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Figure 1. Novel Emerging Segmentation. (a) The cutoff date for Large Language Models’ (LLMs) training data limits their knowledge of
recent events. (b) Retrieval-Augmented Generation (RAG) enhances LLMs by retrieving up-to-date information from external databases.
(c) Our task focuses on segmenting novel entities unrecognizable by existing models due to their absence in training data, and emerging
entities that exist in the models’ knowledge but require up-to-date external information.

Abstract

Existing segmentation models based on multimodal large
language models (MLLMs), such as LISA, often struggle
with novel or emerging entities due to their inability to
incorporate up-to-date knowledge. To address this chal-
lenge, we introduce the Novel Emerging Segmentation Task
(NEST), which focuses on segmenting (i) novel entities
that MLLMs fail to recognize due to their absence from
training data, and (ii) emerging entities that exist within
the model’s knowledge but demand up-to-date external in-
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formation for accurate recognition. To support the study of
NEST, we construct a NEST benchmark using an automated
pipeline that generates news-related data samples for com-
prehensive evaluation. Additionally, we propose ROSE:
Retrieval-Oriented Segmentation Enhancement, a plug-
and-play framework designed to augment any MLLM-based
segmentation model. ROSE comprises four key components.
First, an Internet Retrieval-Augmented Generation module
is introduced to employ user-provided multimodal inputs to
retrieve real-time web information. Then, a Textual Prompt
Enhancer enriches the model with up-to-date information
and rich background knowledge, improving the model’s per-
ception ability for emerging entities. Furthermore, a Visual
Prompt Enhancer is proposed to compensate for MLLMs’
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lack of exposure to novel entities by leveraging internet-
sourced images. To maintain efficiency, a WebSense module
is introduced to intelligently decide when to invoke retrieval
mechanisms based on user input. Experimental results
demonstrate that ROSE significantly boosts performance on
the NEST benchmark, outperforming a strong Gemini-2.0
Flash-based retrieval baseline by 19.2% in gIoU.

1. Introduction
Segmentation models based on multimodal large language
models (MLLMs), e.g., LISA [19], SESAME [33], and
READ [28], leverage MLLMs’ [2, 4, 26, 31] reasoning
abilities and world knowledge to address reasoning seg-
mentation and achieve zero-shot capabilities. For example,
when given an instruction “Please segment the founder
of SpaceX”, these models can identify the correct per-
son in the image using MLLMs’ knowledge. However,
MLLMs require substantial computational resources for
data collection, cleaning, and training, making frequent
updates impractical. As a result, MLLM-based models
struggle to incorporate newly emerging information. Since
knowledge in the real world evolves rapidly, this limita-
tion leads to failure cases in segmentation tasks involving
novel or recently emerged entities. For example, LISA
cannot accurately segment the current U.S. President due
to its knowledge cutoff in 2023. To address this, it is
promising to augment MLLM-based segmentation methods
with Retrieval-Augmented Generation (RAG) techniques,
as shown in Fig. 1 (b), enabling the model to effectively
access and leverage up-to-date knowledge during inference.

In this work, we introduce a new segmentation task,
Novel Emerging Segmentation Task (NEST), to evaluate
models’ ability on segmenting novel and emerging enti-
ties, as shown in Fig. 1 (c). NEST requires generating
binary segmentation masks based on user queries, with
a focus on segmenting novel and emerging entities that
are either unseen during training or require up-to-date
knowledge for accurate interpretation. Novel entities refer
to objects entirely absent from the MLLMs’ training data.
For example, models like LLaMA 3 [11], which have
a knowledge cutoff at the end of 2023, are unable to
recognize products such as the iPhone 17 pro max, which
was released in 2025. Emerging entities, on the other
hand, are included in the model’s prior knowledge but
evolve over time and require current context for accurate
segmentation. For example, while LISA can segment Joe
Biden and Donald Trump individually, it may fail to identify
the current U.S. President due to outdated knowledge.
Successfully addressing the NEST demands the following
key capabilities: 1) retrieving up-to-date knowledge from
the internet; 2) recognizing previously unseen entities;
3) applying the knowledge retrieved from the internet to
generate accurate segmentation within visual inputs.

To support the study of novel emerging segmentation,
we construct the NEST benchmark, containing over 1,500
image-question-answer-mask pairs. These samples are
collected through an automated pipeline that continuously
retrieves and updates the latest image-news pairs from the
web. This automated pipeline provides a scalable and
practical way for generating diverse and timely evaluation
data tailored to novel and emerging entities. It enables con-
tinuous assessment of model performance as new concepts
and objects emerge in the open world.

To tackle novel emerging segmentation, we propose
Retrieval-Oriented Segmentation Enhancement (ROSE),
a plug-and-play method that can be integrated with any
MLLM-based segmentation model (e.g., LISA [19]).
ROSE consists of four key components. First, the Internet
Retrieval-Augmented Generation (IRAG) module enhances
segmentation by retrieving real-time information from the
web based on user-provided multimodal inputs. Second,
the Textual Prompt Enhancer (TPE) supplements the
model with precise target descriptions and rich contextual
knowledge, improving segmentation performance on
emerging objects. Third, the Visual Prompt Enhancer
(VPE) further supports the recognition of novel entities by
incorporating internet-sourced reference images. To ensure
efficiency, the WebSense module adaptively determines
whether retrieval is necessary based on the relevance of
user inputs. By leveraging the latest online multimodal
information, ROSE enables effective segmentation of both
novel and emerging objects in a resource-aware manner.

This work makes the following key contributions:

• We introduce the Novel Emerging Segmentation Task
(NEST), which challenges models to segment (i) novel
entities unrecognizable by MLLMs and (ii) emerging
entities requiring real-time information retrieval. This
capability is essential for developing robust intelligent
perception systems that can effectively adapt to and
comprehend continuously evolving environments.

• We establish a NEST benchmark for novel emerging
segmentation. Considering real-time data evolution,
we develop an automated data engine that continu-
ously constructs up-to-date datasets to evaluate mod-
els’ novel emerging segmentation capabilities.

• We propose ROSE, a plug-and-play method that aug-
ments any MLLM-based segmentation model with the
ability to segment novel and emerging entities. ROSE
integrates four components to retrieve and employ up-
to-date multimodal information from the web.

• Experimental results shows that existing MLLM-based
segmentation methods struggle to segment novel and
emerging entities. Our proposed ROSE effectively
addresses this limitation, outperforming a strong com-
mercial retrieval baseline built on Gemini-2.0-Flash
search by 19.2% in gIoU.
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2. Related Work

Referring Expression Segmentation (RES). RES [5, 8,
9, 19, 28] aims to segment target objects in images based
on textual descriptions. Early works [13, 22, 24] extract
visual features using CNN and encode language expressions
through LSTM. These extracted features are then fused
through concatenation or other simple operations to create
multi-modal representations. VLT [5, 6] first introduces
the transformer architecture, which reformulates the RES
task as an attention problem and proposes to use language
features to query the vision features, generating results by
decoding the transformer response. Liu et al. [25] pro-
poses the Generalized Referring Expression Segmentation
(GRES) task, supporting both the multi-target and empty-
target scenarios. LLMs/MLLMs [1, 4, 11, 23, 26, 27]
have revolutionized vision-language tasks by demonstrating
remarkable capabilities in common-sense reasoning, open-
ing up exciting new possibilities for RES [7, 8]. Building
on these advances, LISA [19] innovatively introduces the
[SEG] token, enabling the processing of expressions that
require complex reasoning and common-sense knowledge.
SESAME [33] employs model chaining and joint training to
tackle false premise failures in MLLMs. READ [28] guides
MLLMs on where to focus attention during interactive
reasoning by treating similarity as reference points.
Retrieval-Augmented Generation (RAG). RAG [21, 36]
has garnered significant attention in NLP [10, 12, 20] and
multimodal communities [14, 21, 34]. Early methods like
REALM [12] retrieve the top-k relevant snippets and use
LLMs to generate k responses, combining them for QA
tasks. Yu et al. [36] employ search engines to enhance
LLMs on zero-shot knowledge-intensive tasks. Lazari-
dou et al. [20] apply few-shot prompting to leverage Google
search results for factual and up-to-date QA. RA-CM3 [34]
leverages external memory retrieval for text and image
generation. SearchLVLMs [21] empowers MLLMs with
real-time Internet search during inference.

3. NEST Dataset

The Novel Emerging Segmentation Task requires models to
segment objects by acquiring up-to-date information. How-
ever, constructing a fixed, long-term dataset for evaluation
is impractical, as such datasets may eventually be incorpo-
rated into the training of future MLLM-based segmentation
models, introducing the risk of data leakage. Moreover, the
collection, creation, and segmentation annotation of such
datasets are labor-intensive, making it infeasible to maintain
comprehensive, continually updated benchmarks for newly
emerging entities. To address these challenges, we develop
an automatic annotation pipeline that efficiently generates
high-quality and continually up-to-date evaluation data for
novel emerging segmentation task.

3.1. Automated NEST Data Engine
Each data sample in NEST consists of questions Q, tex-
tual answers A, reference images Im, and segmentation
masks M , providing a comprehensive foundation for eval-
uating models’ novel emerging segmentation capabilities.
Query Generation. As shown in Fig. 2, we construct
the query collection Q primarily using Google Trends,
supplemented with a small set of manually curated queries.
Google Trends is a public platform that analyzes the pop-
ularity of search queries across regions and languages, sur-
facing trending keywords that reflect current user interests.
While it offers valuable insights, the data is often noisy
and skewed toward domains such as sports, entertainment,
and politics. To improve domain diversity, we manually
augment the query set with popular terms from technology,
economics, and other underrepresented fields. However,
many trending terms, e.g., abstract concepts like “Google
stock”, are not directly associated with segmentable objects.
To address this, we employ large language models (LLMs)
such as LLaMA 3 [11] and GPT-4o [15] to filter unqualified
queries. This filtering process reveals that most viable
segmentable queries correspond to people or products. The
resulting filtered query set Q̃ consists of concrete and
clearly segmentable entities that maintain both topical rele-
vance and category diversity, thereby enabling the effective
construction of up-to-date segmentation samples.
Image Collection. We use the filtered query collection
Q̃ to retrieve corresponding images I from search engines
for evaluating models’ novel emerging segmentation capa-
bilities. However, we observe that search engine results
for many queries typically return images containing only
a single visual entity, significantly reducing the task’s
complexity and failing to reflect realistic segmentation
challenges. To address this limitation, we design an LLM-
based query enhancement strategy that increases query
complexity by encouraging the retrieval of images contain-
ing both the target entity and related entities. For example,
instead of retrieving images featuring only “Mbappé”, the
enhanced query yields images that also include “Neymar”
and “Messi”, increasing visual ambiguity and segmentation
difficulty. We submit both the original queries Q̃o and the
enhanced queries Q̃e to search engines, resulting in two
image sets: single-entity images Is and multi-entity images
Im. For Is, we apply CLIP-based feature clustering [29]
and retain only the images from the largest cluster to ensure
consistency and visual quality. These filtered images are
used to support our auto-labeling pipeline. For Im, we
apply an object detector [16] to filter out remaining single-
entity samples. The resulting multi-entity images serve as
the primary source for constructing the final segmentation
dataset, ensuring higher task difficulty and diversity.
VQA Pair Construction. For each query retrieved from
Google Trends, we also collect its associated metadata,
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Figure 2. NEST Data Engine. We introduce an automated annotation pipeline that efficiently generates high-quality evaluation samples for
the novel emerging segmentation task. The pipeline leverages time-specific queries to continuously collect news content and corresponding
relevant images for constructing VQA pairs and automatically generating mask annotations, enabling a comprehensive and reliable
evaluation of models’ abilities to segment emerging entities.

including the query term, topic category, related keywords,
and a set of related news articles. Each news item contains
a link, publication timestamp, snippet, and other metadata.
To reduce redundancy, we apply a temporal filtering strat-
egy based on the observation that news articles published
within a short time window often refer to the same event.
Specifically, for articles published within a 3-day window,
we retain only one representative article as the primary
source for constructing visual question answering (VQA)
pairs. We further refine this set by filtering out near-
duplicate articles based on snippet similarity. To construct
VQA samples, we employ LLMs to generate contextually
relevant questions Q from the retained news content, where
the original query Q̃o serves as the answer A. Our prompt
design ensures that the generated questions are natural and
do not explicitly mention the query term, thereby requiring
genuine comprehension rather than simple keyword match-
ing. Each resulting VQA sample is represented as a triplet
(Q,A, Im), where Q is the generated question, A is the
answer, and Im is the corresponding multi-entity image
containing the target entity.

Auto Labeling. We employ an automated labeling pipeline
to generate segmentation masks M for target entities, using
the single-entity image set Is associated with the ground-
truth query Q̃o. First, we extract CLIP features fs from the
clustered single-entity images Is to serve as the target entity

representation. Next, we apply an object detector to the
corresponding multi-entity images Im, identifying a set of
entity proposals {Ei}ni=1. For each detected entity Ei, we
crop its bounding region and extract CLIP features fi. We
then compute the cosine similarity between each fi and the
target representation fs, selecting the entity with the highest
similarity score. If the similarity exceeds a predefined
threshold τ , the corresponding entity is selected as the
target. We then pass its bounding box coordinates to the
SAM mask decoder [18] to generate a high-quality segmen-
tation mask M . This entire process is fully automated and
requires no manual human intervention, greatly reducing
the annotation burden while enabling scalable generation of
up-to-date segmentation evaluation data.

3.2. NEST Dataset Analysis

We leverage our data engine to systematically collect and
process web data by issuing queries to scrape news content
between March 23, 2025 and April 11, 2025. The resulting
NEST dataset contains 1,548 evaluation samples, primarily
focusing on people and products across diverse domains
including economics, technology, politics, entertainment,
sports, and society. On average, each image contains 2.7
valid entities, increasing task complexity and mitigating
hallucinations from large language models. Additionally,
each image is paired with an average of 1.6 unique ques-
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Figure 3. Architecture overview of ROSE. Given a user input (image and question), ROSE first employs the WebSense module to
determine whether internet retrieval is needed. If so, the Internet Retrieval-Augmented Generation module retrieves relevant textual and
visual data from the web. The retrieved content is then processed by the Textual and Visual Prompt Enhancer to generate enriched prompts
for the MLLM-based segmentation model, which ultimately produces accurate segmentation masks for novel and emerging entities.

tions, enriching the diversity of query formulations. Further
details are provided in Supplementary Materials.

4. Method
4.1. Architecture Overview.
The architecture of ROSE is shown in Fig. 3. Given an
input image ximg and a user query xquery, ROSE first em-
ploys the WebSense module to determine whether internet
retrieval is necessary. If needed, the IRAG module lever-
ages ximg and xquery to retrieve answers Â and relevant
image x̂img information from the internet. Then, the TPE
module leverages Â to generate an enhanced textual prompt
P = f(xquery, Â,Kext) to improve the MLLM-based
segmentation model’s ability to segment emerging entities,
where Kext represents extra background knowledge. For
novel entities that may still be challenging to segment, the
VPE module leverages the retrieved images x̂img to extract
their prototype features fs, which are then used to assist the
model in segmenting novel entities. This comprehensive
and unified method enables ROSE to effectively segment
both novel entities that are entirely absent from MLLMs’
training data and emerging entities that require continuously
up-to-date information, thus expanding the segmentation
capability from the original model’s knowledge space K to
an enhanced space S = K ∪ E, where E represents the
external knowledge database.

4.2. Internet Retrieval-Augmented Generation.
To retrieve up-to-date visual and textual information from
the internet for enhanced segmentation, we develop an
Internet Retrieval-Augmented Generation (IRAG) module
based on LangChain [3] framework. This module pro-
cesses user query xquery by first generating optimized
search queries q using large language models (LLMs), then
retrieving relevant content through search engines. The
retrieved content is split into manageable chunks {Ci}ni=1,

vectorized using embedding techniques E(Ci) ∈ Rd, and
stored in a vector database D = {(E(Ci), Ci)}ni=1 for
efficient retrieval. A map-reduce method with specialized
prompts processes these chunks to extract the most relevant
information, which is then synthesized into an answer can-
didate summary containing the potential answers {Aj}mj=1

to the user’s query. However, since a question’s answer
is not always unique, the answer candidate summary may
contain multiple valid answers. Therefore, we need to
leverage the user-provided image ximg to narrow down
the range of potential answers. To accomplish this, we
employ Google Cloud Vision to analyze and extract mul-
tiple entities {Ek}lk=1 from the input image ximg . We
choose not to use MLLMs for entity extraction because they
lack the ability to accurately identify novel entities. Then,
we compare the entities in the answer candidate summary
{Aj}mj=1 with the detected entities {Ek}lk=1 to determine
the correct answer Â. If no matching entities are found in
the image, we select the entity with the highest confidence
score from the answer candidate summary as the correct
answer. Finally, we use Â as a keyword to retrieve relevant
images x̂img from the internet.

4.3. Textual Prompt Enhancer.
To effectively leverage the retrieved answer Â from IRAG,
we design a textual prompt enhancer (TPE) to generate
an enhanced textual prompt that improves the model’s
understanding of the target entity. This module inte-
grates the query xquery, the answer Â retrieved from
the IRAG module, and the answer’s extra background
knowledge Kext to create an optimized prompt. The
background knowledge Kext is obtained by retrieving the
target’s introduction from the Internet using Â as the search
term. By strategically combining the answer information
from the IRAG module with comprehensive background
knowledge, the module produces prompts that are both
informative and directive, enabling the MLLM-based seg-
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mentation model to accurately identify and segment the
target object within the image.

4.4. Visual Prompt Enhancer.
VPE enhances the model’s capability to segment novel en-
tities by verifying and correcting results when the MLLM-
based segmentation model fails to produce accurate seg-
mentation. Using images x̂img retrieved from the internet,
we perform clustering and retain only the largest cluster.
We then extract CLIP [29] features from these images to
obtain a prototype feature representation fs. We compare
this prototype feature with CLIP features extracted from
the foreground region segmented by the MLLM-based
segmentation model. A low similarity score indicates that
the MLLM has failed to correctly identify the target entity.
In such cases, we employ an object detector to identify
multiple entities {Ei}ni=1 within the input image ximg .
For each detected entity Ei, we extract CLIP features fi
from the cropped region. By computing the similarity
between each fi and the prototype feature fs, we identify
the entity with the highest similarity score. When this score
exceeds a predefined confidence threshold τ , we designate
the corresponding entity as the target. Finally, we use the
bounding box coordinates of the identified target as input
to SAM’s mask decoder [18], thereby generating a high-
quality segmentation mask M̂ for the target entity.

4.5. WebSense.
To reduce computational and network resources, the
WebSense module is designed to intelligently determine
whether the IRAG module should be activated based on
xquery. While certain queries require real-time external
knowledge retrieval to ensure accurate segmentation, others
can be addressed using the internal knowledge of existing
MLLMs without accessing external resources. This
selective activation mechanism improves computational
efficiency and reduces latency by invoking retrieval only
when necessary. WebSense adopts a two-tier decision
architecture. In the first stage, a lightweight rule-based
filter quickly screens queries using predefined heuristics,
e.g., time-sensitive rules. For queries that are ambiguous
or semantically complex, a large language model [11] is
employed to perform deeper semantic analysis and classify
whether retrieval is needed.

5. Experiments
Implementation Details. Our method is primarily built
on the LangChain [3] framework, which enables efficient
retrieval and reasoning capabilities. We employ Llama-3-
8B [11] as our foundation language model, with a knowl-
edge cutoff date of December 2023, which ensures no
knowledge leakage for the NEST dataset. For proto-
type feature extraction, we employ CLIP-ViT-L/32 [29] to

obtain rich visual representations. Additionally, we use
YOLOv8 [16] as our object detector to identify potential
regions of interest in the input images. All evaluations are
conducted with a single NVIDIA 48G A6000 GPU.
Datasets. We evaluate the novel emerging segmentation
capabilities of MLLM-based segmentation models using
two datasets: NEST and NEST+. To enable more
comprehensive and realistic evaluation, we construct
NEST+ by combining NEST with ReasonSeg [19],
RefCOCO, RefCOCO+[17], and RefCOCOg[35]. The
composite dataset NEST+ supports joint evaluation
across novel emerging segmentation, reasoning-based
segmentation, and traditional referring segmentation tasks.
Baselines. We conduct experiments on several state-of-
the-art MLLM-based segmentation models [19, 28, 33].
However, these models inherently lack internet retrieval
functionality, limiting their ability to handle novel or
time-sensitive queries. To ensure fair comparisons, we
implement enhanced baselines by integrating commercial
retrieval-augmented models, GPT-4o mini Search [15] and
Gemini 2.0 Flash Search [31], which are equipped with
built-in internet search capabilities.
Evaluation Metrics. Following [5, 19], we adopt two
standard segmentation metrics: gIoU and cIoU. Addition-
ally, we use Acc. to comprehensively evaluate the question-
answering capability of RAG models.

5.1. Comparison with the State-of-the-Art Methods
Experiments on NEST Dataset. The novel emerging
segmentation results on the NEST dataset are shown in
Table 1. It is worth noting that existing works fail to handle
this task, while our method successfully accomplishes it by
retrieving up-to-date information, achieving more than 30%
gIoU performance improvement. Unlike traditional refer-
ring segmentation, the novel emerging segmentation task
presents a unique challenge by requiring models to identify
and segment entities that have emerged after their training
cutoff date. Only by leveraging the user’s multimodal input
to retrieve information from the internet can the model per-
form well on this task. Existing works have no effective way
to identify entities beyond their knowledge cutoff, but our
model explicitly exploits Retrieval-Augmented Generation
(RAG) to more effectively address this challenge.

Furthermore, we also compare our method with vanilla
two-stage baselines combining MLLM-based segmentation
models with GPT-4o mini Search [15] and Gemini-2.0
Flash Search [31], which are advanced commercial LLMs
with built-in internet retrieval capabilities. This baseline
first uses them to generate an answer based on the input
question, then employs MLLM-based segmentation mod-
els [19, 28, 33] to produce the segmentation mask. For the
intermediate prompt to MLLM-based segmentation models,
we use the template “Please segment {answer} in this

7403



Table 1. Novel Emerging Segmentation results on NEST dataset. Furthermore, we partition NEST into a novel entity split and an
emerging entity split based on LLaVA-v1.5-7B’s [26] knowledge, which is the foundation model employed by LISA-7B [19], SESAME-
7B [33], and READ-7B [28].

Method RAG Acc. Novel Entity Emerging Entity Overall
gIoU cIoU gIoU cIoU gIoU cIoU

CRIS [32] ✗ - 36.8 27.3 40.5 30.3 38.9 29.1
GRES [25] ✗ - 37.8 36.6 44.2 36.1 41.4 36.3
Grounded-SAM [30] ✗ - 39.0 31.7 53.8 40.3 47.4 36.7
SEEM [37] ✗ - 41.8 27.4 47.1 38.2 44.8 33.7
LISA-7B [19] ✗ - 38.4 28.5 56.5 47.5 48.7 39.3
SESAME-7B [33] ✗ - 11.1 7.9 14.5 14.0 13.1 11.6
READ-7B [28] ✗ - 19.2 17.6 25.1 22.0 22.5 20.2
LISA-7B+ GPT-4o mini Search [15] ✓ 68.1 35.4 30.8 67.0 63.1 53.5 49.0
SESAME-7B+ GPT-4o mini Search ✓ 67.8 27.8 22.6 42.3 41.7 36.1 33.8
READ-7B+ GPT-4o mini Search ✓ 68.7 34.9 31.7 47.5 43.0 42.1 38.2
LISA-7B+ Gemini-2.0 Flash Search [31] ✓ 69.6 35.2 29.6 67.8 65.3 53.8 49.3
SESAME-7B+ Gemini-2.0 Flash Search ✓ 71.1 30.3 23.8 46.0 45.6 39.2 36.6
READ-7B+ Gemini-2.0 Flash Search ✓ 70.0 37.1 31.6 50.2 44.9 44.6 39.3
LISA-7B + ROSE (ours) ✓ 73.4 67.0 65.7 77.5 70.7 73.0 68.6
SESAME-7B + ROSE (ours) ✓ 72.9 65.9 62.5 74.1 70.5 70.6 67.2
READ-7B + ROSE (ours) ✓ 74.2 67.1 63.4 76.0 71.7 72.2 68.3

Table 2. Mixed Dataset NEST+ Results. ReasonSeg is sourced from [19], while RefSeg is derived from RefCOCO, RefCOCO+ [17] and
RefCOCOg [35] datasets.

Method RAG NEST ReasonSeg RefSeg Overall
gIoU cIoU gIoU cIoU gIoU cIoU gIoU cIoU

CRIS [32] ✗ 39.6 29.2 18.2 19.7 56.0 50.4 40.5 26.6
GRES [25] ✗ 42.7 35.6 20.3 17.7 60.8 56.2 43.8 30.0
Grounded-SAM [30] ✗ 47.8 34.4 20.6 15.6 42.4 31.4 43.8 27.7
SEEM [37] ✗ 47.3 36.6 33.2 25.4 21.6 17.3 41.7 29.7
LISA-7B [19] ✗ 51.1 39.0 42.5 44.2 54.9 53.7 50.9 40.6
SESAME-7B [33] ✗ 14.1 11.2 30.9 28.7 62.7 61.7 25.5 17.8
READ-7B [28] ✗ 22.3 18.3 49.7 54.2 63.9 59.9 33.4 28.3
LISA-7B + ROSE (ours) ✓ 75.3 67.4 42.2 44.1 54.4 52.4 67.6 60.7
SESAME-7B + ROSE (ours) ✓ 70.1 63.5 33.7 31.6 68.4 66.3 65.8 54.2
READ-7B + ROSE (ours) ✓ 71.6 65.2 50.3 54.9 64.7 60.9 67.9 62.4

image.” where answer is the response from the commercial
LLM with built-in internet retrieval capabilities. As shown
in Table 1, ROSE significantly outperforms this two-stage
method for two main reasons: (1) Our TPE module provides
more accurate target information and richer background
knowledge, enhancing the MLLM’s understanding of the
target objects, and (2) our model leverages internet-sourced
images to support novel entity segmentation , effectively
addressing the novel entity segmentation problem. Addi-
tional experiments and detailed analysis are provided in
Supplementary Materials.

Experiments on Mixed Dataset NEST+. To further eval-
uate the generalization ability of our method, we conduct
experiments on a mixed dataset NEST+. The NEST+
simulates real-world scenarios involving real-time retrieval,
reasoning, and traditional referring segmentation. As shown
in Table 2, ROSE significantly enhances performance on the
NEST split while maintaining competitive results on both
the ReasonSeg and RefSeg splits. This demonstrates that

Table 3. Ablation Study. Impact of different ROSE components
on novel emerging segmentation, conducted on the NEST dataset.
The data split follows the same approach as in Tab. 1.

Method Novel Entity Emerging Entity Overall
gIoU cIoU gIoU cIoU gIoU cIoU

LISA-7B [19] 38.4 28.5 56.5 47.5 48.7 39.3
+ROSE (IRAG only) 40.4 30.9 67.1 62.7 55.7 49.1
+ROSE (IRAG+TPE) 41.3 31.6 73.3 67.2 59.6 51.8
+ROSE (IRAG+VPE) 64.9 61.7 71.7 65.5 68.7 63.8
+ROSE (Full) 68.6 67.2 79.4 72.3 74.7 70.1

ROSE improves the ability of novel emerging segmentation
while maintaining performance on traditional tasks.

5.2. Ablation Study
Here, we perform an ablation study with LISA-7B [19] as
the baseline. To ensure that each evaluation requires re-
trieval, the WebSense module is excluded from our ablation
studies, allowing for a more comprehensive assessment of
the model’s ability to segment novel and emerging entities.
Effect of Internet Retrieval-Augmented Generation
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"Please segment Xiaomi Car Su7 in this image."

"Please segment Nintendo Switch2."

"Which MLB player hit a clutch three-run homer for the Dodgers on May 9, 2025?"

"Who chooses to re-enter the dangerous game in “Squid Game 2” (released in 2024)?"
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Figure 4. Qualitative results comparing LISA [19], READ [28], and ROSE on novel and emerging entities. ROSE accurately segments
unseen and newly emerging targets, while LISA struggles due to a lack of up-to-date knowledge or inability to recognize new entities.

Module (IRAG). As shown in Table 3, adding the IRAG
module brings effective improvements over the baseline
method LISA-7B, with overall gIoU increasing by 7.0%
and cIoU increasing. This substantial enhancement
confirms that retrieving up-to-date information from the
internet is crucial for novel emerging segmentation, as
the model cannot rely solely on pre-trained knowledge to
identify and segment novel or emerging entities.
Effect of Textual Prompt Enhancer (TPE). As shown
in Table 3, comparing IRAG-only with IRAG+TPE, we
observe that TPE improves performance on emerging en-
tities (gIoU +6.2% and cIoU +4.5%). This demonstrates
that well-structured textual prompts effectively integrate
retrieved knowledge with the original instruction.
Effect of Visual Prompt Enhancer (VPE). As shown in
Table 3, comparing IRAG-only with IRAG+VPE, we ob-
serve that VPE significantly improves performance on novel
entities (cIoU +24.5%) and overall performance (gIoU
+13.0%). This indicates that enhancing the model’s vi-
sual understanding through retrieved images significantly
improves its ability to segment novel entities by providing
visual references that complement the textual information.

5.3. Qualitative Results
Fig. 4 presents qualitative results demonstrating the ef-
fectiveness of ROSE. We present four examples compar-
ing ROSE with LISA [19] and READ [28] on two key
challenges in novel emerging segmentation: novel entities

and emerging entities. For novel entities in the first two
rows, ROSE accurately segments the referred targets, while
LISA fails due to its inability to recognize unseen entities.
For example, in the 2nd row, LISA produces no output
for the novel entity Xiaomi SU7, whereas ROSE correctly
segments it. For emerging entities in the last two rows,
LISA similarly struggles due to outdated knowledge. In the
4th row, given the question “Which MLB player hit a clutch
three-run homer for the Dodgers on May 9, 2025? ”, LISA
segments the wrong person, while ROSE correctly identifies
and segments the actual player. More visualization results
are provided in the Supplementary Materials.

6. Conclusion
We introduce the novel emerging segmentation task
(NEST), which requires segmenting (i) novel entities
absent from MLLMs’ training data and (ii) emerging
entities that demand up-to-date external knowledge. To
support this, we construct the NEST dataset using an
automated pipeline that collects real-time image–news
pairs. We propose ROSE, a plug-and-play approach that
enhances MLLM-based segmentation models through
real-time internet retrieval. Extensive experiments show
that ROSE significantly improves performance on novel
emerging segmentation while maintaining competitive
results on standard benchmarks. Our work highlights the
potential of combining retrieval with multimodal models
for real-time understanding of newly emerging entities.
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