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Figure 1. Conversational Image Segmentation requires reasoning beyond object categories. Left: Referring Image Segmentation (RIS)
grounds descriptive phrases about object identity and spatial relations (e.g., “left-most apple”). Right: Conversational Image Segmentation
(CIS) grounds abstract, intent-oriented concepts that require relational reasoning, physical understanding, and implicit constraints.

Abstract

Conversational image segmentation grounds abstract,
intent-driven concepts into pixel-accurate masks. Prior work
on referring image grounding focuses on categorical and
spatial queries (e.g., “left-most apple”) and overlooks func-
tional and physical reasoning (e.g., “where can I safely store
the knife?”). We address this gap and introduce Conversa-
tional Image Segmentation (CIS) and CONVERSEG, a bench-
mark spanning entities, spatial relations, intent, affordances,
functions, safety, and physical reasoning. We also present
CONVERSEG-NET, which fuses strong segmentation pri-
ors with language understanding, and an AI-powered data
engine that generates prompt–mask pairs without human
supervision. We show that current language-guided segmen-
tation models are inadequate for CIS, while CONVERSEG-
NET trained on our data engine achieves significant gains
on CONVERSEG and maintains strong performance on ex-
isting language-guided segmentation benchmarks. Project
webpage: https://glab-caltech.github.io/converseg.

1. Introduction

“Which suitcases can I take without disturbing the stack?”
For humans, the answer is immediate: we identify which
pieces are load-bearing versus accessible, anticipate redis-
tribution of weight, and filter candidates by the constraint
of “easy removal.” Yet a segmentation model, trained to
predict suitcase and cart, lacks any representation of support
relations, occlusion ordering, or physical stability. Selecting
easily removable luggage requires reasoning jointly over
geometry, physics, and user intent – not merely recognizing
object categories. This type of conversational, intent-driven
language instruction reflects how humans naturally interact
with their environments, yet remains beyond the reach of
current perception systems.

In computer vision, grounding images using natural lan-
guage expressions was first explored through the task of Re-
ferring Image Segmentation (RIS) [37]. However, existing
benchmarks for this task, RefCOCO variants [37], primarily
emphasize categorical and spatial references, such as “the
white umbrella” or “the left-most apple”, shown on the left
of Fig. 1. By contrast, functional or physical reasoning about
objects and environments – such as “what object is prone to
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rolling if unsecured” or “where can I safely store the knife?”
– is largely underrepresented.

We address this gap by introducing Conversational Image
Segmentation (CIS), a task that grounds high-level conversa-
tional concepts into pixel-accurate masks in natural images.
Examples are shown in Fig. 1. We call these concepts con-
versational because they mirror how humans naturally talk
about objects and their surroundings. They span five fami-
lies, inspired by human vision science [8, 24] and intuitive
physics [2]: (1) Entities with open-vocabulary descriptions
(“weathered wooden furniture”); (2) Spatial & Layout cap-
turing complex geometric relations (“items blocking the
walkway”); (3) Relations & Events describing interactions
(“the player about to catch the ball”); (4) Affordances &
Functions requiring use-case reasoning (“surfaces suitable
for hot cookware”); and (5) Physics & Safety involving
stability or hazard assessment (“objects likely to tip over”).

To measure progress in CIS, we introduce the CON-
VERSEG benchmark, featuring 1,687 human-verified im-
age–mask pairs. Unlike previous benchmarks that focus
on categorical entities and simple spatial relations, CON-
VERSEG offers coverage across all five concept families
and a broader representation of conversational reasoning.
We hope that advancing CIS with CONVERSEG will ad-
vance perception systems in assistive robotics, human–robot
interaction and augmented reality – domains that require
grounding abstract concepts.

We further introduce CONVERSEG-NET, a conversa-
tional segmentation model that maps an image and prompt
to a grounding mask. Training it demands large-scale su-
pervision over diverse prompts in natural images – a costly
and cognitively intensive effort for human annotators who
must produce pixel-accurate masks and natural, reasoning-
rich prompts. To bypass this bottleneck, we build an auto-
mated, VLM-driven data engine that synthesizes high-quality
prompt–mask pairs without human supervision via an iter-
ative generate-and-verify loop, yielding 61K image–mask
pairs across all five concept families. Trained on this data,
CONVERSEG-NET achieves strong results on CONVERSEG
and remains competitive on standard referring expression
benchmarks, demonstrating both data quality and scalability.

In summary, our contributions are:

• We introduce Conversational Image Segmentation (CIS)
and CONVERSEG, a benchmark of human-verified im-
age–mask pairs targeting grounding of affordances,
physics, and functional reasoning.

• We build an AI-powered data engine that synthesizes
diverse, high-quality conversational prompt–mask pairs
without human supervision.

• We design a baseline model, CONVERSEG-NET; trained
on our engine’s data, it excels on CONVERSEG and re-
mains strong on RIS benchmarks.

2. Related Work

Referring Expression Segmentation. Referring expres-
sion segmentation (RIS) localizes regions described by lan-
guage. RefCOCO/+/g [37] are standard benchmarks but
are dominated by object-centric, low-level spatial phrases
(e.g., “person on the left,” “red cup”). Early methods used
multi-stage language–vision pipelines [11, 18]; recent work
adopts Transformer-based vision-language encoders [13, 35].
Despite strong results on entities and simple spatial relations,
these benchmarks seldom test affordances, stability, or user
intent. Our CIS task and CONVERSEG explicitly target these
gaps via five conversational concept families.

Reasoning and Implicit Segmentation. ReasonSeg [15]
pairs images with implicit, reasoning-heavy instructions
and masks, but queries still target entities or spatial rela-
tions, with limited coverage of affordances, safety, or phys-
ical constraints. Multi-modal LLM systems (LISA [15],
GLaMM [27], PixelLM [30]) can perform multi-step rea-
soning and produce masks, yet rely on heavy backbones
and multi-stage inference (chain-of-thought, tool calls), mak-
ing deployment costly. In contrast, we pursue single-pass
architectures that directly ground conversational concepts.

Promptable Segmentation Models. The Segment Anything
Model (SAM) [14] enables promptable, class-agnostic seg-
mentation from points or boxes; SAM2 [28] extends this
to streaming video. These offer strong priors but lack na-
tive text conditioning. Bridging this, some [22, 29] pair
SAM with text-conditioned detectors, while others integrate
SAM-like decoders into VLMs [27, 39]. We leverage SAM’s
learnt priors and combine them lightweight vision–language
adapters to enable end-to-end conversational grounding with-
out sacrificing segmentation quality.

Vision-Language Models for Dense Prediction. Recent
VLMs add heads for dense prediction: LISA [15] aug-
ments LLaVA [19] with a mask decoder, GLaMM [27] sup-
ports multi-turn grounded dialogue, and GroundHog [39],
Kosmos-2 [26], and xGen-MM/BLIP-3 [33] push pixel-level
grounding in ever-larger models. These systems excel at
complex reasoning but demand substantial compute and
often multiple passes per query. We take a complemen-
tary approach: rather than scaling model capacity, we scale
training data diversity through automated data synthesis. A
lightweight 3B VLM + SAM2 decoder, trained on 61K auto-
generated prompt–mask pairs across five reasoning concepts,
achieves competitive CIS and RIS performance.

Automated Data Synthesis. Synthetic data is a strong alter-
native to manual annotation, with synthetic pre-training ap-
proaching real-image performance for representation learn-
ing [31]. Pipelines like ELEVATER [16], synthetic region
captioning [6, 36], and grounding verification [39] scale su-
pervision, but mostly target literal descriptions or category la-
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Figure 2. CONVERSEG Qualitative Examples. Representative samples across five concept categories. Prompts require reasoning about
attributes, spatial relations, interactions, functional properties, and physical constraints beyond standard object reference.

Figure 3. Concept Coverage in Benchmarks. Distribution of
concepts across five existing benchmarks versus CONVERSEG.
Prior datasets primarily focus on entities/spatial relations, whereas
CONVERSEG offers near-uniform coverage across all five concepts.

bels. Our engine instead synthesizes conversational prompts
aimed at affordances, layout constraints, and physical safety,
then filters them via multi-stage visual verification.

3. Conversational Image Segmentation
We introduce the task of Conversational Image Segmentation
(CIS) and the family of concepts that define it.

3.1. Task Definition
Given an image I and a natural language prompt p, the
task is to predict a binary mask Mp identifying the pixels
in I that satisfy the query p. Unlike referring image seg-
mentation (RIS), prompts in CIS may require functional or
physical reasoning (e.g., “surfaces stable enough to stack
books”), target non-visible properties such as affordances or
safety (e.g., “objects that might be hot”), and have context-
dependent groundings (e.g., “comfortable seating areas”).

3.2. The Five Conversational Concepts
We organize prompts into five concept families according
to the type of reasoning they require. These families reflect

how humans naturally query their surroundings and reveal
reasoning abilities that extend beyond object-centric refer-
ence. We draw inspiration from human vision science [8, 24]
and intuitive physics [2], which demonstrate that people in-
fer functional properties and physical constraints directly
from visual input – capabilities largely missing from current
vision tasks and benchmarks.

1. Entities. Prompts that identify entities by category or
attributes (e.g., “the bicycle with a basket”). While over-
lapping with RIS, we include open-vocabulary categories
and complex attribute compositions.

2. Spatial & Layout. Prompts about spatial relations, or-
dering, and occupancy (e.g., “the rightmost orange in the
bowl”, “the lamp behind the sofa”).

3. Relations & Events. Prompts targeting interactions or
transient states (e.g., “the player serving the ball”, “the
door being opened”).

4. Affordances & Functions. Prompts requiring functional
reasoning about object use (e.g., “surfaces you could cut
on”, “items that could serve as a shovel”).

5. Physics & Safety. Prompts invoking stability, sup-
port, and hazard assessment (e.g., “objects likely to tip”,

“sharp objects posing a hazard”).

4. The CONVERSEG Benchmark

In this section, we introduce the CONVERSEG benchmark
for conversational image segmentation and describe our data
collection and annotation process.

Fig. 3 compares concept distributions across benchmarks.
Existing datasets are heavily skewed toward entities and spa-
tial relations (>50%), with minimal coverage of affordances,
events, or physical reasoning. In contrast, CONVERSEG pro-
vides balanced representation across all five concepts.
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Stage 1
Scene Understanding

1: Large elephant walking toward the left 
foreground
1: Small elephant calk walking between two 
adults
2: Dirt road or dusty pathway in the lower 
half of the image
…
n: Adult elephant facing forward with large 
ears in the center

Stage 2
Mask generation & 

verification

“Large elephant walking 
toward the left foreground”

“Small elephant calk walking 
between two adults”

“Dirt road or dusty pathway in 
the lower half of the image”

“Adult elephant facing forward 
with large ears in the center”

…
Region description-mask pairs

Stage 3
Concept-driven 

prompt generation

“Segment the elephant most 
susceptible to external threats”

Region descriptions Concept-mask pairs

Stage 4
Concept-mask pair 

verification

Accept ✓

Reject !

Figure 4. Conversational Data Engine. Five-stage pipeline for automated concept-mask synthesis: (1) VLM generates region descriptions;
(2) Object detector and SAM2 produce masks, VLM filters and refines them. (3) Concept-driven meta-prompts generate conversational
queries assigned to region-mask pairs; (4) Alignment verification ensures prompt-mask correctness.

4.1. Benchmark Construction and Verification
CONVERSEG is constructed through a two-stage pipeline:
automated candidate generation followed by human verifi-
cation. We source images from the COCO [17] validation
set and generate candidate tuples (I, p,Mp, c) where c ∈ C
denotes one of five concept types.

Segmentation masks Mp in CONVERSEG are either ma-
chine or human drawn, which lead to two evaluation sets:

Human-annotated Set. We initialize masks with human-
drawn annotations from COCO, sourced from instance (ob-
jects) and panoptic annotations (objects and stuff). This
split has high-quality mask annotations but is restricted to
annotations within COCO.

SAM-seeded Set. Masks are extracted with SAM2 [28]
prompted with bounding boxes generated by an object de-
tector. This mode eliminates reliance on closed-vocabulary
annotations from COCO and allows us to scale our evalua-
tion data with minimal human supervision.

Conversational prompts p are collected with the help of our
data engine, described in detail in Sec. 5, which proposes
prompts p with corresponding masks Mp across all five
concept families via a generate-then-verify process.

Human Verification. Each sample undergoes human verifi-
cation for (i) prompt quality and correct concept assignment
and (ii) mask accuracy. Verifiers accept/reject with a single
click. The engine supplies image-tailored, diverse prompts
across all five concept families; human checks ensure prompt
and mask quality.

4.2. CONVERSEG Statistics.
CONVERSEG comprises 1,687 total samples across two
splits: 1,194 SAM-seeded and 493 human-annotated.
Prompts average 7.6 words (std: 1.2). Fig. 2 shows repre-
sentative examples from each concept category. Additional

statistics, annotation protocols, and qualitative examples are
provided in the Appendix.

5. The Conversational Data Engine
We introduce a fully automatic data engine for conversational
image segmentation. Collecting pixel-accurate masks and,
more critically, realistic prompts is prohibitively expensive
at scale with human annotators. Our data engine synthesizes
high-quality prompt–mask pairs without human supervision.
Instead, it leverages high-performing VLMs that iteratively
generate outputs and verify their quality.

5.1. Data Engine Architecture
Fig. 4 shows our pipeline, featuring modules for scene recog-
nition, mask generation, prompt creation and verification.
Stage 1: Scene Understanding. Given an image I , a
VLM generates 5–7 region descriptions in natural language,
{d1, . . . , dn}. Each di specifies category, attributes, location,
and relations in ≤15 words, e.g., “large elephant walking
toward left foreground”. These descriptions serve as targets
for mask generation.
Stage 2: Mask Generation. For each description di, we
localize its segment in image I: Moondream3 [25] predicts
a box bi from (I, di); SAM2, prompted with bi, returns the
mask mi. We choose Moondream3 for open-vocabulary
detection and SAM2 for box-conditioned segmentation.
Stage 3: Mask Quality Verification. Pipeline systems
suffer from error propagation, so we enforce two checks for
mask fidelity:
Mask–text consistency check. A VLM verifies that (bi,mi)
matches di in identity, attributes, and spatial location. It
returns accept/reject; only accepts proceed to the next stage.
Mask refinement and selection. Passing masks may still have
under/over-coverage or holes, often from noisy boxes. We
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sample SAM2 with a dense point grid to form candidates
and pick m′

i with highest IoU to mi. A VLM then chooses
the better of the two based on coverage, boundary precision,
artifacts. The selected (m̂i) is the final mask.

Now, each image I has verified descriptions, di, paired
with high-quality masks, m̂i.

Stage 4: Concept-Driven Prompt Generation. This stage
derives image-tailored conversational prompts for I and its
discovered regions.

Prompts must span a range of reasoning types within each
concept c. For example, for affordances they should assess
functional properties and context-dependent use ("surfaces
safe for hot items"), canonical functions ("sources of water"),
or counterfactual uses ("items that could prop a door"); for
spatial relations, containment ("items inside containers") or
ordinality ("the three leftmost cups"). We enforce this via
concept-specific meta-prompts πc (found in the Appendix).

For each c, a VLM receives: (1) indexed descriptions
{di}, (ii) set-of-marks numbered overlay [34], and (iii) meta-
prompt πc. It generates up to three prompts p per concept
and selects the corresponding regions. Trivial prompt-mask
pairs (e.g., an image with one car and “segment the car”) or
prompts applicable to undiscovered regions are pruned.

Stage 5: Prompt–Mask Alignment Verification. For each
tuple (I, p,Mp, c), a VLM verifies that Mp: (1) matches p’s
target, (2) excludes irrelevant content, and (3) is reasonably
described by p. It returns accept/reject; only accepts proceed.

This five-stage pipeline combines VLM-driven genera-
tion with multi-stage verification to produce high-quality
prompt–mask pairs without human annotation. All VLM
components use Gemini-2.5-Flash [4].

5.2. Dual-Purpose Design
Our data engine is crafted to generate diverse conversational
prompt-mask pairs in images. We use it for two purposes:
(1) Benchmark curation (Sec. 4.1). We run the pipeline on
COCO val images, seeding mask candidates from COCO an-
notations or SAM2. For benchmark-grade quality, generated
prompt–mask pairs receive a final human check.

(2) Training data synthesis (Sec. 6.2). We run the data en-
gine at scale on COCO train images, producing training pairs
without human supervision. Ablations on pipeline compo-
nents, failure mode analysis, and additional implementation
details are in the Appendix.

6. Model

In this section, we present a single-pass model for conver-
sational image segmentation that grounds conversational
concepts into pixels. Our design philosophy is to avoid
multi-component workflows like iterative tool use or multi-
turn refinement to build a strong baseline for CIS. To this

“Segment the runner 
most likely to collide 

with a person”

Image 
Encoder

VLM

Mask 
Decoder

Figure 5. Model Architecture. An image encoder processes the
image, while a VLM jointly encodes image and text. Lightweight
adapters map the text-token embeddings from the VLM to a mask
decoder that predicts the target segment.

end, we combine advances in promptable image segmenta-
tion, but lack text conditioning, with VLMs that integrate
vision and language but do not perform segmentation. We
describe our model architecture (Sec. 6.1), training strategy
and implementation details (Sec. 6.2).

6.1. Model Architecture
Fig. 5 illustrates our architecture. It fuses SAM2 [28] (image-
only components) with a compact vision–language backbone
(Qwen-2.5-VL-3B [1]), connected via lightweight prompt
adapters.
Image Encoder. We adopt the SAM2 image encoder which
is an MAE [9] pre-trained Vision Transformer (ViT) [7]
adapted for high-resolution inputs and keep it frozen. The en-
coder processes each image once, independent of the prompt,
producing a spatial image embedding zimg ∈ RH′×W ′×Dimg .
Prompt Encoder. We use Qwen2.5-VL-3B [1] as the
prompt encoder, which jointly processes the image I and
text prompt p to produce per-token hidden states at the final
layer. We extract hidden states corresponding to text tokens
only (they have attended to the image tokens through Qwen’s
backbone), yielding a sequence {h1, . . . ,hT ,hEOS} ∈ RDt ,
where T is the text length and Dt is the hidden dimension.

Following SAM’s design, we represent prompts as
sparse and dense embeddings. The text token sequence
{h1, . . . ,hT } serves as sparse embeddings, capturing
fine-grained text information. The hidden state at the
EOS position serves as the dense embedding, captur-
ing global image-text context. Two lightweight adapters
project these representations to the decoder’s input space:
esparse = LinearDt→Ddec({h1, . . . ,hT }) and edense =
MLPDt→Ddec(hEOS), where the dense adapter is a 2-layer
MLP with SiLU activation. The Qwen backbone is fine-
tuned using LoRA [10] with rank 16 and α = 32.
Mask Decoder. We adopt SAM2’s mask decoder and
fully fine-tune it. The decoder uses modified Trans-
former blocks [32] with bidirectional cross-attention be-
tween prompt and image embeddings. After two blocks,
the image embedding is upsampled and an MLP maps the
output token to per-pixel foreground probabilities, producing
the final mask.
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6.2. Training Curriculum

To tackle the reasoning-heavy task of conversational image
segmentation, we use a curriculum that gradually increases
task complexity: the model first learns to segment literal
concepts (e.g., “segment the cat”) before advancing to more
abstract referential and conversational concepts. This ap-
proach is critical because SAM2 has no prior exposure to
language and thus requires careful integration of text condi-
tioning. We validate this design via ablations in Sec. 7.3.

6.2.1. Training Data
We organize training data into four groups with increasing
complexity:

(1) Literal concepts. We leverage the COCO train set refor-
mulated as category-level segmentation using refined masks
from COCONut [5]. For each image, we randomly sample a
category and treat all corresponding masks as ground truth
with prompts like “Segment all the [category] in the image”.
This yields 117K prompt-mask pairs.

(2) Basic referring expressions. We utilize the RefCOCO
family datasets [37] (RefCOCO, RefCOCO+, RefCOCOg)
train splits, providing 321K object-centric references.

(3) Open-vocabulary regions. Region descriptions from
Stage 3 of our data engine (Sec. 5), providing 27K diverse
region descriptions beyond COCO’s closed vocabulary. Ex-
amples are shown in Fig. 4.

(4) Conversational concepts. This is the output from our
data engine which generates 61K concept-mask pairs, cover-
ing all five concept families.

6.2.2. Two Phase Training
We train in two phases with increasing task complexity:

Phase 1: Pretraining. We pretrain on a mixture of groups
1-3, producing a base model proficient at basic referring
segmentation.

Phase 2: Conversational post-training. Initialized from
Phase 1, we fine-tune on group 4 mixed with an equal num-
ber of samples randomly drawn from groups 1-3 with a
lower learning rate. This mixing strategy maintains perfor-
mance on foundational segmentation tasks while adapting to
conversational concepts, empirically validated in Sec. 7.3.

6.2.3. Training Objective
Given binary ground-truth mask M ∈ {0, 1}H×W and pre-
dicted probability mask M∗ ∈ [0, 1]H×W , we minimize a
weighted combination of binary cross-entropy and Dice loss:
L = LBCE(M,M∗) + λLDice(M,M∗) with λ = 0.25.

6.2.4. Implementation Details
We train with AdamW [23], batch size 6, and a cosine sched-
ule with warmup. Phase 1 runs 35K steps at η1=1e−4;

Phase 2 runs 35K steps at η2=1e−5. Training on a sin-
gle NVIDIA A100 80GB takes about 48 hours. Additional
details are in the Appendix.

7. Experiments

We evaluate our model against baselines on conversational
image grounding, outlining the setup (Sec. 7.1), results
(Sec. 7.2), and ablation studies and analysis (Sec. 7.3).

7.1. Experimental Setup

Benchmarks. We evaluate on three benchmarks: (1) CON-
VERSEG: our benchmark with SAM-seeded and human-
annotated splits across five concept categories (entities, spa-
tial relations, affordances, relations & events, physics &
safety); (2) RefCOCO/+/g [37]: standard referring expres-
sion benchmarks; (3) ReasonSeg [15]: segmentation bench-
mark of complex implicit reasoning and understanding.

Baselines. We compare against state-of-the-art feed-forward
methods of diverse architectural designs: LISA [15], an
MLLM-based model with embedding-as-mask paradigm;
UniLSeg [20], a universal model for arbitrary semantic gran-
ularity; EVF-SAM [38], a SAM-based model with early
vision-language fusion; and Seg-Zero [21], a reasoning-
chain guided framework with decoupled reasoning and seg-
mentation modules. Qualitative comparisons with LISA
appear in Fig. 6; additional baselines are in the Appendix.

Evaluation Metrics. We report generalized IoU (gIoU)
as our primary metric following [12, 37]. Cumulative IoU
(cIoU) results are provided in the Appendix.

7.2. Main Results

Results on CONVERSEG. Tab. 1 reports overall and per-
concept gIoU on the SAM-seeded and human-annotated
splits of CONVERSEG. Our Phase-1 model (CONVERSEG-
NET Base, Qwen2.5-VL 3B, without conversational training)
already achieves 58.8% on the SAM-seeded split surpassing
the strongest LISA variant (55.2% with Llama2-13B) by
+3.6%, despite using a 4× smaller backbone and without
ReasonSeg fine-tuning. Among existing methods, Seg-Zero
is the strongest baseline with 69.2% overall. Our full 3B
model (CONVERSEG-NET) reaches 70.5%, improving over
Seg-Zero by +1.3% on the SAM-seeded split. Scaling the
prompt encoder to 7B further boosts performance to 73.3%,
a +4.1% absolute gain over the best baseline. The same
trends hold on the human-annotated split.

Per-Concept Analysis. Tab. 1 reports per-concept perfor-
mance. Key takeaways: (1) baselines score highest on enti-
ties and spatial and lowest on affordances, physics & safety
concepts. For example, LISA-Llama2-13B on the SAM-
seeded split achieves 60.0% on entities and 46.6% on physics
& safety -(-13.4%). (2) Our base model shows an even larger
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Model Prompt Encoder
SAM-seeded (gIoU) Human-annotated (gIoU)

All Ent. Spat. Rel. Aff. Phys. All Ent. Spat. Rel. Aff. Phys.

LISA⋆ LLaVA 7B 48.6 52.3 55.0 54.5 41.5 39.1 45.9 46.5 50.4 50.9 42.6 37.7
LISA⋆ Llama2 13B 55.2 60.0 57.1 60.3 50.1 46.6 53.8 54.3 60.1 56.8 53.6 42.1
UniLSeg-20 CLIP ViT-B/16 32.6 39.0 36.0 36.5 26.4 22.8 31.6 36.6 35.4 27.4 27.6 29.4
EVF-SAM† BEIT-3-Large 42.2 47.1 49.3 46.0 37.3 29.8 39.1 42.1 50.1 41.3 29.5 31.2
EVF-SAM‡ BEIT-3-Large 47.7 53.8 54.7 50.9 40.9 36.6 45.4 51.9 52.2 44.2 41.4 34.1
Seg-Zero Qwen2.5-VL 7B 69.2 74.1 71.7 72.3 65.1 60.9 61.1 62.8 63.6 61.1 60.2 56.6

CONVERSEG-NET (Base) Qwen2.5-VL 3B 58.8 64.8 64.4 65.0 52.9 43.8 56.4 61.4 61.1 54.8 54.3 48.0
CONVERSEG-NET Qwen2.5-VL 3B 70.5 73.9 74.7 76.3 65.6 60.7 64.4 67.0 64.7 66.5 62.9 59.5
CONVERSEG-NET Qwen2.5-VL 7B 73.3 75.8 75.7 78.6 70.0 65.1 66.3 68.6 68.8 65.3 62.0 66.5

Table 1. CONVERSEG benchmark results (gIoU, %). Each subset reports performance across the five concept categories – Entities, Spatial,
Relations, Affordances, and Physics & Safety – and summarizes across all (All). ⋆ indicates models fine-tuned on ReasonSeg training data.
† trained on RefCOCO only; ‡ trained on RefCOCO and additional large-scale datasets (Objects365, PACO-LVIS, PASCAL-Part, etc).

Figure 6. Qualitative results on CONVERSEG. CONVERSEG-NET produces more accurate masks for spatial, affordance, and physics
concepts than LISA, a popular leading reasoning segmentation model.

gap: 64.8% vs. 43.8% (–21.0%). (3) Phase-2 conversational
training boosts performance for all concepts, with biggest
gains for physics & safety (from 43.8% to 60.7%) narrowing
the the gap with entities to 13.2% (73.9% vs. 60.7%). (4)
Scaling the backbone (CONVERSEG-NET-7B) achieves the
best results across all families. Overall, later-stage training
and larger models especially benefit abstract concepts while
preserving strong entity-level performance.

Qualitative Examples. Fig. 6 compares CONVERSEG-NET
and LISA predictions on CONVERSEG. CONVERSEG-NET
better localizes abstract concepts: it focuses on the bicycle
as the mechanism requiring physical pedaling force, isolates
the newspaper as the object being actively examined, selects
only vessels containing liquid at high spill risk, and segments
the bell as the object used to gain attention, whereas LISA
often includes nearby distractors or misses physical cues.
For “surfaces affording comfortable full-body rest,” however,
LISA’s decision to segment the full bed is arguably more
canonical than CONVERSEG-NET ’s blanket-focused mask.

Comparison on Referring Expression Benchmarks.
Tab. 2 reports gIoU on RefCOCO/+/g [37] and Reason-
Seg [15]. While the primary goal of CONVERSEG-NET
is to establish a strong baseline for conversational image seg-
mentation with abstract concepts, we evaluate on standard re-

ferring expression benchmarks to demonstrate robustness on
literal concepts. On RefCOCO, CONVERSEG-NET achieves
79.9% on val, competitive with models like GSVA (79.2%)
and EVF-SAM (82.4%) that use substantially more training
data. On ReasonSeg, our 3B model reaches 55.1% on the
test set without training on any ReasonSeg data, a few points
behind LISA-13B (61.3%), which was fine-tuned on its train-
ing set and is 4× larger. Scaling to 7B improves performance
(58.7% on ReasonSeg test), showing that our conversational
training effectively transfers to complex reasoning scenarios
zero-shot (i.e., without task-specific supervision).

7.3. Ablation Studies and Analysis

Curriculum Learning. Tab. 3 analyzes our training cur-
riculum on RefCOCO/+/g (avg. over 9 splits) and CON-
VERSEG’s human-annotated split. Training only on conver-
sational data yields reasonable CONVERSEG performance
(63.0%) but poor RefCOCO/+/g results (68.0%), indicating
overfitting. Jointly training on all data without a curricu-
lum improves RefCOCO/+/g to 75.9% but degrades CON-
VERSEG to 61.9%. A two-phase curriculum (Phase 1: basic
referring data; Phase 2: conversational data) achieves 74.1%
and 64.4%. Our final strategy – Phase 1 on basic data fol-
lowed by Phase 2 with a 50-50 mix of both data types –
achieves the highest performance (76.2% on RefCOCO/+/g,
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Model Prompt Encoder
RefCOCO RefCOCO+ RefCOCOg ReasonSeg

val testA testB val testA testB val(U) test(U) val(G) val test test(short) test(long)

LISA LLaVA 7B 74.9 79.1 72.3 65.1 70.8 58.1 67.9 70.6 – 44.4 36.8 37.6 36.6
LISA⋆ LLaVA 7B – – – – – – – – – 52.9 47.3 40.6 49.4
LISA⋆ Llama2 13B – – – – – – – – – 60.0 51.5 43.9 54.0
Seg-Zero Qwen2.5-VL 3B – – – – – – – – – 58.2 56.1 – –
Seg-Zero Qwen2.5-VL 7B – – – – – – – – – 62.6 57.5 – –
GSVA⋆ Vicuna 13B 79.2 81.7 77.1 70.3 73.8 63.6 75.7 77.0 – – – – –
GLaMM Vicuna 7B 79.5 83.2 76.9 72.6 78.7 64.6 74.2 74.9 – 47.4 – – –
UniLSeg-20 CLIP ViT-B/16 80.5 81.8 78.4 72.7 77.0 67.0 78.4 79.5 – – – – –
EVF-SAM† BEIT-3-Large 82.1 83.7 80.0 75.2 78.3 70.1 76.8 77.4 – – – – –
EVF-SAM‡ BEIT-3-Large 82.4 84.2 80.2 76.5 80.0 71.9 78.2 78.3 – – – – –
HyperSeg Phi2 2.7B 84.8 85.7 83.4 79.0 83.5 75.2 79.4 78.9 – – – – –
HyperSeg Phi2 3B – – – – – – – – – 59.2 – – –
Gemini Seg Gemini2.5 Flash – – – – – – – – – 28.3 30.6 16.5 35.0
X-SAM⋆ Phi3 3.8B 85.1 87.1 83.4 78.0 81.0 74.4 83.8 83.9 – 56.6 57.8 47.7 56.0
RSVP LLaVA1.6 7B – – – – – – – – – 59.2 56.9 47.9 58.4
RSVP Qwen2-VL 7B – – – – – – – – – 58.6 56.1 48.5 57.1

CONVERSEG-NET (Base) Qwen2.5-VL 3B 79.2 81.3 76.7 73.8 78.4 68.5 74.0 74.4 74.5 52.2 49.9 46.6 50.9
CONVERSEG-NET Qwen2.5-VL 3B 79.9 81.3 76.8 74.0 79.0 69.5 74.7 74.9 75.3 59.5 55.1 50.4 56.6
CONVERSEG-NET Qwen2.5-VL 7B 79.8 81.8 77.5 75.0 79.7 70.5 75.4 76.0 76.0 59.8 58.7 52.2 60.8

Table 2. Referring expression segmentation (gIoU, %). CONVERSEG-NET is competitive on RefCOCO/+/g and achieves zero-shot
state-of-the-art on ReasonSeg with the 7B model, surpassing methods fine-tuned on ReasonSeg (⋆). † trained on RefCOCO only; ‡ on
RefCOCO plus additional datasets (Objects365, PACO-LVIS, PASCAL-Part, etc).

Training Strategy RefCOCO/+/g CONVERSEG

No curriculum (only conversational) 68.0 63.0
No curriculum (all data) 75.9 61.9
Phase 1 + Phase 2 (only conversational) 74.1 64.4

Phase 1 75.6 56.4
Phase 1 + Phase 2 (full curriculum) 76.2 64.4

Table 3. Curriculum learning ablation on RefCOCO/+/g
and CONVERSEG.

Architecture Configuration CONVERSEG ∆

w/o LoRA finetuning 49.4 -15.0
Text-only input to Qwen 47.4 -17.0
Sparse embeddings only 63.9 -0.5

CONVERSEG-NET 64.4 –

Table 4. Architectural ablations. Each row re-
moves one component from the final design.

Prompt Encoder CONVERSEG

Perception-LM-3B 65.2
Qwen2.5-VL-3B 64.4

Table 5. Prompt encoder backbone
comparison on CONVERSEG.

64.4% on CONVERSEG), showing curriculum learning with
mixed fine-tuning balances performance across benchmarks.

Architectural Ablations. Tab. 4 ablates key architectural
choices. Freezing the prompt encoder backbone instead of
using LoRA fine-tuning causes a drastic performance drop
(49.4% vs. 64.4%) – adapting the prompt encoder is crucial
for language grounding. Providing only text input to the
prompt encoder, rather than both image and text, reduces
performance by 17.0% (64.4% to 47.4%), showing that vi-
sual context is essential for text-conditioned segmentation.
Finally, removing dense prompt embeddings while retaining
only sparse embeddings causes a modest 0.5% drop.

VLM Backbone Comparison. Tab. 5 evaluates Perception-
LM-3B [3], a recent VLM with strong visual reasoning ca-
pabilities. Performance remains comparable (65.2 vs. 64.4),
demonstrating that CONVERSEG-NET can work with any
performant VLM backbone.

Attention Map Visualization. Fig. 7 shows cross-attention
between text tokens and image regions in the mask decoder.
For each image we visualize maps for two prompts; attention
concentrates on the referred region (e.g. “Vitamin A” on
carrots) and is sparse and point-like rather than diffuse. We
hypothesize this stems from conditioning the SAM mask
decoder with language embeddings in place of its point

embeddings, so each token behaves like a soft point prompt.

Figure 7. Cross-attention maps showing that each text prompt
focuses on its corresponding image region.

8. Conclusion

We introduced Conversational Image Segmentation (CIS),
grounding high-level concepts about affordances, physics,
and function into pixel-accurate masks. Our CONVERSEG
benchmark provides 1,687 human-verified samples with
balanced coverage across five concept families underrep-
resented in prior work. To scale beyond manual annotation,
we built an automated data engine synthesizing 61K prompt-
mask pairs via iterative VLM generation and verification.
CONVERSEG-NET, trained on this data, achieves state-of-
the-art performance on CONVERSEG while remaining com-
petitive on standard benchmarks, showing that a curriculum
from literal to conversational concepts effectively adapts
promptable segmentation to language conditioning.
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