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Supplementary Material

A. Discussion of Computation

Training Time. As detailed in Sec.3.4 of the main paper,
our method consists of three training stages. The first stage
follows the method of PixelLM [8], training for 10 epochs,
which takes approximately 1.5 days for the 7B model on
8 A100 GPUs. The second and third stages train for 2
epochs each, requiring approximately 5 hours and 8 hours,
respectively.

Inference Time. Our proposed preference-based ensemble
method needs to generate K different responses and fuses
them. In our experiments, K is set to 3. Theoretically, this
would require 4 times the computation compared to the the
original PixelLM w/o ensemble. However, benefiting from
optimizations such as parallel computation and KV cache,
in practice, the averge inference time of our method is only
1.57 times that of the method w/o ensemble. This is entirely
acceptable considering the significant improvement brought
by our preference-based ensemble approach. Also note that
even without using the ensemble method that requires addi-
tional computational cost, our method can still significantly
outperform the baseline PixelLM, as shown by the results
for POPEN† in Table.1 of main paper. This further demon-
strates the superiority of our approach.

B. More Details of Proposed Method

ChatGPT Prompt for Response Correction. As intro-
duced in Sec.3.2 of main paper, we use ChatGPT to refine
LVLM’s response y by modifying, adding, or deleting cer-
tain words or sentences in y, thus generating a corrected
response yc with fewer errors to construct the text seman-
tic preference data. The ChatGPT prompt format for this
operation is as follows:

You are an assistant designed to help me correct an in-
correct answer to a question about an image. I will provide
you with an image, a question, an answer from an LVLM,
and an object list. You need to modify, add, or delete certain
words or sentences in the LVLM’s answer to correct mis-
takes, including incorrect objects and faulty reasoning. The
corrected answer should include only the objects in the ob-
ject list. You should return: (1) The original LVLM’s answer
I provided, in which you should mark the deleted or mod-
ified parts in the answer in quotes. (2) Your corrected an-
swer, in which you should mark the modified or added parts
compared to the original answer in quotes. Please ensure
that only the modified, deleted, or added parts are marked.

Do not mark synonyms as modifications. Please retain the
sentence structure and content of the LVLM’s original an-
swer as much as possible, without adding extra information
beyond what is necessary for correction.

In this prompt, the object list refers to a list containing
the names of all objects within the ground truth response.

ChatGPT Prompt to Intentionally Introduce Errors.As
introduced in Sec.3.2 of the main paper, to enrich dataset,
for some of the LVLM’s responses that contain only few er-
rors, we instruct ChatGPT to intentionally introduce errors
into the ground truth response yg to formulate y. Specifi-
cally, if ChatGPT finds that an LVLM response has no er-
rors, we use the randomness in decoding to generate three
different responses and select one containing errors as y for
the text semantics preference. If these responses still con-
tain no errors, we use the following prompt to intentionally
introduce errors into the ground truth response yg:

You are an assistant designed to help me intentionally
introduce errors into a correct answer to a question about
an image. I will provide you with an image, a question, and
a correct answer. You need to modify, add, or delete certain
words or sentences in the correct answer to introduce some
mistakes, such as incorrect objects and faulty reasoning.
You should return the modified answer. Please introduce
errors into only a small portion of the content (e.g., one or
two objects). Please do not perform synonym replacement.

Loss for Preference-Based Ensemble. As indicated in
Sec.3.4 of the main paper, in the third training stage of
our method, which aims to optimize the preference-based
ensemble capability, we employ a specially designed loss
function to ensure that the refined text responses and seg-
mentation outperform the originals. The loss function for
this stage is the sum of two components: the text im-
provement loss Lti and the segmentation improvement loss
Lsi. To be specific, denote the K generated responses as
{yk}Kk=1, the refined response as ỹ and the ground truth re-
sponse as yg , Lti is formulated as follows:

hk = BERT (yk) , h̃ = BERT (ỹ) , hg = BERT (hg) ,

Lti = −E
1

K

K∑
k=1

log σ
(
10p(ỹ)

(
Cos(h̃, hg)− Cos(hk, h

g)
))

,

(1)
where h = BERT(y) refers to a feature extracted from
BERT with y as input, Cos denotes cosine similarity. p(ỹ)
refers to the probability of the LVLM generating ỹ. This



config value

optimizer AdamW
base learning rate 3.0e-4
weight decay 0
optimizer monmentum β1, β2=0.9,0.95
batch size 16
learning rate schedule WarmipDecayLR
warmup iterations 100
augmentations None

Table 1. Training settings

loss constrains the similarity between the refined response
ỹ and the ground truth response yg to be higher than that
between the original responses yk and yg , thus optimizing
the model to produce more refined response outperforming
the original ones. Similarity, the segmentation improvement
loss Lsi is computed as:

Lti = −E
1

K

1

N

K∑
k=1

N∑
n=1

log σ(10(IoU(M̃n,Mn
g )

−IoU(Mn
k ,M

n
g ))),

(2)

where N is the number of segmentation targets in the
response, M̃n is the n-th refined segmentation mask,
Mn

k is the n-th segmentation mask from the k-th original
response, Mn

g is the corresponding ground truth mask.

More Implementation Details. Some implementation
details of our method have been presented in Sec.4.1 of
the main paper. Most of the other training settings follow
PixelLM and are presented in Table 1. Note that we use the
exact same settings shown in Table 1 for all three training
stages (detailed in main paper Sec.3.4) in our method. The
number of learnable prompt embeddings p̂ used in the
preference-based ensemble is 10.

ChatGPT Prompt for Response Evaluation. As indicated
in Sec.4.1 of main paper, for a more comprehensive evalu-
ation of the LVLM’s text responses, we prompt ChatGPT
to evaluate the correctness of the LVLM’s response given
the input image-instruction pair. In this way, a score is gen-
erated from ChatGPT to assess the quality of the response.
The prompt for ChatGPT in this operation is as follows:

I will give you an image, a question and a text response.
You are required to score the performance of the text re-
sponse given the image and question. You should pay extra
attention to the hallucination, which refers to the part of re-
sponses that are inconsistent with the image content, such
as claiming the existence of something not present in the
image or describing incorrectly in terms of the counts, po-
sitions, or colors of objects in the image. Please rate the
responses of the assistants on a scale of 1 to 10, where a
higher score indicates better performance, according to the

following criteria: (1) Accuracy: whether the response is
accurate with respect to the image content and reasoning
logic. Responses with fewer hallucinations should be given
higher scores. (2) Detailedness: whether the response is
rich and complete in necessary details. Please output a
score for such a evaluation. Following the score, please
provide an explanation of your evaluation.

C. Further Analysis
Correlation Between Preference Score and Response
Quality. In the proposed preference-based ensemble
method, we calculate a preference score based on predic-
tion likelihood to modify each attention matrix in LVLMs,
enabling the model to focus more on high-reliability content
when integrating multiple text responses. This is based on
the property that, after finetuning using the preference opti-
mization method, the prediction likelihood of tokens in the
response can reflect the extent to which they align with hu-
man preferences. We evaluate this property using the Pear-
son correlation coefficient. Specifically, for each token yi

in the LVLM’s text response y, we calculate a score τ i by
summing the likelihood of yi with the average likelihood of
all tokens in the sentence to which yi belongs. We then em-
ploy ChatGPT to score the preference for each token in the
text response based on accuracy, obtaining ci for yi. The
Pearson correlation coefficient r is then calculated as:

r =

∑Ni

i=1(τi − τ̄)(ci − c̄)√∑Ni

i=1(τi − τ̄)2
√∑Ni

i=1(ci − c̄)2
, (3)

where Ni is the number of tokens in the text response y. A
higher r indicates a stronger positive correlation between
τ i and the accuracy of the token yi. We calculate r across
the responses from all image-instruction pairs in the MUSE
validation set, and the high average value of 0.76 for r
demonstrates the strong correlation. This result highlights
the validity of our attention design in Eq.5 of main paper.

Correlation Between Preference Score and Segmenta-
tion Performance. We use the same method as in the pre-
vious section, employing the Pearson correlation coefficient
r to measure the correlation between the average prediction
likelihood of all tokens in a sentence and the accuracy of
the segmentation target contained in the sentence. Across
the entire MUSE validation set, the model finetuned with
preference optimization achieves a high average r value of
0.69, indicating a strong positive correlation and demon-
strating the rationale behind our designs in Eq. 6 of the main
paper for multi-segmentation integration. One possible ex-
planation for this property is that the sequential prediction
process of the LVLM would propagate errors and uncertain-
ties from earlier tokens in the text response to subsequent
segmentation tokens, while also transmitting errors in the



Model
Validation Set Test Set

M C AP50 mIoU Recall M C AP50 mIoU Recall

BuboGPT [12] 17.2 3.6 19.1 54.0 29.4 17.1 3.5 17.3 54.1 27.0
Kosmos-2 [6] 16.1 27.6 17.1 55.6 28.3 15.8 27.2 17.2 56.8 29.0
LISA [3] 13.0 33.9 25.2 62.0 36.3 12.9 32.2 24.8 61.7 35.5
GLaMM [7] 16.2 47.2 30.8 66.3 41.8 15.8 43.5 29.2 65.6 40.8

POPEN 20.3 52.8 34.9 70.1 45.2 20.1 49.4 33.8 69.7 44.0

Table 2. Performance on the
grounded conversation gener-
ation (GCG) task of GranDf

Dataset. Metrics include ME-
TEOR (M), CIDEr (C), AP50,
mIoU, and Mask Recall. Our
POPEN achieves the best perfor-
mance.

Method gIoU cIoU

LISA [3] 52.9 54.0
GSVA [10] 50.5 56.4

POPEN 60.2 64.5

Table 3. Performance on ReasonSeg benchmark.

segmentation embedding to later tokens. Consequently, the
segmentation accuracy becomes strongly positively corre-
lated with the likelihood of the sentence it belongs to, which
reflects the sentence’s accuracy and quality.

D. More Experiments
D.1. Comparison on More Benchmarks
Results on Grounded Conversation Generation of
GranDf Benchmark. Grounded conversation generation
is a task aimed at generating text captions for images as
well as segmentation masks for each object within them. To
evaluate our method on this task, we follow GLaMM [7] by
first pretraining the model using the approach described in
the main paper, and then finetune it on the GranDf dataset.
The results of the finetuned model on the validation set
and test set of GranDf are presented in Table 2. Our
POPEN significantly outperforms previous state-of-the-art
approaches such as LISA and GLaMM, demonstrating the
high effectiveness and superiority of our method.

Results on ReasonSeg Benchmark. We further evaluate
our method on the ReasonSeg [3] validation set and
compare its performance with LISA and GSVA. The
results are presented in Table 3. Our POPEN achieves
the best performance, with significant advantages over the
second-best method, showing a +7.3% improvement on the
gIoU metric and +8.1% on the cIoU metric. These results
demonstrate the outstanding performance of our method.

Results on Hallucination Benchmarks. We further evalu-
ate the effectiveness of our method in mitigating hallucina-
tion on two hallucination benchmarks, ObjHal and MMHal.
As shown in Table 4, our POPEN outperforms both the
baseline LLaVA [5] and RLHF-V [11], which is specifi-
cally designed to address hallucination. This demonstrates

Model ObjHal MMHal

Resp.↓ Mention↓ Info.↑ Resp.↓
LLaVA 63.0 29.5 31.9 70.8
RLHF-V 12.2 7.5 40.0 52.1

POPEN 9.2 4.9 42.1 47.7

Table 4. Results on hallucination benchmarks.

Method gIoU ↑ cIoU ↑ CS ↓ CI ↓
Baseline (PixelLM) 41.9 48.9 22.0 9.8

OPERA [2] 42.3 49.5 15.0 6.8
VCD [4] 42.3 49.3 16.9 7.3
HALC [1] 42.2 49.6 14.2 6.7

POPEN [1] 45.4 55.2 9.3 4.3

Table 5. Comparison with other hallucination mitigation methods
on MUSE.

the superior effectiveness of our method in mitigating hallu-
cination through the use of additional segmentation training
data and the novel techniques we propose in this work.

D.2. Hallucination Mitigation on MUSE
Some previous works have explored ways to mitigate hal-
lucinations in LVLMs. We compare our method with these
approaches on the MUSE validation set, and the results are
presented in Table 5. Although these previous methods can
alleviate hallucination to some extent compared to the base-
line, our approach significantly outperforms them, with sub-
stantially reduced CS and CI metrics. Moreover, due to the
lack of segmentation-specific designs in previous methods,
they fail to achieve significant improvements in segmenta-
tion accuracy. In contrast, benefiting from preference-based
optimization and ensemble techniques specifically designed
for segmentation, our method, POPEN, greatly enhances
segmentation metrics including gIoU and cIoU, demonstrat-
ing the superiority of our approach.

D.3. Improvement of Target Localization
As indicated in Sec.3.2 of the main paper, during the first
half of finetuning, we collect perturbed images with varying
localization accuracy as preference data Ps for optimiza-



Method gIoU ↑ cIoU ↑ CS ↓ CI ↓
LLaVA + PixelLM 41.9 48.9 22.0 9.8
Qwen2-VL + PixelLM 42.8 50.5 15.2 7.3

LLaVA + POPEN 45.4 55.2 9.3 4.3
Qwen2-VL + POPEN 46.1 56.4 8.1 3.8

Table 6. Effectiveness on the stronger LVLM Qwen2-VL.

tion. To further validate the effectiveness of this method,
we conduct a quantitative comparison of target localization
precision between models finetuned using randomly gen-
erated Ps and those finetuned with Ps generated by our
method. Specifically, for each object mask generated by
the model, we calculate its IoU IoUg with the ground truth
object mask, as well as its maximum IoU IoUo with other
objects in the image (provided by SAM) beyond the ground
truth object. We then define a mask as having target lo-
calization error if IoUg < 0.75 and IoUo > 0.25, and
we compute the proportion p of such wrongly-located ob-
jects among all objects in the MUSE validation set. On this
metric p, the model finetuned with randomly generated Ps

achieves a score of 23.3%, while the model finetuned with
Ps generated by our method reduces this to 6.5%. This
demonstrates the significant improvement on the model’s
target localization capability brought by our method.

D.4. Results on Stronger LVLMs
In addition to LLaVA, several more advanced LVLMs have
been proposed recently, offering better performance and re-
duced hallucination for different tasks. We further evalu-
ate the effectiveness of POPEN when integrated with these
stronger LVLMs. As shown in Table 6, replacing LLaVA
with a stronger Qwen2-VL-7B [9] does lead to some perfor-
mance improvement, including better segmentation quality
and reduced hallucination. However, even when using a
weaker LVLM, LLaVA + POPEN still outperforms Qwen2-
VL + PixelLM (with a stronger LVLM), demonstrating that
simply relying on a stronger LVLM is not sufficient; while
using our novel methods in POPEN can yield larger im-
provements. Additionally, the notable advantage of Qwen2-
VL + POPEN over Qwen2-VL + PixelLM further highlights
the ability of our method to improve performance even un-
der a stronger LVLM, demonstrating its high effectiveness
and generalizability for different base models.

D.5. Ablation Study of Hyperparameters
In our method, the hyperparameters βt in Eq.2 and λ in
Eq.3 of the main paper follow the same settings as RLHF-V
[11]. Therefore, we primarily focus on validating the
remaining hyperparameters in our approach, including βs

in Eq.4 of the main paper, and the number K of generated
responses in the preference-based ensemble method. Both
the text metric CS and segmentation metric cIoU are

(a) Ablation Study of 𝜷𝒔 (b) Ablation Study of 𝑲

Figure 1. Ablation study of hyperparameters βs and K on the cIoU
metric (the first row) and CS metric (the second row). Higher cIoU
and lower CS indicate better results.

reported. (higher cIoU and lower CS are better.)

Ablation Study of βs. βs is a scaling factor used in Eq.4
of the main paper to compute the segmentation preference
loss. As shown in Figure 1(a), overly small or large values
of βs can lead to performance degradation. However,
the performance can remain consistently stable when
5 < βs < 15, demonstrating the robustness of our method
to the choice of βs.

Ablation Study of K. We further evaluate the impact of
K, with the results presented in Figure 1(b). Increasing
K enhances performance, as the quality of the refined re-
sults can be improved through the fusion of more responses.
However, performance plateaus when K > 3, with only
marginal gains observed upon further increases. Therefore,
we select K = 3 as our setting.

D.6. Further Ablation of Curriculum Collection
As detailed in Sec.3.2 of the main paper, we employ a
curriculum method for obtaining segmentation embedding
preference data Ps, collecting different types of Ps for the
first and second halves of finetuning. In Table 5 of the main
paper, we conduct an ablation study to compare our method
with random collection or using the same strategy through-
out both halves of the finetuning process. In this Supp, we
further compare with a hybrid approach, where samples col-
lected using the first-half strategy and those collected using
the second-half strategy are both used throughout the en-
tire finetuning process. As shown in Table 7, this hybrid
approach outperforms random collection but remains sig-
nificantly inferior to our curriculum-based method. This
demonstrates the importance of sequentially learning fun-
damental and advanced skills in our proposed method.

D.7. More Qualitative Comparison
In Figure 2, we present more examples comparing text re-
sponses and segmentation results between our POPEN and
PixelLM [8]. In these examples, PixelLM suffers from se-



Collection Method gIoU ↑ cIoU ↑ CS ↓ CI ↓
Curriculum Collection 45.42 55.20 9.29 4.31

Random 43.06 51.35 9.78 4.62
Hybrid Approach 44.19 53.75 9.48 4.55

Table 7. Effectiveness of different methods for segmentation pref-
erence data collection. “Hybrid approach” refers to samples col-
lected using the first-half strategy and those collected using the
second-half strategy are both used throughout the entire finetun-
ing process.

rious hallucinations, generating objects in its text responses
that do not exist within the images, such as the “books” in
the second example and “bench in the left side” in the fourth
example. Furthermore, the segmentation accuracy is sub-
optimal, with coarse results in the object boundary regions
and even wrong localization of the target objects (such as
the segmentation for “cat” in the first example and “Lionel
Messi” in the third example). By employing the proposed
preference-based optimization and ensemble methods, our
POPEN achieves significantly improved results, effectively
mitigating hallucination in text responses and enhancing
segmentation accuracy. These comparative results demon-
strate the high effectiveness and advantage of our method
compared to PixelLM.
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Instruction: How can I comfortably pet my cat in 
the image?

Input Image

Response from PixelLM: 
To comfortably pet your 
cat, you should sit on the 
large brown couch <seg> 
in the image. The couch 
provides a cozy and 
comfortable space for 
both you and your cat 
<seg> to relax and enjoy 
each other's company.

Response from POPEN: 
To comfortably pet your 
cat in the image, you can 
relax by sitting or lying on 
the large brown couch
<seg> in the image with 
your cat <seg>. You can 
also gently hold your cat, 
which provides a 
comfortable and pleasant 
atmosphere.

Instruction: Describe objects on the desk and 
segment them.

Input Image

Response from PixelLM: 
The desk is equipped with 
a laptop <seg>, a computer
mouse <seg> and a clock 
<seg>. Additionally, there 
are two books <seg> 
placed on the desk closer 
to the right side.

Response from POPEN: 
There is a laptop <seg>, a
keyboard <seg>, a 
computer mouse <seg>, 
and a clock <seg> on the 
table. The mouse is 
placed on a mouse pad
<seg>.

Instruction: Tell me the name of the Argentine 
player in the image and segment this player.

Input Image

Response from PixelLM: 
The name of the Argentine 
player in the image is
Lionel Messi and the 
segmentation result is 
<seg>.

Response from POPEN: 
The name of the 
Argentine player in the 
image is Lionel Messi
<seg>.

Input Image

Instruction: How should I rest here and then 
quickly leave this area?

Response from PixelLM: 
To rest in this place, you 
can choose to sit on one of 
the two benches available. 
The first bench <seg> is 
located closer to the left 
side of the image, while the
second bench <seg> is 
situated further to the right. 
Once you have rested, you 
can quickly leave the area 
by riding the bicycle <seg>.

Response from POPEN: 
you can sit on the 
wooden bench <seg> 
located in the right side 
of the image and enjoy a 
rest there. After resting, 
you can quickly leave the 
area by riding the bicycle 
<seg> parked nearby.

Figure 2. More comparative examples of text responses and segmentation results between PixelLM and our POPEN.
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