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Handerafting method: in this method, agent profiles are
manually specified. For instance, if one would like to design
agents with different personalities. he can use “you are an
outgoing person’ or “you are an introverted person” to profile
the agent. The handerafting method has been leveraged in a lot
of previous work to indicate the agent profiles. For example,
Generative Agent [22] describes the agent by the information
like mame, objectives, and relationships with other ngents.
MetaGPT [23]. ChatDev [18], and Self<collabosation [24]
predefine  various roles and their  comesponding
Tesponsibilities in software development, manually assigning
distinct profiles to each agent to facilitate collaboration.
PTLLM [25] aims to explore and quantify personality traits
displayed in texts generated by LLMs. This method guides
LLMs in genernting diverse responses by mmfulu defining
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wililleen quonmme L L si-genersoieno can save

SlEnt time when the number of agents 3% large, but it may
sc control aver the generat

alignment method: in | the agent

obeained from real-world ically, one

«can first organize the information a ans in the
datasets info natural language prompts, and then leverage it to
profile the agents. For instance, in [20], the authors assign
roles to GPT-3 based on the demographic backgrounds (such
a5 racelethnicity, gender. age, and state of residence) of
participants in the American National Election Studies
(ANES). They subscquently investigate whether GPT-3 can
produce similar results to those of real humans. The dataset
alignment method accurately captures the attributes of the real
population, thereby making the agent behaviors more
meaningful and reflective of real-world scenasios.

Remark. While most of the previous work leverage the above
profile generation strategies independently. we argue that
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assessment tools such as [PIP-NEO [26] and BFI [27). [28]
studies the toxicity of the LLM output by manually prompting
LLMs with different roles, such as politicians, joumalists and
‘businesspersons. In general, the handerafting method is very
flexible, since one can assign any profile information to the
agents. However, it can be also labor-intensive, particularly
when dealing with a large number of agents.

LLM-generation method: in this method, agent profiles are
amtomatically generated based on LLMs. Typically. it begins
by indicating the profile generation rules, elucidating the

@ @©®@ © ® ® ©® 0

in order to predict social developments via agent simulation,
one can leverage real-world datasets to profile a subset of the
agents, thereby accurately reflecting the current social status,
Subsequently. roles that do not exist in the real world but may
emerge in the future can be manually assigned to the other
agents, enabling the prediction of furure social development.
Beyond this example, one can also flexibly combine the other
strategies. The profile module serves as the foundation for
agent design, exerting significant influence on the agent
memeorization, planning, and action procedures.
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, Xueyang FENG', Zeyu ZHANG, Hao YANG, Jingsen ZHANG,
[EN, Jiakai TANG, Xu CHEN (<), Yankai LIN (<), o o
ayne Xin ZHAO, Zhewei WEI, Jirong WEN ‘LE%‘IE

stificial Intelligence, Renmin University of China, Beijing 100872, China
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> long been a research learning process, since the human mind is highly complex,
unities, Previous research  and individuals can learn from a much wider variety of
limited knowledge within environments. Because of these gaps, the agents obtained from
rges significantly from the previous studies are nsnal]y t'ar from replacalmg human-
kes the agents hard to level decision p in d, open-
y. through the acquisition ~domain settings.

, large language models In recent years, large lanzuage models (LL\!s) ]m\:

wmman-level intelligence, achieved notable ing
LLM-based autonomous pulenllal in anammg human-like mle]hgen:e [5-10]. This
survey of arises from leveraging comprehensive training

¢ review of LLM-based datasets alongside a substantial number of model parameters,
spective. We first discuss  Building upon this capability, there has been a growing
mous agents, proposing a research area that employs LLMs as central controllers to
much of previous work. construct autonomous agents to obtain human-like decision-

: diverse i of ~making capabi [11-17).
social science, natural Comparing with reinforcement learning. LLM-base;
delve into the evaluation have more comprehcnsue internal world knowledgég {%

agents, facili more i d agent actions even without
/e also present several on specific domain data. Additionally, LLM-based agents can
field. provide natural language interfaces to interact with humans,
which is mos ible and explainable.

arge language model. Alann ol

FENNEE LA TH “ASLHEEH#ZFNPDFEX

2. BIFSRmE

o EFENIFIhEE, AMRRIEX

o BRIXIFHRAHNEERLMES;

o XFEAYWE. ETFWR. XEBRIEX



Blog

N

o TENENEF

INFERRE

E L
O]

1 &%

3. Blogfm

\

[ ER—BRFAEE,

v, el i sasseiacd, Spen

Language modes (LLMY) have

- T 1 ot o of e B
e 0% ke i 1 10t L il el B
1 Introduction e e ety 08 g 1o
i oo agee s a e ssed wikn o 3t e Do 124 compics e ks ilecel
o e it o e £t erironmentand ot . By e ot s gt
G it T o ok G 80 4L g o o 0 ks 200 et
iomesmin e el Houeees, we bive e -
i o Graerse (1997 s gty devlogin 5d o1 et .
N s e o v st 1 8 ST iiand & s i 0 g e
g pph s hing it et s "

BNEIZEE

om0 < 3 j24 >

=

< 1 o725 - 95%\/'+f§i¢t¢-$:

53

145%

378

=

training and fine-tuning in NLP and CV bt rematos it o smaller setes doe 10 ot sparsity.

Cross-modality Adaptation. Building on in-modality adaptation, recent work has further explored
transferring knowledge from powerful pre
ries modeling, through techniques such
Our appro

adapts an acoustic model (AM) from speech recognition to time series classification by n:ng a
time series into a format suitable for the AM. Recently, Chang et al. (2023) proposes 1%
for time series forecasting using LLMs. It designs a two-stage fine-tuning process on the LI%
first supervised pre-training on time series, then task-specific fine-mning. Zhou et al. (2023) le
ages pue-trained langumge models without alering their slf.atention and feedforward layers. This
‘model is fine on variou comparable
P performance by transferring knowledge from nllunl language pre-training. Dis-
tinct from these approach, we neither edit the input time series directly nor fine-tune the backbone
LLM. Instead, as illustrated in Fig. 1(c). g time series wil

modality along with prompting to unleash me pommal of LLMs as effective time series machines.

3 METHODOLOGY

Tar mod 3 T2 ocus on FEPrOZrAMIINg an cmbedd
language Sondrion msdel cach I\U!W(vamn etal,, 2023) and GPT-2 (Radford aal, zmn)
for general time series forecasting witkout requiring any fine-tuning of the backbone model. Specif.
ically, we consider the follow lem: given a sequence of historical observations X € RN*7
consisting of N different 1-dimensional variables across T time steps, we aim to reprogram a large
language model f(-) to understand the input time series and accurately forecast the readings at
future time steps, denoted by ¥ € RV with the over jective to minimize the mean square
ertors between the ground truths Y and predictions, i.e., 37 ¥, 1¥n = Yalf}.

Our method three main (1) input (2) & pre-trained and
frozen LLM, and (3) output projection. Initially, a multivariate time series is partitioned into N
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Establishing the Standard: A Unified Fr
Pathfinding (MAPF

Roni Stern, Nathan R. Sturte
Atzmon, Liron Cohen, T. K. Satish Kumar, Roman Bartak, Eli Boyarski

This paper establishes a formal and unified frai
terminology for problem variants, conflict typ
reference that includes a new grid-based
algorithm to push the boundaries of current MAPF solvers.
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for Multi-Agent Pathfinding (MAPF), standardizing
nd objective functions. It serves as a foundational
mark and provides experimental baselines using the ICBS
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TL:DR

TRABEE B

Multi-Agent Pathfinding (MAPF) is the backbone of modern automated logistics and robotics. However,
for years, the field was a "Wild West" of varying definitions and localized benchmarks. This seminal
paper by Stern et al. brings order to the chaos by introducing a unified terminology, formalizing
conflict types, and launching a diverse grid-based benchmark that serves as the gold standard for
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