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Bayesian-Agent
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4.1 BIRHEZ

e Full mode: registry M JF#4, 5% benchmark 7EZ% i L.
® Incremental mode: ZGiEE 4 agentrun, FiHid adapter 2 E USRI ESS, MIE plug-in repair,
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4.4 F 35 posterior-guided skill actions
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® SOP-Bench: Z K Tl SOP $hf7. ® GA: GenericAgent baseline.
* Lifelong AgentBench: WifPAE55 515 ® BA-Full: %% registry YEZ ko
5 ERFRO © BA-Inc: Wl GA Hils. HTiH
e RealFin-Bench: 4FlifERl. [&&Hi BeAT45 .
e S S HELR . o iAMLEL: frequentist controls

backend ladder. model scaling,

task accuracy. input/output/total tokens. £ Ji token fREHAESS %K o
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5.2 Bayesian vs. Frequentist: RealFin $=#|3E1&

Backend Model Method Accuracy Success Input  Output Total  Efficiency

GA flash ~ Bayesian 52.5% 21/40  290M 244k  3.15M 6.67
GA flash  Frequentist  52.5% 21/40  3.06M 244k  33IM 6.35
GA pro Bayesian 65.0% 26/40  338M 323k 3.70M 7.02
GA pro Frequentist ~ 57.5% 23/40  3.46M 309  3.77M 6.10

Native BA flash ~ Bayesian 70.0% 28/40 10.43M 463k  10.89M 2.57
Native BA  flash  Frequentist  37.5% 15/40  3.79M 236k  4.03M 3.72
Native BA  pro Bayesian 70.0% 28/40  933M  579%  9.9IM 2.83
Native BA  pro Frequentist ~ 45.0% 18/40  3.86M 299k  4.16M 4.32

52 ) H 18 3C Table 3: Bayesian vs. frequentist skill evolution on RealFin-Bench.
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1: Bayesian-vs.-frequentist RealFin control.

e Native backend FZEFEHIH i : flash 24 28/40 vs. 15/40, pro 24 28/40 vs. 18/40,

® Bayesian rows B 5, {HE % token AF B T AIBRIEAH . A& RSN
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5.4 RealFin case study: =JEREMBE

Native
flash
40 tasks

Native
pro
40 tasks

\

( Frequentist Bayesian
15/40 solved 28/40 solved
Empirical rate only; no prior Posterior belief keeps RealFin
smoothing. guardrails for cache reads, blank-

Early failures: blank OHLCY rows
5, missing output files x 6.

row filtering, file creation, and for-
mat checks.

A H,

L JEY
000080000000

[l’nquentist

18/40 solved

Cheaper run, but many failures
are missing-output, blank-field, or
| format non-answers.

-

Bayesian

28/40 solved

Higher token budget becomes com-
pleted artifacts on plex RealFin

.

Observation

+32.5 accuracy points.

13 Bayesian-only successes; ()
frequentist-only successes.

Ohbservation
+25.0 accuracy points.
11 Bayesian-only successes; 1

indicator tasks.

4

f ist-only success.

J

Figure 4: Task-level case study for the native RealFin Bayesian-vs.-frequentist comparison. The frequentist
controller is cheaper but often stops with missing output files or blank-field crashes. Bayesian-Agent spends more
inference budget while retaining posterior-weighted execution guardrails, yielding substantially higher completion
on these sparse, expensive tasks.
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5.5 IBiILIERA: BIRHAEREK S I8 XS
1. J5Ep skill cell. % w = (h,z). 4 0, Fom BRI :
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SRR IS T B — YO T MR 1 5K 0, ao+Bo+n

e & P R AR o
4. P58 B e B XU 43

p(q| D) =El(q — 0)* | D] = Var(6, | D) + (¢ — g5)*.

| tar | D) = plas | D) = (g — 4n)* > 0

o P b R XS AR T, Bayesian posterior mean /s 25 T &I R R S Ak 1T o
e 5256 |: RealFin case study X Pl $4E4k f B Faf) guardrails 555 & completion,
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5.6 4558 : DeepSeek L #) GA/ BA-Full / BA-Inc

Benchmark  Agent Model Accuracy Total Tokens Efficiency FHEAAY,

SOP GA flash 80% 1.39M 11.47 baseline

SOP BA-Full flash 95% 1.26M 15.13 +15 points

SOP BA-Inc  flash 95% 153k 19.63 repair-only
Lifelong GA flash 90% 690k 26.07 baseline
Lifelong BA-Full flash 85% 674k 25.23 online negative case
Lifelong BA-Inc  flash 100% 84k 23.85 fixes 2/2 failures
RealFin GA flash 45% 4.24M 4.24 baseline
RealFin BA-Full flash 52% 3.15M 6.67 +7 points
RealFin BA-Inc  flash 65% 2.02M 3.96 converts 8/22 failures
RealFin GA pro 60% 3.72M 6.46 baseline
RealFin BA-Full pro 65% 3.70M 7.02 +5 points
RealFin BA-Inc  pro 68% 1.72M 1.74 converts 3/16 failures

M8 Table 4 ffiHL DeepSeek 5 Bayesian-Agent #5417 .
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(a) Accuracy (b) Repair gain
100 -
. SOP flash @+15
80
Q
® . Life flash @+10
> 60+
o
=3
9 40 RealFin flash @+20
20 -
._-_-_-_-_l e *1
0 - T T T T
SoP SOP Life Life  Realfin RealFin 0 5 10 15 20

flash pro flash pro flash pro BA-Inc gain over GA (pp)

2: Visual analysis of Bayesian-Agent on DeepSeek backbones.

* BA-Inc EAEZMEE B PR TR accuracy
® BA-Full F1ff: Lifelong flash M 90% F&F] 85%, 13 BHTEZE b2 S2 M i L4 -5 4145 I
JF R o
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5.8 Backend ablation: & Z: harness FE&EIERL

Backend Model SOP-Bench Lifelong RealFin

Base  Full Inc Base  Full Inc Base Full Inc
BA native flash 95% 100% 100% 95% 100% 100% 62.5% 70%  72.5%
BA native pro 100% 100% 100% 100% 100% 100%  65% 70%  77.5%

MiniSWEAgent flash 100% 95% 100% 85%  95% 100%  60% 55% 70%
MiniSWEAgent pro 95% 100% 100% 90% 100% 100%  70% 70% 80%
Claude Code flash 90% 100% 100% 100% 100% 100% 77.5% 80% 87.5%
Claude Code pro 65%  95% 100% 100% 100% 100% 65% 67.5%  75%

4l 383 Table 5

HKUST(GZ) Bayesian vs. Frequentist for Skill Evolution 2026467 H3 H



5.9 Backend [&: Bayesian layer A]if#%, {E cost Tﬂ

I Baseline EEE BA-Full EEE BA-Inc

(a) sopP (b) Lifelong (c) RealFin

100 o

80 - g g

60 E E

40 4 B 4

Accuracy (%)

20 o b b

BA Mini Claude BA Mini Claude BA Mini Claude
native SWE Code native SWE Code native SWE Code

[&] 3: Backend ablation on deepseek-v4—-flash.

e RealFin _ BA-Inc )\ AT W baseline,
e Claude Code + flash 15 % f & RealFin: 87.5%, 1{H token f A5 & o
e MiniSWEAgent + pro ;5% 80%, J& 8 IfH] accuracy—cost tradeoff,
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5.10 Model scaling: #Z!3F58 X H £ contract i A4 H A

Model Provider Size Success Accuracy Input Output Total Efficiency No File/Invalid
gwen3.5-35b-a3b DashScope  35B/A3B 18/40 45.0%  6.95M 370k  7.32M 2.46 10/12
gwen3.5-122b-al@b DashScope 122B/A10B  3/40 7.5% 3.19M 144k 3.34M 0.90 37/0
deepseek-v4-flash DeepSeek 284B 22/40 55.0%  6.50M 453k  6.96M 3.16 9/9
deepseek-v4-pro DeepSeck 1.6T 28/40 70.0%  628M 459k  6.73M 4.16 7/5

: A3B/A10B A iiBARIRH ) active-parameter shorthand; No File= A4 gy 3044, Invalid= A g S044{H Rm 1t

verifier,

42 1l A 183 Table 6,

HKUST(GZ) Bayesian vs. Frequentist for Skill Evolution 2026467 H3 H




i JE
00000000000

5.11 Scaling B: R&E SAXREHHRAEK

(a) RealFin accuracy (b) Failure evidence shape
40 A 37 EE No output file
[Z1 Invalid details
3 30
S L
< 5
S
E © 20
=1 <
g &
10 o
0 -
Qwen Qwen DeepSeek DeepSeek Qwen Qwen DeepSeek DeepSeek
35B/A3B  122B/A10B Flash Pro 35B/A3B  122B/A10B Flash Pro

[#] 4: Model scaling on RealFin-Bench under MiniSWEAgent.

o T%4%: Qwen 35B-A3B — DeepSeek Flash — DeepSeek Pro, {HERHHR 45.0% —
55.0% — 70.0%.

e Qwen 122B-A10B [ 37/40 failures #[\4& no-file: iX ¥ {% adapter/file-output
contract 2RI, T ARAiHEFGE AL
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6.1 Skill evolution trace: =32t action BY{X R &1

Skill Evolution

SOP-Bench
sop_13

Lifelong
lifelong_@

RealFin
task_34

o

Before
posterior={0.783
failure: blank_output =3

Action: patch
= Re-read target CSVY row; verify
expected_output is non-empty.

After

success: backorder
posterior=(.792
patch remains active

missing_output x22

file and format patches are insuffi-

| clent

Before Action: compress After

posterior=0.864 Keep compact SQL constraints: use success: exact INSERT
rewrite=compress task. json columns; omit unpro- posterior=0.870

| one-SOL. suardrail | vided kevs. | skill stavs concise

Before Action: retire After

posterior=0.448 Failure evidence dominates; output- repair fails: missing_output
B=32

. posterior=(1.441

redesign signal strengthens

/

Figure 5: Representative skill-evolution traces. SOP-Bench shows a recurring failure mode becoming a concrete
patch, Lifelong AgentBench shows stable evidence leading to compact skill context, and RealFin-Bench shows a

negative case where repeated output-file failures strengthen a retire/redesign decision rather than being hidden.
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6.2 $RE LA ZE

before / after trace

ench Skill Text Evolution: task_16_pe_bol.

Before: skill_context_before.nd
Bayesian Failure-Mode Patches: realfin_benchmark
& failure_node=invalid_realfin_output_format observed=2
~ Match the prompt’s ouput format exactly: headers, comma-scparatcd
columns, code format, numeric precision, and sort order
— For stock-code outputs, suip cache prefixes like s2. and sh. unless the
(e nqums prcfixed codes.
ut fle and validate it against the task's automated format
Soaiay befos Ak
Benchmark SOP Guardrails: realfin_benchnark
& Read task_json and realfin_cache_manifest.json in the current
workspace before calculating.
© Use the local api_cache symlink for market data; do not call EsstMoney
historical endpoints such as pushZhis.eastnonsy . com.
& Creale exactly the requested output file in the workspace; do not wrap the
Bl content in Markdown.
© Map ChiNext code 384XXX (o baostock CSV
api_cache/baostock/daily_qfq_20230101 20260331/
2. 300KK. csv.
> When writing stock codes o output files, strip cache market prefixes unless
explicily requested: use 368531, not s2. 304551
baostock sache for indexes such as sh.008201 and

5 Use Tencent ETF cache files for ETF symbols such as 52158642 or
shsi 816,
& When a task asks for indicators of constrains, computs \Mm (et
OHLEV data and keep the output format aligned with the promg

5 Filter cached rows to valid trading rows with non-empty numeric OHLCY
felds; skip blank rows instead of crashing numeric conversion,

ger_reversal

Afier: skill_context_after.nd
Bayesian Failure-Mode Fatches: realfin_benchmark
® failure mode=invalid_realfin_output_format observed=2
— Match the prompe’s output format cxactly: headers, commarseparaicd
‘columns, code format, numeric precision, and sort oeder.
— Fur stock-code outputs, sirip cache prefixes like sz
task explicitly Tequests prefixed codes.
~rcad the output file and validate it against the task’s sutomated format
constraints before finishing.
® failure_mods=nissing_requested_output_file chserved=2
— Before finishing, list the task’s requested . txt outpat file and verify it
exists in the workspa
— If calculations find o qualifying symbols, still create the requested file
with the task-accepted empty-result wording or header.
Benchmark SOP n_benchmark
b Read task. json and realfin_cache_nanifest. json in the cumeat
workspace before calculating.
© Use the local api _cache symlink for market dats; do not call EastMoney
histarical endpoints sush. s push2nis. eastaaney. con.
5 Create exctly the requested output file in the workspace; do not wrap the
file content in Markdown.
» Map ChiNext code 398K to baostock CSV
soi_cacherbostock/daily.fa 2230101 20266331/
s2. 300RKX. <
e e TR T T
‘explicitly requested: use 389531, not 5230531,
& Use auniliary baostock cache for indexes such as sh. 49091 and
s2. 399006,
5 Use Tencent ETF cache files for ETF symbols such as 52159642 or
sns1iane.
& When a task asks for indicators or consirainis, compute them from cached
OHLCV data and keep the output format aligned with the prompt
c 1o valid wrading rows with non-cmpty numet
fields; skip blank rows instead of crashing numeric coversion,

Suardrails: realfi

oHLCV

Zl

[e]e] le]ele]e]le]

Figure 8: Before/after model-facing skill text for RealFin-Bench. The after-state adds a missing-output-file patch,
making file creation and empty-result handling explicit in addition to the existing output-format patch and data-cache
guardrails.
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6.3 T 4R} {% Bayesian-Agent 25 A

& PERBU I HIR

o B REHMIA. HERIETRHN o —MAES . WAWEBILN.

i o o IR BIIEAF RS o
* HHIIEAY 5L output contract. o IREEsRAETAR, D S ERE R
o RMAEASEI, Flantg. . o SRk AB T H. GEHE, Pk
THEM. 6%z, B ATIEEES -
® harness GEHZIX skill / SOP SLAAE Ry
T E
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6.4 Takeaways

1. BEERE “XA#T”, M2E evidence-bearing hypotheses
skills / SOPs R A S B H1 5650 B iERal . RIMBEA. A S B R SCIL R BT .
2. FHESILD AR agent P ETR

FERGBL. &5t R SCRMHI L . posterior belief LE#R IR GG VE R HF AL
RE SR RACRZS

3. Bayesian-Agent {B#; 8Ei#{L LT X harness optimization

patch. split. compress. retire NEAETCIRSIEAN, M4 posterior-guided.
evidence-calibrated. 7] B HELITTE .

HKUST(GZ) Bayesian vs. Frequentist for Skill Evolution 2026427 H3 H



Rl NF LR

0O0000e00

6.5 X Agent Skills REF 4B BT

FRIEE I EIE SR skill evolving 1|

o HFEmig K. ke W EE RAE: W LIR A Skill-Opt. SkillGrad X 25“)I %5
R, B skill / prompt / policy .
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