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Abstract

Reasoning segmentation requires models to
ground complex, implicit textual queries into
precise pixel-level masks. Existing approaches
rely on a single segmentation token <SEG>,
whose hidden state implicitly encodes both se-
mantic reasoning and spatial localization, lim-
iting the model’s ability to explicitly disen-
tangle what to segment from where to seg-
ment. We introduce AnchorSeg, which refor-
mulates reasoning segmentation as a structured
conditional generation process over image to-
kens, conditioned on language-grounded query
banks. Instead of compressing all semantic
reasoning and spatial localization into a sin-
gle embedding, AnchorSeg constructs an or-
dered sequence of query banks: latent reason-
ing tokens that capture intermediate semantic
states, and a segmentation anchor token that
provides explicit spatial grounding. We model
spatial conditioning as a factorized distribu-
tion over image tokens, where the anchor query
determines localization signals while contex-
tual queries provide semantic modulation. To
bridge token-level predictions and pixel-level
supervision, we propose Token—Mask Cycle
Consistency (TMCC), a bidirectional training
objective that enforces alignment across resolu-
tions. By explicitly decoupling spatial ground-
ing from semantic reasoning through structured
language grounded query banks, AnchorSeg
achieves state-of-the-art results on ReasonSeg
test set (67.7% gloU and 68.1% cloU). All
codes and models are publicly available at
https://github.com/rui-qian/AnchorSeg.

1 Introduction

Reasoning segmentation aims to predict pixel-level
segmentation masks by grounding complex lan-
guage reasoning into visual scenes (Lai et al., 2024).
Unlike traditional referring segmentation, which
operates on explicit object descriptions (e.g., “the
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red car on the left”), reasoning segmentation in-
volves reasoning over abstract concepts, spatial
relationships, and implicit references (e.g., “the
object that provides shade in this scene’) to iden-
tify and segment target regions. Such capability is
essential for intelligent vision—language systems
that can accurately interpret and respond to human
intent in complex visual environments.

Recent advances in Large Multimodal Models
(LMMs) have demonstrated remarkable progress in
combining language understanding with visual per-
ception (Liu et al., 2023b; Li et al., 2024; Alayrac
et al., 2022; Wang et al., 2023; Zhu et al., 2024;
Zhang et al., 2024). To endow LMMs with segmen-
tation capability, LISA (Lai et al., 2024) introduces
a special segmentation token <SEG> into the lan-
guage model vocabulary. During autoregressive
generation, when the model produces this token,
its hidden representation is extracted and used as a
single, unified query to condition a visual decoder
(e.g., SAM (Kirillov et al., 2023)) for mask pre-
diction. While effective, this paradigm (Wu et al.,
2024c; Xia et al., 2024; Qian et al., 2025) com-
presses both semantic reasoning and spatial local-
ization cues into a single <SEG> embedding vec-
tor. Such implicit compression limits the model’s
ability to explicitly disentangle what fo segment
(semantic reasoning) from where to segment (spa-
tial grounding), potentially hindering the model’s
performance in complex reasoning scenarios.

We argue that reasoning segmentation can be
formulated as a structured conditional generation
process, where spatial grounding is performed at
the image-token level and explicitly conditioned
on language-derived queries that encode inter-
mediate reasoning states. To this end, we pro-
pose AnchorSeg, a framework built upon language
grounded query banks, where an explicit Anchor
query grounds language reasoning to visual tokens
and guides Segmentation. Instead of relying on a
single segmentation token, AnchorSeg introduces
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a set of learnable latent reasoning tokens alongside
a segmentation anchor token, which are autoregres-
sively generated by LMMs. This design yields an
ordered sequence of query embeddings: contextual
queries that capture intermediate reasoning states,
and an anchor query that serves as an explicit spa-
tial grounding signal.

Our key innovation lies in how these queries in-
teract with visual representations. We model spatial
grounding as a factorized conditional distribution
over image tokens, where each token’s relevance to
the target object is conditioned on both the contex-
tual queries (providing semantic modulation) and
the anchor query (determining spatial grounding).
This formulation enables explicit token-level lan-
guage grounding, producing a spatial prior that is
injected into the visual features before mask de-
coding. The entire query banks, ordered by the
autoregressive generation process, are then fed into
the SAM decoder, providing structured, language-
conditioned supervision for final mask prediction.

To bridge the gap between token-level spatial
responses and pixel-level mask supervision, we in-
troduce a Token—Mask Cycle Consistency (TMCC)
training objective. This bidirectional constraint en-
forces alignment between the language-grounded
token-level predictions and the ground-truth masks
at both resolutions, ensuring that spatial reason-
ing is consistent across the language-vision hier-
archy. By explicitly modeling token-level spatial
response factorization through structured language-
grounded query banks, AnchorSeg establishes a
more effective coupling between language reason-
ing and visual segmentation.

Our contributions can be summarized as follows:

* We reformulate reasoning segmentation as a
structured conditional generation problem, in-
troducing language-grounded query banks that
explicitly disentangle semantic reasoning from
spatial grounding at the image-token level.

* We propose a factorized formulation for
language-grounded conditioning, where anchor
queries produce explicit localization signals and
contextual queries provide semantic modulation,
enabling enhanced language-to-vision alignment.

* We introduce Token—Mask Cycle Consistency
(TMCC), a bidirectional training objective that
enforces alignment between token-level spa-
tial responses and pixel-level mask supervision
across resolutions.

* We conduct extensive experiments on ReasonSeg

and RefCOCO(+/g) datasets. The proposed An-
chorSeg achieves state-of-the-art results on Rea-
sonSeg test set (67.7% gloU and 68.1% cloU).

2 Related Work

2.1 Large Multimodal Models

Large Multimodal Models (LMMs) underpin rea-
soning segmentation by enabling joint percep-
tion and language understanding. Representa-
tive models include VisionLLM (Wang et al.,
2023), MiniGPT-4 (Zhu et al., 2024), and
GPT4Rol (Zhang et al., 2024), which show that in-
tegrating LLMs with visual features enables open-
ended multimodal reasoning, particularly in region-
level grounding and object-level understanding.
BLIP (Li et al., 2023) focuses on vision—language
alignment by leveraging frozen image encoders
while supporting generative multimodal modeling.
Flamingo (Alayrac et al., 2022) introduces a flex-
ible interleaved vision—text interface that enables
few-shot multimodal reasoning across diverse vi-
sion—language tasks. LLaVA (Liu et al., 2023b) and
LLaVA-NeXT (Li et al., 2024) further enhance vi-
sual reasoning and document understanding, while
more recent works (Hurst et al., 2024; Wu et al.,
2024b; OpenAl, 2025) integrate text, audio, and
video into unified multimodal models.

Despite existing efforts, current LMMs still pri-
marily generate textual responses and struggle to
deliver structured dense predictions, often relying
on weak or implicit grounding signals rather than
precise pixel-level masks (Radford et al., 2021; Li
et al., 2023; Alayrac et al., 2022). Recent works ex-
tend LMMs toward pixel-level visual grounding by
introducing segmentation tokens, pixel decoders,
visual prompting modules and chain-of-thought
reasoning for grounding (Lai et al., 2024; Ren et al.,
2024; Qian et al., 2025). In contrast, our approach
introduces a structured formulation that explicitly
bridges language reasoning and pixel-level segmen-
tation, enabling more interpretable grounding.

2.2 Reasoning Segmentation

Reasoning segmentation extends referring expres-
sion segmentation to settings where models are
required to infer implicit visual concepts and out-
put pixel-level masks under complex scenarios.
LISA (Lai et al., 2024) pioneers this task, inject-
ing a <SEG> token into LMMs and decoding its
embedding into masks under an “embedding-as-
mask” paradigm, accompanied by the ReasonSeg
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benchmark for implicit reasoning queries. Follow-
up works expand this formulation: GSVA (Xia
et al., 2024) generalizes the segmentation token
to multi-target reasoning and introduces <REJ>
for non-existent-object rejection. SESAME (Wu
et al., 2024¢) mitigates hallucination and false-
premise failures via a pipeline that verifies exis-
tence, overcomes the premise, and then segments.
READ (Qian et al., 2025) looks into how <SEG>
contributes to grounding and proposes a “Similarity
as Points” module for enhancement.

Beyond token design, recent research explores
pixel-grounded LMMs with richer interactivity.
GLaMM (Rasheed et al., 2024) enables joint lan-
guage generation and segmentation in grounded
conversations, while PixelLM (Ren et al., 2024)
integrates a lightweight pixel decoder and segmen-
tation codebook directly into LMMSs, removing
reliance on the external SAM (Ravi et al., 2025).
RSVP (Lu et al., 2025) further couples multimodal
chain-of-thought reasoning with segmentation, gen-
erating interpretable region proposals before refine-
ment. In this work, we model reasoning segmenta-
tion as token-level conditional generation of spatial
responses, factorized over image tokens and condi-
tioned on a structured language query bank.

3 Proposed AnchorSeg

In this section, we present AnchorSeg, which for-
mulates reasoning segmentation as conditional de-
coding by jointly leveraging language-grounded
spatial priors and structured query conditioning.
In Fig. 1, AnchorSeg comprises three key compo-
nents: 1) an LMM Gy that autoregressively gener-
ates latent reasoning tokens and a segmentation an-
chor token <SEG>, forming a language-grounded
query bank Q; 2) a language grounded spatial con-
ditioning module that computes similarity between
the anchor query and image tokens to produce a spa-
tial prior P; 3) a SAM mask decoder conditioned
on the query bank to predict the final segmentation
mask. Given an input image and a textual prompt,
AnchorSeg generates a <SEG> token to indicate
the target object, along with a set of latent reason-
ing tokens that encode intermediate semantic cues.
Unlike prior works, AnchorSeg explicitly grounds
the <SEG> token to image tokens via a similarity
map, producing a coarse spatial localization signal.
Instead of using a single <SEG> token, we elevate
this signal into a language-grounded spatial prior
and inject it into the visual feature space, enabling

segmentation to be guided by both explicit visual
priors and structured language queries.

3.1 Vanilla Reasoning Segmentation with
Language-Conditioned <SEG> Query

Problem Definition: We first revisit the vanilla
formulation of reasoning segmentation proposed
in LISA (Lai et al., 2024). Given an input image
Ximg € RPXwXe and a textual prompt X, the goal
of reasoning segmentation is to predict a binary
mask M e {0, 1}"** corresponding to the visual
concept described in the text as

M = arg max Gy (M | Ximgs Xtat), (1)
M

where Gy = G ® Gy denotes a cascaded architec-
ture composed of an LMM G7 (e.g., LLaVA (Liu
et al., 2023b)), and a visual backbone model Gy,
(e.g., SAM (Kirillov et al., 2023)).

To enable segmentation within a language mod-
eling framework, the vanilla approach extends the
vocabulary of LMM G with a special placeholder,
denoted as <SEG>. During autoregressive genera-
tion, the language model produces an output token
sequence as

ytzt = gT(Xim97 Xt:rt)a (2)

in which the <SEG> token is generated when a
segmentation output is required. Let g,., denote
the hidden representation corresponding to the
predicted <SEG> token extracted from the final
transformer layer and projected via a lightweight
MLP ¢(-), which serves as a single, language-
conditioned segmentation query that implicitly en-
codes both semantics and spatial guidance. On the
visual side, the segmentation model Gy,*¢ (instanti-
ated by SAM (Kirillov et al., 2023)) first encodes
image Xy, into SAM’s dense visual features as

Qseg = P(Pseg) €RY, £ =G5 (Ximg).  (3)

The final segmentation mask is then predicted by
conditioning the SAM mask decoder on the single
segmentation query:

M = g%ec(f’ qseg)' (4)

In this vanilla paradigm, the <SEG> token serves
as a single, unified interface between language rea-
soning and visual segmentation. Both semantic
reasoning and spatial localization cues are implic-
itly compressed into a single segmentation query,
without preserving the internal structure of the lan-
guage reasoning process.
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Figure 1: Overview of AnchorSeg. Given an input image and textual query, the LMM G7 autoregressively generates latent

reasoning tokens and a segmentation anchor token <SEG>, forming a language-grounded query bank Q = {q,, . . .

Ak qanc}'

The anchor query q,,,. computes similarity with image tokens to produce a spatial prior P, which is injected into visual features

f. The query bank then conditions the SAM decoder to predict the final mask M. This design explicitly disentangles spatial
grounding (anchor query) from semantic reasoning (contextual queries).

3.2 Extended Reasoning Segmentation with
Language-Grounded Query Banks

While effective, the vanilla formulation relies on
a single segmentation token to implicitly bridge
language reasoning and mask decoding. The align-
ment between linguistic semantics and visual rep-
resentations remains largely unexplored. We there-
fore reformulate reasoning segmentation as a condi-
tional decoding problem, where spatial grounding
is explicitly modeled at the image-token level and
jointly conditioned on structured language queries.

Query Bank Construction. We construct a con-
ditional query sequence by extending the vo-
cabulary of LMM G7 with a set of learnable
placeholders. Specifically, we introduce K la-
tent reasoning tokens together with a segmenta-
tion token <SEG>, which are inserted into the
textual response and produced autoregressively
as part of the language modeling process, such
that the segmentation token <SEG> is explicitly
conditioned on the preceding latent reasoning
tokens, yielding the ordered query sequence as
<LAT1>,...,<LATg>, <SEG>. Rather than oper-
ating on discrete symbols, we formulate the condi-
tional query sequence in the continuous embedding
space. Let the final-layer hidden states correspond-
ing to the latent reasoning tokens and the segmen-

tation token be denoted as q, . ..,qx € R? and
Qune € RY, respectively. We define the conditional
query sequence as

Q=(qy,... Q)

where the contextual queries g;.; encode interme-
diate reasoning states that condition the segmen-
tation process at the semantic level, while the an-
chor query q,,,. serves as a spatial grounding token.
This ordered query sequence provides structured,
language-conditioned supervision for subsequent
spatial conditioning and mask decoding.

y A K> qanc)’

Language Grounded Conditioning. Inspired by
token-level factorization in autoregressive language
modeling, we formulate language-grounded spatial
conditioning as a conditional generation process
over image tokens. Let I = {iy,...,in},4; € RY,
denote the image token representations produced
by LMM G. We define a set of spatial responses
S = {s1,...,8n}, where each s; corresponds to
the relevance of image token 2; to the target object.
The conditional distribution of S given the query
bank is factorized as

N
p(S|Q):Hp si | 1, di15---54dK, Qanc
=1 - "
context anchor.
(6)
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This formulation explicitly disentangles the roles of
the query tokens: the anchor query q,,,. determines
where to attend in the image, while the contextual
queries qq.x provide semantic modulation under
which spatial grounding is performed.

Under the formulation in Eq. (6), each spatial
response s; is generated conditionally from the
corresponding image token %; and the language-
grounded query bank, s; ~ p(s; | %, 9., Qane)-
Practically, we instantiate the conditional distribu-
tion using an anchor-based similarity function as

8 = iz—'rqanw (N

where the anchor query explicitly produces a lo-
calization signal over image tokens. Although the
similarity computation depends only on q,,., the
contextual queries q;.y influence each spatial re-
sponse s; implicitly by shaping the generation of
the anchor query through autoregressive reasoning.
The token-level responses S are then reshaped and
projected to the spatial domain to obtain a language-
grounded spatial prior P € RE*H*W Next, this
spatial prior is injected into the visual feature map
f € ROXHXW yia element-wise addition, yielding
conditioned visual features f = f & P.

Conditional Mask Decoding. When interact-
ing with the SAM (Kirillov et al., 2023) mask
decoder, the language-grounded query bank is
treated as an ordered query sequence. Specifi-
cally, the query sequence {q,...,qxsQunc} 18
augmented with learnable positional embeddings
{pP1,...,PK 1} prior to cross-attention, ensur-
ing both order-awareness and explicit role distinc-
tion between contextual and anchor queries. The
position-augmented query bank is then used to con-
dition the SAM mask decoder, which predicts the
final segmentation mask as

M = Qgec(f, {qla - g, qanc})7 (8)

where mask prediction is explicitly conditioned on
both language grounded spatial prior P and struc-
tured reasoning queries (q.x, 9gnc)- This formula-
tion explicitly decouples spatial grounding and se-
mantic reasoning. The segmentation anchor query
determines spatial correspondence, while the latent
reasoning queries provide contextual modulation.
By unifying both components under a conditional
decoding framework, AnchorSeg enables robust
reasoning-based segmentation guided by structured
language representations and explicit visual priors.

3.3 Training Objectives

Token—-Mask Cycle Consistency (TMCC). Un-
der the unified formulation in Eq. (6), the spatial
responses .S act as a latent representation bridg-
ing token-level language grounding and pixel-level
mask supervision. To regularize this representa-
tion across resolutions, we introduce a token—mask
cycle consistency objective. Given a ground-truth
binary mask M € {0,1}*W we apply Gaus-
sian smoothing to obtain a softened target mask
M, € [0, 1]7*W 1) Token-to-Mask Consistency.
We reshape and upsample the token-level responses
S to the image resolution, yielding a spatial map
ST € [0, 1]7*W which is supervised by M, using
binary cross-entropy and Dice losses as

»CT2M = Abceﬁbce (ST, MJ)+>\dice£dice (ST’ MU)-

©)
2) Mask-to-Token Consistency. Conversely, we
downsample the soft target mask MM, to the image-
token resolution, obtaining Mﬁ € [0,1]", and en-
force token-level alignment with S as

Lar2r = ApeeLoce (S, M) + Adice Laice (S, M).

(10)
Overall Objectives. The two terms form a bidirec-
tional cycle consistency constraint over the latent
spatial responses S as

(11)

Lrvcce = Lrav + Lot

The final training objective combines TMCC with
the language modeling loss L4, and the segmenta-
tion loss L5k as

L= )\ta:tﬁt:ct + )\maskﬁmask + )\TMCCﬁTMCC-
(12)

4 Experiments

4.1 Experimental Setting

Implementation Details. We employ LLaVA-
1.5 (7B/13B) (Liu et al., 2023b) as the multimodal
encoder Gy, while ViT-H SAM (Kirillov et al.,
2023) serves as the vision backbone Gy, specifically
for mask generation. Visual features are extracted
using CLIP-ViT-L/14@336, which operates on in-
puts of size 336 x 336. To prevent object truncation
caused by default center-cropping and to align the
similarity map with SAM’s input, we implement a
padding-based resizing scheme (scaling the longest
side to 336) and padding the image for the CLIP
input. Training is performed on a single NVIDIA
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Table 1: Performance comparison of reasoning segmentation models on the ReasonSeg dataset. Models are sorted by cloU
scores. * denotes results reproduced from official implementations, and ft indicates models fine-tuned on 239 samples.

‘ val test

Method ‘ overall short query long query overall

gloU cloU gloU cloU gloU cloU gloU cloU
X-Decoder (Zou et al., 2023) 22.6 17.9 20.4 11.6 222 17.5 21.7 16.3
Grounded-SAM (Liu et al., 2024) 26.0 14.5 17.8 10.8 224 18.6 21.3 164
SEEM (Zou et al., 2024) 25.5 21.2 20.1 11.5 25.6 20.8 24.3 18.7
OVSeg (Liang et al., 2023) 28.5 18.6 18.0 15.5 28.7 22.5 26.1 20.8
GRES (Liu et al., 2023a) 224 19.9 17.6 15.0 22.6 23.8 21.3 22.0
*SESAME (Wu et al., 2024c) 40.3 41.6 28.9 26.3 37.3 31.9 349 30.7
LLaVA1.5-7B + OVSeg (Lai et al., 2024) 38.2 23.5 242 18.7 44.6 37.1 39.7 31.8
*GSVA (Xia et al., 2024) 45.6 41.5 37.9 36.5 443 46.0 42.8 43.8
*PixelLM (Ren et al., 2024) 49.7 49.6 39.5 38.8 49.5 45.6 47.1 443
LISA-7B (Lai et al., 2024) 529 54.0 40.6 40.6 494 51.0 473 48.4
HyperSeg-3B (Wei et al., 2025) 59.2 56.7 - - - - - -
VISA-7B (Yan et al., 2024) 52.7 57.8 - - - - - -
VideoLISA-3.8B (Bai et al., 2024) 61.4 67.1 43.8 42.7 56.9 57.7 53.8 544
LISA-7B-LLaVAL.5 (ft) (Lai et al., 2024) 61.3 62.9 483 46.3 579 59.7 55.6 56.9
READ-7B-LLaVAL.5 (ft) (Qian et al., 2025) 59.8 67.6 52.6 49.5 60.4 61.0 58.5 58.6
LISA++-7B-LLaVAL.5 (ft) (Yang et al., 2023) 64.2 68.1 49.6 511 59.3 61.7 57.0 59.5
RSVP-GPT (Lu et al., 2025) 64.7 63.1 55.4 50.4 61.9 62.5 60.3 60.0
AnchorSeg-7B-LLaVAL.5 (ft) 68.3 75.9 57.3 48.2 67.0 71.3 64.6 65.9
Qwen3-VL-8B (Liang et al., 2026) 70.3 70.0 - - - - 66.0 53.7
Seg-ReSearch-8B (Liang et al., 2026) 73.3 72.2 - - - - 67.4 59.0
LLaVA1.5-13B + OVSeg (Lai et al., 2024) 37.9 26.4 27.1 19.4 46.1 40.6 41.5 34.1
LISA-13B-LLaVAL1.5 (Lai et al., 2024) 57.7 60.3 50.8 50.0 54.7 50.9 53.8 50.8
LISA-13B-LLaVA1.5(ft) (Lai et al., 2024) 65.0 72.9 55.4 50.6 63.2 65.3 61.3 62.2
READ-13B-LLaVAL.5 (ft) (Qian et al., 2025) - - 55.4 53.7 64.4 65.1 62.2 62.8
AnchorSeg-13B-LLaVAL.S5 (ft) 67.9 73.0 59.6 51.8 70.2 73.3 67.7 68.1

Table 2: Results for referring expression comprehension on RefCOCO, RefCOCO+, and RefCOCOg (Precision@0.5). (full-ft)
denotes full training of the u-LLaVA LLM. For u-LLaVA-7B, we report results using the “mask2bbox” strategy to ensure fair
comparison.

M ‘ RefCOCO RefCOCO+ RefCOCOg
ethod
val testA testB val testA testB val test

u-LLaVA-7B (Xu et al., 2024) (full-ft) 86.04 89.47 82.26 74.09 81.16 66.61 79.87 81.68
LISA-Vicuna-7B (Lai et al., 2024) (ft) 85.39 88.84 82.59 74.23 79.46 68.40 79.34 80.42
GSVA-Vicuna-7B (Xia et al., 2024) (ft) 86.27 89.92 83.77 72.81 78.78 68.01 81.58 81.83
AnchorSeg-LLaVA1.5-7B 89.10 92.10 84.49 80.89 85.87 73.29 84.09 84.45
LISA-Vicuna-13B (Lai et al., 2024) (ft) 85.92 89.05 83.16 74.86 81.08 68.87 80.09 81.48
GSVA-Vicuna-13B (Xia et al., 2024) (ft) 87.71 90.49 84.57 76.52 81.69 70.35 83.90 84.85
AnchorSeg-LLaVA1.5-13B 91.34 94.56 87.54 84.25 89.75 77.71 87.79 87.09

Table 3: Benchmarking Generalized Referring Expression Segmentation (GRES) on the gRefCOCO dataset (Liu et al., 2023a).
Models are listed in ascending order based on the cloU of the val set. Values are derived from (Liu et al., 2023a). N-acc. denotes
the accuracy of identifying null targets, and ft indicates models fine-tuned on the gRefCOCO training split.

M \ Validation Set Test Set A Test Set B
ethod

‘ gloU cloU  N-acc. gloU cloU  N-acc. gloU cloU  N-acc.
MattNet (Yu et al., 2018) 48.24 4751 41.15 59.30 58.66  44.04 | 46.14 4533 4132
LTS (Jing et al., 2021) 52.70  52.30 - 62.64 61.87 - 5042 49.96 -
VLT (Ding et al., 2021) 52.00 52.51 47.17 | 63.20 62.19 4874 | 50.88 50.52  47.82
CRIS (Wang et al., 2022) 56.27 5534 - 63.42  63.82 - 51.79  51.04 -
LAVT (Yang et al., 2022) 5840 57.64 4932 | 6590 6532 4925 55.83  55.04  48.46
ReLA (Liu et al., 2023a) 63.60 6242 5637 | 70.03 69.26 59.02 | 61.02 59.88  58.40
LISA-Vicuna-7B (Lai et al., 2024) 3221  38.72 2.71 48.54 5255 6.37 39.65  44.79 5.00
GSVA-Vicuna-7B (Xia et al., 2024) 63.32  61.70  56.45 70.11 6923  63.50 | 61.34 6026  58.42
LISA-Vicuna-7B (ft) (Lai et al., 2024) 61.63 61.76  54.67 | 66.27 68.50  50.01 58.84 60.63  51.91
GSVA-Vicuna-7B (ft) (Xia et al., 2024) | 66.47 6329  62.43 71.08 6993  65.31 62.23 6047  60.56
AnchorSeg-LLaVA1.5-7B(ft) 7476  68.68 76.00 | 75.75 7343 7178 | 68.25 64.56  68.27
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H800 GPU (80GB). We use a mixed dataset of Rea-
sonSeg and referring segmentation samples, com-
prising approximately ~10k images. We utilize
LoRA (Hu et al., 2022) (r = 8 for 7B; r = 64 for
13B) and optimize via AdamW (Loshchilov and
Hutter, 2019) with a learning rate of 3e-4 and 100
warmup steps.

Evaluation Metrics. Consistent with established
methodologies in prior works (Kazemzadeh et al.,
2014; Mao et al., 2016; Lai et al., 2024), we em-
ploy specific metrics for different tasks. For Rea-
soning Segmentation evaluation, we report gloU
and cloU. Specifically, gloU represents the mean of
the Intersection-over-Union (IoU) scores calculated
for each individual image, while cloU is derived
from the ratio of the cumulative intersection to the
cumulative union across the dataset. For the Re-
ferring Expression Comprehension (REC) task, we
adopt Precision@0.5 metric, where a prediction is
considered correct if the IoU is at least 0.5.

4.2 Results on ReasonSeg Dataset

Comparison with the State-of-the-Art. In Table
1, AnchorSeg performs favorably against competi-
tive baselines. On the ReasonSeg validation split,
our 7B model achieves 68.3% gloU and 75.9%
cloU, outperforming RSVP-GPT by +3.6% and
+12.8%, respectively. This advantage carries over
to the test set, where AnchorSeg surpasses RSVP-
GPT by +4.3% gloU and +5.9% cloU on the overall
split, with notable gains on long queries (+5.1%
gloU and +8.8% cloU). Scaling to 13B further
improves performance. Compared to READ-13B,
AnchorSeg achieves up to +5.5% gloU and +5.3%
cloU on the test overall split, while delivering sub-
stantial improvements on long queries, validating
its effectiveness in complex reasoning scenarios.

4.3 Results on RefCOCO(+/g) Dataset

Comparison with the State-of-the-Art. Table 2
presents the quantitative results for referring expres-
sion comprehension based on Precision@0.5. An-
chorSeg consistently outperforms GSVA-Vicuna-
7B across all evaluated benchmarks. On the
RefCOCO dataset, AnchorSeg achieves 89.10%,
92.10%, and 84.49% on the val, testA, and testB
splits, respectively, surpassing the correspond-
ing GSVA results. On RefCOCO+, AnchorSeg
improves over GSVA by +8.08%, +7.09%, and
+5.28% on the val, testA, and testB splits. On Re-
fCOCOg, AnchorSeg attains 84.09% on val and

84.45% on test, exceeding GSVA by +2.51% and
+2.62%, respectively.

4.4 Results on gRefCOCO Dataset

Comparison with the State-of-the-Art. In Ta-
ble 3, we report results of AnchorSeg-LLaVA1l.5-
7B on the gRefCOCO dataset. Compared to the
fine-tuned GSVA-Vicuna-7B, AnchorSeg achieves
consistent improvements across all metrics. On the
validation set, AnchorSeg achieves 74.76% gloU,
68.68% cloU, and 76.00% N-acc, improving over
GSVA by +8.29%, +5.39%, and +13.57%, respec-
tively. On Test A, AnchorSeg attains 75.75% gloU,
73.43% cloU, and 71.78% N-acc, with gains of
+4.67%, +3.50%, and +6.47%. On Test B, An-
chorSeg further improves over GSVA by +6.02%
gloU, +4.09% cloU, and +7.71% N-acc.

4.5 Qualitative Results

Figure 2 shows that AnchorSeg achieves more
precise segmentation results compared to prior
methods such as LISA (Lai et al., 2024) and
SESAME (Wu et al., 2024c). The model is particu-
larly effective in fine-grained cases, as illustrated
by the accurate segmentation of the target in the
4% row.

4.6 Ablation Study

In this section, we conduct ablation studies on the
ReasonSeg val set to investigate the contribution of
each core component in our proposed AnchorSeg.

Table 4: Ablation on Conditional Query Sequence Scal-
ing. We report performance with varying sequence lengths
N. Note that N = K + 1, comprising K latent reasoning
tokens and one anchor query <SEG>. N = 8 yields the best
performance.

Exp. ID Sequence Len. (V) ‘ gloU cloU
| 4 64.8 73.4
2 8 68.3 75.9
3 16 64.1 72.8
4 32 67.4 71.3

Impact of Conditional Query Sequence Scaling.
We investigate the effect of scaling the conditional
query sequence Q. We vary the total length N
(where N = K + 1, consisting of K latent rea-
soning tokens and one anchor query <SEG>) to
evaluate the representational capacity. As shown
in Table 4, a short sequence (N =4, i.e., K = 3)
restricts the capacity to encode intermediate rea-
soning states, resulting in degraded performance
(73.4% cloU). The performance peaks at N = 8§,
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-a What are the stacked cookies in
this image? Please output
segmentation masks.

P-S In the picture, there is a legal
requirement for vehicles to
display identifying information.
What part of the car is used to
display this information?

4@ \What are the stronger Mario in
this image? Please output
segmentation masks.

@ \Vhat container in the picture is
used for arranging the flowers to
make them look more beautiful? 'L <

»

Query

Image LISA

SESAME AnchorSeg(Ours) Ground Truth

Figure 2: Visual comparison of AnchorSeg (Ours) with prior works on the ReasonSeg val set.

achieving the best 68.3% gloU and 75.9% cloU,
indicating an optimal balance between semantic
reasoning and spatial grounding. However, further
expansion (N > 16) leads to saturation, with cloU
dropping to 72.8% at N = 16, likely due to the
increased optimization difficulty in the continuous
embedding space.

Table 5: Ablation on the Contextual (q,. ) and Anchor
(q,,,.) Queries, Spatial Prior P, and TMCC.

Exp. ID ‘ P TMCC qi.x 4une ‘ gloU  cloU
1 v v 51.8 614
2 v v v 584 663
3 v v v 683 716
4 v v v 675 74.0
5 v v v v 683 759

Table 6: Ablation on Token-Mask Cycle Consistency
(TMCC). We investigate the contribution of the cycle consis-
tency terms: Lr2ar and Lyr2r. The combination yields the
best synergy.

Exp.ID | Lron  Lyar | gloU  cloU
1 v 674 73.8
2 v | 644 682
3 v v | 683 1759

Impact of Language Grounded Conditioning.
We progressively analyze the effects on factoriza-
tion of contextual g;.; and anchor q,,,. queries,
spatial prior P, and TMCC. In Table 5, Exp. 1
denotes that neither the spatial prior nor TMCC
is used during training. In this case, the contex-
tual queries qy.j and the anchor query q,,,. have
no functional differentiation and fully degrade into
q1.x+1 <SEG> tokens, all serving as segmentation
placeholder tokens (i.e., placeholders with no role-
specific distinction). Exp. 2 denotes that both the
spatial prior and TMCC are applied during train-

ing. However, the spatial prior is not provided to
SAM (i.e., it is not added to the image feature).
Exp. 3 incorporates the spatial prior P (derived
from q,,,.) but omits TMCC, yielding a significant
boost to 71.6% cloU. Exp. 4 applies both P and
TMCC but discards the contextual queries q;.x,
improving to 74.0% cloU. Finally, the full method
(Exp. 5) re-introduces g .y to the decoder, achiev-
ing the highest 75.9% cloU, which demonstrates
the effectiveness of the proposed design.

Impact of Token-Mask Cycle Consistency. We
assess the effectiveness of the proposed Token-
Mask Cycle Consistency (TMCC), which regu-
larizes the latent spatial responses S via a bidi-
rectional constraint. As shown in Table 6, opti-
mizing with only Loy yields 67.4% gloU and
73.8% cloU. In contrast, using Lo alone leads
to a performance drop to 64.4% gloU, likely due
to the coarse resolution of the latent space. By
jointly optimizing both objectives (Lryrcc =
Loy + Laror), the model achieves the best per-
formance, reaching 68.3% gloU and 75.9% cloU.

4.7 Runtime Analysis

We evaluate the computational efficiency of An-
chorSeg using a single NVIDIA A100-SXM4-
40GB GPU, with results reported in Tables 7 and 8.
During training on the ReasonSeg dataset (batch
size of 2), our method incurs an average iteration
latency of 2.94 seconds and a peak memory us-
age of 29.89 GB. Compared to previous methods
such as LISA (Lai et al., 2024) (1.26 s, 23.68 GB)
and GSVA (Xia et al., 2024) (2.13 s, 25.73 GB),
AnchorSeg exhibits a slightly higher training la-
tency and memory usage, mainly due to the addi-
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Table 7: Comparing the training cost of our AnchorSeg to state-of-the-art methods.

Model Training Latency (s) Memory Usage (GB) Trainable (%) Trainable Params Total Params
SESAME (Wu et al., 2024c) 1.11 23.15 3.73% 288.25M 7.73B
PixelLM (Ren et al., 2024) 1.22 23.02 5.25% 375.712M 7.16B
LISA (Lai et al., 2024) 1.26 23.68 3.74% 288.25M 7.71B
GSVA (Xia et al., 2024) 2.13 25.73 3.73% 288.26M 7.73B
AnchorSeg 2.94 29.89 3.94% 306.29M 7.77B
Table 8: Comparing the runtime speed of our AnchorSeg to state-of-the-art methods.

Model GSVA (Xiaet al., 2024) SESAME (Wu et al., 2024c) LISA (Lai et al., 2024) PixelLM (Ren et al., 2024) AnchorSeg
Speed (FPS) 3.98 4.64 4.68 9.24 4.00

tional query construction and spatial conditioning
modules. For inference performance (Table 8), An-
chorSeg achieves a throughput of 4.00 FPS with
batch size 1. This is comparable to GSVA (Xia
etal., 2024) (3.98 FPS) and LISA (Lai et al., 2024)
(4.68 FPS), while being slower than PixelLM (Ren
et al., 2024) (9.24 FPS). Overall, the results show
that AnchorSeg maintains a reasonable trade-off
between model complexity and runtime efficiency.

5 Conclusion

In this work, we reformulate reasoning segmenta-
tion as a structured conditional generation prob-
lem over image tokens, conditioned on language-
grounded query banks. We identified a key limita-
tion in existing approaches: compressing all seman-
tic reasoning and spatial localization into a single
<SEG> token embedding restricts the model’s abil-
ity to explicitly disentangle what to segment from
where to segment. To address this, we introduce An-
chorSeg, which decouples spatial grounding from
semantic reasoning through structured language
grounded query banks. We hope our factorized
formulation and explicit query bank design will in-
spire future research on language-grounded visual
perception and structured multimodal reasoning.

6 Limitations

Although AnchorSeg effectively decouples spatial
grounding from semantic reasoning through struc-
tured language-grounded query banks, several lim-
itations remain.

Dependence on LMM Quality. The quality of the
language-grounded query bank depends on the un-
derlying LMM’s ability to generate meaningful la-
tent reasoning tokens. While our approach benefits
from stronger LMMs that produce more discrimina-
tive intermediate representations, weaker or smaller
LMMs may generate less informative contextual

queries, potentially limiting the effectiveness of the
factorized formulation. Future work could explore
self-supervised pretraining objectives designed to
enhance the quality of latent reasoning tokens.
Fixed Query Bank Size. AnchorSeg uses a fixed
number K of latent reasoning tokens for all queries,
regardless of reasoning complexity. Simple queries
(e.g., “the red car’) may not require multiple rea-
soning states, while highly complex queries (e.g.,
“the object that could prevent water damage in this
scene’”) might benefit from more intermediate rea-
soning states. Adaptive mechanisms that dynami-
cally adjust the number of latent tokens based on
query complexity could improve both efficiency
and performance.

Computational Overhead. Compared to vanilla
single-token approaches, AnchorSeg introduces
additional computational costs through multiple
query tokens, token-level similarity computation,
and the TMCC training objective. While these com-
ponents are essential for explicit disentanglement
of semantic reasoning and spatial grounding, more
efficient architectures or sparse attention mecha-
nisms could reduce the computational burden for
real-time applications.

Generalization Beyond Reasoning Segmenta-
tion. While our approach demonstrates strong per-
formance on reasoning segmentation tasks, its ap-
plicability to other vision-language tasks such as
visual question answering, image captioning, or
open-vocabulary detection remains unexplored. In-
vestigating how language-grounded query banks
can be adapted to broader multimodal understand-
ing tasks is an important direction for future re-
search.
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A Ethics and Societal Impact

Declaration of LLLM Usage. During manuscript
preparation, Large Language Models (LLMs) were
used in a limited manner for linguistic refinement,
including checking for grammatical accuracy and
improving sentence flow. Additionally, LLMs as-
sisted in generating routine, non-critical code snip-
pets (e.g., data loading utilities). We affirm that
the conceptualization, methodological framework,
and experimental design are entirely the original
work of the authors. All Al-generated content was
rigorously reviewed and validated by the authors,
who assume full responsibility for the accuracy and
integrity of the final manuscript.

Broader Impact Statement. This study is in-
tended primarily for academic research. We affirm
that the data acquisition process strictly adhered
to established ethical protocols and data protec-
tion regulations. Furthermore, the deployment of
all models in this work is in full compliance with
their specific licensing terms. We are committed
to upholding research integrity and have assessed
that this work poses no significant risk of adverse
societal consequences.

B Datasets

Following the data organization paradigm estab-
lished by prior works, we construct a compre-
hensive training mixture to equip our model with
multi-granularity visual understanding and com-
plex reasoning capabilities. As shown in Table 9,
our training data is categorized into eight primary
types: (1) sem_seg for fundamental semantic un-
derstanding; (2) refer_seg for standard referring
expression comprehension; (3) neg_refer_seg and
(4) correct_refer_seg for robust handling of false
premises; (5) vqa for general conversational abili-
ties; and finally, (6) reason_seg, (7) reason_seg_plus,
and (8) multi_reason_seg to facilitate advanced log-
ical deduction and multi-target grounding.

Semantic Segmentation (sem_seg). This cat-
egory incorporates widely-used public datasets,
including ADE20K, COCO-Stuff, Pascal Part,
PACO-LVIS, and Mapillary. To align with the
instruction-following objective, we randomly select
specific categories for each image and reformulate
the data into a visual question-answering (VQA)
format using predefined templates.

Referring Segmentation (refer_seg). The Re-
fClef dataset (also referred to as ReferltGame) is
a foundational benchmark for referring expression

comprehension, comprising 130K expressions for
nearly 100K regions across 20,000 images. Unlike
later COCO-based benchmarks, RefClef includes
annotations for both discrete object instances and
amorphous “stuff”’ categories.

The RefCOCO series (including RefCOCO, Re-
fCOCO+, and RefCOCQOg) consists of large-scale
benchmarks for referring expression comprehen-
sion and segmentation based on MS-COCO. Re-
fCOCO and RefCOCO+ contain concise phrases,
with the latter prohibiting absolute spatial terms to
emphasize appearance attributes. In contrast, Ref-
COCOg features longer, more complex descriptive
sentences.

RefZom is a challenging benchmark established
to address the one-to-one” assumption limitation
in traditional referring segmentation by incorporat-
ing three distinct settings: one-to-zero (no target),
one-to-one (single target), and one-to-many (multi-
ple targets). It comprises a total of 55,078 images
and 74,942 annotated objects. The dataset is parti-
tioned into a training set of 43,749 images (58,356
objects) and a testing set of 11,329 images (16,586
objects).

G-RefCOCO is a large-scale benchmark for
Generalized Referring Expression Segmentation
(GRES), comprising 278,232 expressions, includ-
ing 80,022 multi-target and 32,202 empty-target
ones, referring to the objects in 19,994 images. The
images are split into four subsets: training, valida-
tion, test-A, and test-B, following the same UNC
partition of RefCOCO.

Negative Referring Segmentation
(neg_refer_seg). R-RefCOCO(+/g) datasets
extend RefCOCO, RefCOCO+, and RefCOCOg
by introducing negative text inputs that require
empty mask predictions. Adhering to the original
UNC and UMD partitions, they augment the
training data with a 1:1 positive-negative ratio
and significantly expand the validation sets
with approximately 10 negative descriptions per
reference object to rigorously evaluate robustness.

Correct Referring Segmentation (cor-
rect_refer_seg). FP-RefCOCO(+/g) extend the
RefCOCO series to facilitate the False Premise
Correction task. The datasets utilizes large
language models to create context-aware false
premises by modifying specific objects, attributes,
or relations. Preserving original splits, the
benchmark maintains a 1:1 positive-to-negative
ratio across roughly 20k-25k images per dataset to
evaluate reasoning robustness.
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Table 9: Overview of the training dataset mixture.

Dataset Types Source Datasets Total Train Split  Val Split  Test Split
ADE20K (Zhou et al., 2017) 22.21K 20.21K 2k n.a.
COCO-Stuff (Caesar et al., 2018) 118.29K n.a. n.a. n.a.
sem._seg Pascal Part (Chen et al., 2014) 4.37K n.a. n.a. n.a.
PACO-LVIS (Ramanathan et al., 2023) 45.79K n.a. n.a. n.a.
Mapillary (Neuhold et al., 2017) 18.00K n.a. n.a. n.a.
RefClef (Kazemzadeh et al., 2014) 17.98K n.a. n.a. n.a.
RefCOCO (Kazemzadeh et al., 2014) 19.99K 16.99K 1.50K 1.50K
refer_se RefCOCO+ (Kazemzadeh et al., 2014) 19.99K 16.99K 1.50K 1.50K
-Seg RefCOCOg (Mao et al., 2016) 25.80K 21.90K 1.3K 2.6K
RefZom (Hu et al., 2023) 55.08K 43.75K n.a. 11.33K
G-RefCOCO (Liu et al., 2023a) 19.99K 16.99K 1.50K 1.50K
R-RefCOCO (Wu et al., 2024a) 15.10K n.a. n.a. n.a.
neg_refer_seg R-RefCOCO+ (Wu et al., 2024a) 15.10K n.a. n.a. n.a.
R-RefCOCOg (Wu et al., 2024a) 20.04K n.a. n.a. n.a.
FP-RefCOCO (Wu et al., 2024c¢) 19.99K 16.99K 1.50K 1.50K
correct_refer_seg  FP-RefCOCO+ (Wu et al., 2024c¢) 19.99K 16.99K 1.50K 1.50K
FP-RefCOCOg (Wu et al., 2024¢) 25.80K 21.90K 1.3K 2.6K
vqa LLaVA-Instruct-150K (Liu et al., 2023b)  157.71K n.a. n.a. n.a.
reason_seg ReasonSeg (Lai et al., 2024) 1.22K 239 200 779
instance_seg (Yang et al., 2023) 58.50K n.a. n.a. n.a.
reason._see_plus cot (Yang et al., 2023) 3.04K n.a. n.a. n.a.
-See-p conversations (Yang et al., 2023) 2.65K n.a. n.a. n.a.
caption (Yang et al., 2023) 1.34K n.a. n.a. n.a.
multi_reason_seg  MultiReasonSeg (Ren et al., 2024) 105.34K 102.35K 942 2.05K

Visual Question Answering (vqa). We utilize
the LLaVA-Instruct-150k dataset, which consists
of approximately 157.71K vision-language instruc-
tion samples. This dataset is incorporated to main-
tain the model’s general conversational proficiency
and its ability to follow diverse natural language
instructions.

Reasoning Segmentation (reason_seg). Rea-
sonSeg is a benchmark established to evaluate rea-
soning segmentation capabilities, comprising 1,218
image-instruction-mask data samples. The images
are annotated with implicit text instructions that
necessitate complex reasoning or world knowledge,
categorized into short phrases and long sentences.
To ensure reliable assessment, the dataset is parti-
tioned into 239 training, 200 validation, and 779
testing samples, allocating a larger proportion to
testing for rigorous evaluation.

Enhanced Reasoning Segmentation (rea-
son_seg plus). ReasonSeg-Plus is based on the
COCO2017 dataset. The Instance Segmentation
subset focuses on training models for instance-level
delineation, while the COT (Chain-of-Thought)
subset enhances global scene understanding and
reasoning segmentation. Additionally, the Conver-
sation subset equips models with the ability to per-
form segmentation within dynamic dialogues, and

the Caption subset integrates segmentation tasks
directly into image captioning workflows.

Multi-target  Reasoning  Segmentation
(multi_reason_seg). MUSE is a large-scale
benchmark established for the Multi-target
Reasoning Segmentation task, comprising 246k
question-answer pairs and 910k instance-level
mask annotations sourced from the LVIS dataset.
It features complex queries with arbitrary numbers
of open-set targets, averaging 3.7 objects per
response. The dataset is partitioned into 239k
training, 2.8k validation, and 4.3k testing samples
to rigorously evaluate pixel-level reasoning and
understanding capabilities.

C Implementation Details

Given an input image X;,, € R"**¢ and a tex-
tual prompt X4, LLaVA (Xipmg, Xizt) produces
the image token embedding I;,,, € R576%4096
and the <SEG> token embedding q,,,, € R*%,
The similarity map is computed as q,,,. X I z;ng =
(1 x 4096) x (576 x 4096) = 1 x 576, followed
by reshaping (576 — 24 x 24) into 1 x 24 x 24, and
then interpolating (1 x 24 x 24 — 1 x 256 x 256)
and convolving (1 x 256 x 256 — 256 X 64 x 64)
to obtain the spatial prior P € R2%6x64x64 Note
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that SAM’s dense visual features are given by
f = GF%Ximg) € R¥6X04x64 " We inject the
spatial prior P into the visual feature map f via
element-wise addition, yielding conditioned visual
features f = £ @ P for SAM mask generation.

C.1 Interpolation Details for Token—-Mask
Cycle Consistency (TMCC)

We specify the interpolation operators used in
TMCC and refer to Algorithm 1 for the complete
token-to-image resizing pipeline.

Token-to-Mask interpolation. Given token-
level responses S € RY with N = G? (eg.,
G = 24), the continuous similarity map used
by the token-to-mask term Lp9, is constructed
exactly following Algorithm 1 (normalization,
reshape to G x (@, bilinear upsampling to
L,; = 336, aspect-ratio aligned crop, bilin-
ear resize back to the supervision resolution).
In our code, all bilinear resizes are imple-
mented via PyTorch F.interpolate(...,
mode='bilinear’). When
ing within the SAM-style preprocess-
ing (apply-image_torch), we explic-
itly set align_corners=False and
antialias=True, and then pad zeros on
the bottom/right to obtain a square canvas.

resiz-

Mask-to-Token interpolation and soften-
ing. For the reverse direction Lpsopr, the
ground-truth mask M € {0, 1}W s first
mapped to the L,; = 336 canvas using the
same resize-and-pad operator as above (bi-
linear resize with align_corners=False,
antialias=True, followed by bottom/right
zero padding), and then downsampled to the token
grid using nearest-neighbor interpolation:

Mgrid — Interp(M336; G x G, nearest) c {0; 1

(13)
The Gaussian soft target is then constructed on the
token grid as

Mcgrm'd — Mgrid * GO’ c [07 1]G’><G7

4 (14)
My = vee(MZ™) € [0,1]",

We implement G, using a normalized 2D Gaussian
kernel with default ¢ = 7.0 and nominal kernel
size 31, with adaptive kernel sizing for small masks
and reflect padding during convolution.

C.2 [Extending the Anchor Query to Multiple
Spatial Anchors

While AnchorSeg uses a single segmentation an-
chor query q,,,. to produce a language-grounded
spatial prior, the framework naturally extends to
multiple spatial anchors to better support multi-
target scenarios and more complex spatial relations.

Multi-target & multi-anchor formulation. Let
Ngeq denote the number of fargets to be seg-
mented in an image (i.e., the number of masks
to be predicted). For each target m €
{1,..., Nseg}, the LMM can generate 7" anchor
tokens {<SEG>m7t}tT:1, yielding anchor queries
{qgﬁc’t)}thl (optionally sharing the same contex-
tual query bank q;.5 ). For each anchor, we com-
pute

S§m7t) (m,t)

T
=% Qganc >
producing spatial priors {P(™*}T_| for target m.
These priors can be injected into the SAM fea-
ture map either independently (e.g., running the
mask decoder T times per target) or jointly via a

lightweight fusion:

£fm) = £ @(concat (P(m’l), ... ,P(m’T))> ,
(15)
where ®(-) is a small conv head. This yields one
fused spatial prior per target and allows anchors to
specialize to different regions within each target.

When multi-anchor helps. We expect multiple
anchors to be particularly beneficial for (i) explicit
multi-object prompts (“segment {A,B,C}”), (ii)
one-to-many referring and open-vocabulary multi-
target segmentation, and (iii) queries involving
structured spatial relations (e.g., “the two cups on
the left of the plate”), where a single coarse spatial
prior may be insufficient to disambiguate multiple

valid regions.
GxG

Potential challenges. Multi-anchor variants in-
troduce additional computation (roughly linear in
T if decoding is repeated) and may require mecha-
nisms to mitigate anchor competition and duplicate
predictions. Practical options include anchor-wise
NMS/merging, diversity regularization across an-
chors, or assigning anchors to targets via bipartite
matching during training when instance-level su-
pervision is available. We leave a full exploration
of optimal multi-anchor generation and training as
future work.
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Algorithm 1 Language Grounded Conditioning Algorithm

Require: Input image X;,,,, € RMX®w*¢

RKXd

and text prompt X4, vision-language model (e.g., LLaVA) that outputs contextual
queries g, € and anchor queries {qﬁfgC € Rd}iv:sfg (default N4y = 1). For each ¢, the ordered query bank is
Q" = (qy,...,qx,q").). Image token embeddings I € RV*? (stacking I = {i1,...,in} with i; € R?). Resize
long-side target L,; = 336 for similarity alignment and Lsqm = 256 for SAM input. SAM visual features are given by
f = G5"(Ximg) € REHXW "with (C, H,W) = (256,64,64). fo is a three-layer convolutional head with channel
dimensions 1 —+ 4 — 16 — C. _
Ensure: Conditioned visual features f € RE*#*W per anchor query 4, for SAM mask generation.
1: fort =1,..., Ngeg do
20 sWT1q) eRY /* Equivalently sy) =14, q). for j=1,...,N*/
s — min(s®)
max(s®) — min(s(®) + ¢

4: G+ VN; PO reshape(ém; G x G)
5: P® interp(lsu); Ly; X Ly, bilinear)

3: 30«

: & ! /

6: max(h w)’ h' + |ha+0.5], w' + |[wa+0.5]

7. PO~ interp(la(t)[:7 0:h/, 0:w]Y; h x w, bilinear) /*Crop and restore to h X w. */
. Lsam . !/ I

8  a+ max(h, w)’ h' < |ha+0.5], w' < |wa+0.5]

9: PO+~ (pad(~; (0, Lsam — w', 0, Lgam — h')) ointerp(-; A’ x w’, bilinear)) (P(t))
/*Resize long side to Lsem, then right/bottom zero-pad to Lsam X Lsam. */

100 PO« fp ls(z))  fo : RV LsamxLaam _y ROXHXW

1:  fO « fop®

12: end for _ N
13: return {f*)}, =
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Table 10: Training recipe of AnchorSeg for different benchmarks.

Benchmarks Configuration Model
AnchorSeg-LLaVA1.5-7B AnchorSeg-LLaVA1.5-13B
dataset reason_seg:refer_seg:sem_seg=1:1:1
sem_seg_data ade20k | |cocostuff| |pascal_part| |mapillary
refer,seg,data refclef| |refcoco]| |refcoco+]| |refcocog]| |refzom| |grefcoco
epochs / steps_per_epoch 120/ 10k 30/ 10k
Reasoning grad_accumulation_steps 10
Segmentation optimizer/Ir AdamW/ 3x107* AdamW/1x10~*
betas / warmup_num_steps (0.9, 0.95) / 100 steps
lora_r 8 64
Abce [ Adice 2.0/4.0 2.0/4.0
zero_stage 2
num_classes_per_sample 3
batch_size 2 samples / GPU
weight_decay 0.00
gradient_clipping 1.0
dataset refer_seg:sem_seg:neg._refer_seg:correct_refer seg=1:1:1:1
refer,seg,data refclef| |refcoco| |refcoco+| |refcocog]| |refzom| |grefcoco
sem,seg,data ade20k| |cocostuff| |pascal_part||mapillary
Referring neg_refer_seg_data R-refcoco| |R-refcoco+| |R-refcocog
Expression correct_refer_seg_data fprefcoco| | fprefcoco+]| | fprefcocog
Comprehension epochs / Steps 30/ 10k
(REC) grad_accumulation_steps 10
optimizer/Ir AdamW/ 3x107* AdamW/1x10~*
lora_r 8 64
Abce [ Adice 2.0/4.0 2.0/4.0
zero_stage 2
num_classes_per_sample 3
batch_size 2 samples / GPU
weight_decay 0.00
gradient_clipping 1.0
dataset refer_seqg
refer_seg_data refzom| |grefcoco
epochs / steps 30/ 10k
Generglized grad_accumulation_steps 10
Referring optimizer/Ir AdamW/ 3x10™* AdamW/1x10~*
Expression
Segmentation lora_r 8 64
(GRES) Abce [ Adice 2.0/4.0 2.0/4.0
zero_stage 2
num_classes_per_sample 3
batch_size 2 samples / GPU
weight_decay 0.00
gradient_clipping 1.0
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