

1) The Excel file must be loaded by skipping the first 3 rows which act as a header. 2) The footer row
containing notes should be skipped. 3) Column names need to be assigned manually as they are
spread across multiple rows in the original file. 4) Rows corresponding to national or regional
summaries (e.g., 'United States', 'Northeast') must be filtered out. 5) The state name column contains a
leading dot ('.') which must be removed for clean merging. 6) Select the state column and the column
for the most recent year's population (2024).

Suggested
Libraries

pandas, openpyxl

cannot help

Search Agent Response

cannot help

NIFC Wildfire Statistics

cannot help

NIFC Wildfire Statistics

Figure 15 | An example of the generated request by the blackboard system.
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Blackboard Architecture for Multiagent LLMs

Alireza Salemi, Mihir Parmar, Palash Goyal, Yiwen Song, Jinsung Yoon, Hamed Zamani, Hamid Palangi, and Tomas Pfister. Llm-based multi-agent blackboard system for information discovery in data 
science. 2025.

LLM-based Multi-Agent Blackboard System for Information Discovery in Data Science

Table 1 | Results on the KramaBench, DS-Bench, and DA-Code benchmarks. The best results for each
LLM are highlighted in bold. The KramaBench categories are abbreviated: Arc. (Archaeology), Ast.
(Astronomy), Bio. (Biomedical), Env. (Environment), Leg. (Legal), and Wild. (Wildfire).

Method LLM
KramaBench DS-

Bench
DA-
Code

Average
(macro)Arc. Ast. Bio. Env. Leg. Wild. Average

(1) DS-GRU
Qwen3-
Coder

0.00% 1.80% 2.11% 1.15% 3.27% 13.54% 3.64% 0.00% 0.00% 1.21%
(2) RAG 0.00% 3.16% 4.99% 0.54% 6.19% 16.93% 5.30% 6.32% 0.00% 3.87%
(3) Master-Slave 0.00% 3.55% 3.39% 7.77% 8.90% 21.79% 7.56% 7.55% 0.00% 5.03%

(4) Blackboard 0.00% 7.69% 7.85% 4.47% 6.36% 23.97% 8.39% 14.22% 1.11% 7.90%

(5) DS-GRU
Gemini 2.5

Flash

0.00% 7.83% 0.09% 10.93% 12.46% 13.34% 7.44% 5.53% 0.00% 4.32%
(6) RAG 16.66% 3.57% 13.98% 28.57% 10.97% 33.67% 17.90% 22.92% 2.75% 14.52%
(7) Master-Slave 16.66% 3.16% 13.98% 17.46% 21.75% 25.80% 16.46% 26.48% 0.55% 14.49%

(8) Blackboard 16.66% 3.57% 14.78% 22.92% 27.09% 41.04% 21.01% 28.06% 0.55% 16.54%

(9) DS-GRU
Gemini 2.5

Pro

25.00% 6.69% 10.64% 27.47% 5.94% 39.36% 19.18% 3.95% 0.00% 7.71%
(10) RAG 33.33% 8.47% 32.53% 31.36% 25.55% 38.32% 28.26% 27.27% 0.00% 18.51%
(11) Master-Slave 33.33% 8.47% 24.74% 32.81% 34.64% 58.98% 32.16% 34.38% 5.49% 24.01%

(12) Blackboard 33.33% 17.95% 36.83% 39.31% 34.92% 62.88% 37.53% 38.73% 9.34% 28.53%

(13) DS-GRU
Claude 4
Opus

8.33% 1.38% 1.90% 8.14% 9.80% 23.14% 8.78% 3.55% 0.00% 4.11%
(14) RAG 33.33% 11.52% 23.42% 31.61% 31.80% 45.80% 29.58% 35.57% 3.85% 23.00%
(15) Master-Slave 33.33% 8.69% 32.28% 39.16% 44.08% 48.35% 34.31% 45.84% 2.75% 27.63%

(16) Blackboard 33.33% 18.69% 45.31% 34.35% 42.48% 50.06% 37.37% 49.80% 7.14% 31.43%

their description by referencing their names and assign task to them. The prompt used for this
baseline is shown in Figure 9 in Appendix B.

4.2. Empirical Findings

Main Results: We conduct our experiments on the datasets described in Section 4.1 using our
method and the baselines. The results are presented in Table 1. These results demonstrate that
our method, the Blackboard System, outperforms all baselines on average across all the datasets.
Specifically, the Blackboard System surpasses the DS-GRU, RAG and Master-Slave approaches on all
three datasets and achieves similar or higher performance in 4 out of 6 categories on KramaBench.
Furthermore, we observe that the Blackboard System consistently outperforms the baselines regardless
of the backbone LLM, highlighting its robustness and generalizability. We attribute this improvement
to the design of the Blackboard System, where tasks are not explicitly assigned to helper agents;
instead, each agent autonomously decides whether to participate based on its capabilities. This
self-selection enhances both problem-solving e!ciency and data discovery performance.

File Discovery Performance: To analyze the e"ectiveness of di"erent methods in data discovery,
we report recall, precision, and F1-score for the file discovery task, i.e., identifying the correct files
required to answer each question. The results of this experiment, using Gemini 2.5 Pro as the backbone
LLM, are presented in Table 2. The results in this table indicate that the blackboard system achieves
the highest recall, precision, and F1-score compared to all baselines, both on average and across the
three datasets. In particular, for KramaBench, the blackboard system attains the highest F1-score in
4 out of 6 domains. We attribute this improvement to the design of the blackboard system, where
the main agent does not directly assign requests to specific file agents, as in the master–slave setup.
Instead, each file agent independently decides whether it can contribute based on its capabilities and
data holdings, leading to more accurate and comprehensive file discovery.
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• DS-GRU: Appends all available files directly into the 
LLM prompt, attempting to solve the problem from a 
single, fully-loaded context window.

• RAG: Retrieves the top-5 most relevant files from the 
data lake using embeddings over file names and 
contents, then presents them directly in the prompt.

• Master-slave: Follows the same ReAct-style loop as the 
blackboard main agent, but instead of posting to a 
shared blackboard, directly invokes named sub-agents 
by referencing them explicitly.

• KramaBench: data discovery in data science 
benchmark.

• DS-Bench: data science agent benchmark.
• DA-Code: code generation benchmark for data 

analysis tasks.
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LLM-based Multi-Agent Blackboard System for Information Discovery in Data Science

Table 2 | File discovery performance reported using recall, precision, and f1-score. The results are
obtained using Gemini 2.5 Pro as the backbone LLM. The best results are highlighted in bold.

Method Metric
KramaBench

DS-Bench DA-Code
Average

Archaeology Astronomy Biomedical Environment Legal Wildfire Average (macro)

(1) RAG
recall 0.875 0.125 0.666 0.3506 0.127 0.238 0.396 0.035 0.257 0.229
precision 1.000 0.125 0.666 0.450 0.133 0.452 0.471 0.047 0.456 0.324
F1 0.916 0.125 0.629 0.332 0.105 0.301 0.401 0.034 0.307 0.247

(2) Master-Slave
recall 0.916 0.5138 0.648 0.382 0.444 0.567 0.578 0.323 0.546 0.482
precision 0.930 0.750 0.722 0.500 0.494 0.642 0.673 0.503 0.767 0.647
F1 0.913 0.577 0.674 0.389 0.450 0.576 0.596 0.358 0.584 0.513

(3) Blackboard
recall 0.916 0.576 0.648 0.604 0.383 0.464 0.598 0.402 0.600 0.533
precision 1.000 0.733 0.722 0.703 0.302 0.603 0.677 0.584 0.837 0.699
F1 0.944 0.618 0.674 0.588 0.304 0.495 0.603 0.438 0.643 0.561

Figure 2 | Performance of Blackboard System w/ and w/o search agent (Gemini 2.5 Pro).

E!ect of Web Search (Search Agent) on the Performance: We observed that in some cases
the backbone LLM lacks the necessary domain-specific knowledge or familiarity with specialized
algorithms to fully understand and solve the problem. To address this limitation, the inclusion of
a search agent that can retrieve relevant external information may be beneficial. To evaluate this,
we compare the blackboard system with and without the search agent. The results on KramaBench,
shown in Figure 2 using Gemini 2.5 Pro as the backbone LLM, demonstrate that incorporating the
search agent improves the average performance of the blackboard system. Further analysis reveals that
when the main agent encounters unfamiliar concepts, it issues requests to obtain such information
from the web. In these cases, the search agent typically responds by retrieving the required knowledge,
thereby enabling the main agent to continue solving the problem e!ectively. Illustrative examples of
this behavior are provided in Figures 13 and 14 in Appendix D, highlighting the importance of the
search agent in scenarios where external domain knowledge is essential.

E!ect of Number of Main Agent’s Actions on the Performance: To examine the impact of the
maximum number of actions available to the main agent, we vary this parameter across 2, 4, 6, 8, 10
and evaluate the blackboard system on KramaBench using Gemini 2.5 Pro as the backbone LLM. The
results, presented in Figure 3, indicate that increasing the action budget consistently improves the
average performance of the system. This trend aligns with intuition: a larger exploration budget
allows the agent to more thoroughly analyze the problem, consider alternative strategies, better
investigate the solution space, and generate a better program that answers the question.

Case Studies: To qualitatively analyze the blackboard system—specifically how it formulates re-
quests and how this process improves the generated program—we present several case studies:

• Writing Request on the blackboard: An example of a request posted by on the blackboard is
shown in Figure 15 in Appendix D. In this case, the main agent, given the data science question,
formulates a request that specifies the likely column names and data formats needed to solve

9
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• LLM multi-agent systems have largely adopted the master-slave paradigm, requiring the controller 
to maintain accurate models of sub-agent capabilities and limits agent autonomy.

• Blackboard system LLMs demonstrate that the classical blackboard architecture transfers 
effectively to LLM-based systems and addresses these limitations.

• Observe 13–57% improvement over the best multi-agent baseline; how agents communicate is at 
least as important as which LLM is used.

• Points toward a design principle for multi-agent LLM systems: decentralized, autonomy-preserving 
coordination scales better than rigid top-down control as the number of agents and heterogeneity of 
their expertise grows.



OpenClaw



Who has heard of OpenClaw 
(formerly called Clawbot)?



OpenClaw

https://github.com/openclaw/openclaw/tree/main



OpenClaw

https://docs.openclaw.ai/

how it works



OpenClaw

https://docs.openclaw.ai/

how it works

• Runs persistently and autonomously
• Stores the agent’s memories and 

knowledge
• Responds to instructions from the 

chat app
• Makes LLM calls to route user 

instruction to available “skills” (a.k.a. 
tools)

what does the gateway do?



Skills in OpenClaw

https://clawhub.ai/



Implementation
Skills in OpenClaw

Skills are implemented as natural language instructions stored in markdown files. They 
explain the tool’s capabilities and how the AI can interact with it.

Multi-agent: skills may be calls to other AI agents



SKILL.md for checking the weather
Examples of skills



SKILL.md for summarization
Examples of skills



implemented as a series of markdown files
Agent’s memory and knowledge

• SOUL: defines agent’s identity, tone, and boundaries
• IDENTITY: defines agent’s persona (name, etc.)
• MEMORY: longterm memory

• Agent can also create markdown files for short-term memories

• USER: what the agent knows about the user
• HEARTBEAT: instructions that get run periodically



what OpenClaw knows about the user
Agent’s memory and knowledge

https://github.com/openclaw/openclaw/blob/main/docs/reference/templates/USER.md



what OpenClaw knows about itself
Agent’s memory and knowledge

https://github.com/openclaw/openclaw/blob/main/docs/reference/templates/SOUL.md



what OpenClaw knows about itself
Agent’s memory and knowledge

https://github.com/openclaw/openclaw/blob/main/docs/reference/templates/IDENTITY.md

https://github.com/openclaw/openclaw/blob/main/docs/reference/templates/IDENTITY.md


what OpenClaw knows about itself
Agent’s memory and knowledge

https://github.com/openclaw/openclaw/blob/main/docs/reference/templates/SOUL.md



The MacOS skill:

OpenClaw is not secure



when ClawHub came out, there was no attempt to protect users from malicious agents.

OpenClaw is not secure



now it runs a security scan
OpenClaw is not secure

https://opensourcemalware.com/blog/malicious-clawhub-skills-hide-in-plain-sight



https://opensourcemalware.com/blog/malicious-clawhub-skills-hide-in-plain-sight



https://opensourcemalware.com/blog/malicious-clawhub-skills-hide-in-plain-sight



How to create an agent?
Launch an OpenClaw agent with access to the Moltbook skill

Moltbook

https://moltbook.com/skill.md



What are your thoughts on 
OpenClaw and/or Moltbook?


