Reporting Bias and LLMs’ Commonsense Knowledge
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Scaling Laws Do Not Solve Everything

o R 0of ZE(LLMs) of chst SXY Q1A
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The Nature of Human Communication

o Paul Gnc ’s
“ACHO A 22

o HAXt/=A7Fo|o] YHLIMAMORE T2 Tt HE= MEf
— e MHEJ} Implicit HA Y24 &

of Al CH=})
A: “Is there a gas station nearby?”

B: “There’s one around the corner.”
— Bo| CHEMO|AM M2k=] M H: The gas station should be open and operational




. Information Bottlenecks

From Reality to Language
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Understanding the World Through Google N—grams

e “Reporting Bias and Knowledge Acquisition” (Gordon & Van Durme, 2013)
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presented textual frequencies based on the Google Web 1T N—gram data

Teraword (1= 7 ©t{) & “Al2H C}2 L2 = ©H0{ N—gram 7}2E &t A1}

ZilMo =2
mundane events — text Wl under—represented
sensational events — text Ll over—represented

Word Teraword
Spoke 11,577,917
Laughed 3,904,519
Murdered 2,843,529
Inhaled 984,613
Breathed 725,034
Was late 368,922
Exhaled 168,985

Was on time

23,997




The “Black Sheep Problem”

e Reporting Bias &
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o4 HIAE: g7t x| 7

o Al2 ZYl: ChatGPT 5.2 Thinking

Please fill in the [blank] from the below sentences, limiting answer
choices only to colors.

1. The [blank] sheep wandered away from the flock and into the tall
grass.

2. We spotted a [blank] sheep standing alone on the hillside at
sunrise.

3. The farmer fed the [blank] sheep by hand every morning.

4. She knitted a scarf while watching the [blank] sheep graze quietly.
5. The dog barked once, and the [blank] sheep trotted back toward
the barn.

The black sheep wandered away from the flock and into the tall grass.
We spotted a black sheep standing alone on the hillside at sunrise.
The farmer fed the black sheep by hand every morning.

She knitted a scarf while watching the black sheep graze quietly.

A S

The dog barked once, and the black sheep trotted back toward the barn.



o4 HIAE: g7t x| 7

o A2 RHE: Empathetic KULLM (Default)
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How Reporting Bias affects LLMs’ Commonsense Knowledge

e Common Sense?
o S HE x|MolL} M glo|E Abs| TA0| YytE o

HIM o 2 27 st=, &2[dMol AEAel EHEl =2

o ok ALS/EIEte| CHThol| 2|8 “common” StEtl 047 X| 7|0 (Shared Understanding),

ot/ 22 explicit 5t 25 = BIE7H S

e Reporting Bias 7} LLM 2| commonsense reasoning ol &S == Al =

o Typicality / Rarity

m FEvent Outcomes (212} ZtA)

o THO|HMIES ZUlZ AO{E CtZ O|HEE o 5 f, E51X| 2 2ot elst &5 =t
Tk

o) =EHXE At - 2&7|7} ™ stA =2t (typical)
=Z7|7F MO o2 =Xt (rare)
m Entity Properties (e.g., colors, sizes, and shapes)
e ‘“yellow” banana

o Procedural Knowledge
m Event Sequence Description Aol F 2 (20| F2t=|HLE A& +=Ao| 2F)
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VISUALLY-AUGMENTED LANGUAGE MODELING

Weizhi Wang', Li Dong?, Hao Cheng?, Haoyu Song?,

Xiaodong Liu?, Xifeng Yan', Jianfeng Gao', Furu Wei?

"University of California, Santa Barbara *Microsoft Research
weizhiwang@ucsb.edu, {lidongl, haocheng}@microsoft.com

ValLM (ICLR 2023)
Improving the Efficiency of Visually Augmented Language Models

Paula Ontalvilla Aitor Ormazabal Gorka Azkune
HiTZ Center - Ixa, University of the Basque Country (UPV/EHU)
{paula.ontalvilla, aitor.ormazabal, gorka.azcune}@ehu.eus

BLIND-ValLM (COLING 2025)




VaLM: Motivation

e Text—only pre—training 2| StA|
o EIAEE "G AIZtY ME(M/RY/37| 5)°S AT Met
o Visual commonsense?Z} Z 35t ZHol|A LMO| ksl & &= U=

o ANUHMHE=GIH X|AlIS &F et
o O|& &Z35IH visual-knowledge—intensive commonsense M &kAH 7| LY

o 7|Z= VLML EHA|
o VLM pre—training = =& (O
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Methods
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e Step 0: Backbone LM
o HAEEZE EZF Decoder-Only Transformer LMoi| 212
o ZTZtE0o|HollM 2t EZ2| Hidden Representation 2 A (O] cHA|ef 'Rz &)
e Step 1: Token—level Image Retrieval
o Step 0 2| Hidden Representation & F 2|2 AlEZ
o CLIP &Y =7t= =26, th# 2 o|o|X| DBOA 2} 712 A M =2 Top—K O|o|X| HAH
m CLIP: i #2 o|o|X|-HIAE &0 =2 st& =l contrastive VLM
o texteimageZt €2 HIY 7t HE O] U0 retrievalo| 7t
e Step 2: Visual Knowledge Fusion Layer
o LM 258 UFo FI=E EF AS
o Joint Attention HlHAHE +¢
m Query: HIAE EZ 2| Hidden Representation
m Key & Value: [HHAE EZ; HAA=| o|o|X| ofx| EZ]
— 21 ClEg EZS2 052 i B AE HakE ot 2f A4 ShAM & 2hi &F=x
e Step 3: Output
o O|F= et LMt S next—token prediction (standard LM loss)



ValLM Overview

-

P(Xz‘ |X<i)
A

softmax layer

f

Feed-Forward Neural Network

Feed-Forward Neural Network

3

Self-Attention Layer

0\

___________

Visual Knowledge Fusion Layer ]

__________________

X (N —2)

Feed-Forward Neural Network

0

Self-Attention Layer

i

i

t 1

i

N

The color of

sky

is

K

v

Visual-Language
Attention

Visual Knowledge Fusion
, S
: -1
: h;

S «— LN

> 000

\ CLIP /
The color of sky is —> Text :
\  Encoder /
X<
2 8§ F 7 .
eals | cup
- Image
L B Encoder
gaLEN

Textual Query

Knowledge

1

\ 4

Top-k Images

Text-to-Image Retrieval




Visual Knowledge Fusion

hidden state HzL ~1 is computed as:
Q=H"?W+°, K=H"?W" +p", V=H"W" +b",
kip = LNimg(zit )W + b Vik = LNimg(zix) WY + b))
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Results

e Visual knowledge—intensive commonsense (Object property reasoning)
o A/Rob/FT| L2 AlZtx A £E #x|0i3 45
MemoryColor / ColorTerms / ObjectShape / RelativeSize

Model K Color (ACC?T) Shape (ACCY) Size (ACC?T)
MEMORYCOLOR COLORTERMS OBJECTSHAPE RELATIVESIZE
GPT-2* N/A 44.14% 39.10% 51.09% 47.22%
BERT N/A 24.34% 26.33% 31.86% 34.78%
CaptionBERT N/A 24.84% 28.40% 38.14% 66.05%
CLIP N/A 26.25% 23.08% 13.66% 47.99%
OSCAR N/A 20.32% 16.86% 33.14% 50.14%
Visual BERT N/A 26.68% 38.02% 11.14% 67.23%
VALM 4 53.99% 52.66 % 62.77 % 85.03%
VALM 8 58.64 % 50.19% 59.41% 62.35%




Results

e Commonsense QA (22| A5 %)
o PIQA (Physical Interaction QA)

Model GPT-2* BERT  CaptionBERT VALM (K=4) VALM (K=8)

PIQA (ACCT) 62.53% 54.73% 53.97% 64.31% 64.64%



BLIND—ValLM: Motivation

e Image Retrieval 0| 7} 2= Overhead
o ValLM: LM ol visual knowledgeE F¢!s5t7| 2351 Ima
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Methods
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Results
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o = TH2Z ValM 2} BLIND-VaLM MA = <
o Base: GPT2-SMALL
o GPU: A100 8%t
o Text Corpus: CC—-100 English & 10.5B tokens (2F 19%)
e FEfficiency (2.2x faster)
o ValLM: 1.2K GPU—-hours
o BLIND-ValLM: 530 GPU-hours

o Hlxol3 Hul
o 0|o|X| §i0|E ValMZ} B2 (= £ E1) / a8M2 2 J|A

M

Model Color (ACC 1) Shape (ACC 1) Size (ACC 1) AVG
MemoryC ColorTerms VCT ShapelTC RelativeS TNWT

VALM 47.09 41.88 20.46 40.45 26.03 23.94  33.30

BLIND-VALM 47.20 46.37 22.60 40.07 25.43 25.18 3448




Results

e (Compute—matched Scaling
o FZvalM ol ALg3HetEe| Rielg A8 22| 45 Of ZTobE £ r}
m BLIND-VaLM+ (pre—training compute scaling, 1.17K GPU-hours)
m BLIND-VaLM-M (model size scaling, GPT2-Medium, 595 GPU—-hours)

Model Color (ACC 1) Shape (ACC 1) Size (ACC 1) AVG
MemoryC CTerms VCT ShapelTC RelativeS TNWT

VALM 47.09 41.88  20.46 40.45 26.03 23.94  33.30

BLIND-VALM 47.20 46.37  22.60 40.07 25.43 25.18 3447

BLIND-VALM+ 45.97 48.71  20.51 43.64 25.33 2540 3493

BLIND-VALM-M 47.60 48.93 24.09 43.33 24.36 2493 35.54




Limitations

e CLIP2|Z&A (VaLM / BLIND-VaLM &2 E&)
o T HtE H&= CLIP O] &&6t text-image & Z o 3 9 &
o [2tM “AlZtA o|5l"e| Atst2 Z= 7|8F VLM/CLIPS| ZZ&lol o ZXE
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e VLM K Reporting Bias 2 £ AIFEX| 2
o HIAEZQ| reporting biasE etstste{ 1 o|o|X|E M X|TH o|o[X|, ZHM H|O|H 25 bias &M



Future Directions: Reporting Bias in Images

o SiAlO|A Cl==2l Zo| o|o|X| H|O|E{0| M E CHEE S X}X]
— Minority Representation & &

create an image of someone writing with their left hand.
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Future Directions: Reporting Bias in Image Captions

o ZHMO| o|o|X|o| Al ZSAI(AH/ %EH/”EH/HH%' N e =
o =estHMHo| MZ = o|o|X|of| 2= At
o BHIO| object—attribute

TES R L R B =

slices =

|
“salmon

on the table”

“salmon

on the table”
RSB




Thank you

;S’) latural Language
S99& rocessing

€ Artificial Intelligence

7 11 CH S}l

KOREA UNIVERSITY




