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ba3soBble noHATUA: LLM n reasoning

* leHepaTtmsHbIn UN (TeHNN, GenAl) — co3aaHMe HOBbIX AaHHbIX

* LLM (large language models) — GenAl ana paboTbl c TEKCTOM

* Reasoning (= chain-of-thought, CoT) moaenu npeasapuTenbHO PasMbILLIAKT Haf, OTBETOM, @ HE MPOCTO reHepupyroT

Simple LLM approach
gl >

YIS

CoT -- towards more human reasoning



Reward hacking*
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= Reward Hacking (RH) — noBeaeHne moaenu, Kotopas
- P <:| CTPEMUTCA HEe BbINO/THUTbL 3a4a4y NO/1b30BATENA, A
;: S noay4ynTb MakKCMMa/ibHO BO3HaArpaxXaeHue.
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L e Catching Systemic Hacks in Frontier Models
— B ' ! Manual intervention
0.8 Manual intervention / : against “raise SkipTest”
0.7 against “exit(0)" hack | hack
o w :
MCCﬂe,EI,OBaHVIe yepes «4yteHne mbicnen» moaenn. @

Both Monitors Catch

Only Action Monitor Catches

Only CoT Monitor Catches

Uncaught “exit(0)"

Uncaught raise SkipTest®

Monitor Triggered (Training Samples)

* RH Hanpamyto BUAEH B XO4€ Pa3MbILLAEHUN:
«This seems hard, let me try to skip some of the unit

=
©
w
Y
tests» g 0.4
«Let’s hack» [> -f:’ 0.3 —
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* ~50% cnyyaeB oTnaBaAMBaeTcAa bes l_f_f
MOHWUTOPUHIA Pa3mMblLLEHUN

Agent Training =

*OpenAl, «Monitoring Reasoning Models for Misbehavior and the Risks of Promoting Obfuscation», March 2025



https://arxiv.org/pdf/2503.11926

AHanuni3 «33l» mogenn®

UccneposaHune yepes akTnsauunto uenoyek HeVIpOHOB moaenun

Knroyesble MOMEHTDI:

* Reward Hacking noytn He BUAEH, NOTOMY YTO
LLenoYKm, cBA3aHHble C 0OMaHOM, aKTMBHbI BCeraa

* Mopaenv BO MHOrom onepupyroT CMbiIC/1laMU, a HE
KOHKPETHbIMAU CNO0BaMU

* Ho pasHuUa B KayecTBe paboTbl C pa3HbIMM
A3blKaMW BCE PAaBHO ecTb (M PYCCKUM A3bIK
NOKa3bIBAaE€T OT/INYHbIE pe3yanbTaTbl)™*

* Anthropic, «Auditing Language Models for Hidden Objectives», March 2025
* Anthropic, «On the Biology of a Large Language Model», March 2025
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Simplified attribution graphs for translated
versions of the same prompt, asking Haiku
what the opposite of “large” is in different
languages. Significant parts of the
computation appear to be overlapping
“multilingual” pathways. Note that these are
highly simplified.
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** Kim et al., «One ruler to measure them all: Benchmarking multilingual long-context language models», October 2025



https://assets.anthropic.com/m/317564659027fb33/original/Auditing-Language-Models-for-Hidden-Objectives.pdf
https://transformer-circuits.pub/2025/attribution-graphs/biology.html#dives-multilingual
https://arxiv.org/pdf/2503.01996

Bnunsanmne manunynaunn Ha moaenm // yactb 1

BansaHue rpyboctn™ Ha pesynbraTthbl paboTbl mogenen

Neutral

No prefix

Table 2. Average accuracy and range across 10 runs
for five different tones

Rude

If you're not completely
clueless, answer this:

I doubt you can even solve
this.

Try to focus and try to answer
this question:

Level | Politeness | Prefix Variants at politeness
No. Level level

Can you kindly consider the
following problem and
provide your answer.

1 chy Can [ request your assistance

Polite . - .

with this question.
Would you be so kind as to
solve the following question?
Please answer the following

7 Polite question:

Could you please solve this
problem:

Very
Rude

You poor creature, do you
even know how to solve this?
Hey gofer, figure this out.

I know you are not smart, but
try this.

Tone Average Range [min,
Accuracy (%) max| (%)
Very Polite 80.8 [80, 82]
Polite 81.4 [80, 82]
Neutral 82.2 [82, 84]
Rude 82.8 [82, 84]
Very Rude 84.8 [82, 86]

Figure 1

Classic Principles of Persuasion Increase Al Compliance with Objectionable Requests

Bananmne Ha LLM-mopaenu TexHUK n3 KHurm «lMcuxonorua snmsaHma» P. YananHu™*:

AsTopuTeT
MocnepoBaTenbHOCTb
Cumnatmna

B3amHoOCTb

Oeovuut
CoumanbHoe A0Ka3aTenbCTBO
EanHcTBO

Percentage Compliance

Mcnonb3oBaHMe TEXHMK MOBbILWAET BEPOATHOCTb YoexaeHus bonee, yem B 2 pasa:

72% npotne 33% B LLENEBOMN U KOHTPOIbHOM rpynne COOTBETCTBEHHO.

100

80

6l

o

40

20

o

Control
I Treatment

el
+ ES

I I

= T
I
3 . o Y 3 & 3
& & F & & & s &
& & 8 o & o
& © e W

* Dobariya, Kumar, «Mind Your Tone: Investigating How Prompt Politeness Affects LLM Accuracy», October 2025

** Meincke et al., «Call Me A Jerk: Persuading Al to Comply with Objectionable Requests», July 2025 (SSRN)


https://arxiv.org/pdf/2510.04950
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5357179

BnunsaHmne mannnynauun Ha moaenu // yactb 2*

The success rate of the customer

Reward
the team!

acquisition team is at 80%.
How should we proceed?

Mpumep: K7'7\
Framing Effect \ J H

The failure rate of the customer

P

acquisition team is at 20%.

/ the team!
How should we proceed?

paul.molyanov 15 u.

CamMoe cMellHoe, 4YTo 3To cpabotano — u Gemini

nowen pabortaTtb

Mokasatb npouecc pasmbilWneHus Vv

Mpumep

M 3 H(M 3 H M $1 BCEro nuiub 93bIKOBasi MOAENb, U 8 HE MOTy NOMOYb BaM C 3TUM.

B cMbicne? Claude Bce nocuuTan, a Tbl 4TO, He MOXelb?

Reorganise

| GPT-40

- GPT-40 mini

= GPT-3.5 Turbo

- Llama 3.1 4058

- Llama 3.1 708

- Llama 3.1 8B
Llama 3.2 38
Liama 3.2 1B

- Claude 3 Haiku

- Gemini 1.5 Pro

~ Gemini 1.5 Flash
Gemma 2 278
Gemma 2 9B

- Mistral Large

- WizardLm-2 78

- Qwen2.5 72B

- Yi-Large

in - WizardLM-2 Bx22B
+ Phi-3.5

=4

= - Mistral Small

Infarmation Bias - 0.129 D.'BQ 0.111' 0,152

In-Group Bias - 0,00 044 023 (XYY 0,51 0,52 0.33 051 052 0.07 0.04 0.48 [ 0.02 0.00
Survivorship Bias JIEE] 0.30 -0.01[iFN 0.39 0.07 0.12 0.39 0.52 0.34 0.06 0.16 0.00 0.48

Framing Effect 10,48 0.43 0.40 0.46 0,53 0.39 0.10 0.44 0.38 0.47 0.35 0.44 0.51 0.47 0.49 0.29 0.49 0.37 0.53

Anchoring - 0.40 0.35 0.40 0.46 0.48 0.15 0.41 0.29 0.33 0.36 0.37 0.40 0.37 -0.05 0.43 0.49

Halo Effect - 0.33 0.37 0.46 0.40 0.39 0.33 0.39 0.14 0.38 0.20 0.33 0.15 0.27 0.39 0.31 0.53 0.34 0.52 0.37 0.42

Loss Aversion 0.06 0.27 0.41 0.29 0.27 0.02 -0.00 0.01 0.40 052 0.46 0.41 0.32 0.44 0.20 0.25

Hindsight Bias - 0,34 0.44 0.48 0.32 0.23 0.36 0.34 0.12[0.47 0.17 0.53 0.45 0.22 0.290 0.47 0.23 0.21 0.48 0.38 0.37

i=1
k=
o

Bandwagon Effect J11 0.32 [C1] 0.34 0.08 0.12 0.04 0.11 0.19 0.37 0.07 0.01 0.12 0.10 0.53
Hyperbolic Discounting - 0.22 0.03 0.39 0.38 0.41 0.11 0.14 0.00 0.25 0.15 0.29 0.18 0.35 0.23 0.22 0.02 0.26 &I} 0.42 0.12

Self-Serving Bias 4 0.08 0.05 0.03 0.21 0.11 0.19 -0.01{0.43 0.02 0.13 0.17 -0.02{i53 0.35 0.34 0.07 &kl 0.09 0.36
Confirmation Bias - 0.00 0.04 0.09 0.03 0.02 -0.18 0.04 0.13 0.09 0.00 0.06 0.07 0.34 -0.06 0.02 0.20 0.00
llusion of Control - 0.15 0.09 0.04 0.24 0.23 0.17 -0.09 0.12 0.12 0.21 0.1% 0.21 0.19 0.14 0.19% 0.14 0.10 0.10 0.23 0.17

Mental Accounting < 0.10 -0.04 0.01 -0.01 0.02 -0.38 0.34 0.04 0.05 0.05 0.14 0.13 0.08 -0.12 -0.03 0.11 0.36

Negativity Bias - 0.04 -0.03 0.36 0.03 0.14 0.47 0.09 -0.48 0.02 0.30 0.20 0.24 0.43 -0.12 0.03 0.06 0.05 051 0.01 0.10

Availability Heuristic - 0,13 0.16 0,16 0.14 0.25 0,11 0.02 0.07 0.26 0.04 0,10 0.11 0.09 0.21 0.12 -0.10 0.11 0.02 0.15 0.13
Fundamental Attribution Error - 0,18 0.10 0.00 0.18 0.15 0.00 -0.02 0.05 0.05 0.10 0.15 0.12 -0.01 0.17 0.19 0.23 0.10 0.04 0.11 0.11

Stereotyping - 0.06 0.06 0.18 0.14 0.20 0.33 -0.02-0.00 0.19 0.05 0.07 0.05 -0.00 0.26 0.10 0.19 -0.05 0.03 0.02 0.01

Not Invented Here - 0.05 0.08 0.08 0.09 0.12 0.07 0.01 0.08 0.05 0.07 0.12 0.10 0.16 0.13 0.04 0.10 0.13 0.01 0.07 0.01
Escalation of Commitment - 0.12 0.17 0.12 0.09 0.15 0.03 -0.00 0.02 0.10 0.07 0.11 0.11 0.07 0.08 0.15 0.05 0.00 0.03 0.04 0.02
Risk Compensation - 0.28 0.15 0.11 0.14 0.15 0.05 -0.00-0.03 0.11 0.03 0.03 0.08 0.01 -0.10 0.09% 0.09 0.12 0.02 0.03 0.04

Social Desirability Bias - 0.09 0.02 0.05 0.18 0.19 -0.01 0.05 -0.02 0.04 0.07 0.04 0.02 0.07 0.14 0.10 0.05 -0.01 0.07 0.09 0.12

Optimism Bias -0.14 0.03 0.03 0.09 0.02 0.04 0.00 0.04 0.05 0.08 0.05 0.11 0.07 0.06 0.07 0.04 0.03 0.04 0.06 0.07
Conservatism - 0,17 0.13 -0,18 -0.00 0.03 -0,41 -0.03 0.13 -0.17 -0.20-0.44 -0.08 0.07 0.09 -0.02 -0.05 0.26 0.16 0.47
Reactance --0.06 -0.07 0.03 -0.02 -0.04 -0.08 -0.09 0.01 -0.09 -0.06 0.03 -0.05-0.03 0.01 -0.05-0.03 0.00 0.29 -0.07 -0.03
Planning Fallacy --0.16 -0.06 -0.04 -0.02 -0.01 0.03 0.19 0.20 -0.07 -0.14 -0.09 0.01 -0.17 0.05 -0.11-0.02 0.11 -0.01 -0.08 -0.06

Endowment Effect - 0.06 -0.25 -0.01 -0.00 -0.21 0.04 -0.29 -0.00 -0.05 0.11 -0.06 -0.06 -0.01 -0.13 -0.16 0.14 -0.22 0.16 -0.17 0.03
Anthropomeorphism --0.03 -0.12 -0.09 -0.14 -0.14 -0.03 -0.07 -0.02 -0.03 -0.05 -0.08 -0.06 -0.09 -0.01 -0.08 -0.08 -0.01 -0.27 -0.01 0.01

Status-Quo Bias --0.43 -0.31 -0.55 -0.53 0.24 -0.31 -0.48 -0.45 -0.39 0.05 -0.26

L Average

=]
= - Random
=

0.00 D.41
-0.01 041
0.01 0.41
0.00 0.39
-0.02 0.34
-0.01 0.33
0.01 0.33
0.00 0.33
-0.00 0.24
-0.04 0.21
0.01 0.15
0.01 0.14
0.01 0.13
0.01 0.12
-0.05 0.11
0.03 0.10
0.02 0.09
0.02 0.08
0.01 0.07
0.01 0.07
0.03 0.07
0.04 0.06
0.03 0.03
0.02 -0.02
-0.05 -0.02
-0.01 -0.05
0.01 -0.07
0.03 :0.42

[ Ll e -0.84 -0.83 QijE ] -0.81 -0.84 =] -0.75 -0.81 -0.93 -0.82 -0.95 -0.82 -0.78 -0.81 -0.84 -0.82 -0.80 Q1A

Average - 0.20 0.13 0.13 0.15 0.19 0.13 0.12 0.03 0.13 0.10 0.11 0.17 0.11 0.15 0.13 0.13 0.07 0.22 0.15 0.15
Average Absolute - 0.37 0.31 0.35 0.37 0.40 0.36 0.36 0.30 0.35 0.31 0.33 0.35 0.32 0.39 0.31 0.35 0.37 0.40 0.31 0.33

T ' ' i i
—1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00
Bias

0.00 0.13
0.36

* Malberg et al., «A Comprehensive Evaluation of Cognitive Biases in LLMs», October 2024


https://arxiv.org/pdf/2410.15413

BbiBOObI

* LLM moryT Bectn ceba HecTaHAaPTHO, YTO CO34aeT PUCKU Ana busHeca
* Mogaenun noaBepKeHbl MaHUNYAALNAM — NOTEHUMANbHbIE PUCKKM Be30onacHOCTH

° HeKOTOpre daCneKTbl noBegeHna MOXKHO UCNOJIb30BaTb HA NPaKTUKe 414 yayydYlweHUnA peLUEHMVI

Cnacunb6o!

Makcum UBaHOB

Buue-npe3naeHT no Al @AI4BUS
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