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e Motivation: Erroneous Memories Deteriorate MAD



Analysis on SC-CoT

._______________i_______________

Assume the probability that an agent can
generate the correct answer of the given
query q is p and Ng. answers are sampled,
then the probability that the final answer is

correctis bounded as

hard reasoning

Nge 1 1

P(Ncor > —) < exp _2Nsc(_ _p)2 3 P <z,
2 2 2

N, 1 1

P(Ncor > 250) > 1—exp (_2NSC(§ _p)Z) , P2 5

easy reasoning

H

Observation 1: SC-Col fails to achieve good ]

performance in all cases.

Observation 2: Increasing the sampling size
deteriorates the performance of SC-CoT, when

the reasoningis hard.




Multi-Agent Debate

Multi-Agent Debate
wrong

* Consider an MAD framework with N, agents
and 2 debate rounds.

* Assume the probability that an agent can
generate the correct answer in the zero-shot
way of the given query q is p.

 Assume the probability that an agent can infer
the correct answer based on a set of memories

with j correct memories is e~*Na=j)

Proposition 2.3 (MAD). Consider a 2-round MAD reasoning, where N, agents are involved in each
debate round. With Assumption 2.1, the probability that the final answer is correct is bounded by:

Na, & 1 o)), = vy 1
P(NG) > —5) s > wjexp (2Na (2 — e N“)) ) D D T R =
=0

j=i*+1

2 Na o 1 j—N, 2 i N, 1
P(Nc(or) > 7) > Z wj|1—exp —2N, (2 —ea(:"f a)) , 60‘(3* a) > 5

j=3"+1

b

where w; = (Jja) P (1 —p)Na=d, j* = |N, — %J For simplicity, the corresponding lower and

upper bounds of situations e*U—Ne) < % and e*U—Ne) > % are trivial bounds 0 and 1, respectively.

Observation 3: The reasoning capability of MAD is
“covered” by SC-Col.

Observation 4: Increasing the number of agents
does NOT help improve the performance of MAD,
when the reasoning is hard.




Unreliable Memories in MAD

'Gerry goes fo sleep at 11 pm each night. But he doesn't sleep very well, so he
awakens at a random time between 1:00 am and 3:59 am, with each minute
@ equally likely (including 1:00 and 3:59). He then reads the hour and minute shown
on his clock as a three digit number, so 2:56 am would be 256. What is the

probability that that number will be divisible by 72"
Debate Round 1

Agentl Agent 2
* Gerry can wake up anytime between 1:00 and 3:59 — 180
possible minutes.
* Each minute is written as a three-digit number (e.g., 1:00 —
100).
* Count how many of these are divisible by 7:

* 1:00-1:59 — 8 numbers,

A + Smallest is 105, largest is 357 —
* 3:00-3:59 — 9 numbers. ey s
total 37 valid times.

+ Total favorable = 26. ——
-Probability = 26/180 = 13/90. v * Probability = 37/180. x

* Gerry can wake up anytime from
1:00 to 3:59 — 180 possible minutes.

« Each time is written as a three-digit
number (HMM).

* Find numbers divisible by 7 between
100 and 359.

Debate Round 2

Agentl Agent 2
* Gerry can wake between 1:00-3:59
— 180 total minutes (180 possible

+ Each time is written as a three-digit number (100-359). :‘“&:ﬁ;?:;‘vi's?:; 3:3); in this range

* Numbers divisible by 7 in this range go from 105 to 357 — are from 105 to 357.

37 valid cases.
s * There are 37 such valid times.
Probability = 37/180. x . Prcbatiios = a1 a0 x

* Gerry can wake between 1:00 and 3:59 — 180 possible
minutes.

Agent 1 infers the answer in a more

careful way, while agent 2 makes a
mistake due to the rough reasoning

Empirical Observation: Unreliable memories
among agents may misguide agents towards
the wrong directions.
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* Multi-Agent Debate with Memory Masking (MAD-M?)



What if erroneous memories are removed...?

i Multi-Agent Debate Q
|
I -

T

Proposition 2.3 (MAD). Consider a 2-round MAD reasoning, where N, agents are involved in each
debate round. With Assumption 2.1, the probability that the final answer is correct is bounded by:

@ o N Zj* 1 ag-na) sza (i-Na) _ 1
2 a ) 1 ag-na. ) a(j—Na 1
P(Ng! > 7) < j_OwJ exp (—QNa (2 e ) ) + wj, e < 3

J=i"+1
N, 2

N, 1 i i 1

P(N2) > )z j;j*“wj (1 —exp (—21\1a (5 _ ol Na)) )) RIS AR o

where w; = (A;") (1 —p)Ne—d, j* = |N, — 1%] For simplicity, the corresponding lower and

upper bounds of situations e*U—Na) < % and e*(7—Na) > % are trivial bounds 0 and 1, respectively.

\_

1. The hard reasoningis turned into the easy
reasoning, with j — N,.
2. Inthis case, the probability will approach to 1.

~N

J

V

(

\_

Better In-context Information

~

J




Multi-Agent Debate with Memory Masking

She flips a fair coin five times to determine her next five stops. Each time she flips heads, she goes up one
floor. Each time she flips tails, she goes down one floor. What is the probability that each of her next five

. While staying in a 15-story hotel, Polya plays the following game. She enters an elevator on the é-th floor.
stops is on the 7-th floor or higher? Express your answer as a common fraction.

oo lmall @0
:}:* ;dve: SIOES - f16 f;* Eﬁsznh??"ol?yc'( o f %**}:a:‘)lrfng e fy th d
*Find 4 valid sequences out of 16. *Find the same 4 valid sequences out o *Find 6 valid sequences satisfy the condition . .
So probability = (%2) X (%)= /8. 16,50 probability = I/8. +So total = (%) x (6/16) = 3/16. Step 1: At the first debate round, given a query,
First Debate Round each agent generate its own answers;
Let me see... Answer |... Answer 2 . .
A mmitareers | Step 2: From the second debate round, each
- fspaltonsiioy i 100 ekl correct: Olay, alce Answer 3. agent evaluates the memories derived from the
to select Answer 3. Reference: Answer 3 Reference: Answer 3 .
e & ! oo last debate round, and masks those potential
Evaluation and Masking erroneo US memorles;
o0 ma)l @e
A2 € o . .
“The first flip must be H to move *The first flip must be H to move to -Begin with Polya moving to the 7th floor Step 3: Based on the retained memories, each

the 7th floor. after one H.

Ll o AL T L «Systematically lists sequences with 0, 1, age nt ge ne rate new answers tOwa rd S th e q ue ry.

ballot path analogy but notices or 2 tails across the next 4 moves.

pismateh; *Confirms exactly 6 valid sequences
*Falls back on explicit enumeration of y q

to the 7th floor.

*Then checks all possible four-flip
sequences to see which keep her
27.

«Explicitly enumerates them and T e remain valid.
finds 6 valid sequences out of 16. -Idelr:tifi:s aqain 6 valid sequences Computes probability = (%) x (6/16) =
+Probability = (%) x (6/16) = 3/16. 9 q 3116.

out of 16.
*Probability = (') x (6/16) = 3/16.

Reason with Masked Memories



Two Masking Strategies

Subjective Masking Objective Masking

* Allow LLM Agents to evaluate .

the memories with the flags of
“YES”, “NO”, and “NOT SURE”.

Q: Given the query, please
evaluate the answer.
Ans: YES

®
S

Preserve the memories with
low perplexity.

v
©
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v
N
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Empirical Results

Experimental Settings

* Models:
* General Model: Qwen2.5-7B
 Math Model: Qwen2.5-Math-7B, DeepSeek-Math-7B, QwQ-32B

* Benchmarks:
* Math: GSM8K, MATH, AIME 2024, AIME 2025
* Language Understanding: MMLU_Pro,

 Baselines: Col, SC-Col, (Naive) MAD



Empirical Results

Main Results

Table 1: Empirical results of accuracy (with standard deviation) and token consumption (7). We
evaluate four mainstream open-source LLMs on both mathematical reasoning and language under-
standing benchmarks. We highlight the best performance in bold, and the second-best performance

in underline. For fairness, all results are the average of five trials on different seeds (i.e., 41-45). Ob se rvati on 1 . MA D— M 2 cano utp e rfor M nNna |Ve M A D | N

Methods AIME24 AIME25S  MMLU_Pro MATH GSMSK almost all cases of models and datasets.
Acc. (%)t T.1 Acc. (%)t T.| Acc.(%)T T.l Acc. (%)1 T.l Acc.(%)T T.1

Qwen2.5-7B-Instruct

CoT 33 x007 33 x0.08 360463 x0.08 492438 x0.07 64.8+54 x0.09
CoT-SC 100 X043 100 x045 392440 x0.51 SEOLLO X043, 8363005 o
MAD 1.-“’;%...........11......99 430822, X';QQ'EQ@#&....aQO..91a§:b24..>sl-99.

x1.1 33 x121 43.6423 x1.17056.842.1 x1.20 89.0+4.0 x1.25
x0.68 6.7 x0.65 42.4+53 x0.69054242.6 x0.67 89.0£2.0 x0.72

MAD-M?(S)
MAD-M?(0)

6.7

Observation 2: MAD with powerful LLM agents tends

Qwen2.5-Math-7B-Instruct

CoT 133 x008 100 x008 39.6409 x0.08 778452 x0.08 952+1.6 x0.08 to achieve better performa Nnce in reasoning tasks.
CoT-8C 233 x0.53 10.0 x0.48 41.4+5.1 XO.47.8M¢A&&Q.44—%%]JJM5—
MAD x1.00 67  x100 342429 x1005712+33 x1.00 952138 ><100

6.7
MAD-M?(S) = 67 X137 TN T XIST '336£22"'f56|'/w}'3'5""4 RAFESR ISl r Y
MAD-M*(0) =133  x0.67 133  x062 37.042.9 x0.62780.243.8 x0.62 954%1.7 x().60_.

DeepSeek-Math-7B-Instruct
CoT 0.0 x0.07 0.0 x0.09 27.8+79 x0.17 342445 x0.08 79.0£3.8 x0.09

CoT-5C 33 x0.44 0.0 x0.46 32.2+4.3 x0.99 44.4+3.9 x0.47 88.8+2.6 x0.52 \
MAD ) x1, x1. 12454 x1. 64+2.6 x1. 12427 x1. H .

MADMI®) 1100 X132 00" L% 05E 5" K1os IOLod KISt S0BLAT X130 Observation 3: Generally, powerful LLM agents prefer
MAD-M2(0) : 0.0  x067 00 xo.ZQﬁs;:A x0.75 39.843.6 x0.68 82.2:+4.4 x0.71 the objective masking strategy while relatively weak

CoT 80.0 x013 567 x0.14 752449 x0.11 80.8+16 x0.10 97.4+2.3 x0.08 LLM agents prefer the Subjective ma Sking strategy.

CoT-SC 80.0 x0.85 80.0 x085 764168 x0.63 816409 x0.61 97.4=23 x0.44

MAD 767  x100 733  x1.00 754442 x1.00 792428 x1.00 97.2+2.3 x1.00

MAD-M*(S) 76.7 %128 733 %125 75.846.3 x1.22 79.6+2.3 x1.27 97.8+1.9 x1.32
MAD-M?(0) 80.0 x0.67 767 x090 752459 x0.69 75.0+3.9 x0.67 96.6+1.8 x0.56




Empirical Results

Erroneous Memory Detection
* Strict Rule: All erroneous are identified.
* Loose Rule: The correct memory takes a dominant place.

100 100 100
[80 = [80 EHTOA 6.8 3.3 6.7 [80 EHH 11.6 13.3 10.0
-60 -60 -
[ 40 1
20 o
0

-60
§—71.6 /#5:3416.8 13.3 13.3 Z.71.6 71.8 FLEIRERINER
IO

5—71.4 NN 6.6 6.7 0.0 90.2 L1-n:-%15.4 13.3 0.0

X3 12.6 6.7 6.7

S gpth PR IR PR ot Qe T
(@) Qwen2.5-7B (S) (b) Qwen2.5-7B (L) (¢) Qwen2.5-Math-7B (S) (d) Qwen2.5-Math-7B (L)

Observation 1: MAD-M? achieves better performance in erroneous memory identification on
simple reasoning tasks (e.g., GSM8K & MATH) than on hard reasoning tasks (AIME).
Observation 2: The subjective masking strategy helps ensure that correct memories take a
dominant place (i.e., loose rule) in the memory set. )

~




Empirical Results

Scaling Analysis of Agent Size

94.5 | 61.077 a4 8"7 T 11 199 A A ] 133 T —R]
> > > 2l >
8930 gso4 Tas1l Z166] Z100 /
3015 z°77 3434 i 3133je 5 67
z 90.0 < ::g.w (s) z 56.1 E 42.71 < :::.m’ 1) é 10.04 E 33 Z :::-M"ls)
: - MAD-M’ (0) 54.4 ~- MAD-M? (0} 6.7 0.0 = MAD-M’ (0)
3456 7 8 910 345678 910 3456 78 910 3456 78910 3456 78 910
Num of Agents Num of Agents Num of Agents Num of Agents Num of Agents
(a) GSM8K (b) MATH (¢) MMLU_Pro (d) AIME24 (e) AIME25

Figure 4: Effect of scaling the number of agents in the case of Qwen2.5-7B-Instruct. The number
of agents is increased from 3 to 10. According to the figures, both frameworks benefit from the
increase of the number of agents and MAD-M?(S) tends to achieve better performance in most cases.

— s 43.0 — . — - 3.34 3.3]
87.5: 34,61
2 . pacs > I g2.5 &2.5
% 85.81 H §3361 © ©
jd “ = |
g 840 -8~ MAD g w7 - ;} 3 32.5 -8~ MAD <3 § e g e =@- MaD
E 82.24 MAD-M’ (5) : 36.5 MAD-M? (S E 31.5 MAD-M? (S) <08 g 0.81 MAD-M” (S)
- MAD-M’ (0) 34.4 - MAD-M (0) - - MAD-M (0) 0.0! 0.01 -~ Map-M? (0)
80.5 . . """ "u .01 0
345678910 3456 78 910 345678 910 345678910 345678910
Num of Agents Num of Agents Num of Agents Num of Agents Num of Agents
(a) GSM8K (b) MATH (c) MMLU_Pro (d) AIME24 (e) AIME25

Figure 5: Effect of scaling the number of agents in the case of DeepSeek-Math-7B-Instruct. The
number of agents is increased from 3 to 10. According to the figures, both frameworks act differently
when the number of agents increases and MAD-M?(Q) achieves better performance in most cases.

K Observation 1: All MAD frameworks \
generally benefit from the increasing of the
number of agents.

* Observation 2: MAD with weak LLM agents
benefits more from the subjective masking
strategies, while MAD with powerful LLM
agents benefits more from the objective

\ masking strategy. /




Empirical Results

Scaling Analysis of Debate Round

93.81 ——— 57.0 — 49.9 = 132 —————— |
3925/—“ 2 ! gas1 2116 3 84
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Num of Rounds Num of Rounds Num of Rounds Num of Rounds Num of Rounds
(a) GSMSK (b) MATH (¢) MMLU_Pro (d) AIME24 (e) AIME25

Figure 6: Effect of scaling the number of debate rounds in the case of Qwen2.5-7B-Instruct. The
number of debate rounds increases from 2 to 10. According to the figures, both frameworks basically
benefit from the increase in debate rounds. In most cases, MAD-M?(S) outperforms MAD-M?(O).

83.01 406 |
2 a31,1
82.0{ 8392 | B29.9; ;
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Figure 7: Effect of scaling the number of debate rounds w.r.t. DeepSeek-Math-7B-Instruct.

The number of debate rounds increases from 2 to 10. According to the figures, the performance of
different cases varies. In most cases, MAD-M?(O) achieves better performance than MAD-M?(S).

K Observation 1: Increasing the number of\
debate rounds does not consistently
improve the performance MAD frameworks.

* Observation 2: MAD with weak LLM agents
benefits more from the subjective masking
strategies, while MAD with powerful LLM
agents benefits more from the objective

\ masking strategy. /




Empirical Results

Comparison between MAD-M? and Sparse MAD

‘O_O' (laal) 0 0 Table 3: Comparison between MAD-M>2and Sparse MAD. Average accuracy with standard devia-
~ tion is reported. We compare MAD-M?(S), MAD-M?(0), and Sparse MAD on Qwen2.5-7B-Instruct
and Qwen2.5-Math-7B-Instruct with both mathematical reasoning and language understanding

benchmarks. For fairness, all results are the average of five trials on different seeds (i.e., 41-45).

Method AIME24 AIME25 MMLU_Pro MATH GSMBK

OO  (aall Y0

Qwen2.5-7B-Instruct

- . | MAD- -M2(S) 16.7 13 3 44.6+5.7 60.8+1.9 93.6+1. -

LYAD: M( 9 20.0 422442 58.8456 _ 92.8+1.3)

MAD-M?2 parseM‘A "'BT"'%T"'TPZBT"WET"MEE

QwenZ2.5-Math-7B-Instruct

OO OO IMAD-M”(S) 167 133 66.2+4.6 628543 964-18

w w MéDM2(T)) o133 167 674470 _ 638430 958427,

g by iy 1% DT — = WADT TR

OO OO

i I i I Observation: The dynamic MAD-M2 achieves better
\.o O O OD/ reasoning performance than the static Sparse MAD

— Sparse MAD
v W
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Summary

UEmpirically, we find that there exist erroneous memories in the typical multi-agent debate,
and the erroneous memories will misguide other agents towards the wrong directions.

UTheoretically, we demonstrate that MAD is vulnerable to erroneous memories and removing
the erroneous memories facilitates better reasoning performance.

Technically, we propose a simple yet effective framework, MAD-M?2 to mask the potential
erroneous memories in MAD.

U Empirically, extensive experiments and analyses indicate the efficacy of our proposed MAD-
M2 framework.

Thank You!
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