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Presentation Overview

How do we reuse broad visual semantics for a new spatial output?

Seminal Paper - 2022 Backbone Bridge Frontier Paper - 2026

OWL-ViT Qwen3-VL Qwen3-VL-Seg
Contrastive image—text model Interpret an instruction Reuse MLLM grounding

— object-level predictions and ground its target — box-guided mask decoder
Text queries — scores + boxes Grounded box + features Referring instruction — masks

I Same principle: reuse pretrained knowledge. Different language interface and spatial output.

Gr Georgia
Tech.
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Detection, Segmentation, and Grounding

Detection Instance segmentation
“mug” No referring expression
) )
Find all matching instances; Separate object instances;
output boxes. output individual masks.

Referring grounding

“red mug beside the plate”

o
N ]

) Dl D

Resolve the expression;
output the target box.

Referring segmentation

“red mug beside the plate”

B D

Resolve the expression;
output the target mask.

U

I Two evaluation axes: choose the intended instance, then represent its location precisely.

04
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Open Vocabulary # Full Query Understanding

Adding nouns is different from binding attributes, relations, order, and negation

Category

" n

mug

Attribute binding
“red mug”
1 2 3

Relation

“the red mug beside the plate”

Same objects. Different target selection. Relation + negation
“the red mug not beside the plate”

I Novel-category AP does not establish reliable compositional grounding.

Gr Georgia
Tech.
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OWL-VIT

- Minderer et al. (ECCV 2022)
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Works Before OWL-ViT

Same bottleneck: broad semantics are plentiful; category-specific bounding boxes are expensive

ViLD

S CLIP crop embedding —» Region-feature distillation —»  Detector + text classifier
Distill a teacher

Detic

Image-level class label —»  Classify a large proposal —» Expanded detector
Use cheaper labels

vocabulary

GLIP

_ _ Class names / phrases = —=  Deep image—text fusion —»  Region—word alignment
Unify as grounding

OWL-ViT asks: can the pretrained dual encoder itself become the detector?

ViLD - ICLR 2022 Detic - ECCV 2022 GLIP - CVPR 2022

. Cr

Georgia
Tech.


https://arxiv.org/abs/2104.13921
https://arxiv.org/abs/2201.02605
https://arxiv.org/abs/2112.03857

Approach — Seminal: OWL-ViT

a Image-level contrastive pre-training Transfer to open-vocabulary detection )
[] Objectimage embeddings
Text ) Query [] object box embeddings
'bird Text embedding rgiraffe’ Text embeddings
sitting —>| Transformer 'tree' —>| Transformer ————— | [][] Predicted
on a tree' encoder 'car! encoder m classes/queries
\ /4 %)D 9 1 1—>'giraffe'
. a/)l l 8 4 0—>'giraffe'
]\/ S'/)D 2 8 0—>'tree' \
g i Set predicti
Vision ; Contrastive Vision ]_/ 21> 1 0 1—><no object> et prediction
Transformer paoling loss over Transformer \\ - _ '°sif] Z‘r’]e;’::é‘:ts
encoder projection ) Image M29es!na encoder \\\\_, Predicted boxes
embedding harch: \JB "’D—_’(X,, ¥,r W, h)
. 4 &E,»D——’(xz' Yyr Wy hz)/
o
sl»D_—>(x3' y.!’ “3' h3)
\ _‘._)D__>(x“ Yy W By) j
STAGE 1 Global image-text semantics STAGE2  Object-level scores + boxes

Gr Georgia
Tech.
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Stage 1: Image-Text Contrastive Pretraining
Pipeline: Data — independent encoders — global embeddings — paired-image/text supervision

Image-level contrastive pre-training

Text
embedding ® Data

Matched image—caption pairs; no boxes
e Global Output

One image vector + one text vector per pair

'bird Text
sitting —>| Transformer
on a tree' encoder

3 % Vi € Contrastive

E—’ Tranlssfl:rnmer pOT'"g loss over o Loss

m encoder projection Irgmadg: lm:g;s’:?a Pairwise S|m||ar|ty s row / Co|umn Softmax CE
embedding

CLIP-style objective; public CLIP weights are also used.

Learn reusable semantics

« Contrastive training on image—text pairs.

» Use pooled representations at this stage.

» Public CLIP checkpoints are an alternative.

Gr Georgia
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Stage 2: Detection Fine-tuning

'giraffe’
'tree' —>
'car'

Transfer to open-vocabulary detection

)
Text

Transformer
encoder

—

Vision
Transformer
encoder

10

o

No pooli

n

fa/

( MLP head | | Linear projection |

7o

Query [ ] object box embeddings
embeddings
D |:| |:| Predicted
classes/queries
9 1 .1—>'giraffe'
8 4 .0—>'giraffe'
2 8 0—>'tree' —_‘5\\\\\\\
1 0 .1—><no object> Set prediction
loss over objects
Predicted boxes In an image.

|:| Object image embeddings

‘*[Z}———————————*(x“ Yy Wy,
**[:}—————————-—*(x, Y, Wy,
S ————— v, v

(xps Wy Wy

h))
hg-—"’/////f
h,)

h,)

Learn object-level predictions

» Supervise with boxes + class hames.
Fine-tune both image and text encoders.

« Match objects, then train scores and boxes.

Gr Georgia
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Stage 2: Forward Pass: Two Branches from the Same Token
The classifier uses text; the box branch predicts coordinates from image features

C query strings —» Text encoder
i Q:Cxd
>
Shared linear Similarity +
E:Nxd IogltS (.:a:\lll’l:rgtlon
Image ViT Tokens ei=Wobjzi sic o< cos(e, q.)
I no pooling Z-NxD ]

B :Nx4

—» Shared box MLP — (:xecs o i)
X, LY, W,

No text-to-box cross-attention.
Boxes can span many input patches.

Gr Georgia
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Stage 2: Detection Labels Supervise Both Branches

Similarity is the scoring operation. The stage-2 objective is supervised set prediction

Training data

DETR-style one-to-one assignment
Image + annotated boxes + class names

Class branch
Candidate 17 —  ‘giraffe” + GT box Query targets — sigmoid focal loss

Candidate 95 — “tree” + GT box Box branch
Matched coordinates — L1 + GloU

Candidate 41 S Unmatched

Same semantic interface; different supervision: image—caption pairs — annotated objects.

Gr Georgia
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Inference: Change the Vocabulary, Not the Classifier Architecture
New query strings become new classifier vectors; no new detection head is required

Training query examples No ground-truth boxes. No Hungarian matching.
“dog” “car” “person” Independent text embeddings can be cached.

Test-time query Text encoder Score every candidate embedding
“alpaca” q = E_text(“alpaca”) against the new query

Image-derived queries are also possible: use a reference object instead of a name.
This exploits the shared embedding interface, not an added reasoning module.

“Zero-shot” means no localized training labels for that category—not no prior exposure.

Gr Georgia
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Result: Simple Transfer Reaches Held-Out Detection Categories
LVIS v1.0 val - rare-category box annotations removed from OWL-ViT detection training

LVIS-base detection training

Model / image-text pretraining _

ViLD-ens - EffNet-b7 / ALIGN 29.3 26.3

OWL-VIT - ViT-L/14 / CLIP 34.7 25.6

Different protocol: Objects365 + Visual Genome

OWL-VIT - ViT-L/14 / CLIP 34.6 31.2

Takeaway: competitive novel-category transfer—not proof of compositional grounding.

= Georgia
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Ablations: Fine-tuning Can Improve Familiar Classes But Hurt New Ones
The transfer recipe matters—not just the small detection heads

AAP relative to the baseline adaptation recipe

LVIS rare Openimages
zero-shot in-distribution

Change to text-encoder training

Same LR as image encoder -8.5 +0.4

Freeze text encoder -2.3 +1.2

Baseline: text learning rate = image learning rate / 100

Our reading: optimize the recipe for transfer, not only for in-distribution detection.

Table 3 + Appendix A1.9 / Table A5; R26+B/32, 70k steps (5= Georgia
&AL Tech
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More Pretraining Helps—Only If Transfer Keeps Up

Figure 3 asks whether image-level performance predicts downstream detection quality

071 Across architectures High image-level accuracy is not sufficient for strong detection transfer.

(2 Forafixed small model Detection can peak while image-level accuracy still improves.

(03 When capacity and tuning scale Larger models and better fine-tuning can extend detection gains.

20 Object level Object level

o ® ViT Image level (all categories) (zero-shot categories)
2 4 Hybrid
g B ResNet 257 25
5 & 154 8% g™
Ba QO 750 =
axg B ex. seen 2 ~20 ~ 20
5 A 05 £ 60 IS IS
S Ay ® 1o 5 = =
Z <10 : 3 2 2 ‘
s B < = Se on
=1 .g 5 _n|‘ T:L 8
g Z307 @ R50+H/32 | < 157 < 1]
2 38 s o= ® L/16
& 5 3§ £
5 = 2® 7 = 404 e B/16
[y e + + ¥ 40
"y oo ot P « B/32 iy 104
o L e .

0 T3 T T T T T TR

2|0 4-0 6'0 20 05 1 2 4 8 16 32 05 1 2 4 8 3

Image-level transfer performance Fretrining examplesseai(H)

(zero-shot ImageNet accuracy, %)

I So what? Select pretraining and model size using the downstream transfer metric.

i Gr Georgia
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Follow-Up Work: OWLv2 + OWL-ST

OWLv2 changes training efficiency. OWL-ST is the self-training recipe that feeds it

Web image Text n-grams Pseudo boxes OWLv2
—> —> —>
+ alt-text + OWL teacher + text labels student
OWLv2: spend less compute per example OWL-ST: expand detection supervision
Drop low-variance patches; select likely objects; Learn from web-scale pseudo annotations.
pack more images with larger mosaics. Optional fine-tuning on human-labeled boxes.

The open-vocabulary interface stays simple; the amount of localization training grows.

Scaling Open-Vocabulary Object Detection - NeurlPS 2023 Gr Georgia
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https://arxiv.org/abs/2306.09683

Follow-Up Work: Grounding DINO

A related DETR-family branch—not a direct replacement in the OWL training pipeline

Image features —

1. Feature 2. Language-guided 3. Cross-modality

enhancer query selection decoder

Text features —

Image < text Text relevance chooses Queries attend to image
features fuse initial candidate locations and text; boxes refine

OWL.: text mainly scores image-only candidates.
Grounding DINO: text also affects where candidates are formed. Boxes + token-alignment scores

DINO here is a DETR detector—not the DINO / DINOv2 self-supervised vision encoder.

Grounding DINO - ECCV 2024 Gr Georgia
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https://arxiv.org/abs/2303.05499

Masks Already Exist: Two Bridges Beyond Box Prediction

Grounded SAM Compose specialists

Text — Grounding DINO — Box — SAM — Mask
LISA Use an MLLM interface
Instruction +image @ — MLLM — <SEG> — decoder — Mask

LISA already targets reasoning segmentation; both routes already produce pixel masks.

Next question: integrate strong grounding and dense masks without a separate heavy segmenter.

Grounded SAM - 2024 LISA - CVPR 2024

19

CGr

Georgia
Tech.


https://arxiv.org/abs/2401.14159
https://arxiv.org/abs/2308.00692

Next: Turn Grounded Intent Into the Target's Pixels

“Segment the red mug beside the plate.”

Interpret the instruction Use the grounded signals
— . .
and ground the target to predict a precise mask
1. Does it select the intended instance? 2. Does it recover the target pixels?

Gr Georgia
Tech.
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Qwen3-VL-Seg

- Yao et al., 2026
Tongyi Lab, Alibaba Group
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What is Image Segmentation?

o e ; T e
e & . N
f i st S

Image Recognition Semantic Segmentation

TR

Object Detection Instance Segmentation

Gr Georgia
Tech.
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Where This Paper Sits?

° Foundational line: Attention > ViT > CLIP
This paper’s lineage: OWL-ViT > Qwen3-VL > Qwen3-VL-Seg

Jun 2017 May 2026
Attention Is All Jan 2021 Feb 2025 Qwen3-VL-Seg
You Need CLIP SigLIP2 this work — pixel masks
2 o o ° ® ® @
ViT OWL-VIiT Qwen3-VL
Oct 2020 May 2022 Sep 2025
open-vocab boxes grounding + reasoning

Core shift: text-to-box localization becomes text-to-mask localization.

Gr Georgia
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Where This Paper Sits?

OWL-ViT

Image + text query
Open-vocabulary object
detection

e  Output: bounding box

24

OWL-VIT: Qwen3-VL: Qwen3-VL-Seg:
open-vocabulary instruction-tuned referring
detection grounding segmentation
image image / video image / video
Locate the red Locate the red
red backpack - ‘ backpackonthe = — backpack on the
chair chair
(x,y,w, h)
box reasoni'ng = pixel mask
grounding

The frontier moves from open-vocabulary boxes
to instruction-following pixel masks.

Qwen3-VL

e Image/video + natural language instruction
e  Strong multimodal reasoning and grounding
° Output: text, boxes, points, reasoning

Qwen3-VL-Seg

Image + referring
instruction

Open-world referring
segmentation

Output: precise pixel mask

Gr Georgia
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OWL-ViT Recap: From Language to Open-Vocabulary Boxes

Image-level contrastive pre-training

'bird
sitting —>
on a tree'

SR
Text
Transformer
encoder

)

Vision
Transformer
encoder

Text
embedding

+ -
=

Token Contrastive

P°°+""9 loss over

Toicction images in a
proj Image batch.

O

What OWL-ViT established:

embedding

Transfer to open-vocabulary detection

'giraffe’ Text

‘tree' —>| Transformer

‘car’ encoder

Vision

encoder

Text embeddings act as open-vocabulary object queries

Image tokens are matched against those queries

Each image token predicts:
o  object/query similarity
o  bounding-box coordinates
e Detection is no longer restricted to a fixed class
vocabulary during inference

25

Transformer \\

[] Object image embeddings

Query [] object box embeddings
embeddings

D D Predicted

classes/queries
A —>'giraffe’

K}

4 0—>'giraffe'

8 0—>"tree’' \

0 .1—><no cbject> Set prediction

loss over objects

Predicted boxes in an image.

"’D——V(x__, Yy %, B

S

—»D———»(x:, Mo Wy s B

- N »

s

[ MLPhead | [Linear projection |

Output: semantic localization at the bounding-box level

What is still missing? Exact pixel-level object
boundaries.

Gr Georgia
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Qwen3-VL Recap: From Multimodal Reasoning to Grounded

Object Localization

cind videos Dece Picture 1 is an image from o blog
EEERESGOIOIDINIAINI eeeseceee IR AN EIEEER
[ Qwen3 LM Dense/MoE Decoder ]

BEEEREEE e EELD Moo DDD"'DDD'"DD ooooo

Images and videos here. | TT427 tokers > ot 7125 Tokens e S \

p f = =g
DA ;:’-:‘:::‘m‘ll’hm-' Picture 1 Picture 2 Picture 3 Video 1 : : o token
0 | H
[ Vision Encoder R; oooooo
2 — —-Opoooo
| wentt Yok D A wene INMM Resolion lnpet =
| —
Qwens 3
n..u
Widd 2. B
ecccee s
= - 3 M
’—.4--':‘? e V. 1440 >
w~ Y ..F’ = Picture 3
wl | T TS 3
% :
PR ey -
. Viickh. 736
L \y, Qwen3-VL e
Widsh: 1248 Video 1
Picture 1

What is still missing? Precise pixel-level segmentation.
Qwen3-VL can reason about and localize the referred object, but
coordinate outputs do not provide its exact shape or boundary.

26

R

What Qwen3-VL established:

Jointly reasons over visual content and natural-language
instructions
Supports fine-grained visual grounding
Can understand complex referring expressions, not just class
names

o “the cup beside the laptop”

o “the person wearing red behind the car”
Generates spatial coordinates autoregressive as part of the
language output
Can localize objects using:

o bounding boxes

o points / spatial coordinates

o other structured grounding outputs depending on the

task

Localization is therefore driven by semantic reasoning, rather than
only class-level similarity

Output: Semantically grounded object localization

Gr Georgia
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Why Do We Need Pixel-Level Masks?

27

Bounding box vs. pixel mask Where masks matter

( Box ) (Mask ) [1 Robotics [ Autonomous driving

3 T 3 % Grasp target, Pedestrian vs.
Rough location only Exact pixel shape not surroundings road pixels
Includes neighbors Isolates object
No shape detail Sharp boundaries

71 Image editing [ Medical imaging

box: "red backpack™ = [Xi,y1,X2,¥2] Select object Measure tumor
mask: "red backpack" » Me{@,1}"** to edit or remove shape, not box

1= target pixel, 0 = background

Bounding boxes answer "where is it?" — pixel masks answer "exactly which pixels are it?"

Query: horse that does

Query: horse with light jacket man on it not have visible head

S R N

Pred ) GT ) Pred Gt
Query: ice cup

Gr Georgia
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Why Not Simply Combine Qwen3-VL with an Existing
Segmentation Model?

Option 1— Qwen3-VL + SAM Option 2 — LLM-generated polygon

@ @ 02 £ o =] @ A n
query > Qwen3-VL > box > SAM > mask image+text = LLM = (xy)... - mask

© sam (Segment Anything Model): given a box or point, itcuts outa @© Idea: skip SAM entirely — have the LLM type out the mask’s

clean mask — but it can't read the sentence itself. outline as coordinates, one point at a time.
& Why this isn't enough &N Why this is difficult
* Qwen3-VL can only hand SAM a box — not “the mug » A simple outline needs a few points — a fuzzy or
/ behind the laptop", just a rectangle irregular one needs dozens \
* SAM segments whatever is in that box, blind to what » Every extra point means more tokens generated one-
Also: was actually asked for by-one, and more chances to drift off-course Also: )
1) Complex 1) Autoregressive -
Architecture « Pick the wrong box (easy with tricky phrasing) and the « Language models are built to predict words, not trace Slow inference
gg g‘;‘:;‘:’:‘:s Issues mask is wrong too — no fixing it downstream pixel-precise boundaries
Intensive- costly

O U

ball: ~4 points  dog: 30+ points

What we actually want
Don't force Qwen3-VL's understanding through a lossy box or a long list of coordinates — feed it straight into a decoder built
to output a mask directly.

Just 17M more parameters = A 2 Y 2 3 jo!

added to the 4B parameters image+text Qwen3-VL understanding mask decoder pixel mask

from Qwen3-VL

¥ This is the motivation for Qwen3-VL-Seg.

Gr Georgia
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Qwen3-VL-Seg: High-Level Archltecture

BBox + <Seg> tokens
Structured grounding
signals predicted by the
LLM

[Predicted output]

Performs multimodal

reasoning and grounding
[Base model mostly
frozen]

Extracts multi-scale visual
features [Frozen]

{F lgis}{-=1

29
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Tnm

--.---O@DD@GDG

r

Bbox

Tseg

\

D

Mask Decoder

T~

Converts grounded signals + visual
features into dense masks
[Trainable, lightweight]

\

Efficiently adapt Qwen3-VL for
segmentation
[Trainable]

=
Qwen3 LM Dense/MoE Decoder A
i\
Vision [ Tokenizer
s Encoder
Locate and segment every [{"nbox_2d": [142, 128, 301, 422], “labsl":
mmﬁmm mut_wm.wh;m:mam>

"person”, report bbox coordinates
and masks in JSON format.

)

{"bbox_24": (308, 3, 534, 411], "iabal":
“person”, "mask™:
“<mask_start><mask_tokan><mask_and>"}]

Input Image + instruction
[Input]

—

Converts text / structured

outputs into tokens
[Fixed, not trained]

Pixel-level mask
Exact object segmentation
[Output]

v
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Vision Encoder: Pixels to Visual Tokens

Before Qwen3-VL can reason about an image, it must convert raw pixels into a representation the
language model can read. This happens in two stages: a vision transformer, then a merger.

Stage 1: the vision transformer

What each depth keeps
Image Patches Visual features (all depths) Early layers: edges, textures, local shapes
Middle layers: parts, spatial structure

every layer is ept, not discarded Deep layers: objects, relationships, meaning

Stage 2: the vision-language merger
The language model expects vectors in its own hidden dimension, so a merger reshapes visual
features into compatible tokens, and compresses every 2x2 group of patches into one token.

MLP merger

2x2 spatial compression

Visual tokens

Image - patches - ViT - visual features at every depth
visual features - MLP merger (2x2 compression) - visual tokens

These tokens now carry both fine detail and semantic meaning, and are ready to sit alongside text.

Gr Georgia
Tech.
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Why Keep Every Depth?

Language understanding and pixel-level segmentation ask very different questions of the same image.
A single high-level feature map is excellent at the first question and weak at the second.

B, . . Y Depth trades precision for meaning
Language only needs: “thatregion contains a dog.

This pixel , = \ /

is a ear . : the trade-off

This pixel is / \

background
between the

legs shallow layers deep layers

= semantic richness = spatial precision

High-level features answer what an object is. Segmentation needs to know exactly where each
pixel belongs, and that information is present earlier in the network, not only at the end.
This is the motivation for going back into the vision transformer and collecting several depths at once.

Gr Georgia
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DeepStack: Multiple Depths Into the LLM

Instead of sending only the final vision transformer layer to the language model, DeepStack
extracts features from several depths and injects each one into a different early LLM layer.

Ordinary VLM: F “- one LLM layer, one injection point

P ™

Vision encoder DeepStack, formally

I qL ;
{F . "}~ - multiple early LLM layers
Layer 1 ... low detail vis T =1 P y y
Coarse detail, mid-level structure, and high-level

early LLM layer semantics arrive side by side, rather than being

Layer 8, medium detail—] Each depth is routed to its own dedicated

merger module and its own point of entry.

Interleaved-MROPE, covered next, then keeps

early LLM layer
y y the position of every token consistent.

Layer 16, rich semantics—

Layer 24, main tokens main visual tokens

compressed into one final vector before reasoning.

Qwen3-VL-Seg reuses exactly these intermediate features later, as the fine-grained visual
input to the segmentation decoder, rather than collecting a separate set of features from scratch.

32
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Joint Reasoning and Grounding in Qwen3

Visual tokens now sit inside the same sequence as the text instruction, and the Qwen3 decoder
reasons jointly across both in a single forward pass, unlike OWL-ViT's separately encoded embeddings.

Locate the red bottle Only joint reasoning can resolve these

"Which bottle is second from the bottom?"

requires comparing position across several instances

Qwen3 LM decoder

"Which person is interacting with the bicycle?"

requires understanding a relationship, not a category

{"bbox 2d" "Find the object used to put out a fire."
0X -

(184, 311, 497, 7821} requires reasoning about function, not appearance

The inherited ability that matters most: grounding

During multimodal training, Qwen3-VL learns to map a natural language description directly to
coordinates. Given "locate the black cat sitting under the table," it already answers with a
structured bounding box, without any additional segmentation-specific training.

Qwen3-VL already knows how to understand the instruction and roughly find the right object.
Qwen3-VL-Seg is built to use that ability, not to relearn it from scratch.

33
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From Grounding to Segmentation

34

Qwen3-VL-Seg treats the bounding box predicted by

Qwen3-VL not as the final answer, but as a semantic
and spatial prior that guides a lightweight decoder to
produce an exact segmentation mask.

Qwen3-VL already understands the instruction and roughly where the target is.
Qwen3-VL-Seg uses this knowledge while recovering precise pixel-level boundaries.

Cr
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The Four Signals Feeding the Decoder

Qwen3-VL hands the segmentation decoder four pieces of information. Everything in the four components ahead is built from these.

F ! T

Vis mm seg
Multi-scale visual features Multimodal token Segmentation token
detail from every ViT depth Qwen's own image understanding WHAT to segment

Segmentation Decoder

B

Bounding box

box

WHERE it is, roughly

The next four slides walk through exactly how these four signals get turned into a pixel mask: Component 1 builds a searchable memory, Component 2 builds a query, Component 3

recovers fine detail, and Component 4 predicts and refines the mask.

35



Signal 1: Multi-Scale Visual Features

Different ViT depths see different things. Segmentation needs all of them, not just the last layer’s semantics.

Image
v f ™~
Early layers " g
ViT Layer 1 , ere is a curve
] edges - texture - fine detail edge here
v S P
ViT Layer 2
~
v Middle layers ' 4
“this looks like
i object parts - larger shapes part of an ear
J
[ ViT Layer L ]
Late layers

“this region is
probably a dog”

semantic meaning

Collected together as F\}iS' F\giS' ...

Gr Georgia
Tech.
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Signal 2: The Multimodal Token

Qwen’s high-level image understanding, reshaped back into the 2-D grid it originally came from.

Vision-language Trm

Image — ViT —_— merger

(sequence)

stored as a 1-D sequence:

Why reshape it?
L 2 = = = U e Fruse is already arranged as a 2-D

feature map. To compute
reshape to the image grid | Fiuse + Tmm, both must line up
each token came from location by location on the image.

2-D spatial grid T;,,

Gr Georgia
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Signals 3 & 4: What and Where

The <SEG> token'’s hidden state says WHAT to segment; Qwen’s predicted box says roughly WHERE.

“Segment the black dog closest to the bicycle.”

[ Qwen3-VL language model

|

!

hidden vector

Tseg

WHAT am | segmenting?

“the black dog nearest the bicycle”

38

image

BbOX = (Xln Y1, X2, yz)

dog

WHERE is it, roughly?

Qwen's predicted box — not the final answer

Gr
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The Decoder Architecture at a Glance

Four components turn those signals into a pixel-accurate mask: first build a memory, then search it.

R T T

(B,,, gates it)

COMPONENT 1 COMPONENT 2
Multi-scale spatial feature injection Spatial-semantic query construction
builds F___ builds Q,, "' (WHAT + WHERE)

upsampled F fuse

COMPONENT 3
Box-guided high-resolution pixel fusion
builds Fpixel (fine boundaries)

original
image |

COMPONENT 4
Iterative mask-aware
query refinement

predict — pool pixels — refine query
— predict again — final mask

39



Qwen3-VL-Seg Decoder: See->Target->Zoom->Refine

1. SEE: Build a rich visual map

Component 1: Multi-scale Spatial Feature Injection
For this image:

“Understand the whole scene: dog, trees, ground,

edges, body parts.”

Analogy:
Look at the scene at multiple levels of detail.

i

2. TARGET: Decide exactly what to segment
Component 2: Spatial-Semantic Query Construction

For this image:
“Segment this dog, approximately inside this region.”

Analogy:
Point to the object you actually care about.

User Prompt: “Segment the dog
sitting on the leaf-covered path.”

40

3=

Component 3: Box-Guided High-Resolution Fusion

3. ZOOM: Recover precise pixel details

For this image:
“Zoom in around the dog to recover its ears, legs, fur
edges, and body boundary.”

Analogy:
Use a magnifying glass around the target.

Gr Georgia
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Component 1: The Visual Memory

Step 1 of 4. Before the decoder can decide what to segment, it needs something to search.

0 O O G

Memory Query Pixels Refine

I Starting point: Qwen3-VL already handed off a box and a rough idea of what to look for. Component 1 turns the ViT's raw features into a map worth searching.

ViT features
1
F vis

reshape every depth to a common format .
(N — /
Xy =Convyx1(F)
[ ]

add cheap local edge detail, gently

F/=X{ + s GELU(DWConv(GroupNorm(x{")))
.

combine into the searchable memory

Fmem=Tr/nm+Ffuse+Pmem ‘

1

Conv + local detail

Different ViT depths see different things: edges early, parts in
the middle, meaning late. All of them get kept, not just the
last layer.

The local detail branch is a residual that starts almost off (s =
0.001), so it barely touches Qwen's pretrained features until
training shows it is worth it.

Depths are concatenated, not summed, so a learned layer
decides how much of each depth actually helps, instead of
blending them by default.

The 256-channel target is deliberately small. Keeping each
depth's adapter output compact is what makes concatenating
four of them affordable.

- Concatenate depths
ﬁl FMe

Visual memory

WHAT EACH SYMBOL MEANS

FvisI the raw ViT feature at depth |, before any adaptation

XO(" F_vis at that depth, reshaped to a shared 256-channel format
FI X0 plus a small, cheap local-detail correction

F.... €very depth's corrected feature, concatenated and mixed
together

Tmm' Qwen's own image understanding, reshaped back into the 2D
grid

P .. learned position embeddings; this decoder runs its own

cross-attention, so it needs its own sense of location

F em the finished visual memory, ready for Component 2 to search



Component 2: Building the Query

Step 2 of 4. With a memory to search, the decoder now has to decide exactly what it is looking for.

D— @— O—

Memory Query Pixels Refine

I Component 1 handed off F__ . a searchable map of the whole image. Component 2 turns Qwen's box and its own SEG token into a single query that can search it.

SEG token + box -

Tseg’ Bbax

turn 4 raw numbers into a richer signal

Epox = v(x1) ® y(y1) ® y(0.2logw + 0.5) ® y(0.2logh + 0.5)

combine WHAT and WHERE into one query

Q(O) = LayerNorm(MLPpox(Epox) + Wseg Tseg)

seg

ground the query in the visual memory

Q{L) = Decoder(Q{), Fmem)
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Fourier-encode box -

E

Project + sum
@
box Qseg

Four raw box coordinates are a weak signal on their own, so a
Fourier encoding, plus a log on width and height, gives the
network something richer to reason about.

The box mostly exists to disambiguate. “Black dog” is
ambiguous with three dogs in frame; “black dog, roughly
here” usually is not.

The query only becomes useful once it cross-attends over
Component 1's memory. Before that step it is still just a
description, not a grounded target.

Notice what is missing: there is no text-to-box cross-attention
here. The box stays purely additive context until Component 3
uses it to gate pixels.

Grounded query

Q @

seg

WHAT EACH SYMBOL MEANS

T . hidden state of the SEG token: the WHAT

se,

B, , Qwen's predicted box: the WHERE, roughly

Y(:) Fourier encoding; turns one number into sine and cosine at
several frequencies

© concatenate the encoded pieces together

E, .. the Fourier-encoded box: x1, y1, log-width, log-height

Wseg, MLP,  learned projections into the decoder's shared space
Q, eg“’) the query before it has looked at the image at all

'S

Qseg(” the query after grounding itself in F_mem



Component 3: High-Resolution Pixel Fusion C D @ C

Memory Query Pixels Refine
Step 3 of 4. The query knows what it wants. It still cannot trace an exact edge.

I Component 2 grounded the query in F___, but ViT features are coarse by construction. Component 3 goes back to the raw pixels to recover the boundary detail that got lost along
the way.

Image + box - CNN + soft gate - Upsample features Pixel map
I’ Bbox M O Fcnn Fup Fpixel

@ Transformer features are good at “what” and bad at “exactly

where.” A shallow CNN on the raw pixels is what recovers the WHAT EACH SYMBOL MEANS
fine boundary detail.
R R R I the raw input image
fade in the box instead of cutting hard @ The gate is deliberately soft (a = 20), not a hard crop, so a
lightl box d t silently delet | pixels sitti i i
M(x,y) = U(G(X—X’l)) O'(Q’(X'z -Xx)) o-(a(y_yll)) U(a(y/2 -y)) slightly wrong box does not silently delete real pixels sitting F_.. fine edge and texture detail from a small CNN, computed

near the edge. once for the whole image

@ The result gets concatenated, not blended, with the
upsampled semantic features from Component 1, so neither
signal has to compromise.

M(x,y) the soft gate: high inside the enlarged box, fading
smoothly at the edges

a controls how sharply the gate fades (= 20 here)

® F_ is computed once for the whole image and reused. The
point was never that a CNN is expensive, it is that ViT features

alone were never going to have this resolution.

© multiply elementwise
combine fine detail with upsampled semantics

Fpixel=Fup('D (M © Fcpn)

® concatenate, not add

Fup Component 1's fused features, upsampled to match

resolution

F the finished high-resolution map the mask gets drawn on

pixel
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Component 4: Predict, Pool, Refine

Step 4 of 4. Everything so far becomes a mask, and the model gets a second look at its own answer.

Memory

2 3

Query Pixels Refine

I Component 2 built the query. Component 3 built the pixel map. Component 4 is where those two finally meet, produce a mask, and then get a chance to correct it.

Query + pixel map - Compare to every pixel > Pool + refine query
@ .
Ques ™ Fpet Y-o() F..Q,?

pool the confident pixels into a description .
> G(Ml(olg)it) O Fpixel
F = h,w
tar 2 U(M/(olg)r't) +e
h,w
[ ]
use that description to sharpen the query

(2) — (1)
Qsey = LayerNorm(Qggy + Pref(Frar)) ®
the model's own guess at mask quality L

2o 2
Siou = Wiou Q)
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The first mask is treated as a rough draft. Its
confident pixels get pooled into a description of
what the target actually looks like.

That description updates the query for a second
pass, so the model is not starting over. It is
correcting itself with everything it already
computed.

The loU score has no access to ground truth. It is
the model's own confidence, useful as a filter, not
as proof that the mask is right.

There is no third pass. Two looks is a deliberate
stopping point, presumably a compute and
accuracy trade-off, though the paper never
explains why two and not three.

Final mask + loU

Ms

IoU

WHAT EACH SYMBOL MEANS

W compares the query to every pixel location in F_pixel

(1)
Mlogit

pass

raw per-pixel compatibility scores from the first

o(:) sigmoid; turns logits into a 0 to 1 confidence map,
the first mask

© multiply elementwise
F.,. aconfidence-weighted average of F_pixel

€ a small constant that only prevents dividing by zero

¢ref reshapes F_tar so it can combine with the query



Putting It All Together

Four components, four questions, one mask.

45

Component

1. Spatial feature
injection

2. Spatial-semantic
query construction

3. High-res pixel
fusion

4. Mask-aware
refinement

Input Output Question it answers
VIiT layers E What visual information
+ Trm mem exists across the image?
Tseg + Bhox o) Which specific object
+ Frmem sed do | want?

image + box Where are the precise

+ Fruse Foixel boundaries?
oé}eé : v Which exact pixels belong

final mask M to the target?

# Fpixel :

Gr_. Georgia
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SA1B-0ORS: A Two-Part Open-World Referring Dataset

Built from 2M raw SA-1B images; two complementary subsets trade off category breadth against instance-level
precision.

Subset Samples What it supervises Example expression

Category name — one or more entities of

”n u

SA1B-CoRS 1.05M that class person’, “car
SATB-DeRS 1.94M Attributes / relatl.ons / context — a single the person V\{I’[h long red halr hojdmg the
unique target man in the brown jacket

Scale and composition (vs. RefCOCO / LVIS and across instruction types):

. —
2M — 3M samples 64.8% descrlptlve Long-tailed categories
Sampled from SA-1B; orders of vs. 29.6% single-instance category and o . )
. . - o s person, building, sky dominate — mirrors
magnitude more categories and training 5.5% multi-instance category real open-world scene statistics
samples than RefCOCO or LVIS instructions P

Gr_. Georgia
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Curation Pipelines: SA1B-CoRS vs. SA1B-DeRS

Both pipelines start from raw SA-1B images and end in MLLM-verified referring supervision — CoRS scales category
coverage, DeRS resolves instance-level ambiguity.

SA1B-CoRS (5 stages — 1.05M) SA1B-DeRS (3 stages — 1.94M)
1 Instance Distillation — RAM+ tagging, semantic filtering, Instruction Curation — MLLM compares original vs. highlighted
grounding verification, hierarchical NMS image, writes a discriminative referring expression
e . Cognitive Verification — MLLM re-grounds the instruction;
2 Coarse Mask Acquisition — VL grounding + SAM2 mask discard if loU < 0.8 vs. ground truth
3 Fine Mask Merging — fragment absorption, pixel-level Saliency Selection — discard instances with a small
refinement mask-to-image area ratio
4 MLLM Verification — alignment check, integrity check
5 Caption Generation — convert verified mask into a referring

expression

- Georgia
. Tech
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ORS-Bench: In-Distribution and Out-of-Distribution

Evaluation

Pairs an in-distribution benchmark with six out-of-distribution stress tests to probe the operational limits of referring

segmentation.
Single-instance category 2,465
Multiple-instance category 1,823
Phrase (RefCOCO/+/g) 2,946
Descriptive 1,821
Total 9,055

200 curated samples per 00D dimension (1,200 total) — every sample manually verified for mask/instruction align t

48

ORS-00D-Bench

Distribution shift

Categories absent or <10-* frequency in

Category OOD training

Extreme area ratio: <0.002 or >0.7 of

Area OOD .
image

Instruction 00D Indlrgct / negative / |nterrogat|ye/
relational / long-context phrasing

Occlusion 00D High-occlusion targets

Lighting OOD Low-light / nighttime captures
Autonomous driving, medical diagnosis

Risk-Sensitive Scene . .
— rare in training

., Georgia
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Two Training Stages, Each Freezing the Opposite Half

Stage 1 changes the vision system. Stage 2 changes the language system. Never both at the same time.

Starting point: Qwen3-VL-4B already reasons and talks about images. It just cannot draw a pixel mask, so a new 17M-parameter decoder gets added to learn that one skill.

STAGE 1 STAGE 2

Learn to segment (10,000 steps) Recover reasoning (5,000 steps, tiny learning rate)

Original LLM FROZEN TRAINABLE

Weights A small LoRA patch adapts it instead of changing it directly The patch gets folded in, then the full model can update
Vision TRAINABLE FROZEN

Encoder Learns pixel detail, but 100 times slower than everything else Keeps the pixel skills Stage 1 just built

Mask Decoder TRAINABLE TRAINABLE

(new, 17M params) Starts from nothing and learns to draw masks Keeps training so those mask skills do not fade

Why split it into two stages: doing it all at once makes the model worse at general reasoning (MMMU drops from 67.4 to 63.4). Two
stages let Qwen learn to segment first, then recover its reasoning without losing that new skill.
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Training Recipe and Implementation

Backbone: Qwen3-VL-4B. The mask decoder adds only 17M parameters (~0.4% of the base MLLM).

Stage Trainable Data mix Iters LR schedule

1 — Segmentation-Centric LoRA (rank 32) + vision encoder +
Adaptation mask decoder; LLM backbone frozen

1e-4 cosine (vision

Public RES datasets + SA1B-ORS 10,000
encoder 0.01x)

LLM backbone (LoRA merged) + mask 3:1:2 mix — referring seg. :

2 — Synergistic Enhancement Lo . . .
decoder; vision encoder frozen general multimodal : reasoning

5,000 7e-7 cosine decay

« Objective: text-generation loss + segmentation loss (weighted BCE + DICE on predicted masks).

* Instruction format: ChatML template; the model emits structured JSON per instance — bbox_2d, label, and a mask
placeholder token (<mask_start><mask_token><mask_end>) that bridges to the mask decoder.

+ Stage 1 builds raw segmentation capability but can regress general reasoning/OCR skills; Stage 2 restores that
balance while keeping segmentation quality.

- Georgia
. Tech
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Referring Expression Segmentation & Comprehension

Closed-set evaluation on RefCOCO / RefCOCO+ / RefCOCOg — segmentation (cloU) and comprehension (Prec@0.5).

RES — cloU (Val) REC — Prec@0.5 (Val)
Method RefCOCO Ref(iOCO Ref(;OCO Method RefCOCO Ref‘ioco Ref(;OCO
SAM3 75.5 67.3 734 Florence-2 934 88.3 91.2
MLLMSeg 79.5 75.4 78.1 Grounding DINO 90.6 82.8 86.1
Youtu-VL 80.7 76.2 76.5 Youtu-VL 93.6 90.1 92.2
Unipixel 80.5 74.3 76.3 MLLMSeg 91.6 86.0 88.3
Qwen3-VL-Seg (Ours) 82.3 76.2 78.2 Qwen3-VL-Seg (Ours) 92.7 87.8 89.1

Best on 6 of 8 RES splits without an external segmenter (e.g. +7.4 cloU over LISA on RefCOCO Val); SOTA among
MLLM-based REC methods, closing the gap to specialist Vision Generalist models.

Gr Georgia
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Open-World Referring Segmentation (ORS-ID-Bench)

cloU / Prec@0.5 across four open-world instruction formats (best result in each column in gold).

Single-Inst. Multi-Inst. Phrasal Descriptive
Gemini-2.5-pro 77.7 / 85.1 75.9/83.8 58.7 /73.1 446 /454
Youtu-VL 77.6/86.4 — 53.2/69.0 73.7/70.9
SAM3 94.2/97.3 94.6/91.4 66.6 / 79.1 75.5/78.2
Qwen3-VL-Seg (Ours) 96.0/97.4 93.2/91.6 82.8/94.3 91.0/91.3

The gain widens as instructions get more language-intensive:
+19.0 cloU / +13.6 P@0.5 over the best baseline on phrasal instructions; +15.5 cloU / +13.1 P@0.5 on descriptive
instructions.

General-purpose MLLMs and segmentation-centric models both lose accuracy once a target can't be named by a simple category —
Qwen3-VL-Seg's box-guided decoder keeps semantic grounding and pixel-level boundaries aligned even then.

Gr Georgia
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OOD Generalization & General Multimodal
Competence

——— Benchmark Instruct Stage 1 S(:;?ri)z
MMBench-EN 83.9 86.2 84.2
MMMU (val) 67.4 63.4 66.2
z DocVQA (val) 95.3 93.8 94.1
g RefCOCO (val) 91.6 91.8 92.3
Stage 2 restores general multimodal competence lost during Stage-1's
] | | ) | I segmentation-centric adaptation, while keeping RefCOCO grounding

Category Area Instruction Lighting Occlusion Risk-Sensitive S tf on g

cloU of 53—-86% across five 00D dimensions — category, area, instruction, lighting, occlusion — but only ~8.6% on
risk-sensitive scenes (autonomous driving, medical imaging).

Consistently outperforms general MLLMs and unified perception models on 5 of 6 00D axes — risk-sensitive scenes remain an open challenge
for every method compared.
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Ablation: What Makes the Mask Decoder Work

RefCOCO (Val); the same trend holds on RefCOCO+ and RefCOCOg (see paper Table 5).

Qwen box + SAM 74.3 70.3 83.2 76.9 39.6
Ours (freeze ViT) 81.8 80.9 92.8 87.0 44.1
Ours (w/o multi-scale ViT) 82.7 81.9 92.7 88.7 49.0
Ours (w/o high-res image branch) 82.7 81.9 92.8 88.7 48.0
Ours (full) 82.8 82.3 92.8 88.7 50.2

Every component earns its parameters.
Adapting the vision encoder, injecting multi-scale features, and fusing the high-resolution image branch each contribute — gaps
are largest on P@0.9 (39.6 — 50.2), the metric most sensitive to boundary quality.

Gr_. Georgia
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Limitations

/

Risk-sensitive scenes remain unsolved

cloU falls to just ~8.6% on autonomous-driving
and medical-imaging queries — every method
tested fails here, not only ours.

\

/

Mask quality inherits box quality

The decoder treats the MLLM-predicted box as
ground truth; a wrong or imprecise box propagates
directly into the final mask.

\

(N J (N J
4 ) . : : :
. . Training data is machine-verified, not

Two-stage recipe adds complexity

Stage 1's segmentation-centric LoORA adaptation ATTEG E1E G

regresses general reasoning/OCR; a full second EM B'ﬁﬁf;\sﬂg’M sargpiI/eLsPe;re (?uraltedhand vet:iﬁed

fine-tuning stage is needed to recover it. yan (Qwen3-VL- u;), s e

smaller ORS-Bench eval set is manually checked.

(N J (N J

The gains are real, but bounded by the model's own grounding accuracy and the domains it was trained to see.
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Conclusion

« Qwen3-VL-Seg: a lightweight framework (17M params, ~0.4% overhead) extending a pretrained MLLM from
box-level grounding to pixel-level referring segmentation — no external segmenter (e.g. SAM) required.

« Key idea: treat the MLLM-predicted box as a structural prior, and let a box-guided decoder progressively refine it
into a mask.

« SA1B-ORS + ORS-Bench: scalable open-world training data (3M samples) and a rigorous in-distribution /
out-of-distribution evaluation suite.

» Strong across closed-set and open-world settings, with the clearest gains on language-intensive instructions and
00D generalization.

» Broadly preserves general-purpose multimodal competence after segmentation-oriented adaptation.

Takeaway: reusing an MLLM's own grounding priors as structural priors is an effective path to unified, efficient
referring segmentation.
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Our Take: Qwen3-VL-Seg

What We Liked

Reused box-guided scaffolding.

Grounding does the localization and a lightweight
decoder turns it into a mask, instead of a segmentation
head built from scratch.

Forgetting-aware two-stage training.
Freezing the opposite half each stage protects both the
model's original VQA ability and its new mask skill.

Honest evaluation.

ORS-Bench separates in-distribution from OOD cases,
and the ablation isolates what the decoder actually
contributes.

What Felt Lacking

Machine-verified referring expressions.
SA1B-ORS labels come from automated pipelines, not
human review, which can leave noisy or unnatural
phrasing in training data.

Query complexity gap persists.

Compound and out-of-distribution queries still drag
performance down; the paper names the gap without
closing it.

Mask quality inherits box quality.

Errors in the upstream grounding box carry straight into
the mask, and how often that happens is not closely
measured.

Net take: a well-tested extension of grounding into pixel space, still only as good as the box it starts from.

57

Gr Georgia
Tech.



