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In this supplementary material we provide additional numerical computa-
tional cost comparisons between the proposed method and existing methods (in
Sec. |A]). Then, we present more comprehensive results on the POPE dataset (in
Sec. . Next, some more visual examples on handling the additive and subtrac-
tive hallucination are presented (in Sec. |C). Finally, we provide some further
general discussion on hallucination alleviation (in Sec. D).

A Efficiency Comparison

Table [I] compares the computational cost between existing training-free halluci-
nation mitigation methods and the proposed method. The evaluation protocol
follows [10], where CHAIR benchmark is used with the LLaVA-1.5 base model
under the 128-token setting. The computational cost metrics include both av-
erage latency per image (denoted as Avg. Latency, in seconds) and the peak
GPU memory usage (denoted as GPU Memory, in MB). The performance met-
ric CHAIRg is also listed for reference. While achieving the best performance
with the lowest CHAIR g value, the proposed method only has an average latency
of 3.42 seconds per image, which is 1% less than the regular decoding baseline.
Besides, its GPU memory is nearly the same as the regular decoding model. In
summary, FVR achieves the best performance while maintaining efficiency.

Table 1: Efficiency and overall performance comparison using LLaVA-1.5. We report
average inference time and memory usage on the CHAIR benchmark (128-token set-
ting), alongside each method’s performance. Our method achieves superior results on
all benchmarks while incurring minimal overhead. Latency measured on RTX 6000 Ada
48GB; lower latency /memory/CHAIR scores are better.

Method Avg. Latency (s) 4 GPU Memory (MB) ||CHAIRs |
Regular 3.47 , (x1.00) 14945 , (x1.00) 55.0
veD 5 6.97 , (x2.01) 15749 , (x1.05) 54.4
M3ID [3 7.05 , (x2.03) 15575 , (x1.04) 54.4
OPERA 4] 24.70 , (x7.12) 22706 , (x1.52) 52.6
Woodpecker [I1]| 10.68 , (x3.08) 22199 , (x1.49) 57.6
HALC [T 22,61 , (x6.52) 23084 , (x1.54) 51.0
ONLY [10] 3.70 , (x1.07) 14951 , (x1.00) 498
Ours (FVR) | 3.42,(x0.99) 14975 (x1.00) 19.6
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B More Comprehensive Results on POPE

Due to the limited space, in the main text we only report both the accuracy
and F1l-score metrics on the POPE dataset. In the supplementary material, we
further report the precision and recall metrics as well.

B.1 Results on MS-COCO

LLaVA-1.5 Base Model. Table [2| shows that the proposed FVR attains the
strongest performance on the Random and Adversarial settings and remains
highly competitive on the Popular setting. In the Random setting, it pushes
both accuracy and F1 beyond all the compared methods, while further boosting
recall, indicating that it suppresses hallucinations without sacrificing coverage.
The advantage becomes most pronounced under the Adversarial setting, where
FVR clearly outperforms all the compared methods across accuracy, recall, and
F1, highlighting its robustness to the challenging object presence queries.

InstructBLIP Base Model. Table [3] shows that the proposed FVR consistently
yields a favorable precision—recall trade-off and is particularly strong on the
harder Popular and Adversarial settings. While ONLY sometimes attains the
highest precision, FVR substantially improves recall and achieves the best ac-
curacy and F1 in both Popular and Adversarial settings. These outcomes also
show that the proposed FVR enhances the robustness to adversarial prompts,
rather than merely optimizing for a single metric.

B.2 Results on A-OKVQA

LLaVA-1.5 Base Model. Table [4 shows that the proposed FVR is comparable
to the strongest baselines on the Random setting and becomes clearly superior
as the prompts grow more adversarial. Under the Popular setting, FVR achieves
the best accuracy, recall, and F1, outperforming the compared methods. The
advantage is even clearer in the Adversarial setting, where FVR dominates across
all four metrics, evidencing that it can retain high coverage of correct objects
while being less vulnerable to misleading queries.

InstructBLIP Base Model. Table [5|shows that the proposed FVR remains com-
petitive on the Random setting and becomes the strongest method on both Pop-
ular and Adversarial settings. While ONLY often attains the best precision, FVR
offers a better global balance, consistently achieving the highest accuracy, recall,
and F1 on the more challenging prompt distributions. This pattern indicates
that the proposed FVR can stabilize the performance under biased prompts,
improving robustness without sacrificing performance on easier cases.
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Table 2: Results on MS-COCO [8] (POPE) with LLaVA-1.5 |9] as base model.

Setting Method Acc Prec Rec F1
Regular 83.13 81.94 85.00 83.44
VCD [5] 87.00 86.13 88.20 87.15
Random  |M3ID |3] 87.50 87.38 87.67 87.52

ONLY [10] |89.70 89.95 88.27 89.10
Ours (FVR)|89.87 89.12 90.80 89.90

Regular 81.17 78.28 86.27 82.08
VCD |[5] 83.10 79.96 88.33 83.94
Popular M3ID |3 84.30 81.58 88.60 84.95

ONLY |[10] 86.00 84.44 88.27 86.31
Ours (FVR)|[85.17 83.49 87.67 85.57

Regular 77.43 73.31 86.27 79.26
VCD [5] 7717 72.18 88.40 79.47
Adversarial M3ID |3] 78.23 73.51 88.27 80.22

ONLY |10 79.40 75.00 88.20 81.07
Ours (FVR)|(82.87 78.66 90.27 83.95

B.3 Results on GQA

LLaVA-1.5 Base Model. Table [6] shows that the proposed FVR consistently im-
proves the robustness as prompts become more challenging. On the Random
setting, FVR is competitive to ONLY’s strong performance while further in-
creasing recall. In both the Popular and Adversarial settings, it achieves the
best accuracy, recall, and F1 among all the compared methods. These results in-
dicate that FVR not only scales well to the more structured reasoning queries in
GQA but also better preserves correctness under the adversarial object-presence
tests.

InstructBLIP Base Model. Table [7] shows that the proposed FVR performs the
best across all the three settings. It consistently achieves the highest accuracy,
recall, and F1 in the Random and Popular settings, and remains the strongest
method on the Adversarial setting except for a marginally lower precision than
ONLY. To summarize, the proposed FVR yields fewer hallucinations while still
answering affirmatively when objects are truly present.

C More Qualitative Examples

In this section, we follow the query format of the POPE dataset, i.e., Is there
a [object] in the image?, and conduct some yes/no binary object presence
experiments. The object presence test is a simple and straight-forward way to
inspect the additive and subtractive hallucinations from an LVLM. Some qual-
itative examples are presented. We use the token activation map [6] as the vi-
sualization method. These examples aim to further demonstrate if the proposed
method could effectively handle both additive and subtractive hallucinations by
presenting visual flow leakage.
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Table 3: Results on MS-COCO |[8] (POPE) with InstructBLIP [2| as base model.

Setting Method Acc Prec Rec F1
Regular 83.07 83.02 83.13 83.08
VCD [5] 86.23 88.14 83.73 85.88
Random  |M3ID |3] 86.67 88.09 84.80 86.41

ONLY |10 89.23 91.83 86.13 88.89
Ours (FVR)|87.10 86.46 88.00 87.24

Regular 77.00 73.82 83.67 78.44
VCD |[5] 80.07 77.67 84.40 80.89
Popular M3ID |3 80.97 77.93 86.40 81.85

ONLY |[10] 83.27 81.46 86.13 83.73
Ours (FVR)|(83.67 80.98 88.00 84.34

Regular 74.60 71.26 82.47 76.45
VCD [5] 77.20 74.29 83.20 78.49
Adversarial M3ID |3] 7747 73.68 85.47 79.14

ONLY [10] |80.10 76.89 86.07 81.22
Ours (FVR)|81.07 76.05 90.67 82.64

Table 4: Results on A-OKVQA |7] (POPE) with LLaVA-1.5 |9] as base model.

Setting Method Acc Prec Rec F1
Regular 81.90 76.63 91.80 83.53
VCD [5] 83.83 78.05 94.13 85.34
Random  |M3ID |3] 84.67 79.25 93.93 85.97

ONLY |[10] 86.07 80.91 94.40 87.14
Ours (FVR)|[85.77 80.53 94.33 86.99

Regular 75.07 68.58 92.53 78.77
VCD |5] 76.63 69.59 94.60 80.19
Popular M3ID |3 77.80 70.98 94.07 80.91

ONLY |10 79.00 72.17 94.40 81.80
Ours (FVR)|(79.10 72.05 95.33 82.05

Regular 67.23 61.56 91.80 73.70
VCD [5] 67.40 61.39 93.80 74.21
Adversarial [ M3ID |3] 68.60 62.22 94.73 75.11

ONLY [10]  |68.70 62.35 94.40 75.70
Ours (FVR)|69.70 62.67 97.53 76.27

C.1 Subtractive Hallucination Alleviation

The results in Fig. [Ijand Fig.[2] compare the performance of the baseline and the
proposed method in handling subtractive hallucinations. According to the token
activation map, in both cases, the baseline can omit the object presence in the
image without any proper feature activation. In contrast, the proposed method
can precisely discern the object in the image, and assign the object the due
feature activation. This observation may be properly explained by the proposed
FVR, which mitigates the potential visual flow leakage focus on the key object.

C.2 Additive Hallucination Alleviation

The results in Fig. 3] and Fig. [4] compare the performance of the baseline and
the proposed method in handling additive hallucinations. According to the token
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Table 5: Results on A-OKVQA |7] (POPE) with InstructBLIP |2| as base model.

Setting Method Acc Prec Rec F1
Regular 80.63 76.82 87.73 81.92
VCD [5] 84.20 80.90 89.53 85.00
Random  |M3ID |3] 85.43 81.77 91.20 86.23

ONLY |10 88.57 86.13 91.93 88.94
Ours (FVR)|85.50 82.52 90.00 86.10

Regular 75.17 70.15 87.60 77.91
VCD |[5] 78.63 73.53 89.47 80.72
Popular M3ID |3 78.80 73.38 90.40 81.00

ONLY |[10] 80.83 75.23 91.93 82.75
Ours (FVR)|(81.03 74.96 93.33 83.15

Regular 69.87 64.54 88.20 74.54
VCD [5] 71.00 65.41 89.13 75.45
Adversarial M3ID |3] 70.10 64.28 90.47 75.16

ONLY [10] |72.47 66.19 91.87 76.94
Ours (FVR)|72.57 66.04 93.00 77.24

Table 6: Results on GQA [7] (POPE) with LLaVA-1.5 9] as base model.

Setting Method Acc Prec Rec F1
Regular 82.23 76.32 93.47 84.03
VCD [5] 83.23 76.73 95.40 85.05
Random  |M3ID |3] 84.20 78.00 95.27 85.77

ONLY |[10] 86.70 80.94 96.00 87.83
Ours (FVR)|[86.10 79.98 96.20 87.47

Regular 73.47 66.83 93.20 77.84
VCD [5] 72.37 65.27 95.60 77.58
Popular M3ID |3 73.87 66.70 95.33 78.49

ONLY |10 74.03 66.70 96.00 78.71
Ours (FVR)|74.17 66.63 97.00 79.06

Regular 68.60 62.43 93.40 74.84
VCD [5] 68.83 62.26 95.67 75.43
Adversarial [ M3ID |3] 68.67 62.16 95.40 75.28

ONLY |[10] 69.23 62.55 95.87 75.70
Ours (FVR)|[69.33 62.50 96.67 75.90

activation map, in both cases, the baseline can hallucinate the presence of a non-
existent object in the image by activating some areas that cause false positives.
In contrast, the proposed FVR method reduces the over-activations in the image
and by mitigating the potential visual flow leakage to irrelevant image regions,
addresses the additive hallucination.

D Further Discussion on Hallucination Alleviation

In this section, we speculate how hallucination alleviation can be improved in
the future. Based on the proposed visual flow leakage (VFL) formulation and
our observations, we see three directions that can be explored for this important
problem.

First, we propose that the community needs finer-grained hallucination
benchmarks that explicitly separate additive vs. subtractive errors. This is mo-

094

096
097
098

099

100
101
102

104
105



106
107
108
109
110
111
112
113
114

116
117
118
119

6 ECCV 2026 Submission #00026

Table 7: Results on GQA [7] (POPE) with InstructBLIP \ as base model.

Setting Method Acc Prec Rec F1

Regular 79.67 76.05 86.60 80.99
82.83 80.16 87.27 83.56
83.07 80.06 88.07 83.87
86.17 83.84 89.60 86.63
Ours (FVR)|86.23 82.52 92.00 87.00
Regular 73.33 68.72 85.67 76.26
76.13 71.10 88.07 78.68
75.17 69.94 88.27 78.04
77.20 71.79 89.60 79.72
Ours (FVR)|(78.27 71.50 94.00 81.17
Regular 68.60 63.94 85.33 73.10
71.00 65.75 87.67 75.14
71.17 65.79 88.20 75.36
71.93 65.98 87.93 75.84
Ours (FVR)|72.03 65.46 93.33 76.90

Random

Popular

Adversarial

Text Query: Baseline

~
~
~

Baseline Answer:

No.
Ours

e

Ours Answer:

Yes.

Input Image Input & Output Text Attention Map

Fig. 1: An example where the proposed method alleviates a subtractive hallucination.
Text query: Is there a wall in the image?. The token activation map @ is dis-
played at the right column.

tivated by our observations on the inherent connection between the visual flow
leakage, token activation and commission/omission. Additive (commission) er-
rors refer to fabricating unseen objects, while the subtractive (omission) errors
are under-measured in current practice. The existing item-level annotations in
hallucination benchmarks can be extended to tag each query with (i) halluci-
nation type (add vs. sub), (ii) severity (minor attribute drift vs. object-level
fabrication/omission), and (iii) localization faithfulness against region evidence.
These finer-grained hallucination benchmarks will then complement the existing
benchmarks for object-presence probing, and further help taking into consider-
ation the missing labels for omission errors and region alignment.

Second, we should further consider the distribution of positive and
negative samples in our benchmarks, rather than assuming a 50,/50 split
and adapting evaluation measures under that assumption. By sweeping the class
prevalence (e.g., from 20/80 to 80/20 presence rates), benchmarks can overcome
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Text Query: Baseline

Is there a @ountaitpgn-the image?
N
N

Baseline Answer: N
\\
N
No. o
N
N
N
N
N
Ours Answer: ™
Yes.
Input Image Input & Output Text Attention Map

Fig. 2: An example where the proposed method alleviates a subtractive hallucination.
Text query: Is there a mountain in the image?. The token activation map @] is
displayed at the right column.

Text Query: Baseline

Yes.
Ours Answer:
No.
Input Image Input & Output Text Attention Map

Fig. 3: An example where the proposed method alleviates an additive hallucination.
Text query: Is there a pizza in the image?. The token activation map @ is dis-
played at the right column.

Text Query:

~

~
. ~
Baseline Answer: >

No.
Ours Answer:
Yes.
Input Image Input & Output Text Attention Map

Fig.4: An example where the proposed method alleviates an additive hallucination.
Text query: Is there a bus in the image?. The token activation map |§|| is displayed
at the right column.



120
121
122
123
124
125
126
127
128
129
130
131

132

133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164

166

8 ECCV 2026 Submission #00026

the known brittleness of single-point metrics when the object-presence base rate
shifts, and make results more comparable across datasets. As an idea, this is
similar to looking at a ROC curve, instead of a single accuracy figure, when
comparing multiple methods. Benchmarks can allow additive vs. subtractive fail-
ure modes to be studied under controlled priors, which can complement existing
popular benchmarking evaluations.

Finally, building on the proposed FVR, and our analysis of the results, we
believe it will pay off to consider both head- and layer-conditioned in-
terventions, and joint head-layer interventions, separately. This type
of an approach will enable a more in-depth causal analysis and could further
promote new measures that consider belief disagreements with reliability esti-
mations jointly, in the spirit of recent re-evaluations of caption hallucinations.
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