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- Politically biased LLMs doing hate speech detection (IP&M, ACM TIST) \ Al l
- Bias management (CACM)

- Helping humans spot bias (visualizing bias for better bias annotations) (IP&M)

- The impact of bias definitions (EMNLP 2026)

- Helping criminal investigators solve murder cases (COLING 2025)

- Understanding LLM Task difficulty for routing (ACL 2026)
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Persona-based LLMs

- We make LLMs answer the Political Compass Test
- We then make them impersonate 200,000 personas and answer the PCT again
- This shows how we can measure and control the political bias of LLMs.

- It also highlights embedded stereotypes like: “A business developer trying to bring new
investments to the region, regardless of environmental cost” being authoritarian right
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Harmful content moderation with biased LLMs

1 10 ®
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Bias Management, not bias removal

Employing an explicit and not transparent bias removal intervention might be potentially harmful to the user

Figure 2. The five steps of bias management.
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The walkie-talkie charges stem from when soldiers raided her house on the day of the coup, reportedly discovering the contraband equipment.

u u
A Myanmar junta court on Monday convicted Aung San Suu Kyi of three criminal charges, sentencing her to four years in prison in the latest in a slew
e p | n g | |m a n S O S po |a S PR -

lived experiment with democracy.

The generals' power grab triggered widespread dissent, which security forces sought to quell with mass detentions and bloody crackdowns in which

Testing the r0|e Of Al-generatEd bias Ia bels in more than 1,400 civilians have been killed, according to a local monitoring group.

A source with knowledge of the case said the 76-year-old was found guilty of two charges related to illegally importing and owning walkie-talkies and

one of breaking coronavirus rules.

. L] .
t ra I n I n g p e O p I e t O S p Ot b I a S Junta spokesman Major General Zaw Min Tun confirmed the verdicts and sentences and said Suu Kyi would remain under house arrest while other

cases against her proceed.

The walkie-talkie charges stem from when soldiers raided her house on the day of the coup, allegedly discovering the contraband equipment.

The United States condemned what it called the "unjust arrest, conviction and sentencing” of Suu Kyi, which it said was carried out in "an affront to
justice and the rule of law."

“We call on the regime to immediately release Aung San Suu Kyi and all those unjustly detained, including other democratically elected leaders,”

Two phases: i) train subjects with human/ai/no bias

Monday's sentence adds to the penalties the court handed down in December when she was jailed for four years for incitement and breaching

Covid-19 rules while campaigning.

annotations and then ii) ask them to spot biased :

The total six-year jail term would mean Suu Kyl would not be able to participate in fresh elections that the military authorities have Eledied to hold
by August 2023,

S t a t e I I l e n t S December's ruling drew international condemnation, and the Myanmar public reverted to old protesting tactics of banging pots and pans in a show
of anger. SRR

The Norwegian Nobel Committee, which awarded Suu Kyi the Peace Prize in 1991, said it was "deeply concerned about her situation,” with

chief Min Aung Hlaing cut the sentence to two years and said she could serve her term under house arrest in the capital Naypyidaw.

chairwoman Reiss-Andersen calling Monday's verdict "a politically motivated ruling."
Journalists have been barred from attending hearings, and Suu Kyi's lawyers have been muzzled from speaking to the media.

The verdicts come days after Cambodian strongman Hun Sen — who currently holds the chair for regional bloc ASEAN — held talks with Min Aung

Marking biased texts effectively increases media

ASEAN has sought to use its influence to defuse the Myanmar crisis, but Hun Sen's visit attracted criticism from rights groups and anti-junta activists.

Under a previous junta regime, Suu Kyi spent long spells under house arrest in her family in Yangon, My 's largest city.

bias awareness =
=
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Spotting bias: Humans vs LLMs

(1.Definitions 24 Bias Definitions )
o smadehbguns st o Observations:

[ Linguistic ][ Gender ][ Political ][ Context ]
:; . f: - Definitions consistently affects human and LLM ratings
SRS 300 News Articles

4 1opics - 2 bias levels - 3 outiet leanings - 39 outiels - Definitions matter most where annotation is already difficult
\ J
(3. Annotation i 1 - LLMs exhibit larger definition effects than humans (i.e., they

{ 354 Human Annotators ] [GPT-CIau:l;-I:n;ma-Dwen] follow instructions better than humans)

::4_ Outputs - 3 - LLMs rate bias systematically lower than humans

| 8,496 human and 28,800 LLM Annotations |

. A
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-------------------- ic Model 1 Q2 Q3
LLM - Document d € Dy, Metric ¢ Q Q Q Q4
k sentences to ; + current memory Gemma-2-9B 0.43 050 0.80 0.33
N documents (D) | p Gemma-2-27b 1.00 044 0.88 0.50
Document | | | Llama-3.1-8b  0.67 0.50 0.62 0.17
Collection | Phi-3-Medium 0.12 038 071 0.00
(Quey+k ) Gemma-2-9B  0.60 0.29 024 0.40
e fond! R Gemma-2-27b 0.40 024 041 0.40
Llama-3.1-8b  0.40 0.29 047 040
Figure 1: From a document collection and queries, Kri- Phi-3-Medium 0.20 0.18 0.29 0.00
RAG finds similar sentences and analyzes connected Gemma-2-9B 050 0.37 036 036
documents. A memory is built for each query as it loops r Gemma-2-27b  0.57 0.31 0.56 0.44
thIOugh the dmumentS. 1 Llama-3.1-8b 050 037 053 0.24
Type of misinformation Occurrences Example output Explanation
Fabrication of a single detail 76/117 Stabbed with a knife Document does not contain ’knife’
Fabrication of several details 13/117 He has a history of violent altercations, includinga Document does not mention these details
bar fight and a road rage incident.
Contextual error 6/117 Document 10 is an autopsy report and would directly Document 10 is not an autopsy

address the cause of death.
Misinterpretation 22/117 Between 22:10 and 23:10. Document mentions dates, not time.




THE UNIVERSITY

% OF QUEENSLAND
AUSTRALIA

e’

Routing prompts to one LLM among several options

A way to manage bias is to decide which LLM to send a prompt to and get an answer from
- For example, you have 200k politically-biased LLMs

This may allow users to:
- Pick the most appropriate LLM given their bias

- Save money by using cheaper LLMs for simpler questions and powerful LLMs for complex
questions
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Estimating the difficulty of a prompt

To perform routing we need to be able to estimate the gerai 08
complexity of a question. il 072
Reion ©3
We use internal layers and linear probes to estimate the Py 0ad
difficulty of questions given to an LLM. o m— 032
Vietnamese
0 6 12 18

Layer

Middle layers give us the best estimation.

Figure 1: Layer-wise performance of difficulty probes
across languages for LLaMA-3. 1-8B. Heatmap shows,
for each test language (rows) and transformer layer
(columns), the average Spearman correlation between
probe predictions and ground-truth difficulty, where
each value is averaged over probes trained on all other
languages. Performance peaks in the middle layers,
indicating that difficulty representations are most con-
sistently aligned across languages at intermediate depths
of the network.
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The same is true for LLMs judging relevance

Qwen3-8B Qwen3.5-9B Llama3.1-8B Aya-Expanse-8B Gemma3-4B

Layer Layer Layer Layer Layer
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Estimating the difficulty of a prompt

Training and testing difficulty probes across languages works well.

Arabic .80.77 .81 .81.80.78.79.81.74 .76 .81 .80 .80.81 .77 .77 .77 .78 .79
Bengali B:4 J76.81 .80.80.77.79.80.76.77 .81 .80.79.79 .77 .78.77 .79 .78 0-86
Chinese B[ 1] .80.79 .77 .75.79.77 .78 .79.79.79 .79 .73 .75 .77 .77 .78

Dutch KNl .81.79.80.76 .78 .B0 .81 .80 .80 .78 .78 .77 .79 .B0 0.84
S|l .77 .78 .77 .80 E «79.79.76.76.79.75.78 .77 .78.77 .79 .74 .76 .77 .77 .77

French LRI IE: ] £7.81.79.79.82.78.79 .81.82.80.81.76 .78 .77 .80 .80

0.82
German E3B:IINL] .80.79.82.77 .80.82.81 - .81.78.78.78.80.81
c
Greek RN Ii: (] .80.81 .77.79.76 .78 .79 ,80 .81 .79 .70 .73 .78.79.78 =
1]
W (A 'l.61 .80.77 .81 " .82 .81. .81.76.79.81.81.81.80.78 .78.78.79 .80 D-BUE
o
T [E1[E).80 .80 .77 .81.80.79F] .77.79.81 :- .B1 -..77.78.76.80.81 S
[=1]
FRENENCECN 76 .76 .78 .79.77. .78.78.78. 72.74.76.77 .77 s
- 073E
c Gl ul.78 .79 .78. .81.80.78. .77 .81.80.80. 75.76.78.80.79 5
E 1]
= Polish E:INE:(I A .B1.80. . - 77 .77 .78.80 .81 2
Portuguese RINCLIRZ .81.82. 77.79. . .77.78.78 .80 .81 D'mé
Russian ULV .B1.81. .77.79.81. .77 .77 .78.79 .81
Spanish E:hE:{H .80. 77. .825:.1 ,77.78.78.80 .80 0.74
Swahili VLR .80.73. .72.77.80.79. 79.76.75.77 .77
A V') .80 .80 .76 . .80.77. .78 .80.80. 76 .81.77.80.78
. 0.72
Thai RERFERLIE .79.76. .75.77.79.79. .75/81.77.78
Turkish REE:DINEE .80.78. .78 .80 .80 . .78.77 .82 .78
Vietnamese [t:ii Byl .79.76. .75.78.79 .80. 77.76.77 0.70
ﬁﬁﬁﬁﬁﬁ%ﬁ%%aﬁﬁﬂﬁﬁﬁ%ﬁﬁg
e 28 S5 FEL 55 PoshEE 2 ¥E
L = 0 5 O © v 8z 5
“T85°&rgEEa2Tgz2aa" P8
& S

Test Language



Next steps — work in progress

Use the best internal linear probe to estimate the difficulty of a question / quality of the answer
and information about model costs (e.g., price per token) to improve cost/quality results.

Transfer probe mean

AUROC

4 8 12 16 20 24 28 32 36
Layer

—o=— Mean AUROC +/- 1 std. dewv.

(b) Qwen3-8B

0.875 A

Average empirical success
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The pooled multilingual route
86% expected success, matc
anchor baseline, while reduci
expected generation cost by !

e English-only transfer probe
e Pooled multilingual probe
--- Always anchor

r reaches
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Figure 4.8: Accuracy cost trade-off for reusable probe-based routing on the test split.

Each point corresponds to a routing policy obtained by varying the routing parameters.

Cost is reported as a percentage of the expected cost of always using gpt-oss-20b_high.
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Lessons learned and what to do

 LLMs carry human bias, but are used in decision making
« How do we make humans aware of existing bias?
 How do we build LLMs to better manage bias?

* Increasing transparency, (e.g., track and profile
data bias across Al pipelines)

« Select and diversify the sources of data (i.e.,
diverse human annotators, LLMs)

* Routing to different LLMs

* Bias management instead of bias removal

DOI:10.1145/3611641
Opinion
Data Bias Management

Envisioning a unique approach
toward bias and fairness research.
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Visiting PhD Students Scheme

Visit us in Brisbane, Australia!

2 or 3 months visits for PhD students to work on a joint paper o i
Funding info and application instructions: https://d-lab.qgithub.io/visiting/ " Rapked =40 I the o

QS World University Rankings 2027

Since 2023, we hosted 15+ PhD students based in 8 countries
(CH, NL, DE, DK, NO, BE, CN, IT); Example outputs:



https://d-lab.github.io/visiting/
https://d-lab.github.io/visiting/
https://d-lab.github.io/visiting/
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