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Abstract

Semantic segmentation in real-world applications often re-
quires not only accurate masks but also strict adherence to
textual labeling guidelines. These guidelines are typically
complex and long, and both human and automated labeling
often fail to follow them faithfully. Traditional approaches
depend on expensive task-specific retraining that must be
repeated as the guidelines evolve. Although recent open-
vocabulary segmentation methods excel with simple prompts,
they often fail when confronted with sets of paragraph-length
guidelines that specify intricate segmentation rules. To ad-
dress this, we introduce a multi-agent, training-free frame-
work that coordinates general-purpose vision-language mod-
els within an iterative Worker-Supervisor refinement architec-
ture. The Worker performs the segmentation, the Supervisor
critiques it against the retrieved guidelines, and a lightweight
reinforcement learning stop policy decides when to termi-
nate the loop, ensuring guideline-consistent masks while bal-
ancing resource use. Evaluated on the Waymo and Reason-
Seg datasets, our method notably outperforms state-of-the-art
baselines, demonstrating strong generalization and instruc-
tion adherence.

Project page — https://guideline-seg.github.io/
Extended version — https://arxiv.org/abs/2509.04687

Introduction
Pixel-accurate semantic image segmentation is crucial
for safety-critical domains such as autonomous driving,
robotics, and medical imaging (Elhassan and Zhou 2024;
Al-Tawil et al. 2024; Wang et al. 2022). Traditionally, seg-
mentation models have relied heavily on supervised training
on pre-defined classes that generalize poorly to novel cate-
gories, requiring costly re-annotation and retraining when-
ever new classes emerge (Ronneberger, Fischer, and Brox
2015; Chen et al. 2018). Recent advancements have intro-
duced open-vocabulary semantic segmentation, leveraging
large-scale Vision-Language Models (VLMs) to recognize
arbitrary object categories via textual prompts (Liang et al.
2023; Ren et al. 2024).

Semantic segmentation is not merely about generating ac-
curate masks, but producing the correct masks that align
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Figure 1: Method overview of our Worker–Supervisor itera-
tive loop for guideline-consistent semantic segmentation.

Figure 2: Annotation inconsistencies in the Waymo segmen-
tation dataset. Row (a) shows masks adhere to guideline G1
at timestamp t, while row (b), from the same scene at t+∆t,
shows a clear violation of the same guideline.

with the intended labeling policy, every time. These deci-
sions often rely on strict, text-defined rules. For instance,
Waymo dataset (Sun et al. 2020) specifies that pedestrian
class must ‘include skateboard riders, exclude mannequins’.
Similarly, in land-cover segmentation (Demir et al. 2018),
the class range land should cover ‘Any non-forest, non-farm,
green land, grass’. When models ignore these intricate de-
tails, even pixel-accurate masks can be functionally wrong.
Existing open-vocabulary systems excel on short prompts
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Figure 3: Overview of our pipeline. The input image and textual guidelines undergo context construction to extract scene-
relevant rules. This focused context is processed through an iterative VLM loop where the Worker segments and the Supervisor
critiques and suggests improvements. The number of iterations is controlled by an adaptive iteration controller. The final output
is a segmentation that faithfully adheres to long and detailed guidelines.

(Lai et al. 2024; Sun et al. 2025) but crumble under long in-
tricate rules. Worse, some public ‘ground-truth’ masks pro-
duced by costly human-annotators, themselves often violate
their own manuals. As shown in Fig. 2, the same scene at
different timestamps in the Waymo dataset exhibits incon-
sistent masks that ignore the guidelines. Domain-specific
detectors and fine-tuned models might be adapted for
guideline-aware segmentation, but only after costly retrain-
ing. Labeling rules can evolve, and relying on continuous re-
training is impractical. These inconsistencies reveal the dif-
ficulty of the task of rule-adhering segmentation and under-
mine the reliability of conventional benchmarks.

In this study, we achieve guideline-consistent seman-
tic segmentation via multi-agent, training-free framework.
Leveraging VLMs (Gemini-2.5-flash-preview (Comanici
et al. 2025)) as agents, our approach employs a hierarchical
Worker-Supervisor system where each agent plays a distinct
role, iteratively generating, critiquing, refining, and validat-
ing segmentation outputs (Fig. 1). Specifically, the Worker
module first produces initial detections based on enriched
image-specific contexts. These detections are then seg-
mented by a frozen Segment Anything Model (SAM) (Kir-
illov et al. 2023; Ravi et al. 2024). Subsequently, the Super-
visor module evaluates the Worker’s segmentations against
the given guidelines, identifies errors, and proposes refine-
ments. This loop continues until a reinforcement learning-
based stop criterion terminates the process or a maximum
iteration count is reached. Crucially, both the VLM and
SAM remain frozen; all adaptation occurs through strategic
prompting and context-aware control, making our method
uniquely flexible, scalable, and capable of handling com-
plex, paragraph-length instructions.

Our method outperforms existing state-of-the-art (SOTA)
approaches, delivering a notable increase in guideline-
consistent segmentation performance on the Waymo and
ReasonSeg datasets. This highlights our framework’s supe-
rior ability to produce precise segmentations that closely ad-
here to intricate, lengthy guidelines without requiring model

retraining. Thus, the main contribution of our work is a novel
framework for training-free guideline-consistent semantic
segmentation, capable of interpreting and adhering to long
and detailed labeling instructions.

Related Works

Vision-Language Models for Segmentation. Vision-
Language models (VLMs) align visual features with lan-
guage (Radford et al. 2021; Li et al. 2022; Liu et al. 2023)
and are increasingly being used in object detection (Liu et al.
2024b; Cheng et al. 2024) and segmentation (Liang et al.
2023; Xia et al. 2024). Recently, promptable segmentation
has emerged as a flexible paradigm where an image and user
prompts jointly determine the output mask. The prompts
are typically either points/boxes (Kirillov et al. 2023) or
text-conditioned (Ren et al. 2024). Unified VL segmenters
(Lai et al. 2024; Zou et al. 2023; Sun et al. 2025) em-
bed multi-modal prompts into a single transformer, enabling
open-set and multi-prompt segmentation. Reasoning-based
segmenters further combine language reasoning with seg-
mentation, either through chain-of-thought style guidance or
specialized <seg> tokens that steer mask prediction (Liu
et al. 2025; Qian et al. 2025). However, these methods typ-
ically handle only single words or short sentences, often
performing poorly on longer contexts. More recent models
like Gemini-2.5 (Comanici et al. 2025), Qwen2.5-VL (Bai
et al. 2025), and GPT-4V (OpenAI 2023) offer improved
comprehension of longer textual inputs but still fall short
of accurate detection and segmentation. Moreover, when
operating in a single pass, they offer limited understand-
ing of lengthy intricate rules, complex constraints, or struc-
tured verification guideline compliance. Using Gemini-2.5
as our baseline, we address these concerns by introducing an
iterative-refinement and verification framework that yields
guideline-consistent segmentation. This choice was driven
by the need to effectively process longer contexts, a capabil-
ity not yet reliably offered by current open-weight models.

9613



Agents and Self-Correction. Recent research frames
large models as smaller, specialized agents that collaborate
to complete complex tasks (Wu et al. 2023; Shen et al. 2023).
These agents iteratively refine their outputs based on mutual
feedback without additional training (Madaan et al. 2023;
Shinn et al. 2023). In vision, VLMs leverage self-correction
for iterative re-grounding (Liao et al. 2025; Su et al. 2024;
Sun, Xiao, and Lim 2021), training-free contrastive guid-
ance (Wan et al. 2024), and visual prompting (Yang et al.
2023). Only a few agent-based approaches have addressed
semantic segmentation (Sun et al. 2025), and existing ones
neither produce accurate masks under long instruction nor
include explicit self-critique mechanisms. To bridge these
gaps, we propose a Worker-Supervisor agent framework that
iteratively refines the segmentations, effectively addressing
missed detections and pruning false positives under complex
guidelines. Such agent-based workflows are well-suited to
semantic segmentation tasks because they inherently require
multiple steps: segmenting, verifying, refining, and adap-
tively determining when to stop, and thus greatly benefit
from iterative planning and structured feedback under de-
tailed, rule-rich instructions.

Method
Fig. 3 summarizes our pipeline. Given the input image and
a set of guidelines, we first build the context from the image
description and retrieve relevant guidelines, followed by a
loop of Worker → Supervisor → Worker ... till the Adaptive
Iteration Controller (AiRC) decides when to stop or upon
reaching a maximum number of predecided iterations.

Inputs
We begin with an input image Imgi that must be seg-
mented based on a prompt P , while strictly following a set
of detailed guidelines. For instance, in the Waymo dataset
(Sun et al. 2020), inclusion rules may state ‘Include a
small child or small items (e.g., umbrella, handbag, sign)
with the pedestrian’, and exclusion rules may require ‘Ex-
clude mannequins, statues, dummies, covered objects, bill-
boards, posters, indoor pedestrians, and reflections’. To en-
able structured interpretation, we use GPT-4o (Hurst et al.
2024) to convert them into a structured JSON format, as-
signing each a unique ID G = {G0, G1, . . . , Gm} and a
brief description. This facilitates the context construction.

Context Construction
Each image is different, and not all guidelines are relevant
to every scene. For example, for an image without bicycles
or cyclists, ‘G3: A person riding a bicycle is not labeled as
a pedestrian, but labeled as a cyclist’ becomes irrelevant.
Including such unnecessary instructions can overwhelm the
pipeline with irrelevant details. Thus, we construct image-
specific contexts by retrieving only the most relevant guide-
lines.

We encode all textual guidelines into a FAISS (Johnson,
Douze, and Jégou 2019) vector database (DB), enabling fast
similarity-based retrieval. Storing guidelines in a vector DB
enables quick filtering of the most relevant rules for a given

image. This follows a context construction through an En-
richer, which describes the scene and enriches the retrieval
query, and a Retriever, which searches for the most rele-
vant guidelines from the vector DB. All context modules are
lightweight and add minimal computational overhead.

Enricher. To retrieve the most relevant guidelines for a
given image, we first generate a concise yet informative tex-
tual description of the scene. Gemma3-4B (Gemma et al.
2025), a lightweight multimodal model, is used to caption
the image based on the prompt. We then form a text-rich
query Q = {P, < caption >, H×W}, where H×W rep-
resents the image resolution. Including resolution helps ac-
count for scale-dependent rules like, ‘Ignore distant pedes-
trians’, ‘Exclude oversized objects’, enriching the seman-
tic context. This query is encoded into a vector (Qv) us-
ing the SentenceTransformer (Reimers and Gurevych 2020)
(all-MiniLM-L6-v2) to semantically fetch relevant guide-
lines from the FAISS DB.

Retriever. The Retriever module uses Qv to perform a co-
sine similarity search over the FAISS index, retrieving the
top-k most relevant guidelines Gk ⊂ G. This selective re-
trieval avoids overloading the downstream Validation mod-
ule with unnecessary rules, ensuring the context remains
concise, focused, and aligned with the image content.

Smart Crop. Modern VLMs often struggle with small or
distant objects due to limited attention resolution. To miti-
gate this, we employ a smart cropping strategy that divides
the image into two focused regions based on rough object
locations. We first downscale the image Img to 0.8× and
pass it through OWLv2 (Minderer, Gritsenko, and Houlsby
2023) to obtain rough, noisy bounding boxes (B) for the tar-
get class. This gives us focused regions of interest.

To avoid splitting objects and maintain balance, the mod-
ule analyzes object distribution and spatial layout. It chooses
a vertical split that keeps object counts roughly equal on
both sides and maximizes the gap between clusters, ensur-
ing clean separation. The resulting crops xℓ and xr, defined
by maxx(Bleft) and minx(Bright), preserve semantic coher-
ence and are passed to the Validation module for processing.

Validation Module
The Validation module handles segmentation through an
iterative loop composed of two primary components: the
Worker, which performs object detection and segmentation,
and the Supervisor, which evaluates the Worker’s output
against the retrieved guidelines and proposes corrections.
An Adaptive Iteration Controller (AiRC) governs how
many refinement rounds are performed. AiRC monitors fac-
tors such as object count and unresolved issues to decide
whether to continue or stop the loop, up to a maximum iter-
ation limit.

Worker. The Worker module is dedicated to executing the
segmentation task and comprises two stages: an initial de-
tection step and a refinement step across n iterations, incor-
porating Supervisor feedback.

At initialization, the Worker identifies bounding boxes for
the target class based on the user prompt P , returning coor-
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Figure 4: Qualitative comparison of our method with other state-of-the-art. Our method successfully complies with guidelines
G1 [rows-(a),(c)], G2 [rows-(b),(d)], G3 and G4 [row-(e)]. More examples in supplementary material.

dinates in the form [ymin, xmin, ymax, xmax], class labels,
and a unique ID Subjects : {sub0, sub1, . . . , subm} to each
subject. These are passed to a frozen SAM model to produce
segmentation masks. Note that this SAM model is not fine-
tuned or retrained on any particular dataset to maintain its
generalizability; we rely on carefully crafted prompt inputs
(boxes, points) to guide it in producing accurate masks.

Since general-purpose VLMs are not optimized for
coordinate-precise localization, the initial boxes are often
coarse or misaligned, potentially leading to incorrect or in-
complete masks. This inaccuracy propagates to the SAM
segmentation outputs. Moreover, SAM, while powerful, is
task-agnostic and may overlook rule-specific inclusion/ex-
clusion criteria. To correct such issues, the Worker triggers
the Supervisor, which audits the output and provides correc-
tive feedback for iterative refinement.

Supervisor. The Supervisor is responsible for evaluating
and critiquing the outputs generated by the Worker. Follow-
ing the principle that a group of smaller, specialized agents
often performs better than a single agent overloaded with re-
sponsibilities (Hong et al. 2023; Wu et al. 2024), we divide
the Supervisor into two distinct components:

Agent 1-Supervisor eval: This agent has access to
the image, the Worker’s output, and the relevant guidelines
Gk. It identifies three types of issues: (i) missing objects that
should have been segmented, (ii) false positives that violate
exclusion rules, and (iii) refinement opportunities for imper-
fect masks. Each issue is recorded in a structured JSON,
specifying object type, brief justification, and precise refine-
ment suggestions such as ‘expand box to the right to include
hand’ or ‘shrink box to exclude the background’. These are
passed to Agent 2 for candidate box generation.

Agent 2-Supervisor boxgen: This agent receives
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the missing objects, false positives, and corresponding cri-
tiques from Agent 1, and generates bounding boxes for each
proposed candidate. However, since these items are often
small and lack rich visual or textual context, the proposed
boxes tend to be imprecise, undersized, or occasionally mis-
placed. We, thus, employ a SigLIP-based verifier.

SigLIP Verifier. To verify candidates from Agent 2, we
crop image regions with a small buffer to retain context (e.g.,
a tightly cropped bag alone may be unclear, but showing
it being held helps in recognition). These image crops are
passed through a SigLIP (Zhai et al. 2023) image encoder,
while the associated labels are encoded using a text encoder.
SigLIP outputs a logit for each image-text pair, which we
convert to a probability using a sigmoid function. If this
probability exceeds a threshold, the candidate is considered
a valid suggestion by the Supervisor; otherwise, it is dis-
carded.

The verified candidates and refinement instructions are re-
turned to the Worker for final adjustments. For missing ob-
jects, the Worker accepts verified bounding boxes and uses
SAM to generate the corresponding masks. False positives
are removed by prompting SAM with the identified box and
a negative point label to erase the mask. For refinements,
the Worker modifies existing bounding boxes based on the
Supervisor’s suggestions before re-generating the masks.

Adaptive Iteration Controller
Each iteration in our loop requires three API calls, so the
overall cost scales with the number of iterations. A fixed
count could be used, but it would not adapt well across vary-
ing scenes, i.e., too many iterations may waste resources,
while too few might cut off meaningful improvements. To
address this, we implement a reinforcement learning (RL)
policy that dynamically determines when to stop the loop.
This adaptive iteration controller (AiRC) tracks scene den-
sity and unresolved guideline violations, and the policy se-
lects CONTINUE or STOP accordingly. We frame the
iteration-control problem as a finite-horizon Markov Deci-
sion Process (MDP) with the following elements.

Issue count. We quantify Supervisor’s feedback as issue
count I , which shapes the reward function. Each genuine
guideline error (missed or false object) counts 1 point, driv-
ing the learning signal. Refinements usually suggest low-
impact mask tweaks and can be repetitive and noisy, and
thus count as 0.1 points. Thus, the issue count It at the end
of each iteration becomes

It = Imiss + Ifalse + 0.1Iref (1)

State space. The state representation captures both the
scene complexity and the presence of unresolved guideline-
violating issues I . Each Img crop is mapped to one of six
abstract states, defined as s = 2d + v where d ∈ {0, 1, 2}
is a coarse scene-complexity density bucket (few/medi-
um/crowd) computed from the initial object count in the
crop, and v ∈ {0, 1} flags whether residual guideline vio-
lations remain after the current pass (clean=0, dirty=1).

Actions. There exist two possible actions at each step: ei-
ther to stop the iterative process or proceed to the next step,
up to a predefined MAX ITERS. a ∈ {STOP,CONTINUE}.

Immediate reward. The immediate reward reflects the
change in issue count It across iterations. At iteration t:

r(s, a, s′) =



(It − It+1)︸ ︷︷ ︸
issues fixed

− c︸︷︷︸
step cost

+ b [It+1 = 0]︸ ︷︷ ︸
early-resolve bonus

,
at = CONTINUE,

0, at = STOP, It = 0,

− p︸︷︷︸
early-stop penalty

, at = STOP, It > 0.

(2)
The reward r is defined by the drop in issue count between
consecutive steps, with a small step cost c per iteration. This
encourages the AiRC to continue only when further refine-
ment is worthwhile. An early-stop penalty p is applied if
STOP is chosen with unresolved issues, while a clean-scene
bonus b is given if all issues are resolved before reaching
MAX ITERS. Action values are updated with standard tab-
ular Q-learning (Watkins and Dayan 1992). To put simply,
AiRC chooses CONTINUE if

Q(st,CONTINUE) > Q(st, STOP) (3)

The module selects CONTINUE whenever the Q-value (ex-
pected discounted return) for CONTINUE in the current
state exceeds the Q-value for STOP; otherwise, it stops.
(More in supplementary)

We use RL instead of a fixed heuristic because the value
of an additional refinement emerges only after that pass,
creating a delayed, sequential reward structure that RL’s
temporal-difference updates naturally handle. RL learns
exactly when the expected error reduction justifies the
per-iteration cost, adapting to each crop’s complexity with-
out manual thresholds. In contrast, static rules like a fixed
pass count or issue-count cutoff either leave errors in dense
scenes or waste effort on simple ones. A compact six-state
Q-table delivers this adaptability with minimal overhead.

Experiments
Datasets
We evaluate our method on two datasets, the Waymo Per-
ception dataset (Sun et al. 2020) and ReasonSeg (Lai et al.
2024). For Waymo, we focus on the Pedestrian class, which
poses a greater challenge due to its subtle object boundaries
and frequent segmentation errors. In contrast, larger objects
like Car can inflate performance metrics and shadow fine-
grained issues. Additionally, as noted in Fig. 2, the Waymo
ground truth often deviates from its own labeling guidelines.
Since our method explicitly aims to enforce guideline con-
sistency, relying on such noisy annotations could lead to
misleading results. To address this, we manually curate a set
of 101 samples that adhere strictly to the defined guidelines.
Creating this smaller, high-quality set was a necessary and
labor-intensive step to enable a fair and precise evaluation
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Metric

Method
LISA-7B

(Lai et al. 2024)

LISA-13B

(Lai et al. 2024)

GroundedSAM

(Ren et al. 2024)

READ

(Qian et al. 2025)

Gemini-2.5

(Comanici et al. 2025)

SegZero

(Liu et al. 2025)
Ours

S C F S C F S C F S C F S C F S C F F

gIOU 43.42 36.47 23.41 66.74 40.96 20.16 75.00 20.84 20.43 50.90 47.79 43.94 67.84 71.39 69.02 73.49 73.72 71.96 80.57

cIOU 42.73 34.53 18.32 73.21 34.04 14.21 79.78 20.91 19.36 53.73 54.16 45.55 72.01 76.38 74.24 75.98 76.91 73.72 86.70

mPr 85.11 40.27 24.38 80.77 46.62 22.41 88.12 33.16 29.35 75.63 67.57 51.74 79.05 84.18 80.91 89.80 88.38 86.34 91.06

mRec 45.55 74.86 79.79 77.52 74.91 62.41 81.51 32.52 28.11 60.82 55.55 69.75 79.75 80.78 79.89 78.46 77.91 78.45 84.78

mDice 57.14 36.47 33.17 77.92 51.60 28.30 83.90 27.61 25.63 63.86 58.19 59.41 77.75 80.76 78.75 83.75 82.15 80.88 87.20

Table 1: Segmentation results on the Waymo guideline-consistent dataset. As the input guideline length increases from
single-word (S) to condensed (C) to full-length (F), the performance of other SOTA methods declines, with the exception
of Gemini-2.5. Our method consistently outperforms all methods, even with full-length guidelines.

Method gIOU cIOU
SEEM (Zou et al. 2023) 21.2 25.5
GroundedSAM (Ren et al. 2024) 26.0 14.5
LISA-7B (Lai et al. 2024) 46.0 44.4
FaST (Sun et al. 2025) 48.7 47.6
LISA-7B(ft) (Lai et al. 2024) 52.9 54.0
Gemini-2.5 (Comanici et al. 2025) 55.5 44.9
LISA-13B-LLava-1.5(ft) (Lai et al. 2024) 57.7 60.3
READ (Qian et al. 2025) 59.8 67.6
SegZero (Liu et al. 2025) 62.6 62.0
Ours 68.1 66.4

Table 2: Segmentation results on the ReasonSeg val dataset.
Our method outperforms the other SOTA gIOU by a good
margin.

of our core contribution. The data was randomly selected
from 55 diverse scenes, spanning various conditions such as
sunny, rainy, and nighttime settings, ensuring broad cover-
age and variability in the evaluation (See supplementary).

To further evaluate the generalizability of our method,
we also test it on the ReasonSeg validation set, which con-
tains 200 challenging in-the-wild images annotated with
pixel-level masks and textual rationales that span from con-
cise phrases to more complex reasoning prompts. While
the dataset does not include full-length guidelines, its intri-
cate queries simulate guideline-driven segmentation scenar-
ios and support the study of explainable segmentation.

Implementation
Given an image I , prompt P , and guidelines G, we embed G
and index with FAISS (Johnson, Douze, and Jégou 2019).
A lightweight captioner (Gemma3-4B) (Gemma et al. 2025)
forms the query Q={P,< caption >,H×W} to retrieve
the top-k=8 rules. We resize I to 0.8× and obtain coarse
boxes with OWLv2 to seed Smart-Crop.

We employ Gemini-2.5-flash-preview-05-20
API for both the Worker and Supervisor VLMs, us-
ing it as our baseline. The Worker runs at temperature
T = 0.5, as recommended for object detection flexibility.

Supervisor eval critiques with T = 0.3 for more de-
terministic reasoning, using dynamic thinking mode for im-
proved contextual judgment. Supervisor boxgen has
T = 0.5 for bounding box suggestions. Masks are produced
by SAM2.1 hiera large. Supervisor proposals are val-
idated with SigLIP; crops are accepted when sigmoid is
≥ 0.5.

To account for VLM non-determinism, we allow
MIN ITERS=2 and MAX ITERS=4, with early stopping
controlled by AiRC. The stop policy is a 3 × 2 tabular
Q-learner (α = 0.3, γ = 0.9) with fixed ε-greedy explo-
ration (ε = 0.02). The reward uses step cost c = (−)0.02,
early-stop penalty p = (−)2.0, and clean-scene bonus b =
+1.0. The Q-table is persisted across runs. The inference is
performed on a single RTX3080 GPU, but has the flexibility
to be split across 3×GPUs for efficiency. To validate the ro-
bustness of our framework against VLM non-determinism,
we perform three independent runs with different random
seeds and report means and standard deviation.

Evaluation Metrics
We use global intersection over union (gIOU) and complete
IoU (cIOU) as primary metrics (Kazemzadeh et al. 2014;
Mao et al. 2016; Lai et al. 2024). gIOU is the per-image
IoU averaged over the dataset; cIOU is the ratio of the cu-
mulative intersection to the cumulative union across all im-
ages. Because cIOU disproportionately weighs large objects
more, gIOU offers a more balanced assessment. We also re-
port mean Precision (mPr), mean Recall (mRec), and mean
Dice/F1 (mDice), computed per image and averaged, to
quantify false positives, false negatives, and their trade-off.

Results and Discussion
Figure 4 and Tables 1–2 summarize our main results. In
Table 1, we evaluate the Waymo guideline-consistent set
under three text settings: (i) the full Waymo guidelines,
(ii) a condensed set of short, crisp phrases of guidelines,
and (iii) a single-word main class name ‘Pedestrian’. Since
phrase-conditioned SOTA methods like LISA and Ground-
edSAM are limited to handling short phrases and sen-
tences, we expect performance to drop as the referring text
length grows, a trend confirmed in Table 1. An excep-
tion is seen in Gemini-2.5 having enhanced long-context
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Dataset W C S gIOU cIOU mPr mRec

Waymo
✓ - - 69.02 74.24 80.91 79.89
✓ ✓ - 73.87 78.40 88.36 80.81
✓ ✓ ✓ 80.57 86.70 91.06 84.78

ReasonSeg
✓ - - 55.56 44.98 70.66 61.78
✓ - ✓ 68.12 66.35 77.82 76.06

Table 3: Ablation table showing the benefit of iterative cri-
tiquing. W-Worker, C- Context construction, S-Supervisor.

Figure 5: Examples showing how our iterative loop produces
guideline-adhering segmentations over just relying on the
VLM initial outputs.

understanding and achieves better results when given the
full set of guidelines. Adding our image-specific guide-
line retrieval with iterative refinement yields +57.16 gIoU
over the strongest phrase-conditioned full-guideline base-
line, +11.55 gIoU over the baseline Gemini-2.5, and +8.61
gIOU (80.57±0.6) over SOTA. Results are stable over three
runs: high recall (84.78±0.9) and precision (91.06±0.5)
show that our method recovers missed items (e.g., umbrella,
backpack) and removes false positives (e.g., cyclist, reflec-
tions) that competing methods overlook.

On the ReasonSeg dataset (Table 2), we outperform
the strongest baseline (SegZero) by +5.5 gIoU. This
demonstrates generalization to in-the-wild scenes with
rationale-style instructions.

Our results follow directly from the design. First, the con-
text construction via image-specific guideline retrieval pre-
vents instruction overload, so the VLM reasons over only
the rules relevant to the scene, explaining robustness on
long guidelines. Smart crop improves initial detections of
small or distant instances. Second, the Worker-Supervisor
decomposition allows iterative correction of missed items
and false positives. Third, AiRC adaptively stops refine-
ment to balance accuracy and resource usage, avoiding pre-
mature stops or unnecessary iterations. We prioritize seg-
mentation accuracy over latency, so the loop architecture
may add VLM calls, but the controller bounds iterations
to keep cost reasonable (2.6 iters on average, ≈$0.0088
per sample with Gemini-2.5-flash; See supplementary). Fi-

Figure 6: Effect of using RL controller measured in mean
issues resolved over the dataset by (a) scene density and (b)
letting AiRC dynamically make the stop decision and not
hard-stopping at 2 iterations.

nally, keeping VLM and SAM frozen avoids dataset-specific
overfitting, consistent with the gains we observe on Rea-
sonSeg. Together, these choices address the weaknesses of
open-vocabulary methods under complex policies, result-
ing in substantial accuracy improvements and stable perfor-
mance even on long prompt lengths.

Ablation
We ablate the iterative Worker–Supervisor loop by compar-
ing pure Worker-only VLM detection against our context-
enhanced and Supervisor-refined approaches (Table 3). Pro-
viding targeted context boosts performance, with further im-
provement from Supervisor feedback. On Waymo, increases
in IoU and recall indicate effective recovery of missed ob-
jects while the precision gains reflect pruning of false pos-
itives (Fig. 5-a). For ReasonSeg, context construction is
unnecessary due to shorter prompts; however, Supervisor
refinement still notably improves segmentation (Fig. 5-b).
These results confirm that iterative refinement substantially
enhances guideline adherence compared to one-shot VLM
inference.

We also evaluate the advantage of using an adap-
tive iteration controller instead of a fixed stop heuristic.
Fig.6-a shows the gains when we do not hard-stop at
MIN ITERS=2. The largest gains on crowded scenes indi-
cate that extra effort is directed where violations are most
likely. Fig.6-b shows that, on average, our AiRC module re-
solves 0.61 violations per crop versus 0.29 for a hard stop at
two passes, a 110% improvement at the cost of running ex-
tra passes on 48% of crops. Both plots effectively show that
dynamic stopping allocates compute to difficult scenes and
increases overall quality at modest additional cost.

Limitations and Future Work
Our approach depends on clear, comprehensive guidelines;
ambiguity or conflicts in the instructions can degrade its sta-
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bility. Also, our current system’s dependency on a propri-
etary VLM API constrains portability and on-premises de-
ployment. This was a necessary trade-off, as the Supervi-
sor’s critiquing role demands a level of long-context rea-
soning and instruction adherence that open-weight models
do not yet reliably offer. We also prioritize accuracy over
latency, so multiple API calls limit real-time use. In future
work, we will extend the framework to instance segmenta-
tion alongside semantic masks, enabling explicit association
of missed/false objects with the correct subject instances.
We also plan to reduce the dependency on proprietary VLM
APIs by evaluating open weight, locally deployable models
such as LLaVA-NeXT (Liu et al. 2024a) and Qwen2.5-VL
(Bai et al. 2025) as they become increasingly capable.

Conclusion
We introduce guideline-consistent semantic segmentation,
emphasizing strict adherence to detailed textual guidelines
crucial in real-world applications. Our novel, training-free
framework employs a multi-agent Worker-Supervisor archi-
tecture enhanced by a lightweight reinforcement learning
stop policy, iteratively refines segmentation outputs to en-
sure compliance with complex, paragraph-length instruc-
tions without retraining. Evaluations on the Waymo and
ReasonSeg datasets demonstrate that our approach notably
surpasses existing state-of-the-art methods, highlighting its
robustness, generalization capability, and efficiency in han-
dling intricate guideline sets.
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