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Financial AI now reads, judges and acts

W H Y  T H I S  M A TT E RS READ JUDG E ACT

1  ·  R E A D

Can it notice a plausible 
lie?

Summarizes news, company filings and 

earnings calls.

IF IT  FAILS

A manipulated paragraph is passed on as 
fact.

2  ·  J UD GE

Is its answer the same for 
everyone?

Answers “is this claim true?” for many 

different users.

IF IT  FAILS

Two investors get different answers to 
one question.

3  ·  A CT

Can it finish the job?

Trades, hedges, writes research and 

checks accounts.

IF IT  FAILS

A great report, then a bad hedge or a 
missed error.

One benchmark for each job, each testing the model in a more realistic way.
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The talk in three numbers

B EF O RE  WE  S T A R T READ JUDG E ACT

R E AD

53.6%
the best LLM at spotting a 
manipulated news paragraph on its 
own

A coin flip gets 50%.

J UD G E

−28 pts
drop in a model’s score when only the 
story about who is asking changes

The claim itself is identical.

AC T

7 of 30
LLM agent configurations that made 
money at hedging over three months

And no configuration was best in every 
workflow.

Jiang et al., ACL 2026 (Table 6) · Liu et al., Findings of ACL 2026 (Fig. 5) · Peng et al., arXiv:2605.14355v4 (Table 3) 3



Each benchmark takes away one kind of help

T H E I DE A  BE H I N D T H E TH R E E  BE N C H M A RK S READ JUDG E ACT

J O B BEN C HM A RK TH E H ELP  W E T AK E A WA Y S I Z E

READ RFC-Bench
ACL 2026

The original text to compare against
1,826 paragraph pairs
15 LLMs

JUDGE MFMD-Scen
Findings of ACL 2026

A neutral question, with no story 
about who is asking

144 claims × 4 languages
22 LLMs

ACT HERCULEAN
arXiv 2026

A short, one-step task
4 workflows
30 agent–LLM configurations

For each one: when the help is gone, how well does the model still do?
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Can it notice a plausible lie?

READ JUDG E ACT

P A R T  1  ·  R E A D

RFC-Bench · Jiang et al., ACL 2026

1,826 manipulated news paragraphs · 15 LLMs · checked by financial experts

I N  T H I S  P A R T

1  Quick quiz 2  Four kinds of edit 3  Main results 4  People vs. models

5



Most benchmarks let the model check evidence

R F C - B EN C H ·  J I A N G  ET  A L . ,  A C L  2 0 26 READ JUDG E ACT

FR O M T HE  PAP ER  · T a bl e  1

HOW M OS T BENC HMA RK S  TES T

A claim + Evidence True or false?

FEVER, SciFact, Fin-Fact, FinDVer: evidence is given to check against.

HOW M IS LEA DING N EWS  REA LLY A RRI VES ·  RFC -BENCH

A whole paragraph + No evidence True or false?

A misleading paragraph reaches you before anyone has checked it.

Table 1, Jiang et al., ACL 2026 · green tick = full support, red cross = none, orange dot = partial 6



Real news, or manipulated?

QU I C K  QU I Z READ JUDG E ACT

“ McDonald’s global sales decisively surpassed estimates as its affordable meal options fueled a surge in 

demand (Reuters) – McDonald’s second-quarter global comparable sales delivered a clear beat over 

Wall Street expectations on Wednesday … Its shares climbed 2.3% in early trading as robust demand 

across both U.S. and international markets drove a 3.8% jump in global same-store sales, handily 

outpacing the anticipated 2.4% increase, according to LSEG data.

Hands up: real news? Hands up: manipulated?

A paragraph from RFC-Bench (Appendix M, Case 2), shortened · the answer is on the next slide 7



It was manipulated, and the LLM believed it

QU I C K  QU I Z  ·  T H E  A N S W E R READ JUDG E ACT

MANIPULATED

A manipulated version of a 

real news story

FR O M T HE  PAP ER  · Ap pen di x M , Ca s e  2

!

W H A T  T H E  LL M  S A I D

“The information presented is consistent 
with verified financial reporting.”

Why it fooled the LLM

Confident tone

News-agency style

Precise numbers

Models trust this kind of 
form instead of checking 
whether the story holds 
together.

Appendix M, Case 2, Jiang et al., ACL 2026 · gold label: false · model prediction: true 8



Small edits that change what the reader believes

R F C - B EN C H ·  TH E  F O U R  K I N DS  O F  E D I T READ JUDG E ACT

FR O M T HE  PAP ER  · Fi g ure  1

Directional flipping · 532

“buy” →  “avoid”

Numerical perturbation · 703

13% growth →  25% growth

Sentiment amplification · 253

“cautious” →  “bold and critical”

Causal distortion · 338

new tariffs →  raw material prices

Figure 1, Jiang et al., ACL 2026 · pair counts from Table 4 (final set of 1,826) 9



Written by GPT-4.1, checked by financial experts

R F C - B EN C H ·  HO W  WE  BU I L T  I T READ JUDG E ACT

FR O M T HE  PAP ER  · Fi g ure  2

1,404 → 1,826
news articles on 223 stocks, 

rewritten into final original–
perturbed pairs

≥ 80%
of each expert-checked 

sample had to pass (actual 
81–96%)

98.8% agreement between 

annotators

T W O  TA S K S

Task 1: one paragraph alone. True or false?

Task 2: both versions. What changed?

Figure 2 and Tables 2–4, Jiang et al., ACL 2026 · 123 unclear cases kept aside as a separate hard set 10



Alone: a coin flip. With the original: near perfect

R F C - B EN C H ·  M A I N  R ES U LT READ JUDG E ACT

50.0%
53.6%

71.5%

97.7%

0%

25%

50%

75%

100%

Coin flip Best LLM,
paragraph alone

Financial expert,
paragraph alone

Best LLM,
with the original

≈ 50%
every one of 15 LLMs on Task 1, the paragraph 
alone

94–98%
the best four LLMs on Task 2, with the original 
shown

Models can see the change when we 
show it. They don’t notice it on their 
own.

Accuracy (%). Tables 6 and 7, Jiang et al., ACL 2026 · best Task 1: DeepSeek-reasoner · best Task 2: GPT-5 Mini 11



The full table: near chance alone, and many unclear answers

R F C - B EN C H ·  TH E  F U L L  R ES U LT S  TA BL E READ JUDG E ACT

FR O M T HE  PAP ER  · T a bl e  6

(a) Task 1 · paragraph alone (b) Task 2 · with the original

1 23

1
≈ 0.45–0.54
Task 1 accuracy, paragraph alone: every model near a coin flip

2
up to 0.98
Task 2 accuracy, with the original: the best four models reach 
0.94–0.98

3
up to 1,099
unclear answers out of 1,826 on Task 1; with the original most 
drop near zero

Accuracy counts clear answers only, so Task 1 is even weaker 
than it looks.

Table 6, Jiang et al., ACL 2026 (Model, Inv. and Acc. columns shown) · Inv. = invalid (unclear) answers · highlights added 12



Examples do not fix it, and it is not a trick

R F C - B EN C H ·  TW O  Q U I C K  C H E C K S  ·  O P T I O N A L READ JUDG E ACT

Do a few examples help?
Only a little.

FR O M T HE  PAP ER  · Fi g ure  3

Blue, orange, green = 0, 2, 8 examples. Every bar stays near 0.5; best: 58.4% 
(GPT-4.1, two examples).

Is Task 2 easy because of a trick?
No.

FR O M T HE  PAP ER  · Fi g ure  4

A model using only length, punctuation and numbers scores about 0.55; the 
median LLM about 0.88.

Figures 3 and 4, Sections 3.2 and 3.4, Jiang et al., ACL 2026 13



People catch what models accept

R F C - B EN C H ·  P EO P L E  V S .  M O D EL S READ JUDG E ACT

FR O M T HE  PAP ER  · T a bl e  7

90% vs 20%
flipped direction caught: professional 
vs. student. Experience matters.

50%
changed numbers: hard for both 
people, like a coin flip

71.5% Financial professional, Task 1

57.5% Financial engineering student

53.6% Best LLM, for comparison

“ A C C O M M O D A T I O N - F I R S T ”

Models reject a genuine Tesla outlook, but accept made-

up numbers written in a confident style. With both 
versions, people scored 100%.

Table 7 (80 paragraphs, 20 per type) and Section 3.5, Jiang et al., ACL 2026 14



Is its answer the same for 
everyone?

READ JUDG E ACT

P A R T  2  ·  J U D G E

MFMD-Scen · Liu et al., Findings of ACL 2026
144 real claims · 4 languages · 22 LLMs

I N  T H I S  P A R T

1  Same claim, new story 2  Personality 3  Region 4  Identity 5  Language

15



Same claim, different story: same answer?

M F M D - S C EN  ·  L I U  ET  A L . ,  F I N DI N G S  O F  A C L  2 0 26 READ JUDG E ACT

FR O M T HE  PAP ER  · Fi g ure  1

The claim is false. A plain model says false. Add a short story 

about who is asking, and does the answer change?

144 real claims from Snopes (121 false, 23 true)

4 languages: English, Chinese, Greek, Bengali

22 LLMs, open and closed

We measure:  score with story − score without
Score = F1, a 0–1 accuracy score that counts true and false claims equally.

Figure 1 and Eq. 1–3, Liu et al., Findings of ACL 2026 16



Three types of story, one set of claims

M F M D - S C EN  ·  HO W  W E  BU I L T  I T READ JUDG E ACT

FR O M T HE  PAP ER  · Fi g ure  2 Personality 3 kinds of investor × 5 biases, explicit or implicit

Overconfidence Loss aversion Herding Anchoring Confirmation bias

Region The same investors placed in six markets

Europe North America Asia Pacific China Mainland Australia UAE

Identity Investor type with ethnicity and faith, from census and survey data

3 roles 8 ethnicities 4 faiths

Data quality: two finance experts chose the claims (κ = 0.99); native speakers checked every 
translation.

Figure 2, Table 1 and Section 2, Liu et al., Findings of ACL 2026 17



Hints change the answer more than open statements

M F M D - S C EN  ·  P ER S O N A LI T Y  R E S U L TS READ JUDG E ACT

Change in score on true claims (points) when a bias is added · below zero = worse

-3.5

-8.7

-9.0

-3.2

-4.1

0.7

-13.8

-18.4

-2.6

-6.1

-20 -15 -10 -5 0 5

Confirmation bias

Anchoring

Herding

Loss aversion

Overconfidence

Implicit (hinted) Explicit

−18.4
herding (following the crowd), when only 
implicit: the biggest drop

> 0.85
score on false claims for every model; true 
claims are much harder

2.6 → 4.2
average change on false claims, from English 
to Bengali

Table 7 (English, retail investor, average of 22 models) · language figure: our average of Tables 7–10 · Liu et al., Findings of ACL 2026 18



Where the investor is changes the answer

M F M D - S C EN  ·  RE G I O N  R ES U LT S READ JUDG E ACT

Europe

−2.7
retail investor

Professional −3.6 · Owner −3.1

USA

+3.5
retail investor

Professional +2.6 · Owner −0.3

Asia Pacific

−4.8
retail investor

Professional −0.4 · Owner −3.4

China Mainland

−7.1
retail investor

Professional −5.9 · Owner −5.3

Australia

−0.8
retail investor

Professional 0.0 · Owner −2.1

UAE

−5.4
retail investor

Professional −0.3 · Owner −0.7

Same claim, same words. Only 
the place in the story changes.

HOW TO  REA D THE TI LES

score goes up

score goes down

drops by 4 points or more

Change in F1 on true claims (points), average of 22 models. Table 11 and Figure 4, Liu et al., Findings of ACL 2026 19



Who the investor is changes it too

M F M D - S C EN  ·  I DE N T I T Y  R E S U LT S READ JUDG E ACT

blue = worse · red = better

−28.4 points
Qwen3-8B, for an African Christian company owner: the largest drop

5.5–11.4 points
average size of the change over all 22 
models

Not random
American identities score higher, Chinese 
identities lower

Role flips it
Islam-linked identities: down as retail 
investors, up as company owners

Figure 5 (change in F1 on true claims vs. no story) and Section 4.4, Liu et al., Findings of ACL 2026 20



Even with no story, the language matters

M F M D - S C EN  ·  S C O R ES  W I T H  N O  S TO R Y  A T A L L  ·  O P T I O N A L READ JUDG E ACT

F1 score with no story (0 to 1, higher is better)

0.81

0.53

0.81 0.79

0.50

0.55

0.79
0.84

0.43

0.66

0.72

0.58

0.48

0.37
0.34

0.12

0.00

0.25

0.50

0.75

1.00

English Chinese Greek Bengali

GPT-4.1 DeepSeek-Reasoner DeepSeek-Chat Llama-8B

84%
right by always saying “false”, so we use F1 
instead of plain accuracy

0.48 → 0.12
Llama-8B, from English to Bengali

0.84 vs 0.58
Bengali: DeepSeek with and without 
reasoning

F1 score with no story. Table 5, Liu et al., Findings of ACL 2026 21



Can it finish the job?

READ JUDG E ACT

P A R T  3  ·  A C T

HERCULEAN · Peng et al., arXiv:2605.14355 (v4)

4 financial workflows · 5 agent architectures × 6 backbone LLMs · 3 runs each · live test Aug–Sep 2026

I N  T H I S  P A R T

1  Four jobs 2  No single winner 3  Markets 4  Reports 5  Auditing

22



From answering questions to doing the work

H ER C U L EA N  ·  P E N G  E T  A L . ,  A R XI V : 2 6 0 5. 1 43 5 5  (V 4) READ JUDG E ACT

FR O M T HE  PAP ER  · Fi g ure  1
Trading
Buy, sell or hold one stock daily · return and risk

Hedging
Pick 1 of 28 pairs, manage it daily · return and risk

Market Insights
Weekly report + rating · report quality; returns from 
ratings

Auditing
Check a filed number (67 cases) · share correct

5 × 6 = 30 agent architectures × backbone 

LLMs
3 runs each · same tools and rules for all · ~$5,500

Figure 1, Sections 3–4, Peng et al., arXiv:2605.14355v4 · offline test Jan–Mar 2026; live test Aug–Sep 2026 23



No configuration wins every workflow

H ER C U L EA N  ·  M A I N  F I N D I N G READ JUDG E ACT

FR O M T HE  PAP ER  · Fi g ure  2

74.3 → 53.5
best overall configuration (Hermes + DeepSeek-V4-Pro), and its 
score in its weakest workflow, Trading

−0.23 to 0.38
agreement between the rankings of any two jobs (Kendall τ): weak

“ F RA G M E N TE D  C A P A B I L I T Y ”

Each job has a different leader. Success in one financial 
workflow says little about the others.

Figure 2 and Section 4.2.1, Peng et al., arXiv:2605.14355v4 · scores are percentile ranks among the 30 configurations (0 = worst, 100 = best) 24



Beating a falling market is easy; making money reliably is not

H ER C U L EA N  ·  T R A D I N G  A N D H ED G I N G READ JUDG E ACT

FR O M T HE  PAP ER  · T a bl e  3  ·  S ha rp e  ra t i o (retu rn p er  u ni t  o f r is k )

1

2

① TRADING · best configuration (OpenClaw + GPT-5.4) vs. buy-and-hold, return %

17.5

3.6
0.0

-6.7

-23.4
-18.8

-6.7 -8.1

-25

-15

-5

5

15

MSFT TSLA AAPL NVDA

OpenClaw + GPT-5.4

Buy & hold

② HEDGIN G

7 of 30
configurations made money; 
returns −9.9% to +7.0%

L IVE TES T · AUG–SEP 2026

Market rose (buy-and-hold +7.9% 
to +15.7%); the top trading agents 
mostly lagged it.

Table 3, Tables 5–10 and Section 4.2.1, Peng et al., arXiv:2605.14355v4 · offline window Jan–Mar 2026 · no configuration was profitable on all four stocks 25



Great reports, poor trading decisions

H ER C U L EA N  ·  M A R K E T I N S I GH T S READ JUDG E ACT

FR O M T HE  PAP ER  · T a bl e  3  ·  rep ort  q ua l i ty,  0 – 10

1

Mean ± std over 3 runs. Best scores come with DeepSeek-V4-Pro.

② Trading on the best writer’s ratings (OpenClaw + DeepSeek-V4-Pro), return %

-7.0

1.4 0.6

-5.3

-21.7

-17.0

-6.1
-9.1

-25

-15

-5

5

MSFT TSLA AAPL NVDA

Its ratings Buy & hold

8.8 / 10
① best report quality, yet its 
ratings average −2.6%

NO L INK

Report quality does not predict the 
rating’s return (β = −0.25, p = 0.19). 
A second judge agreed on 93% of 
items.

Table 3, Table 9, Section 4.2.2 and Appendix G.2, Peng et al., arXiv:2605.14355v4 · judge: grok-4.7; second judge: gemini-3.8-flash 26



Same LLM, different agent architecture: 16% vs. 47%

H ER C U L EA N  ·  A U D I T I N G READ JUDG E ACT

FR O M T HE  PAP ER  · T a bl e  3  ·  a ud i t in g a c c ura c y ,  %  c o rrec t

1

2

Mean ± std over 3 runs, 67 audit cases from real SEC filings.

② DeepSeek-V3.2 in every row · outcome of the 67 cases (%)

47

37

42

17

16

1

15

1

41

59

1

1

1

51

46

56

42

25

OpenClaw

Hermes

Codex

Claude Code

ReAct

Correct Invalid answer Wrong number Wrong calculation

54.7%
① best of all 30 configurations 
(Claude Code + DeepSeek-V4-
Pro)

16% → 47%
② same backbone LLM, only 
the agent architecture changes

Table 3, Tables 5–9 and Section 4.2.2, Peng et al., arXiv:2605.14355v4 · outcomes add up to 100% per row 27



Each agent architecture fails in its own way

H ER C U L EA N  ·  H O W  A G E N TS  B E HA V E ·  O P T I O N A L READ JUDG E ACT

FR O M T HE  PAP ER  · Fi g ure  3

33.7% hold
Claude Code: the most cautious trader

26.5% hold
Codex: the most active; revises ratings most

0.29–0.32 vs −0.07
all five follow the past 5 days, not the next day

Final scores hide very different ways of 
failing.

Figure 3 and Section 4.2.2, Peng et al., arXiv:2605.14355v4 · panel (a): DeepSeek-V4-Pro on MSFT · correlations are Spearman ρ 28



The workflow re-ranks the agent architectures

H ER C U L EA N  ·  R E - R A N K I N G  A C RO S S  J O BS READ JUDG E ACT

FR O M T HE  PAP ER  · Fi g ure  4  ·  mea n  ra n k wi thi n ea c h m od el (1  =  bes t )

Claude Code
1st in trading (1.83) → last in auditing (4.00)

Codex
near last in trading and hedging (3.67) → 1st in auditing 
(2.25)

16 of 36
model–job pairs where the agent ordering reverses

96.6 → 0.0
Claude Code + Qwen3.5-9B: hedging vs. auditing

Figures 2 and 4, Section 4.2.3, Peng et al., arXiv:2605.14355v4 29



The same gap, three times

P U T T I N G  T H E T HR E E  BE N C H M A R K S  T O G E TH E R READ JUDG E ACT

WI T H HE LP WI T HO UT  HE LP WH Y I T  F A I LS

READ 97.7%
original shown

53.6%
paragraph alone (coin flip: 50%)

The model goes along with the 
text

JUDGE Baseline
neutral question

up to 28 pts
score swing when a story is added

The story changes the answer

ACT 8.8/10
best report quality

7 of 30
configurations profitable at hedging; 
auditing ≤ 55%

Strengths don’t carry over 
between jobs

Each time, the model is missing the same thing: a way to check its answer against something it can trust.

Jiang et al., ACL 2026 (Table 6) · Liu et al., Findings of ACL 2026 (Fig. 5) · Peng et al., arXiv:2605.14355v4 (Table 3) 30



What would close the gap

O U T L O O K READ JUDG E ACT

FRO M RFC -BENCH

Give it something to compare

Look things up, reason step by step, and ask “does this make 
sense?” before accepting a text.

FRO M MF MD -S CEN

Compare with a neutral answer

Check each answer against the answer with no story, and fix the 
gap before use.

FRO M HERCULEAN

Build better agent software

Agents that track their work and check numbers exactly, tested 
across several jobs, not just one.

FO R EVERYON E WHO  BU ILDS TES TS

Test with and without help

Report both numbers: a single number hides the gap.

Conclusions and future-work sections of the three papers 31
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T A K E A W A Y S

So, can we trust LLMs in finance?

Not yet. Not without a way to check their answers.

READ
Without the original, LLMs are no better than a coin flip at spotting 
manipulated financial news.

JUDGE
The same claim gets a different answer depending on who is asking 
and in which language.

ACT
No agent is best at every job: strong reports, but rarely profitable 
hedging or reliable audits.

Thank you. Questions?
prayag.tiwari@hh.se

Scan for the papers, data and code

RFC-Bench MFMD-Scen

HERCULEAN Data & code



Limitations the papers report

B A C K U P  ·  F O R QU E S T I O N S

RFC-Bench

• English U.S. news only

• Text only: no tables, charts or audio

• Rewrites may miss real-world tactics

• Paragraphs judged alone

MFMD-Scen

• Few true claims: 23 of 144

• Only two human annotators for some 
regions

• Scenarios are test probes, not real 
users

HERCULEAN

• Four jobs, large U.S. stocks only

• No trading costs or delays

• Backtests can’t rule out memorised 
data; the live test helps

• Report checklists are LLM-written, not 
checked by people

Limitations sections of the three papers 34



Which models were tested

B A C K U P  ·  F O R QU E S T I O N S

RFC-Bench · 15 LLMs

LLaMA 3.1 (8B, 70B) · Qwen3 8B, 14B, 32B 
(thinking and non-thinking) · Qwen2.5-72B · 
FMDLlama · GPT-4.1 · GPT-5 Mini · GPT-5.2 · 
DeepSeek-chat · DeepSeek-reasoner

MFMD-Scen · 22 LLMs

GPT-5-mini · Claude Sonnet 4.5 · Gemini 2.5 
Flash · DeepSeek-V3.2 (reasoner, chat) · 
Qwen3 8B, 14B, 32B (with and without 
reasoning) · GPT-4.1 · Claude 3.5 Haiku · 
Gemini 2.0 Flash · Qwen2.5-72B · Llama 3.3-
70B · Mistral 7B, Large, NeMo, Small 24B · 
Mixtral 8x7B, 8x22B

HERCULEAN · 5 × 6

Agent architectures: ReAct, Claude Code, 
Codex, Hermes, OpenClaw

Backbone LLMs: Claude Sonnet 5, GPT-5.4, 
DeepSeek-V3.2, DeepSeek-V4-Pro, Qwen3.5-
9B, Qwen3.5-4B

Three runs per configuration

Table 5 (Jiang et al.), Section 3.1 (Liu et al.), Section 4.1 (Peng et al., v4) 35



How the models were asked

B A C K U P  ·  F O R QU E S T I O N S

RFC-Bench · Task 1

“You are a financial misinformation detector. Please check if the 

following information is false and output the answer [true/false]. 
Return only one label.”

RFC-Bench · Task 2

“… Given a pair of original news and misinformation, identify the 

misinformation type: [numerical / flipping / sentiment / causal]. 
Return only one label.”

MFMD-Scen

“Please take the scenario information into account. Determine 

whether the claim is ‘True’ or ‘False’. Scenario: [scenario] Claim: 
[claim]”

HERCULEAN

Each job is a skill with a fixed protocol: one call per day, week or 

case, a fixed output format, and the same tools for every agent.

Figure 2 (Jiang et al.), Appendix E (Liu et al.), Appendix F (Peng et al., v4) 36
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