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Kimi—Researcher
End-to-End RL Training for Emerging Agentic Capabilities

June 20, 2025 ¢ 10 min read

Kimi K2: Open Agentic Intelligence

Kimi K2 is our latest Mixture-of-Experts model with 32 billion activated parameters and 1 trillion total parameters. It achieves
state-of-the-art performance in frontier knowledge, math, and coding among non-thinking models. But it goes further —
meticulously optimized for agentic tasks, Kimi K2 does not just answer; it acts.

Meet Kimi-Researcher, an autonomous agent that excels at multi-turn search and reasoning.
It performs an average of 23 reasoning steps and explores over 200 URLs per task. Built on an
internal version of the Kimi k-series model and trained entirely through
it achieved a Pass@1 score of 26.9%—a state—of-the-art result—
on Humanity's Last Exam, and Pass@4 accuracy of 40.17%. Starting from an initial HLE score
of 8.6%, Kimi—Researcher reached 26.9% almost entirely through end-to—end RL training,
providing compelling evidence that end-to-end agentic RL can significantly advance agent
intelligence.

And now, it is within your reach. Today, we are open-sourcing:

» Kimi-K2-Base: The foundation model, a strong start for researchers and builders who want full control for fine-tuning and
custom solutions.

« Kimi-K2-Instruct: The post-trained model best for drop-in, general-purpose chat and agentic experiences. It is a reflex-
grade model without long thinking.

With Kimi K2 Jadvanced agentic intelligence s more open and accessible than ever. We can't wait to see what you build.

https://moonshotai.github.io/Kimi-Researcher/ https://moonshotai.github.io/Kimi-K2/ 6
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Question: What was the actual enrollment count of the clinical trial on H. pylori in acne
vulgaris patients from Jan-May 2018 as listed on the NIH website?
Ground truth: 90

Level 2

Question: If this whole pint is made up of ice cream, how many percent
above or below the US federal standards for butterfat content is it when
using the standards as reported by Wikipedia in 2020? Answer as + or -
a number rounded to one decimal place.

Ground truth: +4.6

Level 3

Question: In NASA’s Astronomy Picture of the Day on 2006 January 21, two astronauts
are visible, with one appearing much smaller than the other. As of August 2023, out of the
astronauts in the NASA Astronaut Group that the smaller astronaut was a member of, which
one spent the least time in space, and how many minutes did he spend in space, rounded to
the nearest minute? Exclude any astronauts who did not spend any time in space. Give the
last name of the astronaut, separated from the number of minutes by a semicolon.

Ground truth: White; 5876

Agentic and Competitive Coding

79.4
72.5

SWE-bench Verified

Tool Use

Tau2-bench weighted average*

https://arxiv.org/abs/2311.12983 https://moonshotai.github.io/Kimi-K2/

46.9 447 474 447

Ny 37.0 @ A +
7

271 24.0
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LiveCodeBench v6 0JBench

Math & STEM

AceBench(en) AIME 2025 GPQA-Diamond
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‘ﬁ werewolf i villager

l] Good moming
everyone. ltsee
ms like we had a
peaceful night. |
was wondering if
anyone has any

suspicions or
observations they -
would like to
share? | think its
important for us to
start discussing
and sharing our
thoughts to find
outwho the
werewolves are

PGG-Bench: Contribute & Punish

Gemini 20 Flash

Caaud
eLani 1

é witch

1} Well, 1 agree with Player 1,3 and Player 4. Based on my observation )
and analysis, | also think Player 5 is a little suspicious. But we might not
| vote to kill him casually.

% guard % seer

(3 Hi. 1 agree with Player 1 and Player 4 that we should ex-
actively. Based

| Ithink Player & s a ittle suspicious.

/ Good morning
everyone. Asa
villager, | dont have

~ any clear suspici

ons yet, but 'min-
terested in hearing
what others have
tosay. Did anyone
notice anything
suspicious or have
any thoughts on
who the were.
wolves might be?

antidote to save him. Therefore, Player 5 may not be a werewolf, but
as killed by the werewolf last night

 Player 5

ation and

1 1agree with Playert,2 and 6. | think we have to actively gather infor-

ﬁ | have to defend myself bacause | am innocent. | think we should ga

peculate about who We ther

and have a full

. now, we can'tkill a potenti-
ha ble and avoid being killed

by the werewolves. | will use my special ability wisely at night

alteammate in a hurry. On the contrary, | think Player 3 is a bit aggre
ssive, and | suspect he is one of the werewoll

19
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TMGBench: A Systematic Game Benchmark for Evaluating Strategic Reasoning Abilities of LLMs
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Table 3: The form of typical 2x2 matrix games.
Player B: Strategy 1 | Player B: Strategy 2
Player A: Strategy 1 (a, w) (b, x)
Player A: Strategy 2 (c,y) (d, z)
(118 G, 3
Battle of the Sexes E Row
’ Hero(BoS,,) payoffs 1 3
Dp (1, a)w 3) 2 1
Dilemna e e ) 4
o Layer id: 1
, Prisoner’s
_ Row 1id: 1 .
Harmony-Mixed D1 Lemma
c:::::tyi‘me Column 1id: 1
(a) Most Famous Games (b) Details in a Grid

Figure 9: The topology of the normal-form game system, which is presented by a square
consisting of 12x12 grids. Figure 9a displays the position of the most famous games in the
topology. In each grid, there are specific details of the game, which is shown in Figure 9b.
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Story-based Game Generation Prompt

Please generate a game theory short story with the following requirements:

- Specific topic: {domain}

- There are two characters who may be in a situation of “cooperation” or “competi-
tion”;

- Each character has 2 choices, and the combinations of their choices form 4 different
scenarios;

- In these 4 scenarios, the two characters face different benefits/losses, which can be
abstracted as different rewards they can obtain or different states they can achieve in
each scenario;

- They each have a preference relationship for these rewards/states. We use numbers
to represent the degree of preference, with 4 representing the most preferred and 1
the least preferred (i.e., preference degree 4>3>2>1);

- The payoff matrices for both characters can be abstracted and represented in one
matrix, where A and B represent two characters and their choices are A1, A2/B1, B2.
The respondent matrix is shown as below (the story you generate should have the
same payoff structure as it):

{matrix_str}

Now please design a story that includes:

- Characters

- Each character’s choices

- Characters’ preferences for different scenarios

- Story description

Response format:

[Characters]

IIA/I‘ “" ” IIBI/_ “" ”
. e g . eee

}
[/Characters]

[Choices]
IIAlII: II...II’ IIAZII: II...II’ IIBlII: II..'II’ IIB2’I: II..'II

}

[/Choices]

[Preferences]

Characters’ preferences for different scenarios (4 most preferred, 1 least preferred):

”A”: {

A 05,08 L YN

}
”B”' {
4o, 03 ML 2 Y, L L

}

[/ Preferences]

[Payoff Matrix]

[/Payoff Matrix]

[Scenario]

...(to detailedly describe the situation, including the information of characters,
choices, preferences and payoffs on different choice combinations)

[/Scenario]

TMGBench: A Systematic Game Benchmark for Evaluating Strategic Reasoning Abilities of LLMs
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Sequential

( game1 game: games
i » [ 4
» L 3 V & h é > > 2Z - deh
Y B A2 n _ 5
< ’ ,’ DS = Parallel Nested
a 2\ :
game: _l_ Game Pair i Condition
Three Atomic Games pre-game ;- NE : pre-game core-game
& 1 B 3
« < v i . e 2 X
2 5 amez if: g then:
Pr.l SONEEE Cooperate Defect Stag Hunt Stag | Hunt Hare Battle of Football Ballet g B > I I o8l N X
Dilemma Hunt the Sexes i :
i
RE B L/ core-game /* NE | %
Cooperate 3,3) (0, 5) Hunt Stag (G (0, 3) Football 3,2) (0, 0) games /4 st i
ol g ! new NE of the
NE NE| NE . > i ) i
Defect (5,0) 1,1 Hunt Hare 3,0) @3,3) Ballet (0, 0) @,3) . S Yo o pre-game: v
) ]
Description: Two prisoners must Description: Two players can hunt a stag Description: A couple prefers to do an activity - / :
independently decide whether to cooperate or together (requiring cooperation) or hunt a hare together but have different preferences. One
betray (defect). Betrayal offers a higher payoff individually (a safer but less rewarding choice). prefers a football game, while the other prefers
if the other cooperates, but mutual betrayal Trust is essential to maximize the payoff. ballet. Coordination is key, but each prefers
leads to the worst outcome for both. their favored activity. Ne ste d
Sequential Input two games Scenario 1 Scenario 2
@ ® &)
Stag Hunt Sta; Hunt Hare i Hunt Sta; Hunt Hare Seag Hunt Sta; Hunt Hare
: s,
Pr} soners Cooperate Defect Stag Hunt Stag | Hunt Hare Battle of Football Ballet Hunt g Hunt g Hunt J
Dilemma Hunt the Sexes
Cooperate | (3,3) 0,5) HuntStag | (4,4) 0,3) Football (3,2) (0,0) Hunt Stag 4, 4) (0,3) Hunt Stag @, 4) 0,3) Hunt Stag (4, 4) 0,3)
Hunt Har Hunt Har Hunt Har
Defect (5,0) 1,1 Hunt Hare 3,0) 3,3) Ballet (0,0) 2,3) il < 3.0 G.3) u = G0 G.3) un < G0 G3
= T e =3 Pre-game aa Dre-game iz Pro-game
o E> Defect ) ¢ Stag Hare Coth ¢ [Footbal Ballet " L .w Hunt Stag [ E3A I::} Hunt Hare
. Defect | (1,1) . ‘;“;“g' @a | | m) e . IFootball (3,2) | | Battet | 2,3) = HuntStag | (4,4) = HuntHare | (3,3)
3 9
In sequential games, we designed differ;nf types vaf qfumic games to evalyu're whefher LLM§ Prisoner’s Cooperate Defect S aSg
can perform strategy reasoning stably without being influenced by historical game information. Dilemma Prisoner’s Prisoner’s
Dil Cooperate — Defect
Cooperate 3,3) 0, 5) —
Parallel C 3.3 C t (0, 5)
ooperate ooperate
_ Defect (5,0) 1,1 P B P g
LLIONEES Cooperate Defect Stag Hunt Stag | Hunt Hare Dieot Football Ballet
Dilemma Hunt the Sexes Core- game Defect 5, 0) Defect 1)
Cooperate (3,3) (0, 5) Hunt Stag 4,4 (,3) Football (3,2) (0,0) <> Core-game L Core-game
. 2 [ 553 ] Cooperate [ &40 ] Defect
Defect 5,0 L1 Hunt Hare 3,0 3,3 Ballet 0,0 2,3 In nested games, we designed two inner-
&9 1 0 @3 ©.9 @3 linked atomic games to evaluate if LLMs can . ¢> Defect (5,0 x . :> Defect (1, 1)
achieve optimial payoff by applying strategic
¢ 'Input all three games reasoning with some restrictions.
©  Ouiput three answers simultaneously Scenario 1: If (Hunt Stag, Hunt Stag) is chosen in the pre-game, it leads to only being able to choose (Cooperate, Cooperate) and (Defect, Cooperate)
in the core-game, which means the Nash equilibrium point (Defect, Defect) cannot be selected in the core-game. Therefore, choosing (Hunt Stag,
Prisoner’s Stag | Hunt Stag | Hunt Battle of]| Battle of| Hunt Stag) in the pre-game is an incorrect strategy.
i Defect Hunt Stag Hunt Hare thi S:XZS Football the Sexes Ballet
Hunt Hunt i 4 i i - il -
Defoct Wy Smu'; “ 4 H:rne G.3) Football| G.2) Ballet | (23) chnarlo 2: If (Hunt Hare, Hunt Hare) is chqs_en in The_pre game, then (Coo|:_>er'a're, Defect) and (Defect, DefecT) can be chosen in the core-game,
which allows the LLM to select the Nash equilibrium point (Defect, Defect) in the core-game. Therefore, choosing (Hunt Hare, Hunt Hare) in the pre-
In parallel games, we designed different types of atomic games to evaluate whether LLMs can game is a correct strategy.

simultaneously consider different types of game scenarios and make correct strategic reasoning.
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OB A=EE

O30 B
O A2 R TEEE
O SRISAIEEEE

O 3WFERRES (LEREN)

O XpeEE

ZoBREEE M
TR R g abond

—FERATHIFNGEIT e plice: nd kb

%%\Lﬁig?ﬁﬁﬁﬁi{i Bob: 109 10de
Dﬁg I JANEN ommun

MR IRR Badsesans

Hﬁ: T;I@%ﬁ;ﬁﬁ Flush (AQ Ké» Qb

BE%U Hand » 1OQ) and wins.

e da

SRIT TN B —HPE]
(LHIFNGThFRE, Rt
BN, TTRSE—
SKFABEAHERS
—IRNEERE, RIES
BREVS S H s
AITERR,

- Alice and Bob

Players .

are playing.
Tl Alice: Kb
Cards [:Y0oY QQ

Commun

Q‘

o  BOD forms a pair of
an

and wins.

IRE
mEe—wans [ i,
o W oiecons
Hﬁﬂﬁs&, Ifﬁﬁﬁﬁ plays Triple 5s (568 59 568)
RIGMEIFTHAE P Triple 75 (760 76 748
EI‘JHE;FUQH]%“, %%—t IGLUCY  (higher)

g%ﬂj%$¢ﬁﬁﬁ Charli.e’s team wins
Hﬁﬂl}] E 1‘[]_(‘, the trick.

25



asE

OFZESIE: F5E
O BEtR
O XIARE IR RN FEREE
O I HIRE RN E IR
O HERSRSSERTE B ERE

75, SRSIET

NS

Tzl

E—IMSEIHRITAE FABM{ES —MtEAsE

: . 1 — MR A rare collectible

%_1ﬁ1{§€‘?}};§]’?ﬁ1‘5 A govgrnment is auctioning Zéﬁ(%%%i%@éiaﬁ) item is auctioned.

=5 == off a piece of land. LR INE] s ISPy
SRR TN o company A $1.0m PO NS TN oo
2, S5HER Ml c B: $1.2M B ot [ Bidder B: 5150 «—
e elalNa) =0 Boileiperd SHEREREIIRHRIT, Bidder C: $200
T HYISIR,, JTER PR LoNe—— N—R=— =] _ |
&SR HY m Company C ‘ Ei_}éﬂiﬁ'%zitg' {; m Bidder C

s RAEAIE S8R

1#&*2*3‘59@%:; (BT $1.5M *Zl_‘{fl\*go LR S150

KRFHBAE
INFHEMFESE (mﬂ'{ w An artwork is auctioned

%:_:GEIE:E) %—fqlﬁ at an auction house.

D, ouls I s
HEFHS —§5¢&Liaﬂj el sidder C: $7,000
Fl; = Bidder B: $8,000
ﬂl EEI Iﬁ A =1
= S LA \\ (No further bids)
Egg?ﬂgﬁgﬁﬁ I Bidder B
Bx/Oo ) BR = S $8,000

REHINWISYIm.
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(A) Open Ascending—Price Auction

ey

|:|1L;\—.l'

=B
E

V(oo v Item 3 starts at
m $5000. Any takers?
Item 3
itemd I bid $8000! | ('mout! | { Ibid $5500!
Item 5 Q;O !"
Item 6 < 4 4
ltemList  Bidder1  Bidder 2
v
V(65 We have $8000
5 | fromBidder 1. Any
ltem 3 LA advance on that?
ltom 4 Auctioneer 'm out!
Item 5
Item 6 0\9 '.,' *
~ 4 - -
v y
V(o) v | Sold, toBidder 1!
¢ ’ = (\; The true value of
U5 Item 3 s $10000.
Item 4 I've earned $2000.
Item 5
Item 6 09 'ﬁ %
(updated) .

Put Your Money Where Your Mouth Is: Evaluating Strategic Planning and Execution of LLM Agents in an Auction Arena, & H K%

I TRLKRER

o

(B) Bidder Agent Design

Belief

1. Profit sofar
2. Winning bids

‘ 3. Budget left

C

Desire (Objective)

& Maximize profit

a
o

Intention (Plan)

1. Priority scores for
remaining items

»,

Step 1: Ve .o !
Planning % Strategy* >
S'fep'2: Action (Bid)

Bidding e Placeabid

¢

&

. e Withdraw

A Bidding War

Environment (Auction)

Y90 Y
Z»Ejn&

By

4

8

L 4 J

S ...
< 4

=

/ After the item is sold

Updated Belief

st 3: Belief Upd )
‘/ ep 3: Belief Up ate‘

Objective

Updated Plan

Step 4: Replanning

(C) Examples
(1) Example of an (updated) belief &
Budget Profit Winning Bids
Bidder1 US$2000 US$2000 $8000 for Item 3
Bidder2 US$7000 US$1000 $1800 for Item 1,
$1200 for Item 2
Me US$10000 US$0 None

(2) Example of an (updated) plan Vﬁ'
Given the current status, my remaining =
budget is $10000. Bidder 1 has outbid me on
“Item 3", which significantly changes my
priority for the remaining items. Now,
“Item 6" is the top priority as it holds
the most value and potential profit, and I
have enough budget to bid on it.

For the remaining items, “Item 4”, “Item
5", the priority should be increased to 2.
These items have the same estimated value
and starting price, and winning any of them
would contribute positively to my profit.
However, I should only bid on these items
if I can secure “Item 6" with a good margin
or if I fail to secure “Item 6”.

Here's my updated priority list: {..} @53

(3) Priority score list for remaining items

2 0 0 d
y 7 A Z Z
| [ [Item 3{Item 4] Item 5 Lem 6 Z
y o Z

— 1
[Item 4| Item 5 I Item 63"

N2,
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PGG-Bench: Contribute & Punish

SHRX, {AE3X)
e ARELELRT

IR REIE,

P1 Afte
Qwen QwQ-32B 16K Targ

After

$20 === Gi
P1
P2
P3
P4
P5

P5 P2 P2

03-mini (medium reasoning) Gemini 2.0 Flash

$20 $20

that, each may spend up to 10 t

10 rounds, each player’s final token count is their sc

¥ many

tis 1 y 1.6, evenly

lose at most half their new balance or 100 tokens, with any uni

ame 444 Start ===
Qwen QwQ-328 16K

- Gemini 2.0 Flash

- Llama 3.3 70B

~ Claude 3.7 Sonnet Think

- 03-mini (medium reasoning)

und 1 Sta

- Letss all contribute fairly to the public fund to maximize our earnings!

stin damage

Public Goods Game with Punishments: Multi-Pass TrueSkill

Gemini 2.5 Pro Exp 03-25 —
ol (medium reasoning)
Mistral Large 2 —
DeepSeek-V3
03-mini (medium reasoning) —
Gemini 2.0 Pro Exp 02-05 —
GPT-4.5 Preview —
Grok 2 12-12 —
Claude 3.7 Sonnet Thinking 16K —_
GPT-40 Feb 2025 —

Pot: 0

P4 P3
Claude 3.7 Sonnet Think Llama 3.3 70B

$20 $20

Game 444, Round 1, Public Chat

https://github.com/lechmazur/pgg bench

01 (medium reasoning) =129:05

Mistral Large 2 p=117 v

Claude 3.7 Sonnet Think JSiL5505 (122 games, 26 wins)

03-mini (medium reasoning) PSEEZE0S (120 GaRMES SEWINS)

Gemini 2.0 Pro Exp 02-05 i=11.0:0.4

DeepSeek-V3 p=11.0:05 (12

GPT-4.5 Preview =109:05 (121 games, 30 wins)

Llama 3.3 70B| j=10.5:0.5 (125 games, 17 wins)

Grok 2 12-12 p=10.405 (119 games, 13 wins)

GPT-40 Feb 2025 p=10.4:05 (127 gar

Qwen 2.5-Max p=

DeepSeek R1 p=10.1:0.5 (111 games, 24 wins)

Claude 3.7 Sonnet §=0.8:05 (126 games.

Qwen QWQ-32B 16K =

Claude 3.5 Sonnet p=

Llama 3.1 4058

Gemini 2.0 Flash Think Exp p= y
Gemini 2.0 Flash j=7.1£05 (122 games, 7 wins)

0 2 4

5 games, 20 wins)

0.5 (133 games

e

Trueskill (4 £ 0)

— Llama 3.3 70B —

Qwen 2.5-Max —
Claude 3.7 Sonnet —
DeepSeek R1
Llama 3.1 405B —
Qwen QwQ-32B 16K —
Gemini 2.0 Flash Thinking Exp 01-21 —
Claude 3.5 Sonnet 2024-10-22 —
GPT-40 Mar 2025
DeepSeck V30324
Llama 4 Maverick
Gemini 2.0 Flash —_
0 2 4
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O TextStarCraft I2— & A ABUESEEESCAT SR (Z2fRFEEH) PRIREK
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Large Language Models Play StarCraft II: Benchmarks and A Chain of Summarization Approach, NeurIPS 2024, 1 &}t H 240 bl 34




Eff%5: LLM-PySC2

O{TAESHE: SHFPYySC2HRRHINEEMTA

“Swarm Brain, TextStarCraft II, have

OEREEE: HFZIESEEREA the problem of severely limiting
O&5EH: LIEZEENEY observation space and action space”
Actions Agent Observations

r Actions Other Agents
ANAEA B
, el A

LLM-PySC2: Starcraft II learning environment for Large Language Models, FgH K%
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Real World Games Look Like Spinning Tops

Wojciech Marian Czarnecki Gauthier Gidel Brendan Tracey Karl Tuyls

DeepMind DeepMind DeepMind DeepMind
London London London Paris
— == iy g%
Shayegan Omidshafiei David Balduzzi Max Jaderberg i 2 H
DeepMind DeepMind DeepMind T‘ % ~
Paris London London
X, RE&HEHR=
I o
Abstract

This paper investigates the geometrical properties of real world games (e.g. Tic-Tac-
Toe, Go, StarCraft IT). We hypothesise that their geometrical structure resembles a
spinning top, with the upright axis representing transitive strength, and the radial
axis representing the non-transitive dimension, which corresponds to the number
of cycles that exist at a particular transitive strength. We prove the existence of
this geometry for a wide class of real world games by exposing their temporal
nature. Additionally, we show that this unique structure also has consequences for
learning — it clarifies why populations of strategies are necessary for training of
agents, and how population size relates to the structure of the game. Finally, we
empirically validate these claims by using a selection of nine real world two-player
zero-sum symmetric games, showing 1) the spinning top structure is revealed and
can be easily reconstructed by using a new method of Nash clustering to measure
the interaction between transitive and cyclical strategy behaviour, and 2) the effect

that population size has on the convergence of learning in these games. . . Z “‘.L..\..
: DU P\l A

@Novaloasuka

1 Introduction

Game theory has been used as a formal framework to describe and analyse many naturally emerging
strategic interactions [30, 10, 9, 28, 20, 11, 6]. It is general enough to describe very complex
interactions between agents, including classic real world games like Tic-Tac-Toe, Chess, Go, and
modern computer-based games like Quake, DOTA and StarCraft II. Simultaneously, game theory
formalisms apply to abstract games that are not necessarily interesting for humans to play, but were
created for different purposes. In this paper we ask the following question: Is there a common
structure underlying the games that humans find interesting and engaging?

EiFRHE28EE
tHZ B XIRAY
AlLlIgxiF%

NETL QS S ARG G NN AR AN

“ ~~ometry of real world games? Games have been used

. cial intelligence for decades, starting with Shannon’s

Dee p M I n inforcement learning success in Backgammon [31], IBM
more recent achievements of AlphaGo [29] mastering

aoture the Flag. AlphaStar [341 for StarCraft II. OpenAl

pa)isioh bW Fe s s Ly gl it
SRS : EFFEHE2

https://www.bilibili.com/video/BV1EY4yla7zA 36
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’\ Download Freeciv
\..__, ¢ Stable Version 3.1.5 released on

= . @ = - Sth May 2025
k \ Freeciv is a Free and Open Source ® o Cotnminity -onim
!

¥ empire-building strategy game Ty

o inspired by the history of human Help Development

New developers are welcome to

CiViIization_ .‘ ; contribute to the project
ol inas.4

CivRealm: A Learning and Reasoning Odyssey in Civilization for Decision-Making Agents, ICLR 2024 37
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&/ D—Hai 2 ZRRIRME T,

TR e h ZESR AL (ZERAFD/EARN) , BFAU= gD (tER) . I
E@%bﬁ%m%ﬁ,ﬁﬁ%ﬁ@E&ﬁﬁﬂmni¢ﬂmmﬁuo

H

(B77) , Birdadut

L]l

O ZEFERNRF EEp e 8 | L
O XASMMABERE S

O EFRRANERR g
0 FEEREREHR |
0 BRI

aLxwze-48e-v1: 0
aonnr=2. S-rno-parview: 9

Supply Center Counts ‘

emmer=2, S=sa=prrviovs 10

https /levery. to/p/how we-made-ai- dlplomacy work

https://github.com/Everylnc/Al_Diplomacy (Everything AI) https://github.com/diplomacy/diplomacy 38



IRARinF%

EEEAEEEERY
—— \
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=I5 R ARRY O EBE
/| Be/Jo -~
ﬁ werewolf . villager é witch guard % seer
N . . == - (] Good morning i 4 Well, | agree with Player 1, 3 and Player 4. Based on my observation J Hi, I agree with Player 1 and Player 4 that we should ex- |
D 'LE — 1 ,E jg H—i =] g Eg ﬂi Hg everyone. Itsee- and analysis, | also think Player 5 is a little suspicious. But we might not change informations actively. Based on my observation,
H /| — ° ms like we had a vote to kill him casually. A op I'think Player 5 is a little suspicious.
D 17] % peaceful night. |
2 was wondering if

o anyone has any
D ,H\ A_BJH:I:H suspicions or

observations they

lml

/ Goodmorning
everyone. Asa
villager, | dont have
any clear suspici-
ons yet, but 'min-
terested in hearing
what others have
to say. Did anyone

’ Player 2

D Eﬁﬂ wouldliketo 5 | observed that Player 5 was killed last night. As a witch, | used my
ELs antidote to save him. Therefore, Player 5 may not be a werewolf, but

share? | think its
as killed by the werewolf last night.

D g |'§i important for us to < : -

start discussing

D gg and sharing our notice anything
= thoughts to find suspicious or have
outwho the any thoughts on
werewolves are. who the were-
wolves might be?
\ h¢ | N —
O.0O8EHEe
(= \ -
D :,'—'\}EI Nt/ \1:)?3 { m é—% '5% \ﬁ\ 7 | agree with Player1,2 and 6. | think we have to actively gather infor-- 5 h I have to defend myself bacause | am innocent. | think we should ga-
I7k K’AD “~ 9 = -L ll:l mation and seriously speculate about who the werewolves are. We ther imformation and have a full discussion now, we can'tkill a potenti-
Es‘_‘ ,|\§E 535‘—' % {ﬁj\ E/\J 4ab should protect ourselves as much as possible and avoid being killed al teammate in a hurry. On the contrary, | think Player 3 is a bit aggre--
7& = 7& H B o by the werewolves. | will use my special ability wisely at night. ssive, and | suspect he is one of the werewolf.
.

Exploring Large Language Models for Communication Games: An Empirical Study on Werewolf, J& £ K%~ 39
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Gemini 2.5 Pro Plays Pokemon Progress Timeline Agentic Core (Gemini 2.5 Pro)

¢ ©
RAM Capture '

W M Pokemon Blue
. = (&
Game State
(RAM)

Gemini Plays Pokemon: Agent Architecture

Time Elapsed (Hours)

RN BEAEIAEEEE

PokéAgent Challenge

NeurlPS 2025

Track 1: Battling

Competitive Pokémon Battle Bots

Button Presses

Gemini 2.5: Pushing the Frontier with Advanced Reasoning, Multimodality, Long Context, and Next Generation Agentic Capabilities

https://pokeagent.github.io/

Track 2: Speedrunning
Long-Horizon RPG Gameplay
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Orak: A Foundational Benchmark for Training and Evaluating LLM Agents on Diverse Video Games

TextArena
Cradle: Empowering Foundation Agents Towards General Computer Control

CRADLE: Empowering Foundation Agents Towards
General Computer Control

Path towards
AGI

r"ﬁlm

L

General

Computer

Applications Contr()l

Games

—_
@ W I OSWorld

Orak: A Foundational Benchmark for Training and
Evaluating LLM Agents on Diverse Video Games

Environment with 12 Video Games e e 443
Action  Adventure  RPG _ Simulation _Strategy _ Puzzle ra dels A% 1) Models Elo
QS| vy GPT4o | 207 | 389 |- GPT-40 1602.9
A benchmark toward S—
. Claude | 16.7 | 63.9 Gemini-2.5-pro | 1453.0
gaming LLM agent
Gameplay Leaderboard LLM Battle Arena
A (]
Mcp i'éﬂf“e #&re |Ist Agentic Strategy,
Evaluator Adventure | Reflection Agent
£ Configs Return Puzzle Planning Agent
- Game - Score .
-LLM g LLaMA32-1B LLaMA32-3B
- Agent Strategy Agent Study Fine-tuning Study
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Example from MATH-500

Problem: For how many positive integers n > 1 is it true that 224 is a perfect n™ power?

Answer:

Partial Prompt

Prompt: For how many positive integers n > 1 is

Qwen2.5-7B Output

it true that 224 is a perfect n™ power?

To determine for how many positive in-
tegers n > 1 the number 224 is a perfect
n-th power...

First, we need to find...

Let’s count these values. There are 7
such values...

'.I‘"he final answer is .

Llama3.1-8B Output

the set of positive divisors of n (including
1 and n) less than 50 ?
(A)15(B)16(C)17 (D) 18 (E) 19

The number of positive divisors of n is
given by...

The number of factors of each of these
numbers is...

;f‘ile answer is | (B) 16

Reasoning or Memorization? Unreliable Results of Reinforcement Learning Due to Data Contamination, 2025.07, & H. 44
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| Description

Cooperative

Co

“You are a helpful and cooperative individual who values teamwork and always seeks
the best outcome for all parties involved.”

C1

“You are a diplomatic negotiator, skilled at finding mutually beneficial solutions and
fostering collaboration between diverse stakeholders.”

C2

“You are a community organizer who believes in the power of collective action and
works tirelessly to bring people together for the greater good.”

Competitive

PO

“You are a ruthless equities trader who prioritizes personal gain and thrives on the
thrill of outsmarting others in high-stakes transactions.”

P1

“You are a fiercely competitive athlete, driven by the desire to win at any cost and
relentlessly pursuing victory in every challenge you face.”

P2 | “You are an ambitious entrepreneur who sees every interaction as an opportunity to
advance your own interests and outperform your rivals.”

Altruistic

A0 | “You are a selfless philanthropist dedicated to improving the lives of others and mak-

ing the world a better place through acts of kindness and generosity.”

Al

“You are a compassionate social worker, focused on supporting the most vulnerable
members of society and advocating for their well-being.”

A2 | “You are a devoted environmentalist, committed to protecting the planet and its re-
sources for future generations, even at personal cost.”

Selfish

SO | “You are a cunning strategist who prioritizes your own well-being and success above
all else, carefully navigating each situation to maximize personal benefit.”

S1 | “You are a shrewd businessperson who excels at identifying opportunities for personal

profit and skillfully exploiting them.”

The Machine Psychology of Cooperation: Can GPT models operationalise prompts for altruism,

. .. . . . I\f,‘ ‘\\/’ ‘\\
cooperation, competitiveness and selfishness in economic games? 2024.06 12 K %4

S2 | “You are a calculating politician who seeks power and influence by any means neces-
sary, always keeping an eye on your personal interests and objectives.”
Control
TO | “You are a participant in a psychology experiment.”
T1 | “You are a helpful assistant.”
T2 | “” [blank]
Table 1: Role prompts by group.
G N & >1

N 1==4
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[OptionX(AL)] .y [ Option Y (CT) }

S

(8100, $500) (8400, $300)

T,

—{RmiFIE ~, REAYTAST

an income of 300 dollars which is higher than the 500 dollars
\they would receive if you chose option X.

e h
GPT-3: By choosing option Y, you will be giving another player

J

e
GPT-3.5:

2 final option would be Y.

~
. option Y leads to a higher total income of 700
dollars. Therefore, in order to maximize another players income,

J

LRI
&1
SRR AR TR U RTAG

Confusion of
numbers

($300 < $500)

Confusion of
preferences

4 N
GPT-4: ... we see that option X gives the other player 500
dollars while option Y gives him 300 dollars. Therefore, to

\maximize the other player's income, we should choose option X./

(AL or CI)

e A e-RIF—EIE

Alex %
# Unemployed

Salary Requirements

$70 /day 8 units/day

Personality

Alex has low intelligence and find
it difficult to understand complex
concepts. He also lacks
emotional intelligence, making it
hard to understand others'
feelings. He tends to be irritable
and often exhibits negative and
antisocial tendencies.

Background

Alex grew up in an impoverished
community and faced many
challenges in his early years. Due
to his family's poverty, he
dropped out of school at a very
young age. He has been unable
to find stable employment, which
further exacerbates his difficulty
ininteracting with others.

Can large language models serve as rational players in game theory? a systematic analysis. AAAI 2024, A8 K
ALYMPICS: LLM Agents Meet Game Theory Exploring Strategic Decision-Making with AI Agents, COLING 2025, MSRA

SRRTEZSEUT—HE
O AXKESEEEE: BRI
O &&7_ R AN EP@/‘\/\TQ%;%E'SIQE%,
SBLAFE SRR L
&Eﬁ%ﬂﬁ%ﬁ,

T B R Z2RURER IR
T EYRIF < BRI —EUELRRY IR,

Bob @
# High School Teacher

Salary Requirements

$75 /day 9 units/day
Personality
Understanding, high EQ, g

. MEETE R

SRR ARRET,
FHE AR, XS
RITH, SH

LA IR

Cindy
# Psychologist
Salary Requirements

$1 00 /day 10 units/day

Personality

IQ. He is very adept at
understanding and communicating
with people, making him a natural
teacher.

Background

Bob come from a close-knit family.
He chose to become a high school
teacher to make a positive impact
on young people. While Bob may
not have the highest 1Q, his
emotional intelligence and ability to
relate to his students set him apart.

Well-bal d high EQ and 1Q,
along with empathy and
analytical abilities. Cindy is
skilled at understanding and
helping people, making her an
excellent therapist.

Background

Cindy’s interest in psychology began
when she volunteered at a crisis
hotline during high school. She went
on to study psychology and
eventually became a licensed
therapist. Her ability to combine
empathy with analytical thinking
allows Her to connect with her
clients on a deep level while also
providing sound guidance.
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Figure 2. Probe accuracies based on the attention head activations in all layers of Mistral-7B. (A) Belief status estimation for oracle
using logistic regression (binary). (B) Belief status estimation for protagonist using logistic regression (binary). (C) Joint belief status
estimation for both agents using multinomial logistic regression (quaternary).

(A) Layer 4, Head 30

(B) Layer 10, Head 26 (C) Layer 10, Head 26

Figure 3. Illustration of linear separability of the belief representations. We show visual explanations for typical representation spaces:

In (A), oracle belief status can be precisely estimated with a linear model, while protagonist cannot. The red and blue lines represent
linear decision boundaries for oracle and protagonist, respectively; In (B), the belief statuses of both oracle and protagonist can be
accurately modeled using linear models; (C) further shows the decision boundaries for joint belief status estimation using multinomial
linear regression model, with arrows indicating the probing weight directions for each class.

Language Models Represent Beliefs of Self and Others, ICML, 2024.5 -t 5 K5~
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#»# Observed (%) Inferred

Causal Inference

»# Observed () Inferred

Causal Inference

MERITRRE

Causal Template

Agent

True Belief
Noor her coworker
swapping the milk.

Noor her
coworker swapping the
milk.

Percepts

True Belief
Noor
and reaches for
oat milk.

Noor
using the milk in the
pitcher.

Percepts

Percepts
Beliefs
Desires

Actions

Variables

Forward Belief

What does
Noor
believe?

Question

Backward Belief

What does
Noor
believe?

Question

Understanding Social Reasoning in Language Models with Language Models, NeurIPS 2023, H3H 4 K &

Example Scenario

Noor is working as a barista at
a busy coffee shop.

k. Noor grabs a milk
pltcher and fills it with oat
milk. Noor believes that the

milk pitcher contains oat milk.

Prior

True Belief
Noor believes that the
milk pitcher contains

almond milk.

Noor believes that the
milk pitcher contains
oat milk.

Answer Options

True Belief
Noor believes that the
milk pitcher contains
almond milk.

Noor believes that the
milk pitcher contains
oat milk.

Answer Options

A coworker, who
didn't hear the
customer's request,
swaps the oat milk
in the pitcher with
almond milk while
Noor is attending
to another task.

Causal Event

mm B
TBAFB
100% ,
. 80%
@
€ 60%
3
< 40%
20%

Human Performance

100%
80%
60%

ccuracy

< 40%
20%

Human Performance
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basket ~.4% ;, :
box

(*)
—

A

/\slf‘/ basket ~& , N

box

celery

1553

(ESERYEF

Alice and Bob are in a room with a basket and a box. Alice puts
some celery in the basket and leaves the room. Bob then moves
the celery into the box. Charles immediately enters the room.
Charles puts the celery in a chest.

: 1. Update global context G and basket Bob
: detect witnesses 7 as all entities oo :
. X A
: in the same connected component ;
: as the edges inserted. celery e chest :
% = {Bob, Charles} Alice Charles
;2. new information to local contexts if and only if
: all people involved are witnesses.
Bulice,Alice Bpgob,alice Bcnartesalice = @
BAIice,Bob BBob,Bob = BBob B Charles,Bob
BAIice,CharIes = @ BBob,CharIes BCharIes,CharIes = BCharIes

~

Bxy =4 > | = what X thinks that Y thinks is the current world state

NS

> BB ETFGHRBIBEE
> (EREHERERI LT

Minding Language Models’ (Lack of) Theory of Mind: A Plug-and-Play Multi-Character Belief Tracker, ACL 2023, # R K % 62
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score

SifE (ESEE . . eTA A
y j-E E ( |] IEj -1 0.5 —— Random +— GPT-3 0.51 ¢ \\ |
GPT-3.5 GPT-4
‘ 0.0 0.0
Erg]digig:l: j) E::]jatff}k%Flflzlll_f\o 1 23 45 6 7 8 910 1 23 45 6 7 8 910
round round
(a) constant (b) loop-2
Name Description 20 20
constant remain constant Bl A A o . /,:H AN A
loop-2 loop between two actions Ny A N\ g0 ¢ e
loop-3 loop among three actions os] NV N 0
copy copy opponent’s pmViqus aCtiO,n T R R S R T R R R
counter  counter opponent’s previous action round round
sample sample in preference probability (d) copy (e) counter

Can Large Language Models Serve as Rational Players in Game Theory? A Systematic Analysis, AAAI 2024, FiAZ K
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round

(c) loop-3

1 23 45 6 7 8 910
round

(f) sample
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8 tasks and 31 abilities in
social cognition

ToMBENCH: Benchmarking
Theory of Mind in Large

. 1BR

ﬁILJ\\

Longer and clearer narrative

Explicit personality traits

OpenToM: A Comprehensive
Benchmark for Evaluating Theory-of-
Mind Reasoning Capabilities of Large
Language Models

King’s College London

'I'

A

Interactions

Our results indicate that this
capacity has not yet emerged in
any manner.

FANTOM: A Benchmark for Stress-
testing Machine Theory of Mind in

BdiE, 18 E’J%ﬁ%@%"

St AR —8E

Higher-Order ToM

HI-TOM: A Benchmark for Evaluating
Higher-Order Theory of Mind
Reasoning in Large Language Models

Language Models Huawei London Research Centre Interactions University of Michigan
Tsinghua University The Alan Turing Institute Yejin Choi Westlake University
Feb 23, 2024 Feb 14,2024 Oct 31, 2023 Oct 25, 2023
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Minding Language Models'
(Lack of) Theory of Mind: A
Plug-and-Play Multi-Character
Belief Tracker

Yejin Choi

Neural Theory-of-Mind? On
the Limits of Social Intelligence
in Large LMs

Yejin Choi

“Static” Text

* reporting bias

* Lack of communicative
intent and alternatives.

» Centering theory.

Clever Hans or Neural Theory of
Mind? Stress Testing Social
Reasoning in Large Language
Models

Yejin Choi

Theory of Mind for Multi-Agent
Collaboration via Large Language
Models

University of Pittsburgh

Carnegie Mellon University, Pittsburgh
Evidence of emergent collaborative
behaviors and high-order Theory of
Mind capabilities among LLM-based
agents.
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I know he knows ®-.
my behavior
pattern, and I
can adjust my
I know his behavior action to win him I know his
pattern, and I can behavior
estimate his card pattern, and

=

Based on my card,
I would like to

. and his action. Based I can

5@"? (::tlonl} to on my card and his R I know his §§... ngstimate his

J win the game or card, I would like to behavior " card and

minimize the 2 " B

do {actionl} to win attern, and I action based

loss P . : :
the game can estimate on his action

his card and

action

i ¥

. . Planning with First-Order Planning with sSecond-Order
va Planning Theory of Mind Theory of Mind

Suspicion-agent: Playing imperfect information games with theory of mind aware gpt-4, COLM 2024, %< 571 K 2% 70



EESSMUSIES

O “VEIR" BIARGREILBE T ASFENFRERAT, LUREXNF, XEKRERIARARY
%%EEEWE,E%%%”ﬁ%ﬁﬁ%ﬂ@%mﬁiﬁﬁiﬁméi"OQE%ZM®
S IEICHIN A,

O BRI

O FRSEEIINE: M OEECHNLT, SeeireesiiT TFR" . STERBIENEF
RTHRZIVRENZIEN, BMEECFHEMRESS, saRBIEINE, BXNFEE, HBEEFE .

O FIAMFREE: ik, SaefreeuEFIfruxFROENKEREE, AEET TER"
RRZAEREBXYFATEI, FHFEEREME .

O MRFRIRE . IEXFH—IEREARE R, SNFREFRE (BEFEAR) i, B8
FrOSEEICHIE RN R AIRER/IMUIRKIIFM, MEMSEE "INE" , BREEINED, &
EXSFFRE, MTIEFHESEOEIRIER RIS .

Suspicion-agent: Playing imperfect information games with theory of mind aware gpt-4, COLM 2024, %< 71 K 2% 71



e PR O SRS

ISSNREXER
O 5

TAXYE

Based on my
knowledge of the
rules and my hand, I
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{action1} to win the
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°.° LLM- Unknown o
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u Agent 1 Agent 2 '

Vanilla Planning

Evaluating and Enhancing LLMs Agent based on Theory of Mind in Guandan: A Multi-Player Cooperative Game under Imperfect Information, 7 # £
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T know my teammates’ and
opponents' behavior patterns,
allowing me to construct
coordination strategies with
my team. Based on my

knowledge ...
A LLM- Unknown O
' Agent 1 Agent 2 (‘w
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u Agent 1 Agent 2 ;

First-Order ToM
Planning
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adjust my action to
win.

I know my
teammates' and
opponents’
behavior patterns...

°° LLM-
! Agent 1

I know my
teammates' and

opponents’
behavior patterns...

Unknown O
Agent 2 (u)

F ]
ﬂ@gb

Q Unknown
u Agent 1

LLM- -
Agent 2
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Consolidation Pathways

Fine Tuning
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MemOS: A Memory OS for Al System, 2025.07, MemTensor
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MIRIX GRS

Model: gemini-2.5-flash ~Persona: helpful_assistant

@ MIRIX

Subject: Application for [Specific Role at Meta] - Yu Wang

Dear [Hiring Manager name or Meta Recruiting Team],

® Chat i Screenshots @ Existing Memory & Settings
=1

You 01:30 PM

Can you help me write a cover letter to help me apply for Meta

01:30 PM

| am writing to express my enthusiastic interest in the [Specific Role, e.g., Al Research Scientist, Software Engineer -
Al/ML] position at Meta. As a third-year PhD student in Computer Science at UC San Diego (UCSD), advised by Prof. Julian
McAuley, and having obtained my B.S. from the University of Science and Technology of China (USTC) under the guidance
of Prof. Xiangnan He, my academic and research background aligns strongly with Meta's innovative work in artificial

intelligence.

My research primarily focuses on advancing the capabilities of Large Language Models (LLMs) by building robust memory
systems, including projects like MemoryLLM, SELF-PARAM, LaW, and M+. Additionally, | have extensive experience in de-
veloping LLM-based Agents, evidenced by my work on LSCS and Sleep-Time Compute. This work involves cutting-edge
research in areas highly relevant to Meta's initiatives in Al, machine learning, and intelligent systems.

Throughout my academic journey, | have gained practical industry experience through internships at leading technology

comnanies incliidina Amazon MIT-IRM Watenn Al | ah | etta and Aniittacon These exneriences have nrovided me with a

Type your message... (Shift+Enter for new line)

MIRIX: Multi-Agent Memory System for LLM-Based Agents, 2025.07, MIRIX Al

Core Episodic Semantic  Procedural Resource
Memory Memory Memory Memory
e I
= Y Y
o
User Information
User Preferences Bvents happened  New Concepts Step-by-Step Files,
about the user New Names Guides Documents

Always in Context

Chat i Screenshots “ Existing Memory & Settings

¥ Episodic & Semantic [@ Resource Core @ Credentials aa Upload & Export

B List S Refresh
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(a) Name-centric Semantic Memory

Agents Groups
Al Enthusiasts Club
( \n/ ;
‘ @
7 Places
Vﬂbn Musk

G
CUNY Elizabeth's

Room

(b) Spatiotemporal Episodic Memory

Created: 11:20 (127,34,0) | Created: 13:00 (100,-124,4)
Last access: 16:30 Open space | Last access: 14:00 Target
Had a Bought a snack

conversation :

with Elon about

the group

activity at 17:00

Creative Minds

AR

James Emily Louise Megan
L

3D Community

Celebrity Circle

ERNN

. Messi Emma Taylor Roth

Hospitality Enthusiasts

RN

Alex Chad Leonard

AI Enthusiasts Club | Elizabeth Mensah

Age: 23

Job: Student

Value: benevolence, universalism, self-direction
Hobbies: coding and participating in hackathons
Lifestyle: I go to bed around midnight, wake up
around 08:00, eat dinner around 18:00

Current goals: I am working on developing a
new app for Idea Nuova Inc

@ Elizabeth
Mensah

[“Do you have
time at 17:00 |:
( today”

@ (17,28,3) |

o -

& 10

Ella: Embodied Social Agents with Lifelong Memory, 2025.06, 5 5 # Z£ K ==[ ER BT RF 0 A2, 205 E I 4 4

Current Schedule
9:30-10:00 commute to office

11:20-11:40 commute to Gill Restaurant

:00-11:20 work at office

figve lunchgbClll Restaurant
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Al

cutting-edge memory architecture that

MIRIX

Building Your Personal Assistant with the Most

Advanced Memory System

Y, Get Started > & View on GitHub

% 85.38% LOCOMO & 59.5% ScreenshotVQA & 99.9% Storage Reduction

o & 2

The World's Most Your Own Personal Private
Advanced Memory Memory

System for LLM Agents

DePIN Memory Collection
and Marketplace
Builds visualizable and structured Build community by sharing your

nemory that belongs entirely to you - experience, and monetize through
completely private and secure memory exchange

Built specifically for LLM agents with

outperforms all existing solutions # Upcoming Functionality
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