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Abstract
Vision-language model (VLM) hallucination
is commonly linked to imbalanced allocation
of attention across input modalities: system,
image and text. However, existing mitigation
strategies tend towards an image-centric
interpretation of these imbalances, often
prioritising increased image attention while
giving less consideration to the roles of the
other modalities. In this study, we evaluate a
more holistic, system-mediated account, which
attributes these imbalances to functionally
redundant system weights that reduce attention
to image and textual inputs. We show that
this framework offers a useful empirical
perspective on the yes-bias, a common form of
hallucination in which VLMs indiscriminately
respond ‘yes’. Causally redistributing attention
from the system modality to image and
textual inputs substantially suppresses this
bias, often outperforming existing approaches.
We further present evidence suggesting
that system-mediated attention imbalances
contribute to the yes-bias by encouraging a
default reliance on coarse input representations,
which are effective for some tasks but ill-suited
to others. Taken together, these findings
firmly establish system attention as a key
factor in VLM hallucination and highlight
its potential as a lever for mitigation. The
code for our main interventions can be found
at: https://github.com/anisha0325/
vlm-hallucination-yes-bias/tree/main.

1 Introduction

For mechanistic analysis, the inputs of vision-
language models (VLMs) are generally taken to
comprise three modalities: system, image and text
(Chen et al., 2024a; Yang et al., 2025).1 VLM hal-
lucination has been interpreted as resulting from

1We focus on adapter-based VLMs, where all three modal-
ities are passed to the model in a fixed template. Loosely fol-
lowing Chen et al. (2024a), the system modality encompasses
everything before the image tokens, including the <BOS> to-
ken and system message. The image modality comprises the

these modalities not being attended to in a balanced
way, most often manifesting as insufficient image
attention (cf. Liu et al., 2024c; Shu et al., 2025;
Yang et al., 2025; Zheng and Zhang, 2025). This
has motivated many existing mitigation strategies
to focus primarily on increasing attention to the
image modality (Liu et al., 2024c; Zhu et al., 2025;
Liu et al., 2025b; Sarkar et al., 2025; Wang et al.,
2025; Zhou et al., 2025; Jiang et al., 2025). As such,
these approaches implicitly assume image attention
to be the most important lever against hallucina-
tion. We refer to this position as the image-centric
hypothesis.

However, in sidelining the other two modali-
ties, image-centric approaches do not provide a
holistic account of attention imbalances. The sys-
tem modality, in particular, contains substantial
amounts of functionally redundant attention in the
form of attention sinks (Xiao et al., 2024; Gu et al.,
2025): tokens which receive disproportionate at-
tention despite being semantically uninformative.
Prior work reports that this modality often accounts
for over 70% of the total attention in VLM de-
coders (Chen et al., 2024a; Tang et al., 2025; Yang
et al., 2025; Liang and Cai, 2026). This concen-
tration suggests that system attention may play a
central role in hallucination by contributing to at-
tention imbalances, a possibility prior work has not
rigorously examined.

To address this gap, we investigate an alterna-
tive, more holistic view of hallucination, which we
term the system-mediated hypothesis. Instead of
focussing only on image attention, this hypothesis
posits that hallucination arises from the joint influ-
ence of two factors: one, redundant system atten-
tion and two, the resulting insufficient attention to
both the image and textual modalities. We demon-

image patches output by the image encoder and projected into
the textual embedding space of the text decoder. The textual
modality only consists of the user query for our short-answer
benchmarks.

38958

mailto:tsch00001@stud.uni-saarland.de
mailto:vsuresh@lst.uni-saarland.de
mailto:ansaha@mpi-inf.mpg.de
mailto:mhahn@lst.uni-saarland.de
mailto:vera@lst.uni-saarland.de
https://github.com/anisha0325/vlm-hallucination-yes-bias/tree/main
https://github.com/anisha0325/vlm-hallucination-yes-bias/tree/main


strate that a system-mediated account is empirically
superior to an image-centric one for a widespread
form of VLM hallucination, the yes-bias. This
form of single-token hallucination involves VLMs
responding ‘yes’ in binary yes/no settings irrespec-
tive of the prompt (Zhang et al., 2016; Ross et al.,
2024; Li et al., 2023, 2024; Zhang et al., 2025).
It occurs in a diverse range of binary tasks, most
notably object detection (Li et al., 2023; Zheng and
Zhang, 2025), reasoning (Zhang et al., 2025) and
factual question-answering (Li et al., 2024).

Using causal interventions that redistribute atten-
tion weights between modalities in different parts
of a VLM’s text decoder, we find that redundant
late-layer system attention plays a decisive role
in promoting the yes-bias by causing localised at-
tention imbalances. Consistent with the system-
mediated hypothesis, correcting these imbalances
by redistributing attention to the image and tex-
tual modalities substantially suppresses the bias
and outperforms alternative image- and text-centric
mitigation strategies. These gains do not exclu-
sively depend on increasing image attention, un-
dermining the universality of the image-centric hy-
pothesis. We then present evidence suggesting that
such late-layer attention imbalances contribute to
the yes-bias by encouraging a default reliance on
coarse input representations, which is detrimental
for certain tasks.

Our contributions are twofold:
(1) We identify redundant late-layer system at-

tention as an important contributor to the yes-bias,
highlighting the system modality’s relevance to hal-
lucination.

(2) Using principled redistributions of attention
weights, we formalise a system-mediated account
of VLM hallucination as a more holistic alternative
to prevailing image-centric interpretations of im-
balanced attention. This motivates attention-based
mitigation methods that do not focus on one modal-
ity in isolation.

2 Related Work

2.1 Attention-based hallucination mitigation
in VLMs

Despite their wide acceptance (Liu et al., 2024c,
2025b; Wang et al., 2025; Sarkar et al., 2025;
Zheng and Zhang, 2025), mitigation strategies that
increase image attention typically posit that insuf-
ficient image attention is the foremost contributor
to hallucination without objectively measuring the

scale of the presupposed attention deficit. Any suc-
cess in suppressing hallucination is then simplisti-
cally equated to a confirmation of the image-centric
hypothesis. Reliance on arbitrary hyperparameters
is common as a result, for example in scaling image
weights by coefficients with questionable general-
isability (cf. Liu et al., 2024c).

More fundamentally, this body of work has not
shown that non-image modalities’ attention pat-
terns contribute less to VLM hallucination. This is
a non-trivial omission, as increasing either the ab-
solute magnitude or relative prominence of image
attention weights implies reducing the influence of
the other input modalities. Our targeted causal in-
terventions directly address this gap by rigorously
contrasting the trade-offs entailed by changes to
the attention weights of each modality.

2.2 Role of system attention
Although prior work widely presumes that remov-
ing or redistributing weights from attention sinks
suppresses VLM hallucination (Huang et al., 2024;
Kang et al., 2025), the large attention sinks in the
system modality discussed above have yet to be
strategically exploited for hallucination mitigation.
Instead, the modality as a whole has generally been
dismissed as irrelevant to hallucination (Bi et al.,
2025; Yang et al., 2025) or lumped together with
the textual one (Sarkar et al., 2025). While Liang
and Cai (2026) examine the functions of attention
sinks within the system modality by zero-ablating
their attention weights, the study largely neglects
the potential causal role of such tokens in VLM
hallucination. Our system-mediated interpretation
enables us to directly investigate just this by test-
ing a clear hypothesis: that large system weights
induce hallucination through depriving both the
image and textual modalities of attention.

2.3 The yes-bias in VLMs
Studies on the causes of VLM hallucination have
chiefly evaluated models and interventions on
a combination of yes/no — i.e. binary, mostly
single-token generation — and autoregressive tasks,
e.g. image captioning (Bi et al., 2025; Gong et al.,
2024; Huang et al., 2024; Shu et al., 2025; Liu
et al., 2025a; Zhou et al., 2025; Li et al., 2025).
Although intended to test generalisability, this has
in practice conflated hallucinatory behaviour in dif-
ferent settings and overlooks evidence that yes/no
and autoregressive hallucination may have distinct
underlying causes (Zheng and Zhang 2025, also cf.
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Parcalabescu and Frank 2025).
As a result, the mechanistic causes of the yes-

bias have not been adequately investigated beyond
tentative references to imbalanced training data (Hu
et al., 2023; Liu et al., 2024a; He et al., 2025; Hu
et al., 2025). This neglect is difficult to justify as
the yes-bias crops up in a wide variety of binary
tasks and is specifically targeted by many com-
monly used benchmarks, including POPE (Li et al.,
2023) and HallusionBench (Guan et al., 2024). It
is likewise a missed opportunity to isolate clean
mechanistic signals of hallucination that can be
intervened on. This comes about because yes/no
tasks permit objective evaluation in contrast to au-
toregressive settings, where hallucination-related
signals are more ambiguous (Huang et al., 2024)
and evaluation often relies on less objective meth-
ods such as GPT-as-judge (e.g. Yue et al., 2024;
Ghosh et al., 2025; Liu et al., 2025a).

Collectively, the above makes the case for causal
interventions on a VLM’s text decoder to evaluate
the feasibility of a system-mediated account of the
yes-bias against an image-centric one. The next
section details how we implement these.

3 Causal Intervention Framework

3.1 Disambiguating image-centric and
system-mediated hypotheses

Our causal interventions are designed to differen-
tiate the image-centric and system-mediated hy-
potheses through their effectiveness in suppressing
the yes-bias. To operationalise these two hypothe-
ses, we define a modality to have insufficient at-
tention if increasing attention weights enhances
performance. Conversely, a modality has function-
ally redundant attention if ablating the attention
weights of all its tokens either does not degrade
performance or leads to improvement.

To reiterate, the image-centric hypothesis as-
sumes that hallucination arises mainly from in-
sufficient image attention. This view accordingly
predicts that the yes-bias is best mitigated by in-
creasing attention to the image. In contrast, our
system-mediated hypothesis attributes hallucina-
tion to functionally redundant system attention
weights inducing deficits in both the image and
textual modalities. As such, it predicts that re-
distributing attention from the system modality to
boost attention to the image and/or textual modali-
ties will be most effective.

3.2 Proportional redistribution of attention
weights

As a minimal test of both hypotheses, we design an
intervention to probe the role of each modality in
producing the yes-bias. Specifically, we apply what
we term proportional redistribution to the system
and textual modalities in turn. Each of these serves
as source modalities. From these, we reallocate
all attention weights to the remaining two modali-
ties, the recipient modalities,2 in proportion to the
latter’s original attention weights.

This approach operationalises the predictions
outlined in Section 3.1. If the system-mediated
hypothesis is correct, proportionally redistributing
attention from the system modality towards both
the image and textual modalities should produce
the largest performance gains. Conversely, under
the image-centric hypothesis, proportional redistri-
butions from either the system or textual modali-
ties should yield comparable improvements as both
would increase image attention.

Formally, we let M = system, image, text repre-
sent the set of input modalities. For each modality
m ∈ M, let Ai denote the post-softmax attention
weight assigned to token i ∈ m, aggregated across
heads and decoder query positions within the de-
coder layers we intervene on. The total attention
mass assigned to modality m is then defined as:

αm =
∑

i∈m
Ai, (1)

Further, let s ∈ {system, text} denote the source
modality. The set of recipient modalities is then
defined as R = M\ {s}, comprising the two re-
maining modalities. On this basis, proportional re-
distribution is implemented as a two-step process:
first, zero-ablation of the source modality’s atten-
tion weights (Equation 2) and second, reallocation
of the ablated weights to the recipient modalities
in proportion to their original attention weights
(Equation 3).

α′
s = 0, (2)

α′
r = αr + αs ·

αr∑
r′∈R αr′

, r ∈ R, (3)

2Unlike Yang et al. (2025), we perform redistributions
instead of just rescaling modality-specific weights without
renormalisation for numerical stability.
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4 Main Experiments

4.1 Evaluation set-up

Architectures. Our interventions focus on the text
decoder of LLaVA-1.5 7B (Liu et al., 2023) as it
is widely used in interpretability studies and to
test hallucination-mitigating techniques. Appendix
A.5 reports supplementary results from interven-
tions on additional models from the same family,
LLaVA-NeXT-Vicuna 7B (Liu et al., 2024b) and
LLaVA-1.5 13B. The applicability of our conclu-
sions to Qwen2-VL-Instruct (Team et al., 2024),
which does not belong to the same family, is also
critically evaluated in Appendix A.6.
Scope of interventions. Prior work situates model
components responsible for hallucination in the
later layers of the text decoder (Bai et al., 2024;
Chen et al., 2024b; Wang et al., 2025). Accordingly,
we partition the 32-layer text decoder of LLaVA-
1.5 7B into four quarters, each consisting of eight
attention layers. We refer to these as Q1-4 and fo-
cus on Q4 (layers 25 to 32), taking it to encompass
the decoder’s late layers.3 Appendix A.2 shows
that our focus on Q4 — rather than other model
components — is empirically well founded.
Benchmarks. To investigate the degree of yes-bias
with and without intervention, we perform evalua-
tions on six benchmarks specifically designed for
this purpose (Table 1). Each benchmark consists
of paired prompts that differ minimally from each
other either in their image or in the user query such
that the ground-truth answer is ‘yes’ for one prompt
and ‘no’ for the other. Where this is not already
enforced, we explicitly request yes/no answers in
the user prompts.
Evaluation metrics. We use three complementary
metrics to quantify the yes-bias:

(1) Simple accuracy: Proportion of prompts
answered correctly

(2) Paired accuracy: Proportion of prompt pairs
with both answers correct

(3) Yes-rate: Proportion of ‘yes’ out of the total
number of responses generated, ignoring correct-
ness (cf. Guan et al., 2024)

The difference between the yes-rate and the ac-

3Quartering the model is a compromise as per-head and
layer interventions are computationally infeasible. Given our
still developing understanding of how VLM functions are
spread across decoder layers, segmenting the model this way
is arguably more principled than the customary practice of di-
viding it into early, middle and late segments, each comprising
different numbers of layers (Bi et al., 2025; Neo et al., 2025;
Wang et al., 2025).

tual proportion of ground-truth-yes prompts is our
most direct measure of the yes-bias following Guan
et al. (2024). Simple and paired accuracy quantify
its impact on performance: default ‘yes’ responses
harm simple accuracy and are especially penalised
by paired accuracy given the paired-prompt design
of our benchmarks. Unless otherwise stated, we re-
port only simple accuracy and exclude benchmark-
specific metrics (e.g. Accuracy+ for MME).

4.2 The system-mediated hypothesis is valid
We first apply proportional redistribution of Q4
system and text attention as described in Section
3.2. As a shorthand, we refer to these as Q4 sys-
tem and Q4 text redistribution, respectively. To
verify the need for positing two factors under our
system-mediated account of hallucination (see Sec-
tion 1), we also perform Q4 system ablation. This
removes system attention without redistributing or
renormalising weights across modalities, enabling
us to distinguish the effects of removing system
attention from those of redistributing it to the other
modalities.

We compare these interventions against a no-
intervention baseline, interventions that boost im-
age attention (PAI, Liu et al., 2024c, and Image ×
2.0) and a method that suppresses text attention
like Q4 text redistribution (AD-HH, Yang et al.,
2025). Additional implementation details for these
alternative methods are provided in Appendix A.1.
Results. Compared to image-boosting and text-
suppressing alternatives, Q4 system redistribution
mitigates the yes-bias much more effectively on
our three metrics and in five of our six bench-
marks (Table 2). The severity of this bias is partic-
ularly evident in HallusionBench, SugarCrepe and
Winoground, where the no-intervention baselines
exhibit yes-rates exceeding 90% despite ground-
truth yes proportions being closer to 50%. It is
for these benchmarks that Q4 system redistribution
produces the largest improvements in paired accu-
racy, which more than doubles for Winoground.

Within Q4, these findings confirm the system-
mediated hypothesis’ prediction, i.e. removing sys-
tem weights to boost both image and text attention
effectively reduces the yes-bias. MME exhibits a
different pattern, which we analyse in Section 5.
As a sanity check, Appendix A.4 further presents
evidence that such interventions affect yes/no re-
sponses much more strongly than other types of
generation, justifying our view of the yes-bias as a
distinct form of VLM hallucination.
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Benchmark Purpose No. of prompts

BEAF (Moon et al., 2024) Adversarial object detection (objects digitally edited out) 26,000
HallusionBench (Guan et al., 2024) Various (e.g. optical illusions, OCR, reasoning) 951
MME (Fu et al., 2025) Various, with emphasis on knowledge extraction 2,374
NaturalBench (Li et al., 2024) Verification of the same captions against minimally different

images
5,800 (yes/no sub-
set)

SugarCrepe (Hsieh et al., 2023) Verification of minimally different captions against the same
image

1,820 (subset)

Winoground (Thrush et al., 2022) Verification of captions only differing in word order against
images

5,664

Table 1: Overview of the six yes/no paired-prompt vision-language benchmarks used in this study.

Likewise, Q4 system ablation clearly indicates
the necessity of such a two-factor account of hallu-
cination. Without also increasing both image and
text attention, removing system attention fails to
bring about substantially better performance, yield-
ing only negligible improvements (again Table 2).
In sum, these results affirm the empirical sound-
ness of our system-mediated hypothesis as opera-
tionalised in our set-up.

4.3 The image-centric hypothesis is
insufficient

To more cleanly evaluate the predictions of both
hypotheses as set out in Section 3.1, we next ex-
amine the relative impact of selectively boosting
image versus text attention. For this purpose, we
perform pairwise redistributions that transfer re-
moved weights in Q4 to only one recipient modal-
ity rather than splitting them between two. This
yields transfers in both directions between the sys-
tem and image, system and text, and image and text
modalities. Based on the account above, the image-
centric hypothesis predicts that image-boosting
transfers (system-to-image and text-to-image) will
suppress the yes-bias more effectively than text-
boosting ones (here, system-to-text). The system-
mediated hypothesis, by contrast, predicts system-
suppressing transfers (system-to-image and system-
to-text) will be superior to image-boosting ones
(text-to-image).
Results. Overall, the greatest improvements in all
three metrics are obtained with system-to-text trans-
fers, followed by the system-to-image and text-to-
image settings. Table 3 illustrates that for Hallu-
sionBench. The pattern generalises to the remain-
ing benchmarks (Table 4), again with MME as
the only exception (Table 5). With system-to-text
transfers outperforming both image-boosting inter-
ventions, the prediction of our system-mediated
hypothesis is validated. At the same time, the gains

brought about by boosting text attention show a
strong formulation of the image-centric hypothesis
— that the image modality is the only one with an
attention deficit — to be untenable in our set-up.

Collectively, these findings imply a substantial
attention imbalance in Q4, characterised by redun-
dant attention allocated to system tokens and insuf-
ficient attention directed towards both image and
text tokens, rather than image tokens alone.

5 Error Analysis

5.1 Distinguishing coarse- from fine-grained
tasks

Having shown that Q4 system-mediated attention
imbalances are major contributors to the yes-bias,
we now examine why redistributing this attention
yields gains in all our paired-prompt benchmarks
except MME. We start with two critical clues: one,
Q4 system redistribution suppresses the yes-rate
across all benchmarks — it is only in MME that
this fails to translate into performance gains; two,
Q4 system ablation does not suppress the yes-rate
despite removing system attention (Table 2).

A salient commonality of our non-MME bench-
marks is that they explicitly require compositional
analysis of multimodal inputs to distinguish be-
tween minimally different prompt pairs (see Ta-
ble 1). In other words, these tasks prioritise fine-
grained, local detail, and systematically penalise
reliance on high-level representations of inputs.

By contrast, MME instantiates a class of tasks
where such representations are often appropriate.
Many MME prompts involve verifying if images
depict specific types of artwork, landmarks, films,
or scenes. This arguably requires matching high-
level representations of known referents across
modalities more than local visual detail.

To show the relevance of this distinction, we
introduce a seventh benchmark, POPE (Li et al.,
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Benchmark
(% prompts
with ground-
truth yes)

Metric PAI Image×
2.0

AD-HH Q4 text
redistr
(prop)

Q4 sys-
tem abl

Q4 sys-
tem
redistr
(prop)

No-
intervention
baseline

BEAF
(34.11% yes)

Simple acc⇑
83.01
(–0.87)

85.73
(+2.38)

83.67
(-0.08)

85.55
(+2.16)

84.44
(–3.76)

88.40
(+5.56) 83.74

Paired acc⇑
77.72
(–1.14)

81.01
(+3.04)

78.51
(–0.14)

80.75
(+2.71)

79.45
(+1.05)

84.74
(+7.78) 78.62

Yes-rate∆↓ 45.73
(+34.07)

41.55
(+21.81)

44.74
(+31.16)

41.68
(+22.19)

43.58
(+27.77)

32.62
(–4.37)

44.69
(+31.02)

HallusionBench
(42.17% yes)

Simple acc⇑
45.64
(0.00)

45.95
(+0.68)

45.22
(–0.92)

46.58
(+2.06)

45.74
(+0.22)

53.31
(+16.81) 45.64

Paired acc⇑
9.53
(–2.46)

10.00
(+2.35)

9.30
(–4.81)

9.77
(0.00)

10.00
(+2.35)

19.07
(+95.19) 9.77

Yes-rate∆↓ 90.22
(+113.94)

88.22
(+109.20)

90.43
(+114.44)

84.23
(+99.74)

89.27
(+111.70)

59.62
(+41.38)

89.80
(+112.95)

MME
(50.00% yes)

Simple acc⇑
78.73
(–0.32)

78.35
(–0.80)

78.73
(–0.32)

78.26
(–0.92)

78.90
(–0.11)

72.83
(–8.44) 78.98

Paired acc⇑
30.77
(0.00)

30.77
(0.00)

29.23
(–5.00)

29.23
(–5.00)

30.00
(–2.50)

21.54
(–30.00) 30.77

Yes-rate∆↓ 42.62
(-14.76)

40.14
(–19.72)

42.88
(-14.24)

41.07
(–17.86)

41.20
(–17.61)

28.98
(–42.04)

42.29
(-15.42)

NaturalBench
(50.00% yes)

Simple acc⇑
59.97
(–0.42)

61.28
(+1.76)

59.79
(–0.71)

62.17
(+3.24)

60.97
(+1.24)

66.02
(+9.63) 60.22

Paired acc⇑
21.10
(–2.09)

23.72
(+10.07)

20.66
(–4.13)

25.52
(+18.42)

23.00
(+6.73)

34.59
(+60.51) 21.55

Yes-rate∆↓ 86.03
(+72.06)

83.83
(+67.66)

86.34
(+72.68)

82.07
(+64.14)

84.55
(+69.10)

66.67
(+33.34)

85.67
(+71.34)

SugarCrepe
(50.00% yes)

Simple acc⇑
57.47
(–0.10)

58.18
(+1.13)

57.14
(–0.68)

58.79
(+2.19)

57.97
(+0.76)

62.75
(+9.07) 57.53

Paired acc⇑
15.05
(–0.73)

16.37
(+7.98)

14.40
(–5.01)

17.58
(+15.96)

16.04
(+5.83)

25.93
(+71.04) 15.16

Yes-rate∆↓ 91.98
(+83.96)

91.37
(+82.74)

92.53
(+85.06)

90.66
(+81.32)

91.59
(+83.19)

85.71
(+71.42)

92.03
(+84.06)

Winoground
(50.00% yes)

Simple acc⇑
53.50
(+0.22)

53.69
(+0.58)

53.06
(–0.60)

55.00
(+3.03)

53.56
(+0.34)

57.88
(+8.43) 53.38

Paired acc⇑
7.63
(+3.39)

8.85
(+19.92)

6.63
(–10.16)

12.00
(+62.60)

8.13
(+10.09)

19.50
(+164.23) 7.38

Yes-rate∆↓ 95.25
(+90.5)

94.56
(+89.12)

95.94
(+91.88)

92.00
(+84.00)

94.81
(+89.63)

75.38
(+50.76)

95.38
(+90.76)

Table 2: A comparison of different interventions on simple accuracy, paired accuracy and yes-rate across six
paired-prompt benchmarks. Best results for each metric are in bold. Our simple redistribution of system attention
weights (Q4 system redistr (prop)) consistently outperforms the image and text-based alternatives by a sizeable
margin on all three metrics in five of the six benchmarks. Moreover, simply removing Q4 system attention without
proportional redistribution (Q4 system ablation) does not bring about the sharp improvements in performance
that Q4 system redistribution does. For simple and paired accuracy, percentage (not percentage-point) differences
relative to the no-intervention baseline are shown in brackets. The differences for yes-rate are with reference to the
actual proportion of prompts with ground truth ‘yes, shown bracketed in the Benchmark column — the best yes-rate
is the one that deviates least from that ground-truth value.
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Source
Recipient

Simple acc⇑ Paired acc⇑ Yes-rate∆↓ (ground truth 42.17%)
System Image Text System Image Text System Image Text

System 45.64 51.52
(+12.88)

58.04
(+27.17) 9.77 15.12

(+54.76)
23.26

(+138.08)
89.80

(+112.95)
65.82

(+56.08)
39.12

(–7.23)

Image 45.43
(–0.46) 45.64 45.53

(–0.24)
9.30

(–4.81) 9.77 9.53
(–2.46)

88.75
(+110.46)

89.80
(+112.95)

89.7
(+112.71)

Text 46.69
(+2.30)

47.21
(+3.44) 45.64 10.00

(+2.35)
10.23

(+4.71) 9.77 84.12
(+99.48)

83.39
(+97.75)

89.80
(+112.95)

Table 3: Changes in performance in HallusionBench under pairwise attention-weight transfers between all combina-
tions of source and recipient modalities in Q4 of LLaVA-1.5 7B. System-to-text transfers consistently yield the
biggest improvements in performance, followed by system-to-image transfers. Performance is measured in simple
and paired accuracy alongside yes-rate, with percentage differences from the no-intervention baseline (simple/
paired accuracy) or the ground truth (yes-rate) indicated in brackets. The best score for each metric is bolded, the
second best underlined and baseline configurations are marked by shading.

Source
Recipient

BEAF NaturalBench (yes/no) SugarCrepe Winoground
System Image Text System Image Text System Image Text System Image Text

System 82.38 88.06 88.08 60.22 65.59 67.50 57.53 62.47 64.95 53.38 57.19 58.44

Image 84.17 82.38 83.71 60.60 60.22 60.10 57.74 57.53 57.53 53.63 53.38 53.31

Text 85.56 85.76 82.38 62.10 62.47 60.22 58.79 58.96 57.53 55.06 54.88 53.38

Table 4: Changes in simple accuracy in BEAF, NaturalBench (yes/no), SugarCrepe, and Winoground under pairwise
attention-weight transfers between all combinations of source and recipient modalities in Q4 of LLaVA-1.5 7B.
System-to-text transfers consistently yield the biggest improvements in performance, followed by system-to-image
transfers. The best score is bolded, the second best underlined and baseline configurations are marked by shading.

Source
Recipient

MME
System Image Text

System 78.98 66.39 61.25

Image 78.85 78.98 78.48

Text 78.22 78.18 78.98

Table 5: Changes in simple accuracy in MME under
pairwise attention-weight transfers between all combina-
tions of source and recipient modalities in Q4 of LLaVA-
1.5 7B. Exactly contrary to the other benchmarks, the
system-to-text transfer consistently yields the worst per-
formance, followed by the system-to-image transfer.

2023). POPE is a balanced yes/no task that re-
quires models to verify if an object is in an image.
It comprises three splits, differing in how absent
objects are selected. Q4 system redistribution im-
proves performance only in the adversarial split,
while degrading it in the other two despite identical
ground-truth yes-rates throughout (Table 6).

Crucially, POPE’s adversarial split resembles the
non-MME benchmarks in that correct responses
hinge on identifying subtle differences in objects

present, hence necessitating fine-grained scrutiny
of visual inputs. Here, absent objects are selected
to be related to the scene in the image, making re-
liance on high-level visual representations actively
misleading. The other two splits, on the other hand,
do not penalise such reliance as harshly, as ab-
sent objects are chosen either randomly or by their
dataset frequency. Example prompts from represen-
tative benchmarks are included in Appendix A.3.

5.2 Late-layer system attention and
cross-modal aggregation

This pattern motivates a unified interpretation of
the seven benchmarks: system-mediated attention
imbalances in the baseline model encourage the
reliance on coarse, aggregated representations of
its inputs as a learnt default. This reliance reflects
attention allocation patterns learnt during training
that are helpful for tasks where fine-grained analy-
sis is not crucial, but detrimental where it is.

Mirroring the two factors under our system-
mediated hypothesis, we submit that this reliance
arises through a dual mechanism. First, attention
sinks such as the <BOS> token in the system modal-
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POPE split Metric PAI Image×2.0 AD-HH Q4 text
(prop)

Q4 system
(prop)

No-
intervention
baseline

Overall
(50.00% yes)

Simple acc⇑
86.56
(–0.35)

87.67
(+0.92)

86.77
(–0.12)

87.56
(+0.79)

87.20
(+0.38) 86.87

Yes-rate∆↓ 54.00
(+8.00)

50.53
(+1.06)

53.19
(+6.38)

50.71
(+1.42)

43.49
(–13.02)

53.22
(+6.44)

Adversarial
(50.00% yes)

Simple acc⇑
81.73
(–0.61)

83.67
(+1.75)

82.03
(–0.24)

83.43
(+1.45)

85.10
(+3.49) 82.23

Yes-rate∆↓ 58.87
(+17.74)

54.53
(+9.06)

57.97
(+15.94)

54.83
(+9.66)

45.50
(–9.00)

57.90
(+15.80)

Popular
(50.00% yes)

Simple acc⇑
87.50
(–0.53)

88.60
(+0.72)

87.83
(–0.16)

88.47
(+0.57)

87.80
(–0.19) 87.97

Yes-rate∆↓ 53.03
(+6.06)

49.60
(–0.80)

52.10
(+4.20)

49.80
(–0.40)

42.93
(–14.14)

52.10
(+4.20)

Random
(50.00% yes)

Simple acc⇑
90.43
(+0.03)

90.73
(+0.37)

90.43
(+0.03)

90.77
(+0.41)

88.70
(–1.88) 90.40

Yes-rate∆↓ 50.10
(+0.20)

47.47
(–5.06)

49.50
(–1.00)

47.50
(–5.00)

42.03
(–15.94)

49.67
(-0.66)

Table 6: Shifts in simple accuracy and yes-rate for each split of POPE (MSCOCO) under different interventions.
Q4 system redistribution only benefits performance in the adversarial split, while harming it in the two others.
Paired accuracy does not apply to this benchmark because while balanced, prompts are not explicitly grouped into
positive/negative pairs.

ity encourage the coarse, cross-modal aggregation
of information (Barbero et al., 2025). Second, im-
age and text attention deficits hinder the extraction
of fine-grained information from the inputs (Bi
et al., 2025; Wang et al., 2025). When coarse, ag-
gregated representations dominate, responses rely
chiefly on high-level information; where this does
not suffice for an adequate response, the model falls
back on a second default behaviour, the yes-bias
(Hu et al., 2023; Liu et al., 2024a; Hu et al., 2025).

Such an interpretation provides a principled ex-
planation for the performance differences between
Q4 system ablation and redistribution. As it only
addresses aggregation by removing system atten-
tion, Q4 system ablation falls short of increas-
ing the use of fine-grained multimodal informa-
tion, thereby failing to disable the default yes-bias.
Q4 system redistribution, on the other hand, both
reduces cross-modal aggregation and facilitates
access to finer-grained image and text informa-
tion. Provided with information helpful in compo-
sitional tasks, the model relies less on default-yes
responses, thus suppressing the yes-bias.

5.3 Behavioural evidence

LLaVA-1.5 7B’s yes-rates support linking coarse
representations to default model behaviour. Tasks
focussing on such representations exhibit markedly

smaller disparities between no-intervention yes-
rates and the ground truth than compositional tasks.
For MME, this disparity is only 15.42%, compared
to gaps ranging from 31.02% to 112.95% for the
remaining benchmarks (Table 2). A similar pattern
holds among the three POPE splits, where the ad-
versarial split exhibits a 15.80% disparity, in stark
contrast to 4.20% and 0.66% respectively for the
other two splits (Table 6). Consequently, it is pre-
cisely the tasks least aligned with default behaviour
that benefit from intervention.

5.4 Representational evidence

There is likewise mechanistic evidence more di-
rectly in favour of our account. If indeed late-layer
system attention encourages cross-modal aggre-
gation of representations — i.e. representations
that are coarser-grained and more global, we pre-
dict that the presence of this attention would make
image and text representations more similar. By
implication, removing this attention should make
them less similar.

Confirming our predictions, redistributing sys-
tem attention significantly lowers image-text cosine
similarity in late decoder layers across our bench-
marks. Using a paired t-test and Wilcoxon sign-
rank test, we consistently obtain Holm-corrected
p-values of less than 0.001 as shown in Table 7.
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Dataset No. (layers
× prompts)

Mean cos sim
(no interven-
tion)

Mean cos sim
(Q4 redistri-
bution)

Paired t-
stat

Holm p (t-
test)

Wilcoxon
stat

Holm p
(Wilcoxon)

BEAF 182,448 0.139 0.100 762.154 < 0.001 271,170,836.5 < 0.001
HallusionBench 6,657 0.127 0.087 129.159 < 0.001 593,527.5 < 0.001
MME 16,618 0.136 0.090 187.214 < 0.001 4,711,829.5 < 0.001
POPE 63,000 0.139 0.095 454.681 < 0.001 30,506,750 < 0.001
NaturalBench 46,400 0.135 0.092 391.512 < 0.001 27,924,061 < 0.001
SugarCrepe 790,622 0.136 0.092 1634.860 < 0.001 4,407,350,131 < 0.001
Winoground 11,200 0.137 0.090 198.562 < 0.001 740,974 < 0.001

Table 7: Redistributing late-layer (Q4) system attention brings about a clearly lower image-text cosine similarity in
the layers affected by intervention. This is shown by the similarity values under intervention (Mean cos sim (Q4
redistribution)) being significantly lower than those without intervention (Mean cos sim (no intervention)) for all
seven datasets covered here. All p-values obtained are consistently under 0.001. For each dataset and condition
(with or without intervention), cosine similarity values are averaged across Q4 layers and prompts within that
dataset.

Layers without intervention show no change.
Both these lines of evidence underscore the close

association between system-mediated attention im-
balances and the yes-bias. An image-centric ac-
count, by contrast, fails to predict the specific fail-
ure modes of system-based interventions.

6 Conclusion

Above, we investigated the yes-bias, a widespread
form of VLM hallucination, and showed that at-
tributing it solely to insufficient image attention is
empirically inadequate. Our causal interventions
on LLaVA-1.5 7B revealed that redundant system
attention in late decoder layers drives imbalances
that harm both image and text processing, possibly
by promoting reliance on coarse input representa-
tions. Redistributing this system attention substan-
tially reduces the yes-bias, outperforming existing
image- and text-oriented mitigation strategies for
compositional tasks.

Building on this, future work should explore
the implications of our findings for autoregressive
hallucination, complementing recent work relat-
ing VLM answers to their explanations (Parcal-
abescu and Frank, 2025). It would be especially
instructive to apply holistic causal interventions,
similar to what we used, to other manifestations of
VLM hallucination in order to make out whether
hallucination-inducing attention imbalances share
any commonalities. Further, given the robust im-
provements system-to-text redistributions yielded
in our set-up, the prospect of redundant system
attention driving the yes-bias in text-only LLMs
should also be investigated.

Limitations

Our work focusses on LLaVA-based architectures,
chosen for their widespread use in interpretability
studies. We also restrict our scope to single-token
generation in yes/no contexts. The generality of
our system-mediated account should therefore be
tested on a broader variety of VLM families and
in a wider range of settings. The latter ought to
cover other types of default single-token responses
in multiple-choice and counting tasks for instance
(cf. Li et al., 2024; Sim et al., 2025), as well as
autoregressive generation.

Next, our interventions mostly employ zero-
ablation with complete redistribution to avoid ar-
bitrary assumptions about how much attention to
transfer between modalities. This has prevented
us from methodically exploring the effects of par-
tial redistributions, to investigate for example how
monotonic their impacts on performance are. We
likewise concentrate on the quarter level owing to
computational constraints, precluding a per-layer
study analogous to Shi et al. (2025).

Finally, our claims regarding representation-
level mechanisms should be further validated
through directly probing a model’s internal states,
e.g. to quantify whether tasks we claim to be more
closely aligned with its default state induce less un-
certainty than those less well aligned. This would
supplement the behavioural and representational
evidence we adduced above.
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A Appendix

A.1 Baseline methods used in Q4 proportional
redistribution

As stated in Section 4, we include two methods that
boost image attention and one that suppresses text
attention:

Image-boosting:

• PAI (Liu et al., 2024c) scales image weights
by 1.5 before softmax, then ensures the output
logits are sufficiently distinct from those of
a unimodal model without access to image
inputs. It targets all decoder heads by default.
We use a reimplementation of the original al-
gorithm, with the recommended settings of
α = 0.5 and γ = 1.1.

• Image × 2.0 is an ad-hoc intervention on the
decoder attention heads identified by Yang
et al. (2025) to contribute most to object hal-
lucination in the MSCOCO (Lin et al., 2014)
image captioning task: their ‘MSCOCO hal-
lucination heads’. It simply scales image at-
tention on each by 2.0.

Text-suppressing:

• AD-HH (Yang et al., 2025) similarly targets
Yang et al.’s (2025) MSCOCO hallucination
heads. Following the recommended settings,
text attention is zeroed out on a head if it ex-
ceeds 40% of the total weights post softmax.

A.2 The yes-bias is a late-layer phenomenon

This section provides empirical justification for our
focus on Q4. We first rule out the presence of
any substantial attention imbalances at the global
(i.e. whole-model) level and subsequently in Q1-3
(i.e. layers 1 to 24) of LLaVA-1.5 7B’s text decoder.

A.2.1 Global redistributions
To assess whether the yes-bias arises from global
attention imbalances as a cause of the yes-bias, we
perform both pairwise and proportional redistribu-
tions of attention weights at the global level, in-
tervening simultaneously across all decoder heads.
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Unlike the 100% redistributions employed in ear-
lier experiments, we adopt graduated transfers that
reallocate 10%, 20% and 30% of the source modal-
ity’s attention weights respectively. This is because
fine-tuning showed that transferring more than 30%
of weights from the source modality across all de-
coder heads tended to lead to a collapse of model
functionality.

Overall, these global interventions predomi-
nantly degrade performance. In the few cases
where performance does not deteriorate, the ob-
served improvements are marginal and substan-
tially smaller than those achieved through the Q4
interventions introduced in Sections 3 and 4. This
suggests that global attention imbalances are nei-
ther robust nor the primary driver of the yes-bias,
thereby supporting the localised intervention strat-
egy adopted in this work. Where proportional re-
distributions of attention weights are concerned,
Figure 1 shows these to be mostly harmful regard-
less of the source and recipient modalities involved
and not lead to consistent gains. Figure 2 tells a
similar story for proportional redistributions in the
case of the SugarCrepe benchmark. The remain-
ing plots and metrics beyond simple accuracy are
not shown for space considerations, >100 interven-
tions having been performed here. However, the
observed trends are consistent across our bench-
marks and evaluation metrics, also extending to the
pairwise setting.

These results justify our local approach to in-
terventions, emphasising redistributions performed
at the quarter level rather than across all decoder
heads.

A.2.2 Per-quarter redistributions
To verify that Q4 is indeed where the largest atten-
tion imbalances are found, we carried out pairwise
and proportional redistribution of attention weights
between all possible combinations of modalities in
Q1-3 in turn. As in prior quarter-level experiments,
these interventions involve redistributing 100% of
the attention weights from the source modality. In
terms of proportional redistribution, Figure 3 shows
that across all six benchmarks, interventions in Q1
and Q2 are consistently detrimental, regardless of
the source or target modality. These trends hold
even for MME, the one benchmark that Q4 system
redistribution failed to yield enhanced performance
for. Interventions in Q3 similarly fail to yield con-
sistent improvements.

Accuracy gains are almost exclusively concen-

trated in Q4 (layers 25-32), implicating the system
modality most of all but to a much smaller extent
also the textual one. This indicates that the earlier
portions of the decoder do not contain stable reser-
voirs of modality-specific redundant attention that
can be reallocated for performance gains compara-
ble to those achieved in Q4.

Unexpectedly by our assumption that there is
insufficient image attention in Q4, redistributing
image weights in that quarter does not make a sub-
stantial difference to performance. At first glance,
this appears to confirm observations by Shu et al.
(2025) and Bi et al. (2025) that image attention in
the later decoder layers may be largely redundant.
What is problematic about such an account is that
boosting image attention by redistributing system
and text attention in Q4 benefits performance, sug-
gesting that there may be more subtle deficits in
image attention there after all.

Now turning to pairwise redistributions of
weights, Figure 4 shows that gains through these
interventions are similarly almost exclusively con-
centrated in Q4. While only results for SugarCrepe
are reported, the same trends obtain across our
other paired-prompt benchmarks.

A.3 Example prompts

In this appendix, we present example prompts from
MME (Table 8), the three splits of POPE (Table
9) and the remaining paired-prompt benchmarks
(Table 12) to illustrate the contrast between MME
and the adversarial POPE split on the one hand
and the rest of the benchmarks on the other, as
described in Section 5.

A.4 Yes/no vs other responses

Here, we put forth additional evidence for a causal
relationship between the yes-bias and redundant
late-layer system attention. This is important in
practical terms because it suggests that the yes-bias
can be mitigated by targeting one clearly defined
underlying factor.

To this end, we adduce two further sets of
prompts to demonstrate that Q4 system redistri-
bution most strongly impacts on yes/no responses.
Other types of response, on the other hand, do not
exhibit the same changes under intervention.
NaturalBench (A/B prompts). The first set of
prompts is the A/B subset of the NaturalBench
dataset. NaturalBench comprises two types of
binary-choice prompt, the first yes/no — covered

38970



Figure 1: Percentage shift in simple accuracy against percentage of attention weights from each source modality
proportionally redistributed to the remaining modalities across all decoder heads (i.e. globally), for all six paired-
prompt benchmarks in our evaluation suite. We observe that the majority of these interventions are harmful and
gains are not consistent across benchmarks. Despite not exhibiting the same types of gains elsewhere, MME patterns
with the rest of the benchmarks as far as the harmfulness of global interventions is concerned.

in the main body (see Table 1) — and the second
A/B.

Despite both involving binary choice, Q4 system
redistribution only exerts a markedly beneficial ef-
fect on the former (+60.51% paired accuracy, Table
10). For A/B prompts, on the other hand, the in-
tervention only marginally improves performance
(+1.01%). This strongly indicates that the mecha-
nism described in this study, redundant late-layer
system attention, is highly specific to yes-bias hal-
lucination.

Whoops!. Our second set of prompts is based on the
Whoops! benchmark (Bitton-Guetta et al., 2023)
and designed to simultaneously elicit both yes/no
and open-ended responses.

The Whoops! benchmark comprises AI-
generated images that violate common sense.
Accordingly, one of the benchmark’s chief
purposes is to test whether LLMs are able to
detect that. To evaluate to what extent Q4 system
redistribution exerts the same effect on yes/no
responses on the one hand and autoregressively
generated ones on the other, for each image in
this benchmark we elicited: i) a yes/ no response
(‘Does this image depict a normal scene?’) and
ii) an open-ended explanation for the response,
mirroring the methodology used by Parcalabescu
and Frank (2025) (see Section 6).

This reveals cases where Q4 system redistribu-
tion changed the response from ‘yes’ to ‘no’ but
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Figure 2: Global (i.e. applied across all decoder heads) graduated pairwise redistributions of attention weights
between all possible combinations of source and recipient modalities in SugarCrepe show whole-model interventions
to mostly harm performance. These soft-touch interventions redistribute 10%, 20% and 30% of weights from source
to recipient at a time. The same trend is reflected across all six benchmarks studied here, but results are not shown
owing to space constraints.

not the semantics of the explanation. An example
is shown in Table 11, involving an image of straw-
berries on a pizza. In this case, although Q4 system
redistribution changed the response from ‘yes’ to
‘no’, the explanation given for the response in both
cases described the image using terms such as ’not
typical’ and ’unconventional’.

This buttresses our argument that removing re-
dundant late-layer system attention could poten-
tially serve as a targeted means of mitigating the
yes-bias.

A.5 Results for other LLaVA architectures

To examine how system-mediated attention imbal-
ances are affected by differences in training regime
and model scale, we perform interventions on two
architectures closely related to LLaVA-1.5 7B:

• LLaVA-NeXT-(Vicuna-)7B. Results are pre-
sented in Tables 13 to 15. All benchmarks
used for the main experiments on LLaVA-1.5
7B are included, but a subset of BEAF con-
taining approx. 50% of the original number of
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Figure 3: Percentage shift in simple accuracy against percentage of attention weights from each source modality
proportionally redistributed to the remaining modalities per quarter, for all six paired-prompt benchmarks in our
evaluation suite. These plots demonstrate that for five of our six benchmarks, proportional redistribution of system
attention in Q4 yields the largest gains. MME is the sole exception to this pattern.

samples (14,024) needed to be used instead
of the full benchmark due to memory issues.
Follow-up experiments show our baseline ar-
chitecture LLaVA-1.5 7B to exhibit the analo-
gous shifts in performance with and without
intervention on this subset.

• LLaVA-1.5 13B. Results are contained in Ta-
bles 16 and 17. BEAF is not included be-
cause of memory issues analogous to those
for LLaVA-NeXT.

These two architectures share LLaVA-1.5 7B’s
Vicuna decoder but each differ from it in one of
two aspects — LLaVA-NeXT(-Vicuna)-7B with
substantially improved fine-tuning, and LLaVA-1.5
13B, which differs in scale. This reveals system-

mediated attention imbalances to behave consis-
tently across training regimes but vary more with
scale.

LLaVA-NeXT 7B’s improvements include more
effective curation of datasets and also higher in-
put image resolution to enhance its multimodal
question-answering and reasoning capabilities (Liu
et al., 2024b). Despite these, Tables 13, 14 and
15 show that redistributing Q4 system attention
both proportionally and in a pairwise fashion yields
qualitatively similar suppression of yes-bias across
most benchmarks. These findings indicate on the
whole that late-layer system-mediated attention
imbalances are not meaningfully reduced by im-
proved image processing or training alone. Subtle
differences from LLaVA-1.5 7B, most notably in
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Figure 4: Per-quarter 100% pairwise redistributions of attention weights between all possible combinations of
source and recipient modalities in SugarCrepe show whole-model interventions to mostly harm performance. The
same trend is reflected across all six benchmarks studied here, but results are not shown owing to space constraints.

system-to-text and system-to-image transfers be-
ing better matched in their performance, suggest
that these improvements partly address image atten-
tion deficits, but without resolving the underlying
redundant system attention.

Scale appears to have a larger impact on atten-
tion imbalances. Despite lacking LLaVA-NeXT’s
enhancements, LLaVA-1.5 13B achieves stronger
baseline performance in most benchmarks, surpass-
ing even the best interventions on both 7B models
(Table 16). In this regime, Q4 system redistribu-
tion no longer produces consistent gains and can
in many cases worsen the yes-bias. Nonetheless,

targeted system-to-image and system-to-text redis-
tributions still yield approx. 9-20% improvements
in simple accuracy in HallusionBench and Sugar-
Crepe respectively (Table 17). This indicates that
system-mediated attention imbalances remain po-
tentially useful levers against hallucination at larger
scales, but assume different characteristics which
warrant further investigation.

A.6 Results for Qwen2-VL-7B-Instruct

For the purposes of cross-architectural comparison,
the Qwen family of models is especially interest-
ing because Luo et al. (2026) note Qwen2.5-VL-
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Category Image Positive prompt Negative prompt

Artwork Does this artwork exist in the form of
painting? Please answer yes or no.

Does this artwork exist in the form of
sculpture? Please answer yes or no.

Landmark Is this a photo of De Bataaf, Winter-
swijk? Please answer yes or no.

Is this a photo of Porte Guillaume-
Lion? Please answer yes or no.

Posters
Is this movie originated from the coun-
try or region of usa? Please answer yes
or no.

Is this movie originated from the coun-
try or region of uk? Please answer yes
or no.

Scene Does this image describe a place of
stable? Please answer yes or no.

Does this image describe a place of
junkyard? Please answer yes or no.

Table 8: Example prompts from MME, which may permit reliance on high-level, global cross-modal representations.
Positive prompts refer to those with ground truth ‘yes’ and negative to those with ground truth ‘no’.

Instruct to not be very receptive to training-free
interventions of the kind used in this study. We
speculate that that may be due to, among various
other factors, Qwen’s joint training of the image
encoder and text decoder leading to more efficient
allocation of attention weights in the text decoder
as compared to LLaVA-family architectures with-
out joint training (Team et al., 2024).

Indeed, as shown in Table 18, Q4 system redis-
tribution only benefits performance negligibly in
Qwen2-VL-7B-Instruct, never by more than 0.5%.
Only simple accuracy is reported.

Nonetheless, as the same table shows, the results
broadly agree with our findings for LLaVA-1.5 7B,

providing this study’s core arguments with com-
pelling support across model families:

1. Proportional Q4 system redistribution, an op-
erationalisation of the system-mediated hy-
pothesis, is consistently more beneficial than
Q4 text-to-image redistribution, which repre-
sents the image-centric hypothesis (see Sec-
tions 1 and 4.3)

2. Q4 system redistribution brings about a dip in
performance for MME but not for the other
datasets

The first point crucially demonstrates that our
system-mediated account is superior to the prevail-
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Category Image Positive prompts Negative prompt

Adversarial

Is there a {chair/ person/ dining table} in
the image? Answer only ‘yes’ or ‘no’.

Is there a couch in the image? Answer
only ‘yes’ or ‘no’.

Popular Is there a car in the image? Answer only
‘yes’ or ‘no’.

Random Is there an airplane in the image? Answer
only ‘yes’ or ‘no’.

Table 9: Example prompts from POPE demonstrating different sampling strategies.

NaturalBench Yes/no prompts A/B prompts

Q4 system redistr
(prop)

No-intervention
baseline

Q4 system redistr
(prop)

No-intervention
baseline

Simple acc⇑ 66.02 (+9.63) 60.22 69.33 (+0.57) 68.94
Paired acc⇑ 34.59 (+60.51) 21.55 41.46 (+1.05) 39.49

Table 10: Compared against the no-intervention baseline, Q4 system redistribution improves performance by a
much larger margin in yes/no prompts as compared to A/B prompts. This is despite both involving binary choice,
and especially visible in the paired accuracy metric.

Prompt Image Q4 system redistr (prop) No-intervention baseline

Does this im-
age show a nor-
mal scene? Ex-
plain.

No, this image does not show a nor-
mal scene. The image shows a pizza
with a unique and unusual topping: a
large, fresh, and freshly-picked straw-
berry. This is not a typical topping
for a pizza, as it is more commonly
topped with various types of cheese,
meats, and other typical toppings. The
image is a close-up of the pizza, which
is placed on a table, and the focus is on
the unique and unusual topping.

Yes, this image shows a normal scene.
It features a pizza with strawberries
as toppings, placed on a wooden ta-
ble. The pizza is cut into slices, and
the strawberries are scattered on top
of the cheese. This combination of in-
gredients is not typical for a traditional
pizza, but it is an example of a cre-
ative and unique pizza topping. The
image captures a moment where some-
one has prepared and served this un-
conventional pizza, making it a part of
a regular meal or gathering.

Table 11: Example prompt from the Whoops! benchmark illustrating how Q4 system redistribution causes
LLaVA-1.5 7B to respond ‘no’ instead of ‘yes’ to the same prompt, while the explanation for the response remains
semantically identical under both settings.

ing image-centric alternative for both the LLaVA-
family models tested and Qwen2-VL-7B-Instruct.

The second point lends credence to our hypothe-
sis in Section 5 that the presence of late-layer sys-
tem attention encourages the use of coarse-grained
aggregated input representations, benefiting tasks
such as MME. Performance in this benchmark
is therefore harmed when this attention is redis-
tributed, albeit by a much smaller margin where
Qwen2-VL-Instruct is concerned, potentially for
the reasons mentioned at the start of this appendix.
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Benchmark Category Image Positive prompt Negative prompt

HallusionBench
Chart

According to the chart,
does India have the sec-
ond largest population in
the world?

According to the chart,
does UK have the largest
population in the world,
followed by China and
USA?

Chart

According to the chart,
does UK have the largest
population in the world,
followed by China and
USA?

According to the chart,
does India have the sec-
ond largest population in
the world?

SugarCrepe
Add attribute Two zebras are battling

each other on hind legs.

Two striped-and-spotted
zebras are battling each
other on hind legs.

Add object A nicely decorated living
room and dining area.

A nicely decorated living
room with a bookshelf
and dining area.

Table 12: Examples from HallusionBench and SugarCrepe requiring fine-grained multimodal discrimination. Here,
the correct answer hinges on minimal differences in user prompts or the image input.
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Benchmark (% prompts with
ground-truth yes)

Metric Q4 system redistr
(prop)

No-intervention
baseline

BEAF (sample)
(33.71% yes)

Simple acc⇑ 90.67 (+0.82) 89.93
Paired acc⇑ 87.72 (+1.07) 86.79
Yes-rate∆↓ 31.50 (–6.55) 35.34 (+4.83)

HallusionBench
(42.17% yes)

Simple acc⇑ 52.89 (+11.04) 47.63
Paired acc⇑ 16.74 (+35.85) 12.33
Yes-rate∆↓ 61.51 (+45.87) 87.17 (+106.71)

MME
(50.00% yes)

Simple acc⇑ 40.61 (–46.36) 75.70
Paired acc⇑ 0.77 (–95.00) 15.38
Yes-rate∆↓ 20.56 (–58.89) 56.44 (+12.89)

NaturalBench
(50.00% yes)

Simple acc⇑ 67.81 (+4.05) 65.17
Paired acc⇑ 37.86 (+19.22) 31.76
Yes-rate∆↓ 65.74 (+31.48) 77.17 (+54.34)

SugarCrepe
(50.00% yes)

Simple acc⇑ 64.56 (+4.35) 61.87
Paired acc⇑ 29.23 (+22.58) 23.85
Yes-rate∆↓ 83.24 (+66.48) 86.81 (+73.63)

Winoground
(50.00% yes)

Simple acc⇑ 58.81 (+6.21) 55.38
Paired acc⇑ 21.50 (+70.30) 12.63
Yes-rate∆↓ 76.81 (+53.63) 91.25 (+82.50)

Table 13: Changes in simple accuracy, paired accuracy and yes-rate across six paired-prompt benchmarks for
LLaVA-NeXT-Vicuna-7B, with and without proportional Q4 system redistribution. Like for LLaVA-1.5 7B, the
intervention yields gains in all benchmarks but MME. Best results for each metric are in bold. For simple and paired
accuracy, percentage differences relative to the no-intervention baseline are shown in brackets. The differences for
yes-rate are with reference to the actual proportion of prompts with ground-truth ‘yes’, shown bracketed in the
Benchmark column — the best yes-rate is the one that deviates least from that ground-truth value.

Source
Recipient

HallusionBench NaturalBench (yes/no) SugarCrepe Winoground
System Image Text System Image Text System Image Text System Image Text

System 47.63 58.15 58.36 65.17 69.93 69.84 61.87 67.58 67.69 55.36 61.12 61.00

Image 47.53 47.63 47.42 65.17 65.17 65.21 61.98 61.87 61.87 55.19 55.36 55.31

Text 50.37 50.58 47.63 67.78 66.67 65.17 64.23 64.29 61.87 57.88 57.50 55.36

Table 14: Changes in simple accuracy in HallusionBench, NaturalBench (yes/no), SugarCrepe, and Winoground
under pairwise attention-weight transfers between all combinations of source and recipient modalities in Q4 (layers
25-32) of LLaVA-NeXT-Vicuna 7B. Although transfers with system as the source modality consistently yield the
biggest improvements in performance, system-to-text and system-to-image transfers perform more similarly to each
other than in LLaVA-1.5 7B.

Source
Recipient

BEAF MME
System Image Text System Image Text

System 89.93 89.28 89.33 75.70 61.58 64.20

Image 89.92 89.93 89.97 75.74 75.70 75.82

Text 90.68 90.84 89.93 76.16 75.06 75.70

Table 15: Changes in simple accuracy in BEAF and MME under pairwise attention-weight transfers between all
combinations of source and recipient modalities in Q4 (layers 25-32) of LLaVA-NeXT-Vicuna 7B. Transfers with
system as the source modality consistently underperform the no-intervention baseline (shaded).
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Benchmark (% prompts with
ground-truth yes)

Metric Q4 system redistr
(prop)

No-intervention
baseline

HallusionBench
(42.17% yes)

Simple acc⇑ 51.31 (+0.83) 50.89
Paired acc⇑ 15.58 (–1.47) 15.81
Yes-rate∆↓ 65.62 (+55.60) 67.93 (+61.08)

MME
(50.00% yes)

Simple acc⇑ 79.32 (–0.05) 79.36
Paired acc⇑ 27.69 (–14.29) 32.31
Yes-rate∆↓ 54.93 (+9.86) 47.89 (–4.21)

NaturalBench
(50.00% yes)

Simple acc⇑ 68.36 (–1.59) 69.46
Paired acc⇑ 39.05 (–4.57) 40.92
Yes-rate∆↓ 65.83 (+31.66) 61.25 (+22.50)

SugarCrepe
(50.00% yes)

Simple acc⇑ 68.96 (+0.88) 68.35
Paired acc⇑ 38.46 (+3.24) 37.25
Yes-rate∆↓ 76.54 (+53.08) 77.36 (+54.73)

Winoground
(50.00% yes)

Simple acc⇑ 58.56 (–2.19) 59.88
Paired acc⇑ 21.50 (–12.69) 24.63
Yes-rate∆↓ 79.31 (+58.63) 74.38 (+48.75)

Table 16: Changes in simple accuracy, paired accuracy and yes-rate across five paired-prompt benchmarks
for LLaVA-1.5 13B, with and without proportional Q4 system redistribution. Compared to LLaVA-1.5 7B,
the intervention produces very limited gains and increases the model’s yes-rate for three benchmarks (MME,
NaturalBench, Winoground). Best results for each metric are in bold. For simple and paired accuracy, percentage
differences relative to the no-intervention baseline are shown in brackets. The differences for yes-rate are with
reference to the actual proportion of prompts with ground-truth ‘yes’, shown bracketed in the Benchmark column —
the best yes-rate is the one that deviates least from that ground-truth value.

Source
Recipient

HallusionBench SugarCrepe
System Image Text System Image Text

System 50.89 61.30 60.99 68.35 74.40 74.62

Image 51.63 50.89 51.21 68.46 68.35 68.35

Text 49.32 50.68 50.89 68.35 68.79 68.35

Table 17: Changes in simple accuracy in HallusionBench and SugarCrepe under pairwise attention-weight transfers
between all combinations of source and recipient modalities in Q4 (layers 25-32) of LLaVA-1.5 13B. Transfers with
system as the source modality consistently underperform the no-intervention baseline (shaded).

Benchmark Q4 system redistr (prop) Q4 text-to-image redistr No-intervention baseline

BEAF 89.16 (+0.01) 86.08 (-3.44) 89.15
HallusionBench 69.36 (+0.37) 68.59 (-0.74) 69.10
MME 86.41 (-0.17) 86.22 (-0.39) 86.56
NaturalBench 74.90 (+0.20) 74.67 (-0.11) 74.75
SugarCrepe 77.31 (+0.29) 72.69 (-5.71) 77.09
Winoground 75.00 (0.00) 73.83 (-1.56) 75.00

Table 18: Simple accuracy of Qwen2-VL-7B-Instruct in six benchmarks under two different intervention settings,
alongside the no-intervention baseline. Interventions here impact much less considerably on performance as
compared to the LLaVA-family models. Nevertheless, in accordance with this study’s system-mediated hypothesis,
proportionally redistributing Q4 system attention (Q4 system redistr (prop)) is consistently less harmful than
Q4 text-to-image transfer, demonstrating the former’s superiority as an empirical account. This is despite the
performance differences arising under intervention being much smaller than in the LLaVA-family models shown
previously. Best results per benchmark bolded.
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