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A. More NEST and NEST+ Dataset details

NEST Dataset. NEST Dataset samples are shown in Fig. I.
The dataset contains diverse images paired with questions,
answers, and masks, generated by an automatic pipeline.
To ensure ethical standards, we employ Vision Language
Models [7] and trained human reviewers to screen all
content, filtering potentially harmful images, questions,
or objects with significant negative social impacts. This
screening process maintains dataset quality while effec-
tively minimizing risks from visual content.

NEST+ Dataset. We construct NEST+ by combining
NEST with ReasonSeg [9], RefCOCO [8], RefCOCO+ [8],
and RefCOCOg [21]. NEST+ simulates diverse real-world
scenarios involving real-time retrieval, reasoning, and refer-
ring segmentation. For the NEST split, we randomly sample
500 examples from NEST to represent challenging real-
time information retrieval tasks. For the ReasonSeg split,
we randomly sampled 200 examples from ReasonSeg’s
test set to incorporate more complex reasoning scenarios.
For the RefSeg split, we randomly sampled 60 examples
each from RefCOCO test-A and test-B, 60 examples each
from RefCOCO+ test-A and test-B, and 120 examples from
RefCOCOg test. In total, RefSeg contains 360 examples.
This combination provides a comprehensive benchmark
for evaluating models on referring expression segmentation
tasks of varying difficulty. Overall, NEST+ contains 1,060
examples across three distinct task categories, providing
a challenging evaluation benchmark that comprehensively
assesses referring segmentation models.

Partition Method. There is no fixed partition in the NEST
dataset, as different MLLM-based segmentation models [3,
4] use different foundation MLLM models, which have
different knowledge cutoffs and knowledge capacities. To
ensure fair comparisons, we maintain consistency by using
the same MLLM foundation model (LLaVA-v1.5-7B [11])
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for all MLLM-based segmentation baseline methods [9, 14,
19] to partition the NEST dataset into a novel entity split
and an emerging entity split. In detail, for each answer
A corresponding to multiple multi-entity images Z,,, we
use the template “Please segment {answer} in this image.”
where {answer} is the ground truth answer .4 to guide
MLLM-based segmentation baseline methods to perform
segmentation. For samples where one answer correspond-
ing to a set of multiple images achieves Acc@0.5 exceeding
0.7, we classify all of them into the emerging entity split,
while the remaining samples are categorized into the novel
entity split. For answer sets with fewer than 3 multi-entity
images, we input the answer into the MLLM foundation
model and prompt it to return an entity description. We
then compare this description with the entity’s introduction
retrieved from the internet using similarity metrics. If the
similarity score falls below a predetermined threshold, all
samples in that set are categorized into the novel entity split.

B. More Implementation Details

Beyond the reproducibility information provided in the
main paper, we present additional implementation details
to ensure complete transparency and facilitate reproduction.
These comprehensive details are outlined in Table 1.

Table I. More Implementation Details.

Implementation Detail Configuration
Search engine DuckDuckGo
Image retrieval source Bing Image Search
Object detector YOLOvVS

Number of reference images >5

CLIP similarity threshold 0.8

C. More experimental results and discussion

Vanilla Referring Segmentation Results. To demon-
strate that our model is also competent in vanilla referring
segmentation tasks [2, 5], we compare it with existing
state-of-the-art methods in Table II. We evaluate these
methods on the validation and testing sets of RefCOCO,
RefCOCO+ [8], and RefCOCOg [21]. While enhancing
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Figure I. Data Samples of the NEST Dataset.

Table II. Referring expression segmentation results on RefCOCO, RefCOCO+ [8] and RefCOCOg [21] dataset. The cloU metrics of
each split are reported. Baselines are excerpted from [14].

Method RefCOCO (UNC) RefCOCO+ (UNC) RefCOCOg (UMD)
Val. Test-A Test-B Val. Test-A Test-B Val. Test
MCN [12] 62.4 64.2 59.7 50.6 55.0 44.7 49.2 49.4
VLT [1] 67.5 70.5 65.2 56.3 61.0 50.1 55.0 57.7
CRIS [18] 70.5 73.2 66.1 62.3 68.1 53.7 59.9 60.4
ReLA [10] 73.8 76.5 70.2 66.0 71.0 57.7 65.0 66.0
SEEM [23] - - - - - - 65.7 -
LISA-7B [9] 74.9 79.1 723 65.1 70.8 58.1 67.9 70.6
SESAME-7B [19] 74.7 - - 64.9 - - 66.1 -
READ-7B [14] 78.1 80.2 732 68.4 73.7 60.4 70.1 71.4
LISA-7B + ROSE (ours) 76.2 80.1 73.5 66.3 71.1 58.9 65.4 68.6
SESAME-7B + ROSE (ours) 76.1 79.7 733 64.8 69.6 56.8 67.3 70.2
READ-7B + ROSE (ours) 79.3 80.8 74.0 66.2 72.5 60.2 70.3 70.2
Table III. Reasoning Segmentation results. Result COmpariSOn on the NEST dataset' Thls ls because they follow a Strategy
on the ReasonSeg dataset. Baselines are excerpted from [14]. of first correcting wrong referents and then adjusting the
Method Validation Set Test Set input prompt with an alternative to segment the closest
gloU  cloU | gloU  cloU object when encountering an empty target. However,
X-Decoder [22] 226 17.9 217 16.3 for the NEST dataset, their MLLM foundation models
SEEM [23] 253 212 243 18.7 lack knowledge about the novel and emerging entities
GRES [10] 22.4 19.9 21.3 22.0 . . R .
LISA7B [0] 5.0 ) 773 434 in the questions, resulting in mostly empty targets and
SESAME-7B [19] 34.8 39.1 30.5 30.4 consequently incorrect adjusted input prompts. On the
READ-7B [14] 598 676 | 568  59.0 one hand, this demonstrates the challenging nature of the
LISA-7B + ROSE (ours) 517 526 | 463 474 NEST dataset, which goes beyond existing MLLM-based
SESAME-7B + ROSE (ours) | 32.1 ~ 382 | 293 279 segmentation methods’ knowledge cutoff. On the other
READ-7B + ROSE (ours) 576 652 | 53.1 566 L . . :
hand, this limitation highlights the importance of retrieval-
novel emerging segmentation capabilities, our model also augmgnted generation (RAG) methods for handling novel
achieves comparable results across these various referring emerging segmentation.

segmentation methods.

Reasoning Segmentation Results.  We further evaluate
our model’s capability in reasoning segmentation tasks by

D. More Ablation Studies
Table IV. Vision Encoder Selection in VPE.

comparing it against current leading methods in Table III. Vision Encoder gloU cloU
The evaluation focuses on datasets that require complex ResNet-50 [6] 63.4 59.3
reasoning to interpret implicit instructions before perform- VGG-16 [17] 59.3 55.2
ing segmentation. Results demonstrate that ROSE achieves DINOV2-ViT-L/14 [13] 65.0 61.4
comparable results on reasoning segmentation. CLIP-ViT-L/32[15] 73.0 68.6

Discussion on SESAME and READ’s Experimental Re-
sults on the NEST Dataset. On the NEST dataset, Vision Encoder Selection in VPE. We evaluate different
SESAME-7B [19] (13.1% in gloU) and READ-7B [14] pre-trained vision encoders for our Visual Prompt Enhancer
(22.5% in gloU) experience significant performance drops (VPE) module on the NEST dataset. As shown in Table IV,



Table V. Runtime Performance Comparison.

Method RAG Time per Image (s) FPS (frames/s) gloU
LISA-7B 4.67 0.21 48.7
LISA-7B+ GPT-40 mini Search v 9.12 0.11 53.5
LISA-7B+ Gemini-2.0 Flash Search v 8.13 0.12 53.8
LISA-7B+ ROSE (ours) v 9.67 0.10 73.0

CLIP-ViT-L/32 [15] delivers the best performance, achiev-
ing 73.0 gloU and 68.6 cloU, significantly outperforming
other vision encoders. Based on these results, we adopt
CLIP-ViT-L/32 as our design choice for VPE module.
Latency and Computational Efficiency. We acknowl-
edge that incorporating the RAG module does introduce
additional computational overhead compared to standard
inference pipelines. However, ROSE achieves significant
and consistent performance improvements while maintain-
ing comparable runtime costs to commercial RAG models
through a carefully designed and optimized system archi-
tecture. As shown in Table V, our method achieves a
substantial 19.5 % improvement compared to GPT-40 mini
Search (73.0 vs 53.5), while only adding approximately
0.55 seconds of additional latency to the total runtime (9.67s
vs 9.12s), demonstrating a highly favorable performance-
efficiency tradeoff. This efficiency is achieved through tar-
geted system optimizations including parallelization strate-
gies (e.g., asynchronously downloading retrieved images
while the MLLM is simultaneously processing the query),
which effectively minimizes idle waiting time across mod-
ules. The detailed runtime breakdown for each individual
module is presented in Table VI, where values denote aver-
age processing time in seconds per sample. All experiments
are conducted on the NEST dataset under identical and
controlled network conditions to ensure fair comparison.

Table VI. Module Processing Time Breakdown.

Module Processing Time (s)
WebSense 0.35
IRAG 6.27
TPE 0.83
VPE 1.68

Necessity of MLLM. To validate the necessity of incor-
porating MLLM alongside VPE, we compare a simple
IRAG+VPE pipeline against our full ROSE framework
across multiple benchmark splits. As shown in Table VII,
while the simple IRAG+VPE pipeline achieves reasonable
performance on NEST (68.4%), it shows significant and
consistent limitations in more complex scenarios like Rea-
sonSeg (13.1%) and RefSeg (20.9%), where deeper seman-
tic understanding is required. This performance degradation
occurs because the simple pipeline indiscriminately sends
all queries to internet retrieval, returning irrelevant or noisy
images for cases that do not require external knowledge,
thereby introducing harmful distractions. Therefore, the

MLLM component is essential as it provides strong reason-
ing capabilities and serves as a robust fallback mechanism
when retrieval is unnecessary or uninformative. Our full
ROSE framework effectively addresses these limitations
by intelligently and adaptively determining when retrieval
is truly necessary, leading to more accurate and reliable
segmentation across diverse task categories.

Table VII. The Necessity of MLLM Component.

Method NEST ReasonSeg RefSeg Overall
LISA-7B 51.1 42.5 54.9 50.9
IRAG+VPE 684 13.1 20.9 53.1
ROSE 75.3 42.2 54.4 67.6

E. Limitations

There are certain limitations in our NEST dataset that
are worth acknowledging for future improvement. The
average number of effective visual entities per image is
relatively low (2.7), which means that some models can
achieve apparently correct segmentation through hallucina-
tion rather than genuine understanding. Traditional seg-
mentation methods [16, 18, 20, 23] without MLLMs and
LISA-7B [9] achieved gloU scores between 40% and 50%
on the NEST dataset, which initially appear competitive.
Upon closer analysis, however, we found that these methods
tend to segment the main entities or centrally located
entities in the image, regardless of the specific query or
its semantic content. This shortcut behavior can lead
to inflated and misleading performance metrics when the
target entity happens to be the dominant or central object
in the image, obscuring the true reasoning capability of
the model. Future iterations of the dataset could therefore
benefit from including more complex and diverse scenes
with a higher number of competing visual entities to more
rigorously evaluate model precision. In parallel, we will
also optimize our data engine to produce more challenging
and varied data samples that better expose the limitations of
models relying on positional or saliency-based shortcuts.

F. More Visualizations

We provide additional qualitative visualizations in Fig. II
to further demonstrate the effectiveness and robustness of
our ROSE method in handling diverse, novel, and emerging
entity segmentation across a variety of real-world scenarios.
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Figure II. More visualizations. ROSE demonstrates superior performance on both emerging and novel entity segmentation.
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