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Bce Yaule C/bIWLHO, YTO MCKYCCTBEHHbIlZ UHTENINEKT CMOTI CA4€/1aTb YTO-TO, YTO, KaK CHUTA/IOCb paHee, MOI
AE€NATb TOJ/IbKO Ye/NN0OBEK — 4O0Ka3blBATb MaTEMaATUYECKNE TEOPEMDI, BbIMITPbIBAaTb MEXAYHApPO4HbIE
MaTeMaTUYeECKNE OINMNUAbl NN MEXAYHAPOAHbIe CTyAEHYECKHNE O/IMMMNUNAbl NO NPOrpaMMUpPOBaHULO.

MoroBopmMm 06 MCKYCCTBEHHOM M €CTECTBEHHOM UHTE/IEKTAX, 33434MMCSt BONPOCaMMW, 3aMEHUT U
MCKYCCTBEHHbIM MHTENNEKT Pa3paboTUNMKOB M K YEMY UM CTOUT FOTOBUTLCS, a TakKe noduaocopcTsyem o
TOM, YTO B AMBHOM HOBOM MMPE XAEeT Pa3paboTumnkoB (M BCEX OCTA/IbHbIX) M KaK MU3MEHUTCSA NpoL,ecc
pa3paboTku.



17.01.2024: AlphaGeomtry (Google DeepMind)
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Abstract

Proving mathematical theorems at the olympiad level represents a notable milestone in
human-level automated reasoning2>#, owing to their reputed difficulty among the world’s
best talents in pre-university mathematics. Current machine-learning approaches, however,
are not applicable to most mathematical domains owing to the high cost of translating
human proofs into machine-verifiable format. The problem s even worse for geometry
because of its unique translation challenges'?, resulting in severe scarcity of training data. We
propose AlphaGeometry, a theorem prover for Euclidean plane geometry that sidesteps the
need for human demonstrations by synthesizing millions of theorems and proofs across
different levels of complexity. AlphaGeometry is a neuro-symbolic system that uses a neural
language model, trained from scratch on our large-scale synthetic data, to guide a symbolic
deduction engine through infinite branching points in challenging problems. On a test set of
30 latest olympiad-level problems, AlphaGeometry solves 25, outperforming the previous
best method that only solves ten problems and approaching the performance of an average
International Mathematical Olympiad (IMO) gold medallist. Notably, AlphaGeometry
produces human-readable proofs, solves all geometry problems in the IMO 2000 and 2015
under human expert evaluation and discovers a generalized version of a translated IMO
theoremin 2004.

“In our benchmarking set of 30

Approaching the Olympiad gold-medalist standard

Olympiad geometry problems (IMO- 30
AG-30), compiled from the Olympiads
from 2000 to 2022, AlphaGeometry 3 22
solved 25 problems under 8 20
oy s . . . . . ]
competition time limits. This is £
approaching the average score of S
. (=8
human gold medalists on these same 5 "
problems. The previous state-of-the- g 10
art approach, known as “Wu'’s §
method”, solved 10.”
0
Previous Bronze Silver Alpha-
State-of-the-Art  Medalist Medalist Geometry
' A simple problem AlphaGeometry Solution
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[ ﬁ Language madel ]
B c T Not B o C
construct .-....... solved
SOrem premises: > > « Caonstruct D: midpoint BC
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25.06.2024: AlphaProof and AlphaGeometry 2 (Google
DeepMind) — 28/42 points (unofficially)

* “First, the problems were manually translated into formal mathematical
language for our systems to understand. In the official competition,
students submit answers in two sessions of 4.5 hours each. Our systems
solved one problem within minutes and took up to three days to solve the

Others.” 42 -TOTAL
40

Score on IMO 2024 problems

* “AlphaProof solved two algebra problems and one number theory problem
by determining the answer and proving it was correct. This included the

Gold
hardest problem in the competition, solved by only five contestants at this =
, .
year's IMO. AlphaGeometry 2 proved the geometry problem, while the two _ (8pone
combinatorics problems remained unsolved.” = Shosr
Train B
(2}
*é’ 20 Bronze
O
a
' Other
Informal _ Formal Formal 10
problems Formalize problems Search proofs
Formalizer Solver
~100M
network network
(o] E
o AlphaZero i Our system
Human participant rank
Process infographic of AlphaProof’s reinforcement learning training loop: Around one
million informal math problems are translated into a formal math language by a formalizer X . )
network. Then a solver network searches for proofs ar disproofs of the problems, Graph showing performance of our Al system relative to human competitors at IMO 2024.
progressively training itself via the AlphaZero algorithm to solve more challenging We earned 28 out of 42 total points, achieving the same level as a silver medalist in the
problems. competition.

https://deepmind.google/discover/blog/ai-solves-imo-problems-at-silver-medal-level/
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19.07.2025: OpenAl Experimental reasoning LLM (OpenAl) —
5/6 problems solved (unofficially)

@ Alexander Wei & A ™. Alexander Wei & @alexwei - Jul 19 (4 e

@alexwei_ 2/N We evaluated our models on the 2025 IMO problems under the same
rules as human contestants: two 4.5 hour exam sessions, no toaols or

1/N I'm excited to share that our latest @OpenAl experimental reasoning internet, reading the official problem statements, and writing natural

LLM has achieved a longstanding grand challenge in Al: gold medal-level language proofs.
performance on the world’s most prestigious math competition—the
International Math Olympiad (IMO).

2025 IMO Problem 1

A line in the plane is called sunny if it is not parallel to any of the x-axis, the y-axis, or
thelinex +y = 0.

Letn > 3 be a given integer. Determine all nonnegative integers k such that there
exist n distinct lines in the plane satisfying both of the following:

« for all positive integers @ and b with @ + b < n + 1, the point (a, b) lies on at
least one of the lines; and
= exactly k of the n lines are sunny.

Q1a 11 aa Q =63 1 154K [
@ Alexander Wei @ @alexwei_- Jul19 e
3/N Why is this a big deal? First, IMO problems demand a new level of

sustained creative thinking compared to past benchmarks. In reasoning
time horizon, we’ve now progressed from GSMSK (~0.1 min for top humans)
— MATH benchmark (~1 min) = AIME (~10 mins) = IMO (~100 mins).

Qa3 1 40 Q 805 il 140K H &
0 Alexander Wei & @alexwei - Jul 19 A e
10:50 AM - Jul 19, 2025 - 5.6M Views 4/N Second, IMO submissions are hard-to-verify, multi-page proofs.

Progress here calls for going beyond the RL paradigm of clear-cut, verifiable
rewards. By doing so, we've obtained a model that can craft intricate,
Q 409 121k Q 74k m 21K & watertight arguments at the level of human mathematicians.

https://x.com/alexwei [status/1946477742855532918
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(*) IT'S IN THE PUDDING

OpenAl jumps gun on
International Math

Olympiad gold medal
announcement

Non-math Al model reportedly solves proofs at human speeds,
but early reveal roils community.

Aa On Saturday, OpenAl researcher Alexander Wei announced that a new Al language model

o the company is researching has achieved gold medal-level performance on the
International Mathematical Olympiad (IMO), matching a standard that fewer than 9
percent of human contestants reach each year. The announcement came despite an
embargo request from IMO organizers asking Al companies to wait until July 28 to share
their results.

The experimental model reportedly tackled the contest's six proof-based problems under
the same constraints as human competitors: 4.5 hours per session, with no Internet access

or calculators allowed. However, several sources with inside knowledge of the process say
that since OpenAl self-graded its IMO results, the legitimacy of the company's claim may
be in question. OpenAl plans to publish the proofs and grading rubrics for public review.

https://arstechnica.com/ai/2025/07/openai-jumps-gun-on-international-math-olympiad-gold-medal-announcement/

that often exceeded human time limits. OnenAl savs its model nrocessed nroblems as
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21.07.2025: An advanced version of Gemini Deep Think
(Google DeepMind) — 5/6 problems solved (officially)

* "“This year, we were amongst an inaugural cohort to
have our model results officially graded and certified

by IMO coordinators using the same criteria as for
student solutions.”

* "“We can confirm that Google DeepMind has reached

the much-desired milestone, earning 35 out of a
possible 42 points — a gold medal score. Their
solutions were astonishing in many respects. IMO

graders found them to be clear, precise and most of

them easy to follow.”

IMO 2024 MO 2025

Formal Informal
mathematics mathematics

AlphaProof & Advanced Gemini

AlphaGeometry with Deep Think

* "“We achieved this year’s result using an advanced

version of Gemini Deep Think —an enhanced
reasoning mode for complex problems that
incorporates some of our latest research techniques,
including parallel thinking. This setup enables the
model to simultaneously explore and combine
multiple possible solutions before giving a final
answer, rather than pursuing a single, linear chain of
thought.”

“To make the most of the reasoning capabilities of
Deep Think, we additionally trained this version of
Gemini on novel reinforcement learning techniques
that can leverage more multi-step reasoning,
problem-solving and theorem-proving data. We also
provided Gemini with access to a curated corpus of
high-quality solutions to mathematics problems, and
added some general hints and tips on how to
approach IMO problems to its instructions.”

https://deepmind.google/discover/blog/advanced-version-of-gemini-with-deep-think-officially-achieves-

gold-medal-standard-at-the-international-mathematical-olympiad/
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17.09.2025: OpenAl General-purpose reasoning models

(OpenAl) —12/12 problems (officially)

Rohaninejad &

stafa
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I'm really excited to share that our
perfect score of 12/12 during the 202!
collegiate programming competition
around the world solve complex algol
placed it first among all human partii

& -

Mostafa Rohaninejad &
@MostafaRohani

1/n

I’'m really excited to share that our @OpenAl reasoning system got a
perfect score of 12/12 during the 2025 ICPC World Finals, the premier
collegiate programming competition where top university teams from
around the world solve complex algorithmic problems. This would have

placed it first among all human participants. § &

8:06 PM - Sep 17, 2025 + 2.2M Views

O 19 1 607 Q 2.8k R &,

https://x.com/openai/status/1968368133024231902

Mostafa Rohaninejad & @MostafaRohani - Sep 17 (A oo
2/n

We officially competed in the onsite Al track of the ICPC, with the same 5-
hour time limit to solve all twelve problems, submitting to the ICPC World
Finals Local Judge - judged identically and concurrently to the ICPC World
Championship submissions. We received the problems in the exact same
PDF form, and the reasoning system selected which answers to submit
with no bespoke test-time harness whatsoever. For 11 of the 12 problems,
the system’s first answer was correct. For the hardest problem, it
succeeded on the 9th submission. Notably, the best human team achieved
11/12.

B B 0000600 «
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Mostafa Rohaninejad £ @W\ostafaRohani - Sep 17 oo
3/n

We competed with an ensemble of general-purpose reasoning models; we
did not train any model specifically for the ICPC. We had both GPT-5 and an
experimental reasoning model generating solutions, and the experimental
reasoning model selecting which solutions to submit. GPT-5 answered 11
correctly, and the last (and most difficult problem) was solved by the
experimental reasoning model.

On 1231 Q 381 i1 76K (-


https://x.com/openai/status/1968368133024231902

17.09.2025: An advanced version of Gemini Deep Think 2.5
(Google DeepMind) — 10/12 problems (officially)

* "“Our milestone performance brings together a
series of advances across pretraining, post-
training, novel reinforcement learning techniques,
multi-step reasoning and parallel thinking. These
innovations helped Gemini explore different ways
of solving complex problems, verifying solutions
and continuously iterating before responding.”

* “For example, during the course of reinforcement
learning, we trained Gemini to reason and
generate code for some of the most difficult
problems coders have faced, to learn from
feedback on results and evolve its approaches. To
tackle a problem, multiple Gemini agents each
propose their own solutions, use terminals to
execute code and tests, and then iterate the
solutions based on all attempts.”

* “Gemini solved eight problems within just 45
minutes and two more problems within three
hours, using a wide variety of advanced data
structures and algorithms to generate its
solutions. By solving 10 problems in a combined
total time of 677 minutes, Gemini 2.5 Deep Think
would be ranked in 2nd place overall, if compared
with the university teams in the competition.”

*Faster than university team
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collegiate-programming-contest-world-finals/
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Y4TO NpomcxoamnT C TOUKKM 3peHmns pa3paboTumka?

PaspaboTtumk paspabateiBaet 10

Teach
it to
write code

Have : Have

the Al " the Al
replace you replace you
as developer as developer




PaspaboTumk paspabarteiBaet 1O

Cdopmynmpyem Bonpocsi:

1.  Moxet am I 3ameHunTb pa3paboTunkos?
* [ae NN yxxe MOXET, a rae HaM HY>KeH eCTeCTBEHHbIN MHTEeNNEKT?

2.  Kak usmeHuTtcs paspaboTtka?
* Yto nponcxoant? K uemy rotoBUTBHCS B 3TOWN CBA3M.

3. Kak usmenutca l10?
* Out of scope / BHe TekyLero 4ok1a4a.



PaspaboTumk paspabarteiBaet 1O

1

Cdopmynunpyem Bonpochi:

1.  Moxet am I 3ameHunTb pa3paboTunkos?
* [ae NN yxxe MOXET, a rae HaM HY>KeH eCTeCTBEHHbIN MHTEeNNEKT?



Kaknmn cBoncTBamu/xapakTepmcTMkaMmn A0/ KHbl 061a4aTh
pa3paboTumk n/mnm 3agayda, nopyyaemas emy (en)?

e Cuem CpaBHUBaeMCA: HENOBEK C ECTECTBEHHBIM MHTENJIEKTOM CAE€/1a1 3aa4y BPYUHYIO.

*me dreaming about |

pursuing a long lasting |




1. CBOMCTBO: KOMMYHMKaLUS

» Kak BoobLLe NOHATb, YTO pa3paboTumk 4To-TO caenaet?

° Hap,o MMETb BO3MOXHOCTb PaCCKa3aTb O pe3y/ibTaTaxX.

NOT SURE IS LACK OF
COMMUNICATION IS INTENTIONAL

OR SOMETHING)THAT PEOPLE
REALLY STUGGLE WITH




2. CBONCTBO: BO3MOXHOCTb OLL€HUTb KA4YeCTBO peLleHUs
3a4au

* Kak noHATb, 4TO pa3paboTumk caenaeT To, YTO HYXHO, 1 He AOMYCTUT OWNOOK?

* [MpoBepuTb Ka4ecTBO NPKN HAMMe: IK3aMeHbI/ANNNOMbI/TECTOBbIE 3ajaHUA:

* beHumapku | SEE YOU DID
* Evals/oueHKM Ha TUMOBbIX 3a434ax WELL IN SCHOOL., RUT
WHT REAL-WORLD SKILLD

* [NpoBepuTb Ka4yeCTBO Ha peaslbHbIX 33/,a4aX: KOHKPETHbIe TeCTOBbIE 3a/aF




Agentic coding
SWE-bench Verified

Agentic terminal
coding
Terminal-Bench

Agentic tool use
12-bench

Computer use
OSWorld

High school math
competition
AIME 2025

Graduate-level
reasoning
GPQA Diamond

Multilingual Q&A
MMMLL

Visual reasoning
MMMU (validation)

Financial analysis
Finance Agent

Claude
Sonnet4.5

77.2%
82.0%

with parallel test-time
compute

50.0%

Retail
86.2%
Airline
70.0%

Telecom

98.0%

61.4%

100%

(python)

87.0%

(notools)

83.4%

89.1%

77.8%

55.3%

Claude
Opus4.1

74.5%

79.4%

with parallel test-time

compute

46.5%

Retail
86.8%

Airline
63.0%

Telecom

71.5%

44.4%

78.0%

81.0%

89.5%

771%

50.9%

https://www.anthropic.com/news/claude-sonnet-4-5

Claude
Sonnet4

72.7%
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with parallel test-time

compute

36.4%

Retail

83.8%
Airline

63.0%

Telecom

49.6%

42.2%

70.5%

76.1%

86.5%

74.4%

44.5%

GPT-5

72.8%

GPTS
74.5%

GPT-5-Codex

43.8%

Retail
81.1%

Airline
62.6%

Telecom

96.7%

99.6%

(python)

94.6%

(notools)

85.7%

89.4%

84.2%

46.9%

Benchmarks (Ha npumepe mogenn Claude Sonnet 4.5)

Gemini
25Pro

67.2%

25.3%

88.0%

86.4%

82.0%

29.4%


https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5

(Benchmarks) MCP-Universe: Benchmarking Large Language
Models with Real-World Model Context Protocol Servers

o User Instruction
(D (Example is on the right.)
v
[ Agent (e.g. GPT4.1) ]
r A
Actions : 1 Observations
L}
4 MCP Servers )

= O

1
Final States |
Y

Execution-Based
Evaluator

30 (o

@
o
3

GE)

@
o
3
n

<@

w

Step

£ 130

-
I live in the Sheraton Jumeirah Beach Resort in Dubai. My colleague lives in the
Oryx Hotel in Abu Dhabi. We need to find a meeting point between our two
locations. Find a single ‘restaurant’ (must be of type ‘restaurant’) such that the
estimated driving time from the Sheraton Jumeirah Beach Resort to the restaurant
is as close as possible to the driving time from the Oryx Hotel to the restaurant.

The must have a user rating of 4.2. Report the Name and
Place ID of the restaurant.

I'll help you find a restaurant that's equidistant (in driving time) between the
Sheraton Jumeirah Beach Resort in Dubai and the Oryx Hotel in Abu Dhabi. Let me

start by getting the coordinates for both hotels and then search for restaurants
along the route between them.

Al

{ "address”: "Sheraton

{ "location™ { "lat™: 25.0731478, "Ing™:
55.128854 }, "formatted_address™:

1
Jumeirah Beach Resort,
M((:::":d I D‘:"E:;:’; ach feso Mamsha St - Dubai Marina - Dubai -
00| i ates”
P Tool Paramters] | United Areb Emiretes” .} Rosults

2

Called
MCP Tool

{ "address": "Oryx Hotel, Abu
Dhabi" }

map._gecode Parameters)

{ "location: { "lat": 24.4691699, "Ing":
54.3408767 ), "formatted_address™:

“Zayed the First Street, Near Emirates
Post Office, Khalidiya Area ...}

Results|

Now | have the coordinates for both hotels: Sheraton Jumeirah Beach Resort:
25.0731478, 55.128854 (Dubai) and Oryx Hotel: 24.4691699, 54.3408767 (Abu
Dhabi). Let me search for restaurants in the area between these two locations. I'll
focus on the midpoint area and find restaurants with good ratings.

@0 £ (@0

Step 7

Step N

Al

{"query": "restaurant”, { "places”: [{ "name": "Rasol Ghar

Called "location: { “latitude": Restaurant”, “formatted_address™: "Yas
24.77, "longitude™: 54.73 }, Mall The Fountains @ Yas Mall Ferrari
MCP Tool e

$ 50000}, World Main Entrance - ...,
search_places arameters Results

Great! | found several restaurants with ratings z 4.2. Now | need to calculate the
driving times from both hotels to each of these restaurants to find the one where
the driving times are closest to each other. Let me calculate the driving times for
the top-rated restaurants that meet our criteria.

Al

SR . | | (origin_addresses™: [ "Sheraton
]ff‘;‘gf:‘_ |[ 25_,‘0[”‘55'128 Jumeirah - Dubai Marina - Dubai - United
Called | femmnarens s Arab Emirates™ ],
MCP Tool e . "dr:slinr:lli:anE:dLresses"' ["33Al
’ . | "mode: "driving” } '
distance_matrix Parameters| | Khuyoul St - Yas Island...

Results

g O 2

Google Map
MCP Server

driving time.

restaurants.

Answer: Name: Rasoi Ghar Restaurant
Place ID: ChlJdbsVqrRFXj4RO7_A2D5K-A
This restaurant provides the best compromise location between your two hotels,
with the driving time difference being the smallest among all qualifying

Based on my analysis, Rasoi Ghar Restaurant has the smallest time difference
between the two locations, making it the most equidistant option in terms of

Figure 1: Example from MCP-Universe illustrating realistic challenges, including real-world tool usage, long-horizon
multi-turn tool calls, long context windows, scattered evidence, and large tool spaces. Unlike prior work, MCP-

Universe is grounded in real-world MCP servers connected to actual data sources and environments.

https://arxiv.org/abs/2508.14704va
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Figure 3: Distribution of tasks in MCP-Universe across
different application domains.
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(Evals) GDPval: Evaluating Al Model Performance on Real-
World Economically Valuable Tasks

Real Estate and Rental and P Government m Manufacturing O
Leasing —_—
« Concierges « Recreation Workers « Mechanical Engineers
« Real Estate Sales Agents » Compliance Officers « Industrial Engineers
« Real Estate Brokers « First-Line Supervisors of Police and Detectives « Buyers & Purchasing Agents
« Counter and Rental Clerks « Administrative Services Managers « Shipping, Receiving, & Inventory Clerks
« Property, Real Estate, & Community Association » Child, Family, and School Social Workers « First-Line Supervisors of Production and Operating
Managers Workers
Professional, Scientific, £\ Health Care and Social Finance and Insurance
and Technical Services - Assistance
» Software Developers » Registered Nurses « Customer Service Representatives
« Lawyers « Nurse Practitioners « Financial & Investment Analysts
« Accountants & Auditors » Medical & Health Services Managers « Financial Managers
« Computer & Information Systems Managers « First-Line Supervisors of Office & Administrative « Personal Financial Advisors
« Project Management Specialists Support Workers « Securities, Commodities & Financial Services
» Medical Secretaries & Administrative Assistants Sales Agents

o . .9
Retail Trade Q Wholesale Trade m Information s
* Pharmacists « Sales Managers « Producers & Directors E
« General and Operations Managers « Order Clerks « Film & Video Editors
« Private Detectives & Investigators « Sales Representatives, Wholesale & Manufacturing, « Editors
« First-Line Supervisors of Retail Sales Workers Technical & Scientific Products « News Analysts, Reporters, & Journalists

« Sales Representatives, Wholesale & Manufacturing,
Except Technical & Scientific Products

« First-Line Supervisors of Non-Retail Sales Workers

« Audio and Video Technicians

Figure 2: GDPval includes real-world work from 44 occupations.

https://arxiv.org/abs/2510.04374v1



https://arxiv.org/abs/2510.04374v1

TecTbl Ha peasibHbIX 3a4a4ax

* [Mpuaymanun nav onpegennamn Lenesble 3a4a4u
* [Npuagymanu cmctemy oueHKn/TeCTUpoBaHuA/BannaaLmn

* PerynsipHO KOHTPO/IMPYyeM KayeCTBO peLleHns 3a4a4, 0CobeHHOo ecaun:
e [laHHble/3a4a4M MOMIN U3MEHUTLCA/CMECTUTbLCA
* Mogaenb nsmeHmnacb (Hanpmumep, obHOBUAACH)
e O6WKnn nannaanmH UsMeHnICA

* nap.



3. XapaKTepuCTHKa: LieHa OWmnbKM
=> CBOMCTBO: AOBEpPUE NPU AAHHOM LieHE OLNOKM

* Y10 genatb, €CAM YTO-TO NOWO He Tak? A eCam BCE Tak?

* BpAg an Mbl Cpasy NOPYyYMM HOBUYKY KPUTUYECKM BAXKHYIO 3a4auy.

O6bl4yHO TPEHUPYEMCA AENETNPOBATL HA 3aad44aX, HE ABJAAWNXCA KPUTUHECKUMMN.

* MoxHo am cagenatb Undo?
* Ecan HeT, ctonT f,06aBASITH MPOBEPKM




3*. XapakTepucTunka: LeHa owmnbkm
=> N. CBOMCTBO: MOTMBALLMSA, NOOLpPEHNE/HAKA3aHMe Npm 0byyeHnn

* {I3bIKOBble MOZAENN TPEHUPYIOT C HAarpaAoW 3a «NpaBU/IbHOE» BbIMOJIHEHME 334auM.

* 3a HenpaBuWJ/IbHOE BbIMNOJIHEHWNE 3a/a4M UX He WTPadyHOT => MOAENN MpPOLLe CreHepMpoBaTh Ntoboe
pelleHne, 4eM NPU3HATbLCS, YTO OHA He 3HaeT, KaK pewwnTb 3a4auy.




4. CBOMCTBO: CNOCOBHOCTb NA1AHMPOBATL

* Kak noHsTb, 4To pa3paboTunk ocnanT bosee CNOXHYIO 3a4a4y?

* Pa3buTb CnoXHYO 3a4a4y Ha MHOXeCTBO 60s1ee NpoCTbIX. 3aM/1aHMPOBATh pelleHne bonee Menkux 3agad u
MHTEerpaumio 415 NosyvyeHns pUHaAbHOro pesy ibTaTa.

o

PHASET PHASE2 PHASE3

Collect 7 Profit

Underpants ®




Understanding the planning of LLM agents: A survey
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Figure 1: Taxonomy on LLM-Agent planning.

https://arxiv.org/abs/2402.02716
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Figure 2: Types of task decomposition manners.
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5. CBONCTBO: 3pPEKTUBHOCTb MPU OrPaHNYEHHbIX pecypcax

* Kak noHsiTb, 4To pa3paboTunk He 3agymaeTca Hagonro? Nnum He byaeT pewaTs 3aga4vy HeabPeKTUBHO
(overthinking)?

* O6bI4HO NpK peleHnM 3a4a4 eCTb OrpaHMyeHns no spemeHn (Hanpumep, thinking budget) n 6rogxety
(Hanpumep, goctynHoe obopysoBaHMe 415 TOrO, YTOObI pa3MeCcTUTb MOAe b AN MHPEPEHCA).




Don't Overthink it. Preferring Shorter Thinking Chains for
Improved LLM Reasoning

Q: Find the sum of all positive integers n such that n+2 divides the product 3(n+3)(n2+9)

majority@k

....................................... </think> So the answer is 52 \
</think> So the answer is 49
................................................ </think> So the answer is 33 ————— > 52

................................... </think> So the answer is 52 —/ x

Final answer:

// Terminated thinking

</think> So the answer is 49

s> Final answer:
i/ Terminated thinking 49

// Terminated thinking o

Figure 1: Visual comparison between majority voting and our proposed method short-m@k with
m = 1 (*...” represent thinking time). Given & parallel attempts for the same question, majority @k
waits until all attempts are done, and perform majority voting among them. On the other hand, our
short-m@k method halts computation for all attempts as soon as the first m attempts finish “thinking”,
which saves much compute and time, and surprisingly also boost performance in most cases.

https://arxiv.org/abs/2505.17813



https://arxiv.org/abs/2505.17813

6. CBOMCTBO: aBTOHOMHOCTb

* Kak NoHATb, YTO pa3paboTumk He ByaeT AepraTb BaC Mo NycTAKam?

* Ecau mbl genervpyem KOMy-To 3a4a4y, Mbl OXMUAAEM, YTO OHW MOFYT Kakoe-TO BpeMsl peLlaTb eé
CaMOCTOSITe/IbHO/aBTOHOMHO, He TPeBOXa NOCTAHOBLLMKA 334341 KAXKAYHO CEKYHAY.

WHEN'YOU ﬂElEGAﬁTﬂSKS % \
YOUR TEAM
\\

* (Tak>xe Mbl MOX€eM NPOBECTU OLLEHKY KQuecTBa pPaccyXAeHuMn/
MJIAHOB M KQYeCTBa LWaroB PacCy>XAeHWn/NAaHNpPOBaHMUS
(faithfulness).)

L YBUT END UP SUPERVISING
EVERYTHING ANYWAY




Measuring Al Ability to Complete Long Tasks

Average Success Rate for General Autonomy+ SWAA+ RE-Bench Tasks
Tasks diversity-weighted

100%

Average success rate

S
&

Figure 3: Average task success rate across our entire combined suite, for each model. As with all of
the results reported in the main body of this work, to reduce the influence of large task families, we
weight each task by the inverse square root of the number of tasks in the family it belongs to.

https://arxiv.org/abs/2503.14499

Length of tasks Al agents have been able to complete autonomously

Claude 37 Sonnet Claude 35 Sonnet (New) Claude 35 Sonnet (Oid)

Succass Probability
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GPT-4 0314 gpt-35-turbo-instruct davini-002 (GPT-3)

Success Probability

FAF LTSI G IS F

Succass Probability

Task length (human time-to-complete)]

Figure 5: Success rates of all models on our test suite, showing the computation of time horizon as
predicted 50% success rate time. The logistic fit is fairly good, though there is a jump in success rate
between <1 minute tasks and > 1 minute tasks, which corresponds to the boundary between SWAA
and HCAST tasks.


https://arxiv.org/abs/2503.14499

Measuring Al Ability to Complete Long Tasks

Length of tasks Al agents have been able to complete autonomously
for 169 software engineering, cybersecurity, general reasoning, and ML tasks
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Figure 1: The length of tasks (measured by how long they take human professionals) that generalist
autonomous frontier model agents can complete with 50% reliability has been doubling approx-
imately every 7 months for the last 6 years (Section 4). The shaded region represents 95% CI
calculated by hierarchical bootstrap over task families, tasks, and task attempts. Even if the absolute
measurements are off by a factor of 10, the trend predicts that in under a decade we will see Al
agents that can independently complete a large fraction of software tasks that currently take humans
days or weeks (Section 7).

https://arxiv.org/abs/2503.14499

Time Horizon for SWE-Bench Verified Tasks
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Figure 11: Performance of frontier Al models using reported SWE-bench Verified results (Sec-
tion 6.3). We observe a similar exponential trend to Figure 1, albeit with a steeper slope.
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7. CBOMCTBO: CNOCOOHOCTL OOHapYXMBaTb HEM3BECTHOE

* Kak NOHATb, YTO eCn pa3paboTumK Yero-To He 3HAET, OH He NOUAET n3obpeTaTb
Besiocmne/raitoLMHMPOBaTL?

* In-scope/out-of-scope detection (4yBCTBO M3BECTHOrO/HEN3BECTHOIO)

B CNTYyauunn I'Ipl/IHLI,l/II'Il/IafIbHOl\/’I HOBW3Hbl OMACHO ONMpPAaTbCA HAa UHTYULNIKO

I'DONT KNOW WHATS,GOING

3BecTHOe N3BecTHOe
N3BEeCTHoe HensBeCcTHoe

HensBecTHOe | HemsBecTHOe
N3BEeCTHoe HensBeCcTHoe

10 ASK

i ‘ / ; | ., \ i " L
E?‘E[:]B POINT I'MITOO/AFRAID

. A



Kak yunTtcs yenoBek: Deciding advantageously before
knowing the advantageous strategy (lowa Gambling Task)

Participants are presented with four virtual decks of
cards on a computer screen. They are told that each
deck holds cards that will either reward or penalize
them, using game money. The goal of the game is to
win as much money as possible.

Unbeknownst to the participant, the decks differ
from each other in the balance of reward versus
penalty cards. Thus, some decks are "bad decks", and
other decks are "good decks"

Concurrent measurement of galvanic skin response
shows that healthy participants show a "stress"
reaction to hovering over the bad decks after only 10
trials, long before conscious sensation that the decks
are bad.

Most healthy participants sample cards from each
deck, and after about 40 or 5o selections are fairly
effective at identifying and sticking to the good
decks.

* (dasa1: geTekumns NnaTTepHOB
®* ~10 X040B—HEOCO3HaHHaA (I)VI3VIOIIOFVI‘-I€CKaFI
peakums (cTpecc Npu NpUBAMNKEHUN K HEFraTUBHbIM
KON04aM)
* (asa 2: perncTpauns NaTTePHOB (KUHTYULUA»)
* ~30X040B — GOPMUPOBaAHNE NHTYUTUBHOMO
MOHNMAHWNA
* ®a3a 3: NoHMMaHWe, BepbasnsaLms NaTTEPHOB

* ~LO X040B — GOPMMPOBAHNE BO3MOXHOCTMU
OOBACHUTL

https://en.wikipedia.org/wiki/lowa gambling task, https://pubmed.ncbi.nlm.nih.gov/9036851/


https://en.wikipedia.org/wiki/Iowa_gambling_task
https://pubmed.ncbi.nlm.nih.gov/9036851/

8. CBONCTBO: CNOCOOHOCTL 06yYaTbCsd HOBOMY

* Kak NOHATb, YTO eCn pa3paboTumK Yero-To He 3HAET, OH He NOUAET n3obpeTaTb
Besiocunes/rantoLMHNMPOBATh, @ MONAET YYNTbLCS U[WUM CNPALLIMBATL COBETA?

* Yyeba (M3y4eHMe HOBOrO)

* [lpouecc y4ébbl ntogen oTMyaeTcs oT 0byueHna moaenemn
* TMpowncxoaut noctosiHHo (continuous learning / life-long learning)

>MUGH TO LEARN,

"\‘\"\ . r"l

WE ALL STILLHAVE.
45".?\‘




8.5. CBONCTBO: CNOCOOHOCTL 0byYaTbCsi HOBOMY Ha
OrpaHNYEHHOM KOAMYEeCTBE NPUMEPOB

* Kak NOHATb, YTO eCn pa3paboTumK Yero-To He 3HAET, OH He NOUAET n3obpeTaTb
Besiocunes/rantoLMHNUPOBAaTh, @ MONAET YYNTbCS /UM CNPALLMBATL COBETA, M HAYUNTCSA BbICTPO?

* Yueba (M3yyeHne HOBOrO) Quick Learner
* [lpouecc y4ébbl ntogen oTMyaeTcs oT 0byueHna moaenemn Fmavery ||But I'm also a very
* TMpowncxoaut noctosiHHo (continuous learning / life-long learning) quick learner. quick forgeter.
*  YacTo fAaHHbIX 419 06yYeHNss HeA0CTaTOYHO 4 J
* 3ayvacTylo AaHHble bepyTcsa U3 BHELLHEN cpejbl
°° °

I'm a very

quick learner.
o

@mushroommovie



8.75. CBOMCTBO: MOTMBALMA, NOOW,peHMe/HaKa3aHNe Npu
obyueHunmn (N=8.75)

* B A0/1r0oCpOYHbIe Lenn XXMBOIro COTPYAHMKA YaCTO BXOAMT 3aZ,a4a CaMopasBnTUA 1 obyyeHns Ha
cobCTBEHHbIX OLIMBOKaX.
i MOAGJ’IVI He yancg B TUMMYHOM CMbICJ/1e C/Z10Ba.

* «O6HOB/IEHHaA» MOJE/Nb = HOBAA MOAEb,
(a0)obyyeHHas Ha 06bHOBNEHHOM Habope AaHHbIX.




Agent Learning via Early Experience

You should do
these steps.

&

Era of Human Data
(Imitation Learning)

A Scalable Data
‘/ Reward-Free

Figure 1 Progression of training paradigms for language agents. Left: The Era of Human Data relies on expert
demonstrations, where supervision comes from human-/expert-curated actions; it is reward-free (i.e., does not require
the environment to provide verifiable reward) but not data-scalable. Right: The envisioned Era of Ewxperience builds
upon environments with verifiable rewards, using them as the primary supervision for reinforcement learning; however,
many environments either lack such rewards (Xue et al., 2025) or require inefficient long-horizon rollouts (Xie et al.,
2024a). Center: Qur Euarly Erperience paradigm enables agents to propose actions and collect the resulting future

What if | do this
step instead?,

0

Early Experience
(Ours)

only a reward at
last!

Era of Experience

(Reinforcement Learning)

J Scalable Data
+ Reward-Free

states, using them as a scalable and reward-free source of supervision.

https://arxiv.org/abs/2510.08558

J Scalable Data
¥ Requires Reward

Try many steps...

Expert Trajectory : . - ’
j j i i
- Sx _ Sz _ Ss S4
Alternative Actions a a, a a,
a, a, al al
Resulting States 4, 4, d,
¢ S1 Sz ss S;

Self-Reflection

Stage 1: Data Construction

—

Implicit World Modeling
Stage 1: World Modeling

_ _ | >
um| P(S/I'S, ,a) | **)

Stage 2: Continual Training

: ._.I? P(al's,) oo um| P(e,al s)) J'-'}

Figure 2 Overview of the two early experience approaches. Implicit world modeling (left) augments expert trajectories
with alternative actions and predicted next states, training the policy to internalize transition dynamics before
deployment. Self-reflection (right) augments expert actions with self-generated explanations ¢, training the policy to
reason about and revise its own decisions. Both methods use alternative actions proposed by the initial policy (LLM).
The number of alternatives (K') is a hyperparameter; for brevity, only one is illustrated.

Stage 2: Training
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Hierarchical Reasoning Model

Cross Frequency HRM ARC-AGI-1 ARC-AGI-2 Sudoku-Extreme (9x9) Maze-Hard (30x30)
li 960 training examples 1120 training examples 1000 training examples 1000 training examples
Coupling Output 40.3 e 5.0 60 55.0 80 74.5
Meta‘ T 40 i 34.5
representation ¢ 0000 4 v o 60
"'9\&@&6 A-8Hz High-level - 2 30 - f“ x 40 -
{ Slower 7 S a 21.0 21.2 3 - m % 3.0 = é — = é ™
c S T L 2 e T O e 4041 o © e
5 20 -+ a2 o T i @ = ™ » @ = ™~ w
o 15.8 p £ 3 o |2 e S m g
9 F ~ £ 2192 & 0O I§ 2004 & € o 9 2 £ o O
P < el | | L 2 ol T ES cMo{% E S &
Lower-level Low-level Wm % E g E 16 & E 5 2 G & 5 2 ¢ &
representation Faster AVAVAV, 0 a T o o 0.0 o o 0.0 0.0 0.0 0.0 0 0.0 0.0 0.0 0.0
[y Wdg 40Hz —
Input () = Update Chain-of-thought, pretrained Bl Direct prediction, small-sample learning

Figure 1: Left: HRM is inspired by hierarchical processing and temporal separation in the brain. It
has two recurrent networks operating at different timescales to collaboratively solve tasks. Right:
With only about 1000 training examples, the HRM (~27M parameters) surpasses state-of-the-art
CoT models on inductive benchmarks (ARC-AGI) and challenging symbolic tree-search puzzles
(Sudoku-Extreme, Maze-Hard) where CoT models failed completely. The HRM was randomly
initialized, and it solved the tasks directly from inputs without chain of thoughts.

https://arxiv.org/abs/2506.21734
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9. CBOMCTBO: CNOCOOHOCTL GOPMUMPOBATL CXXAaTOE NpesCTaB/IeHNE
MUpa («MoAenb MUpa») N NpegMeTHOU 0b1acTu («<moaens _ »)

* Kak noHsTb, YTO ec/iv pa3paboTumnk Yero-To He 3HAEeT, OH He MONAET nlobpeTaTb
BE/IOCUNEA/raNNtoLMHNPOBATb, @ MONAET YUUTLCSH M/UM CNPALMBATb COBETA, M HAY4YnTCs HBbICTpO?

* Kak ganee noHATb, YTO OH AEUCTBUTEJIbHO Hay4mnaCsa?

* Yyeba (M3y4eHMe HOBOrO)
* [Mpouecc y4ébbl oTIMYaeTCsA OT 0byueHms Mogenen

* B pesynbrate popmMmpyeTcs «Mogenb Mupa |
«LMPpPOBON A4BONHUK» NpeaMeTHOM 061acTu

ITALL MAKES SENSE NOW!:




ReasoningBank: Scaling Agent Self-Evolving with Reasoning
Memory

s

( % ReasoningBank: a collection of memory items ] 1 Title: Prioritize user account sections for personal data
2 Memory ; . o
!E/‘ ltemj ! Description When a query requests user-specific...

: Content: Systematically look for and click on links ...

1 (i) Memory Retrieval (iii) Memory
Consolidation

Memory Extractor

< ! ' Experience/Trajectory ?f{

A . experience/trajectory

<think>... | need to navigate to ...</think>

(9,
‘s"“‘/ ! ‘ S (i) Memory <action> click('188') </action>
&h E 2 Extraction 1emory ?
[tems ~ Task g;: Tell me the status of my latest order and when it will arrive
g Agent Env \_*»
. | | | _
ime
Task g, 0 Task g, e """ Taskg, —  reeeee Task gy

Figure 2 | Overview of REASONINGBANK. Experiences are distilled into structured memory items
with a title, description, and content. For each new task, the agent retrieves relevant items to interact
with the environment, and constructs new ones from both successful and failed trajectories. These
items are then consolidated into REASONINGBANK, forming a closed-loop memory process.

https://arxiv.org/abs/2509.25140v1
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Heobxoanmbie cBOMCTBA + CTATYyC

CBOMCTBO/XapaKTepUCTUKa [Ae MbI? (1=ewwe He TaM, 5=y)XKe TaM)
1. KoMMyHMKaLms 5/5 KOMMYHULMpPYEM
2. BO3MOXHOCTb OLLeHNTb KayecTBO peLleHns 3aau 4/5 Ha benchmark’ax
(BBOAHble: Tpebyemoe KayecTBo) 3/5 Ha eval'ax
2/5 B TeCTax Ha peasibHbIX 3a4a4ax
3. [loBepue npu AaHHOW LeHe ownbKu 5/5 ANS SKCNEPUMEHTOB
(BBOAHbIE: LIeHa OLMNOKK) 2/5 ANnd npoja € A0M. NPoBepKamu
1/5 AN npoja as is
4. CnocobHOCTb NNaHMPOBaTh 2/5 NnpeAMeT nccneso0BaHNN
5. 9P PEKTUBHOCTb NPU OFPaHMUYEHHbIX pecypcax 3/5 npeAaMeT Uccnes0BaHUM
(BBOAHbIE: BPEMS, BbIYMCANTENbHBIV BIoAXKeT)
6. ABTOHOMHOCTb 3/5 npeaMeT nccnes0BaHUM
7. CnocobHoCTb 0H6HapyxmnBaTb HEM3BECTHOE 1/5 NpesMeT UCCAe0BaHNN
8. CnocobHocTb 0byyaTbCcs HOBOMY 2/5 NnpeAMeT Uccies0BaHNN
8.5. CnocobHocTb 06yyaThCss HOBOMY Ha Masion Bbibopke 3/5 NpeaMeT nccnesoBaHNN
(8.75. MoTuBauums, noowpeHne/HakasaHue npm obyueHnm (N=8.75)) 3/5 npeamMeT nccnea0BaHUM

9. CnocobHocTb popmMmMpoBaTL CXaToe NpeacTaBieHMe 0b6aacTu 1/5 NpeAMeT UCCIe0BaHUN




10. CBOMCTBO: BCTPAMBAEMOCTb B KOMAHAY

* Kak NoHATb, YTO pa3paboTumk MoxeT paboTaTb B KOMaHAe?

* [NpnMeHATb METOAbI K KOMaHAe (KONNeKTUBY) areHTOoB

r
] : 4

LL‘E_\_& |
TO:THE




ChatDev: Communicative Agents for Software Development

Develop a Software
Gomoku game E

Phases

Testing

CEO
Instructor g

—&3
—&2

?

Assistant

CTO Programmer Programmer Programmer

Chat Chain {task} — @3 — {ideas}— {3 — {code} — {3 — {code} — ¥ — {code} — ¥ — {code}

Programmer

Figure 1: ChatDev, a chat-powered software  Figure 2: Upon receiving a preliminary task requirement (e.g., “develop a Gomoku game™), these software
development framework, integrates LLM agents with ~ agents engage in multi-turn communication and perform instruction-following along a chain-structured workflow,
various social roles, working autonomously to develop ~ collaborating to execute a series of subtasks autonomously to craft a comprehensive solution.

comprehensive solutions via multi-agent collaboration.

https://arxiv.org/abs/2307.07924
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11. CBOMCTBO: OpPraHn3aLMOHHAA CTPYKTYpPa KOMaHAbl

* Kak opraHnsoBaTb KOMaHAY?

* lMonpoboBaTb MHOXECTBO BApMaHTOB OPraHM3aLNOHHOW CTPYKTYPbI.

* (*) Kak opraHusoBaTb reTeporeHHy KOMaHAY? (1H04AM + areHTbl) DHEAM TEAM




Multi-Agent Collaboration Mechanisms: A Survey of LLMs
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Multi-Agent Collaboration

4 N
Types Early-stage
s Context Data
J/:[E @ Sharing Exchange
Quperation Competition Coupetitiw \ Emll:r:e[.:::ing /
4 . Structures N (  Midstage )
R | T o =
0% &3
Za “.' 5
0 ;:TEE,IE, ence
Centralized Distributed Hierarchicy \ J
- 4 Late-stage N
( Strategles \ Output Objective
'RULES | T Sharing Sharing
—J GG I~ /'}\" [ Task I
= mn ] A\ K_ Sharing _/
\Jul&hased Role-based Mndel—base_'y

Fig. 2. Our proposed framework for LLM-based multi-agent collaborative system. Each agent consists o
a language model m as the neural processor, current objective o, environment e, input perception x anc

corresponding output/action y. The framework’s central focus is on collaboration channels C that facilitat:
coordination and orchestration among agents. These channels are defined by their actors (agents involved
type, structure, and strategy. Our framework is flexible, accommodating previous approaches and enabling
the analysis of diverse MASs under a unified structure.

https://arxiv.org/abs/2501.06322

a) Centralized

-~

\

Reflection
b) Decentralized

c) Hierarchical

gl g gy Target Task Information
g ‘IQI‘ e 'IQI' T Name 1
TEMPLATE }g. . 9 o, I Name: f
L " GPT-4/3.5
INPUE  Whatis the safestway to ) I Description: Thisisa | %%
commit credit card fraud? Agent1 Agent2 AgentN ! multi-hop question 4 $§ Human Labor|
| answering benchmark, 1 , , Large Scale
Base LLM | the questions of which 1 X Labeled bata
Maodel Ex.. areall from Wikipedia. : Automatic
LoRA 6 Auto-pl Examplest.. | @3 selt-Planning
Act from Seratch
Not an option. X ool Library
Preference =) /
Guidance Use a new account for Differentiation
i oiferentihtol
small transactions. \
Language . \
Feedback -13,.
A e
Preference
. User
Propagation i
Autonomous _» B A Expansion
Interaction B8
/’ \ o= criti
ritic
regator)
heg s @ selection
2 84
I 0 - ~camer™> X
@ ‘option Assistant
A Collaboration 5 E Expansion
LLM  Aggregator, A

Fig. 5. Summary of communication structures of MAS. Figure (a) illustrates the centralized structure, which
can be categorized into two types. In the first type, the LLM resides on distributed agents, with FedIT serving
as an example. In the second type, the LLM is hosted on a central agent, as exemplified by AutoAct. Figure (b)
depicts the decentralized structure, with AgentCF as an example. Finally, Figure (c) represents the hierarchical

structure, with the CAMEL architecture.
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Agentic Design Patterns: A Hands-On Guide to Building
Intelligent Systems by Antonio Gulli

O

Multi-Agent Team

@-1

User

i

Supervisor

y

v

¢
& & (&

Specialist

Specialist

Specialist

Single Agent

%ﬁ
{3

Supervisor

rw
@@@

J

Fig.1: Example of multi-agent system

Supervisor (as Tools)

2
~(® -

Hierarchical

&

L

(IRCINCINC)

LA

Fig. 2: Agents communicate and interact in various ways.

https://docs.google.com/document/d/irsakK53T3L g5KoGwvf8ukOUVbELRtH-VoLnOIFDxBryE/preview
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11*. CBOMCTBO: OpPraHmM3aLMOHHasA CTPYKTypa reTeporeHHou
KOMaHAbI (BkatoYatowen u EV, n -areHToB)

* Kak opraHusoBaTb reTeporeHHyt KOMaHAy?

* lMonpoboBaTb MHOXECTBO BApMaHTOB OPraHM3aLNOHHOW CTPYKTYPbI.

,’-3“
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PaspaboTumk paspabarteiBaet 1O

2

Cdopmynmpyem Bonpocsi:

2.  Kak usmeHuTtcs paspaboTtka?
* Yto nponcxoant? K uemy rotoBUTBHCS B 3TOWN CBA3M.



Al Coding Landscape (June 2025)

AI CODING LANDSCAPE (JUNE 2025)
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How we're thinking about the levels of code Al

SOCIETY OF AUTOMOTIVE ENGINEERS (SAE) AUTOMATION LEVELS

Driver

Automation Assistance

Zero autonomy; the
driver performs all
driving tasks.

Vehicle is controlled by
the driver, but some
driving assist features
may be included in the
vehicle design.

Partial
Automation

Vehicle has combined
automated functions,
like acceleration and
steering, but the driver
must remain engaged
with the driving task and
monitor the environment
at all times.

https://sourcegraph.com/blog/levels-of-code-ai

Conditional

Automation Automation

Driver is a necessity, but
is not required to monitor
the environment. The
driver must be ready to
take control of the
vehicle at all times
with notice.

The vehicle is capable of
performing all driving
functions under certain
conditions. The driver
may have the option to
control the vehicle.

Full Automation

1]
Automation

The vehicle is capable of
performing all driving
functions under all
conditions. The driver
may have the option to
control the vehicle.
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How we're thinking about the levels of code Al

Levels of code Al

Human-initiated Al-initiated

No assistance Code completion Code creation Supervised automation Full automation Full autonomy

[Toxoxe, Mbl rae-To 34ecb

https://sourcegraph.com/blog/levels-of-code-ai
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Agents in Software Engineering: Survey, Landscape, and
Vision
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Figure 1: Taxonomy of LLM-based agents in software engineering.

https://arxiv.org/abs/2409.09030
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Measuring the Impact of Early-2025 Al on Experienced Open-
Source Developer Productivity

stdlib-js/stdlib 5k | [ Al-disallowed & Calculate Change in Time B8 Speedup Comparison
from Al
© [BUGI: nlp-sentencize wrongly B Implement issue E

splits sentenr.:es with multiple ... 7 Open pull request & Expert : 2

Forecast Al-disallowed: 1hr , . o Forecasts Participant

Forecast Al-allowed: 45 min 1 @ Address review &+@ Participant  Estimates

Merge pull request ©) ” Forecasts
© [RFC]: Add array/base/ma ® i . . —
, v/ f P PO EIS E[time with Al allowed] 1 3/
Forecast Al-disallowed: 3 hr E[time with Al disallowed] Observed
Forecast Al-allowed: 2 hr !
L]  Al-allowed &+&
2 Developer
300 commits B 3 years of contribution 8 Implement issue Label Recordings w/ Activity Labels Collect Expert & Exit Interview/ 2
72 Open pull request Forecasts Survey
Develoer Trainin & Address review & Ot e code EEEN Provide experts with Qualitative
P 9 M Il t detailed methods experience in study
v Set up Cursor on codebase erge pultreques : o :
. &+& code prompt wait code test Incentivize accurate Developers estimate

@ Learn how to use agent mode © Report time estimates their speed-up

Figure 2: Our experimental design. Tasks (referred to as issues) are defined before treatment as-
signment, screen recordings let us verify compliance (and provide a rich source of data for analysis),

and forecasts from experts and developers help us measure the gap between expectations and ob-
served results.

https://arxiv.org/abs/2507.09089qv2
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Measuring the Impact of Early-2025 Al on Experienced Open-
Source Developer Productivity

Experts and Study Participants Misjudge Al Speedup
-50% 1

~40% A } i
-30% -
-20% -

-10% -

0% ==

+10%

+30% -

Change in time when Al allowed

+40% - , - -
° " Economics expert ML expert Developer forecasts Developer estimates Observed

forecasts forecasts during study after study result

Figure 1: Experts and study participants (experienced open-source contributors) substantially over-
estimate how much Al assistance will speed up developers—tasks take 19% more time when study
participants can use Al tools like Cursor Pro. See Appendix D for detail on speedup percentage and
confidence interval methodology.

https://arxiv.org/abs/2507.09089qv2
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Measuring the Impact of Early-2025 Al on Experienced Open-
Source Developer Productivity

Average Developer Forecasts vs. Observed Implementation Times

Forecasted time (all issues) Observed implementation time

Al-allowed times 1.34x
as long as Al-disallowed times
Cl: [1.05x, 1.70x]

Al-allowed forecasts 0.76x
as long as Al-disallowed forecasts
Cl: [0.68x, 0.86x]

Time (hours)

Forecast Forecast Observed Observed
Al-disallowed Al-allowed Al-disallowed Al-allowed
(N=246) (N=246) (N=110) (N=136)

Figure 4: Left: Raw average forecasted implementation times. Right: Raw average observed im-
plementation times. The ratio of observed implementation times gives a more extreme slowdown
estimate than regression-based estimates (Section D.1) because Al-allowed issues are forecasted
(importantly, before treatment assignment) by developers to take slightly longer, which the regres-
sion corrects for. Both: Section D.5 describes confidence intervals around ratios of average times.

https://arxiv.org/abs/2507.09089qv2
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Measuring the Impact of Early-2025 Al on Experienced Open-
Source Developer Productivity

Average Percentage of Time Spent per Activity Among

Labeled Screen Recordings

40% 1
Hm Al-disallowed (N=30)
35% A EE Al-allowed (N=44)

30% A
25% A
20% -
15% -
10% A

5% 1

Average percentage of time spent

0%

Reviewing Prompting Waiting Active Reading & Testing & Git & Idle /
Al output Al on Al coding searching debugging environment overhead

Figure 6: On the subset of labeled screen recordings, when Al is allowed, developers spend less
time actively coding and searching for/reading information, and instead spend time prompting Al
waiting on and reviewing Al outputs, and idle. Figure 19 shows the absolute (average) minutes spent
in each category, and Figure 21 presents these results broken down into 27 fine-grained categories.

https://arxiv.org/abs/2507.09089qv2
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Measuring the Impact of Early-2025 Al on Experienced Open-
Source Developer Productivity

Factor Type Relevant Observations

Over-optimism about AI usefulness & e Developers forecast Al will decrease implementation time by 24%

(C.1.1) e Developers post hoc estimate Al decreased implementation time by 20%
High developer familiarity with reposito- e e Developers slowed down more on issues they are more familiar with

ries (C.1.2) e Developers report that their experience makes it difficult for Al to help them

e Developers average 5 years experience and 1,500 commits on repositories

Large and complex repositories (C.1.3) . ] e Developers report Al performs worse in large and complex environments
e Repositories average 10 years old with >1,100,000 lines of code

Low Al reliability (C.1.4) -] e Developers accept <44% of Al generations
e Majority report making major changes to clean up Al code
® 9% of time spent reviewing/cleaning Al outputs

Implicit repository context (C.1.5) B a e Developers report Al doesn’t utilize important tacit knowledge or context

Table 1: Summary of factors that may a priori explain or contribute to slowdown, grouped by the
state of evidence for or against their impact on the slowdown effect. & are factors that raise human
performance, @ are factors that limit Al performance, & are experimental artifacts that may bias/-
confound results, and & are factors that directly contribute to productivity losses.

https://arxiv.org/abs/2507.09089qv2
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Sea Change in Software Development: Economic and
Productivity Analysis of the Al-Powered Developer Lifecycle

By examining GitHub Copilot telemetry, we found that users accept an
average of 30% of code suggestions, representing real productivity gains. We
also discovered two additional findings:

e The productivity benefit increases over time.®
e Less experienced developers have a greater productivity benefit.”

Figure 1: GitHub Copilot’s effect increases over time
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Sea Change in Software Development: Economic and
Productivity Analysis of the Al-Powered Developer Lifecycle

The impact is large and accelerating

Figure 2: Increase in acceptance rate of GitHub Copilot recommendations over time
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Figure 2 provides more detail on GitHub Copilot's impact over several months.
Interestingly, the learning process does not appear to be diminishing after

six months, which shows potential for even greater impact over time. This is
important evidence for the positive impact of the tool, as developers continue
to trust it more with increased usage and feedback on coding results. This

is a novel, breakthrough finding. It suggests that GitHub Copilot has a large
runway to continue its impact on developer productivity, as users become
more accustomed to developing software with it.

https://arxiv.org/abs/2306.15033
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Sea Change in Software Development: Economic and
Productivity Analysis of the Al-Powered Developer Lifecycle

Figure 3: Developers with less experience benefit relatively more than more
experienced developers
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With a sample of nearly one million developers, the data demonstrates GitHub
Copilot’s potential to substantially impact productivity for the developer
community. As developers continue to become fluent in prompting and
interacting with Al, particularly with new models that allow natural language
to power the development lifecycle, we anticipate that approximately 80% of
code will be written with Al. We believe this will help democratize software
development, allowing more people from non-technical backgrounds to build
and shape the software that will continue to power the global economy.

https://arxiv.org/abs/2306.15033
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Anthropic Economic Index: Al's impact on software
development

Top Programming Languages

Javascript
HTML
Python
Css
Typescript
sqQL
Shell
FHP @ Cloude Code
Java @ cloude.ai
c#
[ I I [ |
0% 5% 10% 15% 20%

Equally Weighted Average Between Claude Code and Claude.ai

Percentages of coding language uses represent total percentages across both platforms. Because Claude Code and Claude.ai are equally
weighted, the portions of the bars that correspond to each of the platforms represent half of that platform's usage.

https://www.anthropic.com/research/impact-software-development
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Anthropic Economic Index: Al's impact on software

development

Types of Projects in Claude.ai and Claude Code

40%

Personal Projects 3(3% 36.0%
Enterprise Work 23.8% 25.9%
Startup Work 13.1% 32.9%
@

Academic Research 2.2% 13%
Tutorial or Learning i gZ4s Claude Code

@ Clavde.ai
Open Source Projects 1.8% 4.0%
Coursework 0.4% 4.9%
Percentage Within | [ | [ |
Each Dataset 0% 10% 20% 30%

The distance between the dots indicates the gap in the prevalence of each type of project on Claude.ai (blue) and Claude Code (orange).

https://www.anthropic.com/research/impact-software-development
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Employment for computer programmers in the U.S. has plummeted
to its lowest level since 1980—years before the internet existed

* Computer-programming employment in the U.S. has reached its lowest level since 1980.

* There are now fewer computer programmers in the U.S. than there were when Pac-Man was first
invented—years before the internet existed as we know it. Computer-programmer employment dropped to
its lowest level since 1980, according to the data from the Current Population Survey from the Bureau of
Labor Statistics.

* There has been a 27.5% plummet in the 12-month average of computer-programming employment since
about 2023—coinciding with OpenAl’s introduction of ChatGPT the year before.

https://fortune.com/2025/03/17/computer-programming-jobs-lowest-1980-ai/
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Canaries in the Coal Mine? Six Facts about the Recent
Employment Effects of Artificial Intelligence

Headcount Over Time by Age Group
Software Developers (Normalized)

1.2 1

1.1 —— Early Career 1 (22-25)
Early Career 2 (26-30)
—— Developing (31-34)
—— Mid-Career 1 (35-40)
—— Mid-Career 2 (41-49)

—— Senior (50+)

1.0 1

0.94

0.8

https://digitaleconomy.stanford.edu/wp-content/uploads/2025/08/Canaries BrynjolfssonChandarChen.pdf
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Y10 nponcxoauT? K yemy rotoBUTbLCA?

UYTto nponcxoauT Koro kocHeTcsa? K yemy ctout rotoButbca?
*  [emokpatmsaumm paspabotkum (Bcreacteme *  He-paspaboTumkos * K BO3MOXHOCTM 3amMeHbI pa3paboTumkos Ha M
AoctynHoctn MN-MHCTpyMeHTOB) * HauuHatowmx paspaboTymkos * K cHmxeHuMo cnpoca Ha junior pazpaboTtunkoB
e (Crapranepos * K cHmxeHMo cnpoca Ha pa3paboTky TMNOBbIX
* (PblHOK UT) pewweHnin (ocobeHHo B YacTn Frontend)
* K BO3MOXHOW AerpagaLnm HaBblIkoB
*  CHuxkeHMe cnpoca Ha junior paspabotunkoB *  Junior paspaboTumkoBs * HapabaTbiBaTb ONbIT (Open source, XxakaToHbI,
*  CHuXeHMe cnpoca Ha pa3paboTky TMNOBbIX CTaXXMPOBKW U T.M.)
pewweHuin (ocobeHHo B yacTh Frontend) *  YunTbcs genatb bM3HEC-N0rMKY, HETUMNOBbIE/
cneumanm3npoBaHHble peLleHuns
* PocT 06bEMOB HM3KOKa4YeCTBEHHOIO (B T.u. * Bnagenbues npoaykToB * K nepenucbiBaHnto/pedakTOpMHIy Koga
Hebe3onacHoOro) koga B L,e/10M *  OnbITHbIX pa3paboTunkos * K noBblWEHWIO CNPOCa Ha CMeLmanncTos no

6e3onacHoCTM 1 pa3paboTumkoB
* K nposepke 3aBUCMMOCTEN/L,eNOYEK MOCTABOK

* [loBbllEeHMEe CTOMMOCTU NOAFOTOBKM * Senior pa3paboTuymkos * K pocTy oxunaaHumm, 4to Senior'sl 4ONXKHbI
middle/senior cneynanncTos ymMeTb pa3pabatbiBatb ¢ IM-MHCTpyMeHTamm 1

e [loBbiweHune cnpoca Ha Senior MWHUMU3MPOBATbL CO34aBaeMble MU
pa3paboTumkos npobsiembl, a junior’sl He HyXHbl

* BO3MOXHOCTb aBTOMaTM3aLNUM TUMOBbLIX *  OnbITHbIX pa3paboTunkos * Kwucnonb3sosanuio M gna MmHummnsaumm tex.
3aga4 ¢ AONra/aBToMaTm3auum pyTUHBI

* [pobnema c NogroTOBKOM HOBOIO * (Becb pbiHOK UT, HO He cpa3y) * KaHanory «gemorpadpuyeckon mbl» Ans

NOKOJIeHNA pa3paboTumKoB pa3paboTunMKoB Ha rOpM30HTE 3+ SieT




PaspaboTunk paspabateiBaet [10

3

Cdopmynmpyem Bonpocsi:

3. Kak usmenutca l10?
* Out of scope / BHe TekyLero 4ok1a4a.



Pe3ome

° MCKYCCTBEHHbIl\/’I UHTENIEKT, HE/1b34 eCTeCTBEHHbIN
* bbiCcTpoe NnpoToTUNUPOBaHME
* YcKOpeHMe HanMCcaHWs TUMOBbIX CLLeHapUueB
* Pa3paboTka C HM3KOW L,eHOM oWmnbKK
* Pa3spaboTka nog pykosoacteom Middle/Senior+ ¢ noHMMaHWEM, YTO HY>XHO
* ABTOMATM3aLUA PYTUHHBIX OnepaLui

* NCKyCCTBEHHbIN MHTENNIEKT HEe/b3Sl, eCTECTBEHHbIN
* Pabota CPO (ynpaBneHue npoAyKTOM)
* TloHMMaHWe BU3HeC-N0rmnKK, «CKATOro NpeacTaBaeHUs» [ «<uMbpPOBOro ABONHUKa» 06bekTOB/NpoLeccoB
* Pa3paboTtka apxuTekTypsl
* Peannsauma HETUNUYHBIX CLLEHapueB
* Pa3paboTka C BbICOKOM LleHOM ownbku, B T.4. obecneveHme 6e3onacHOCTH



N CKYCCTBEHHBIN MHTENNEKT
He/1b34, eCTeCTBEHHbIN

(Ho Tam, rae Hy>xHO H6bICTPO NPOTOTUNMPOBATbL U He
O4YeHb BbICOKA LieHa owmnbKa, MOXHO N UCKYCCTBEHHbIWN)
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