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“Token Generation” : Where to
look + What to rely on

Motivation

o Main issue
1. When MLLM generates an answer, which areas of the image actually drive the appearance

of a certain token?
2. Does the same token rely more on visual evidence or on language priors?
3. If the model hallucinates, is it possible to identify the smallest visual region that triggers
Where did MLLM see Where did MLLM see

Why Do MLLMs Generate
?
Ehaga:Chitputss kors the cat? the bananas?
Word-level Word-level
Explanation
User 3

. : 0
the hallucmatlon : Answer: A cat is perched on a banana
tree with green bananas and leaves. Do They Attend?
Sentence-level
Explanation Explanation
(;§User1 [é}Userz

S T
Where MLLMs Attend

[ Multimodal Large Language Models ]
i Where MLLMs Attend
|
Prompt:
Describe this :
image. p AT,
el [
v A cat is per ched on a banana Wree with green A cal sis on a branch among reen bananas and
bananas and leaves . large leaves agains! a dear blse sky

B i .
oreen NN oo (S

What They Rely On

Input Image

LE

o Comparisons
> “Activate” or “Attention” more like “Preferences” — Not faithful
» Gradient method is intensive and is susceptible to noise in long sequences and modal imbalance
> Difficult to jointly support: sentence-level, word-level explanations, hallucination diagnosis. ,
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, Motivation

Outline

Divide the image into superpixel subregions, then identify the set of regions that is “as
small as possible while still best supporting the generation of the target token”; then check
whether the target token drops significantly after removing these regions.

Multimodal LLM Generation

Answer: The image depicts a serene
beach scene with a person and a dog.
o 1

( N\ 4 N\
Insight 1 Insight 2
A lightweight black-box framework A combined objective that jointly
that does not rely on internal model constrains both “sufficiency” and
gradients or activation functions. “necessity.”

| J - J

Explaining Autoregressive Generation

Token positions: T = {1,2,3, ...}
Vocabulary: ¥V = { The, image, depicts, ...}

Select
i e Greedy Search
(Mums b % % . b [ Objective
- Pﬁ;t Log;il_s function
Describe this - ""f;‘;
g i g
Input Image x -~ g Sl %‘D' R
- )
SLICO Super-pixel s L
Segmentation A @ & ®
R o Rank 1 Rank2  Rank3  Rank4
~ & Ordered set = .
[ High
L
s Attribution Score
5 p = Assessment Low
Sub-region Set V — Visual Attribution Map

Language Prior vs. Perception

Vs

Generated Influence score  Influence
Tokens computing score
100 —
image’ " 1, =0031
=2 925
Pare n{mggsa ravealslt
e
‘beach’ ::
t=6 gt I = 0881
0o 0.5 10
Perc. of image revealed
e P e
; oo N,
person :
asof Ig = 0.767
tp=10 .25 2
T
Pere. of image revealed
% &% [ 24

>

Gradually reveal important perception reginns’

Insight 3

Influence score, distinguishing the
relative contributions of language
priors and visual evidence.

Normalization

Explanation Results

Modality Relevance Explanation:

The (D 8 fe
¢ serenc () D )

@ person @l B

d°9 ILang.

Visual Explanation:
High

Low

Visual Attribution Map




From Image Subregions to Ordered Attribution

o Step 1:
o Step 2:
o Step 3:
o Step 4:

Multimodal LLM Generation Explaining Autoregressive Generation

Answer: The image depicts a serene
beach scene with a person and a dog.
-

Token positions: T = {1,2,3, ...}
Vocabulary: V = { The, image, depicts, ...}
Select

i 7 Greedy Search
[ MLLMs 4 %% % ... | [ Objective
P S i function
Logits 2
e i N

Describe this

; = e
B M | —
s
Input Image x - @SI:;?& @‘D’ Ranking
— !
SLICO Super-pixel ::::,gem .
Segmentation A : % & »
. == a Rank 1 Rank 2 Rank 3 Rank 4
il L O ] - 1
~ - [ Ordered set F; ..i | ngh
: |? Attribution Score
e "L e - Assessment
SresmEma ‘ 2 s Low
Sparse Image Sub-region Set V —

Visual Attribution Map

Split the input image into a set of subregions

Language Prior vs. Perception

Generated Influence score  Influence
Tokens computing score
100 —
imags’ " I = 0.031
b= 025
Poe'nm. af imggse mvaa}aud
EE L
[
beach ::
ti=6 0:25 I = 0.881
0o 05 10
Perc. of image revealed
b e
5 ams|[” oY
person
aso| g = 0.767
t; =10 azs] 15
ﬂ‘b [ 10
Perc. of image revealed
_
& &% 2

.
Gradually reveal important perception regionsr

using SLICO

Normalization
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Reframe the attribution problem as subset selection / ordered subset optimization
Use greedy search to identify the most critical regions and rank them by importance n

Based on the sorting, further analyze the strength of visual dependencies for each token

Explanation Results

Modality Relevance Explanation:

U ECEN IR
lbeach (GRS with
lLang.

a person - a

dog

Visual Explanation:

Visual Attribution Map

[ SLICO — Objective — Greedy Search — Influence Score

max

||
P s Z F(7ip) ]

r=1
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' Objective: Insight and Necessity

Insight asks, “Is having it enough?”; Necessity asks, “Can we manage without it?”

( \
Insight score
If only the candidate regions are retained, is the L. S _ — . S P
S = E = rompt .
probability of the target token still high? insight ( ) ' p(yt* ¢ | ’ PL Y<i; )
i

If so, it indicates that this set of regions is sufficient to

support the generation.
. J

( b Snecessity(v \ S) = Z (1 - p(yti =0 | V \ Sa Prompt: y<ti))

Necessity score

Does the probability of the target token decrease '

significantly after removing region ? Token positions: T = {1,2,3,...} i
oo 5 5 5 ¢ A A -  —
If so, this indicates that these regions are essential for ’ Vocabulary: ¥ = { The, image, depicts, ...}
eneration. I Y Greedy Search
S g J Objective
function
S
( h | [ insight | -

Greedy ranking
.

Each step identifies the area that yields the greatest i
marginal gain, so in the end, there are not only - .7 & - Reking

“critical areas” but also a “critical sequence.”

& 'y »
Rank 1 Rank 2 Rank 3 Rank 4

-F(S) = sinsight(S) + Snecessjty(v \ S) Ordered set &y

T Z]:(ﬂ-:'r) Assessment J = Low
TEP(V),|n|<k Visual Attribution Map

r=1
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, What They Rely On?

EAGLE uses the ordered sequence of regions 11 that has already been obtained to gradually
reveal important visual regions and observe how the token probability curves change.

7
I, =) plys, =wvi | mp, Prompt, y.y,) — minp(y;, = v; | w5, Prompt, y.y,)
) J
r=
Generated Influence score  Influence s ~
Tokens computing score Modality Relevance Explanation: Influence score
1.00 — 5 S . . . 0
image’ " n=o0031 | |8|\ S D a IV'5'°" Higher scores: the token relies more on visual evidence;
=2 g serene  (EESEH) with Lower scores: the token relies more on language prior
Porc. of img'gse revealed 2 a person - . kl’lOWledge
1.00 dog . I Lang. . /
beach mfwﬁ
=6 I = 0.881
[ F— Visual Explanation:
Perc. of image revealed H Ig h Vs N\
Why is it vital?
porson [N g | o
;=10 S Beyond merely asking “where the model is looking,”
TR further explore whether this conclusion is derived
: from the image itself.
\. J

:'\V e Low
% [ =3 &2
: : - Visual Attribution Map

Gradually reveal important perception regions’
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Sentence-level Faithfulness

Sensitive Tokens-level Faithfulness

as n " o I )

Dttty MLLM: H HAtl) Del.(l) Ave high scorsif) | e tf) Dal.() Ave High seem(ly | 0 Moy ) T Coasumn. (1)

LLaVA-CAM [38] 05298 05317 0.6031 04124 04115 0.5783 37.25GB 1545

LLaVA-1.57B [24] iGOS++ (w/ GNC) [34] | 0.5293 05168 0.6004 04101 03815 0.5731 48.13 GB 263 8

EAGLE 05970  0.4554 0.6259 05344 02809 0.5993 16.07 GB 258.4 5

LLaVA-CAM [38] 04978 05562 0.6662 03541 04497 0.6424 28.99 GB 22

— Qwen25-VL 3B [4] iGOS++(w/GNC) [34] | 0.5328 04891 0.6672 04021 03273 0.6473 71,62 GB 466 s

(22 EAGLE 0.6479  0.4345 0.7039 05867 02710 0.6840 3.75GB 4183 s

(Image caption task)

LLaVA-CAM [38] 05605  0.5464 0.7235 04467 04209 0.7010 47.17GB 2185

Qwen25-VL7B[4] iGOS++ (w/ GNC) [34] | 0.5603 0.5072 0.7237 04400 03623 0.6695 96.90 GB 62.7 s

EAGLE 0.7006  0.4597 0.7578 0.6337 02988 0.7285 17.68 GB 4362

LLaVA-CAM [38] 06116 06235 0.8032 04948 05100 0.7764 81.84 GB 543 s

InternVL3.5 4B [33] iGOS++ (w/ GNC) [34] | 0.6271  0.5726 0.7999 05088 04337 0.7715 60.93 GB 40.1 s

EAGLE 0.7665  0.4650 0.8335 07042 03042 0.8051 12.45 GB 803.5 s

LLaVA-CAM [38] 07756 0.7745 0.7980 06076 0.6044 0.7275 3438 GB 1225

LLaVA-1.57B [24] iGOS++ (w/ GNC) [34] | 07717  0.7698 0.7965 05825 05781 0.7236 92.90 GB 348

EAGLE 0.7960  0.7474 0.8086 0.6867 05027 0.7507 15.40 GB 25265

LLaVA-CAM [38] 07742 0.7770 08181 05925  0.6006 0.7476 19.17 GB 16.1 5

o Qwen25-VL3B[4] iGOS++(w/GNC) [34] | 07719 07613 0.8183 05719 05356 0.7437 19.79 GB 318 s

o [-Ll)] EAGLE 0.8052 0.7338 0.8339 0.6634 04935 0.7689 8.76 GB 22275

as

LLaVA-CAM [38] 07505  0.7486 0.8042 04974 04847 0.7242 3754 GB 1455

Qwen25-VL7B[4] iGOS++ (w/ GNC) [34] | 07394 07211 0.8036 04505 03853 0.7185 3276 GB 31.0's

EAGLE 07824 0.699 0.8119 0591 03675 0.7362 17.40 GB 2208 s

LLaVA-CAM [38] 07348 07458 0.8325 04897 05213 0.7575 2720GB 207 s

InternVL3.5 4B [33] iGOS++ (w/ GNC) [34] | 0.7277  0.7160 0.8302 04743 04454 0.7535 6231 GB 3445

EAGLE 0.8012  0.6782 0.8471 0.6379  0.4027 0.7762 12.26 GB 1765 s

Faithfulness and Resource Overhead
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Word-level

LLaVia-CAM

EaGLE (Ours)

0

# bisd i wanding 4wk rear the e

A% Qwen2.5-VL 38

A horsa Wil
the number & 8 meng o0 &
harass

i
| and a riter i 2 yelioe shir

{7 Qwen2.5-VL 78
Pl il

A shint e kateboand o perfoaa @ mrc md
ai aver sain

# Han st white i & seng o @ st
w4t 37 s n e panam

Word-level Faithfulness Metrics Localization Metrics
Dittascts MM Mt Insertion (1) Deletion (}) Ave. high. score (1) | Point Gamey,, (1) Point Game, . (1) GPU Memory () Time Consum. ()
LLaVA-CAM [38] 0.4063 0.4035 0.6053 0.2468 0.1168 36.73 GB 17.1s
; i iGOS++ (w/GNC) [34] | 0.4093 03812 0.6084 0.6623 0.5584 93.12 GB 3355
LIaVACLSTRIM s pim 0.3860 0.4162 0.5988 0.1818 0.1428 16.60 GB 175
EAGLE 0.6395 0.2047 0.7213 0.8052 0.7792 1631 GB 2832
LLaVA-CAM [38] 0.3417 0.4575 0.7263 0.1045 0.0621 26.01 GB 1285
 iGOS++ (W/GNC) [34] | 0.4141 0.2901 0.7250 05822 0.4967 58.1 GB 4995
— Qe SVESB I ) 0.5130 02797 0.7985 05294 04379 9.56 GB 42s
M [22] EAGLE 0.7353 0.1628 0.8641 0.8104 0.7745 9.22 GB 37145
(Image caption task)
LLaVA-CAM [38] 0.4170 0.4771 0.8041 02176 0.1428 44.26 GB 2455
iGOS++ (w/ GNC) [34] | 04816 03478 0.8080 0.6734 0.5959 82.14 GB 53.1s
Quen2 SVLTBHE).  qampi7) 0.5768 03167 0.8240 05369 0.4060 18.75 GB 495
EAGLE 0.8109 0.2127 0.9194 0.7785 0.7383 18.03 GB 43565
LLaVA-CAM [38] 0.4988 0.5040 0.8588 03201 0.2212 81.84 GB 4135
iGOS++ (w/ GNC) [34] | 0.5192 03983 0.8604 05775 05181 60.06 GB 327s
% 33
o VISR B s pigy 0.6317 03517 0.8712 0.5775 0.4653 14.23 GB 46
EAGLE 0.8623 0.1706 0.9585 0.8052 0.7755 7.61 GB 3773 s
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Hallucination
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o KFocus on the first token in the answer (Yes / No)

4h LLaVA-1.57B

1% Qwen2.5-VL 7B

| Question: |s there a snowboard in the image?

Hallucination Map
-

1GOS++ (w/ GNC)

-

Hallucinated response :
Yes

Revised answer :
No

Hallucination Map Hallucination Mitigation

TAM
Hallucinated response:
Yes
Revised answer :
Ne
Hallucination Map Hallucination Mitigation
EaGLE (Ours)

Hallucinated response:

Revised answer :
No

: Question: Is there a bicycle in the image? ]

lgorrected Target Score Hallucination Mitigation

Hallucination Map

Hallucinated response :
Sw 1one Tes There is a bicycle visible an the right

a0 e side of the image, near the bus stop.
Revised answer :
No Explanation: The image contains various
small, colorful segments that appear to be
part of a larger image or pattern, but there
I= no distinct or recognizable bicycle
present within these segments.

25% 50%
Remove Biased Region

Hallucination Mitigation

Caorrected Target Score
1.0

Hallucination Map

™
[HW

0.6/ g,
E b

Hallucinated response
0% I5% 50% 5% 100w Yes There is a bicycle visible on the right
Remove Biased Region side of the image, near the bus stop.
Revised answer :

Mo Explanation: There is no bicycle visible
in the image. The image contains silhousttes
of people and some text, but no bicycles can
be seen,

“§°Frected Target Score Hallucination Map Hallucination Mitigation

e

Hallucinated response :

o :iedsa 'I‘;?f':eenisnfabmycle n-z:sr:hI; on lthe right
Remove Biasad Region 0 S e s slop.

Revised answer :
Mo Explanation: There Is no bicycle visible
in the image. The image shows the back of a
bus with an advertisernent featuring an anime
character and some text about "Culture Japan
Con.* There are no bicycles present in the
scene.

Y InternVL3.5 4B

I Question: Is there a spoon in the image?

Corrected Target Score Hallucination Mitigatioﬁ
A0 g

Hallucination Map

0% 25% 50% V5% 100%

Ramova Biased Ragion Hallucinated response:

MNo. There is no spoan visible in the image.
The plate contains a meal with rice,
vegetables, and chicken, along with a fork
and a knife placed on the plate, However, no
spoon is present.

Revised answer:

Yes. Explanation: The image shows a spoon
placed on a table near some food items.

Hallucination Map Hallucination Mitigation

Corrected Target Score
1.0 — N :

e P
0% 25% 50% 5% 100%

Remove Biased Region Hallucinated response:

Ma. There is no spoan visible in the image
The plate contains a meal with rice,
vegetables, and chicken, along with a fork
and a knife placed on the plate, However, no
spoon is present.

Revised answer :

No answer

Hallucination Map

Hallucination Mitigation

Corrected Target Score
1.0

v
4

So8

&

208

&2

Ho4

£

60.2

0% 25% 50% 753 100%

Remove Biased Region :aliucinnmd response :

0. There is no spoon visible in the image.
The plate contalns a meal with rice,
vegetables, and chicken, along with a fork
and a knife placed on the plate, However, no
spoon is present.

Revised answer:
Yes. There is a spoan visible on the plate,
partially obscured by the food.

Corrected Target Score
L0y
Ea.s.
- 0.6

M
[

goa\\ll

E Tl T .

Soz/! II\""u”v' U U
Vo

0% 25% S50% 75% 100%
Remove Biased Region

l%orrected Target Score

0.8

o o
P

rrected Scare

i

b A I

0% 25% 50% 75% 100%
Remove Biased Region

19

Cor
o

Corrected Target Score
L0 e

\
\

0% 5% 50% 7% 100%
Remove Biased Region
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Analysis

1) Greedy search results in O(|V]?) time complexity, which explains the slow speed.

2) It relies on the superpixel granularity, making the partitioning process more time-

consuming.

3) This is primarily attributed to the input space and does not yet explain the internal

mechanism as a black-box.
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* Please describe this photo in detail.

* LLAVA1.5-7B:

Snowhball lllusion

[ System Prompt
|:| Image Tokens

[] User Instruction
[[] Generated Tokens

=]

0.6
0.5
0.4
0.3
0.2

0.1

Attention Score
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0.0 5
System

Image User  Generation

The image features a man standing on the back of a yellow taxi cab, holding a blue

shirt. He appears to be ironing the shirt while the taxi is in motion. The taxi is driving

down a busy street, with other vehicles such as a truck and a car visible in the scene.

There are several potted plants placed along the street, adding a touch of greenery to
the urban environment. A traffic light can be seen in the background, indicating that the
taxi 1s driving through an intersection. The man's unique choice of ironing location and
the busy street create an interesting and unconventional scene.

i |
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Local visual continuity

This photo shows the shelves inside a refrigerator, neatly arranged with a variety of foods
and beverages. Toward the back in the center is a bottle of milk with a red cap; in front of
it 1s a food storage container with a green lid, and on top of that is a package of food that
looks like pancakes or flatbread.

On the left, you can see a bag of orange carrots and a box of fresh strawberries; the
strawberries are in a clear plastic container and are brightly colored. Behind the carrots
are several stacked takeout or storage containers.

On the right side, a box of blueberries sits at the front, while various yogurts are arranged
behind it, including a large tub of yogurt and several individually packaged small cups.
Overall, this refrigerator shelf primarily holds fruits, vegetables, and dairy products; the
food selection is relatively healthy, and the arrangement is fairly orderly.
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Max Att Diff (Image - Text)

Mormalized Entropy [0-1]

Max Attention Weight

Entropy DIff {Image - Text)
o
b

Normalized A ion Ei py across Layers
Token #650: "iron"

e
=

=
=

o
=

o
o

o
o

== Image Tokens
—8— Text Tokens

15 20 25 30
Layer Index

Peak across Layers

e
in

a
=

o
w

o
b

o
]

o
=1

—8— Max A_img
—8— Max A text

———— e ————

o 5 10 15 0 2 30
Layer Index

d Entropy

e: Image vs Text

=]
in

o
-

P
7

o
=

e
=1

!
15
-

1
o
~

s

[]
s
S

I
=
e

o 5 an 15 20 25 n
Layer Index

Max Attention Difference: Image vs Text

o 5 i 15 20 25 30
Layer Index

Max Att Diff {Image - Text)

MNormalized Entropy [0-1]
o
»

Max Artention Weight
o
[

Entropy Diff (Image - Text)

e

10

*
@

P
=

o
(¥

8
a

-]
=

»
in

e
e

=
w

ol
b

P
e

|
ol
-

|
=
b

|
=
w

1
o
s

|
e
in

Normalized Ttmntlon Entropy across Layers

#696: "plants”

—a— image Tokens
—— Text Tokens

i

15
Layer Index

Attention Peak across Layers

0

30

—— Max &_img
—&— Max A_text

[ 1 15 2 5 10
Layer Index
Entropy Difference: Image vs Text
] m 1% n ) 0
Layer Index
Max Attention Difference: Image vs Text
o 10 L) 25 0

15
Layer Index
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Prefix VN - Pos 1

Pos 1: 'The' (ID: 450) | Image: 010.jpg

Jensen-Shannon Divergence Entropy (toj
565 J g i Py (top_p)
a5 — Nom
0175 = Fugy —v— Prefix-Mask
\ 8
0150 .
0125 | &
© |
5 {
& 0.100 |
H
0075 \ 4
0050 |
- 2
0,025
0000 L $2e o
o 0 o 3 10 B9 20 25 0
Layer Layer Layer
Pos 27: 'iron' (ID: 13977) | Image: 010.jpg
— Prefix VN - Pos 27 Jensen-Shannon Divergence 5 Entropy (top_p)
o — Nom
ais g i nan —v— Prefix-Mask
06 8
0.150 /
4 \
0s | \
0.125 | \ s
v | \
5 |
& 0100 L | &
z |
p—-— 03 4
0.050 02 o
» 2
e W oL
0.000 0. 0
o 10 15 20 2 30 o H 10 5 20 25 30 o H 10 5 20 25 30
Layer Layer Layer
Pos 73: 'plants' (ID: 18577) | Image: 010.jpg
Prefix VN - Pos 73 Jensen-Shannon Divergence Entropy (top_p)
0.200 0200 10
—— Norm
r G —v— Prefix-Mask
8
0150 0150
0125 0125 &
g
5
& 0100 0100
H
4
0075 0075
0,050 0050
2
0,025 0025
0,000 fa®oa, 0.000 o
o 10 15 20 25 30 0 H 10 5 20 25 30 o 5 10 5 20 25 0
Layer Layer Layer
Pos 91: 'traffic' (ID: 12469) | Image: 010.jpg
200 Prefix VN - Pos 91 Jensen-Shannon Divergence o Entropy (top_p)
923 —+ Norm
o d —— Prefix-Mask
0.20 8
0150 /
[ \a
[ «
0125 ] \ 2
, 015 \ l
i x| *
| 0.100
| g \
0075 o 4
.
0050
005 2
0025
s W .
o 10 15 20 25 0 o 5 10 5 20 25 30 o s ) [ 20 25 0
Layer Layer Layer

VN
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DEEME: 477 token 135 L2, WLBEBERAER T 20 BISME 2

Ny = log p(ys | full) — log p(y; | text)
TR FH part #HEE text-only F3E 25 Pk & LA

log p(y: | part) — log p(y; | text)
log p(ye | full) — logp(y: | text) + €
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