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Abstract. Accurate 3D neuron segmentation in fluorescence microscopy
is critical for neuroscience. However, the sparse and elongated morphol-
ogy of neurons poses significant challenges to existing segmentation meth-
ods. These methods struggle to preserve both local details and global
topology, leading to fragmented results. To address this, we propose
NeuroRefiner, a multi-agent system that formalizes the human expert
workflow involving iterative global observation and local editing. Specifi-
cally, NeuroRefiner comprises three collaborative agents dedicated to di-
agnosing topological errors, generating correction instructions, and vali-
dating refinement quality. To facilitate agent instruction-guided segmen-
tation refinement, we propose TopoRefineNet, a dedicated 3D U-Net-
based tool that leverages cross-modality feature fusion to generate refined
masks. Through multi-round agent reasoning and voxel-level editing,
NeuroRefiner produces topologically more accurate segmentations with
enhanced interpretability. Experiments on the BigNeuron, CWMBS, and
ZBFWB datasets demonstrate that NeuroRefiner outperforms state-of-
the-art methods, notably achieving a 3.02% improvement in F1 score on
the challenging ZBFWB dataset.

Keywords: Neuron reconstruction - Multi-agent system - Segmentation
refinement - Fluorescence Microscopy

1 Introduction

Neuronal reconstruction aims to derive neuronal skeletons from 3D fluores-
cence microscopy volumes, thereby enabling quantitative analysis in neuroscience
[10,47]. Accurate reconstruction requires not only recovering fine-grained struc-
tural details but also preserving topological correctness. Unlike electron mi-
croscopy (EM) neuron reconstruction [14,341149], which typically deals with dense
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Fig.1: (a) Mainstream neuron segmentation paradigms. Sliding window-based meth-
ods fail to preserve holistic neuronal morphology. Moreover, a single forward pass can-
not rectify segmentation errors and lacks interpretability. (b) Overview of NeuroRefiner.
By combining global topological observation with local fine-grained refinement, it gen-
erates continuous segmentation results consistent with topological priors. The explicit
and transparent reasoning process of the agents offers enhanced interpretability.

cellular structures, fluorescence microscopy poses distinct challenges. These chal-
lenges stem from extreme signal sparsity and filamentous morphology within
high-resolution 3D volumes that are frequently corrupted by substantial noise
. Consequently, robust automated reconstruction requires multi-scale fea-
tures to preserve both structural details and global connectivity.

Neuron segmentation plays a pivotal role in neuronal reconstruction by en-
hancing weak signals and suppressing noise [20,22]. As shown in Fig.[1] (a), given
the prohibitive size of raw image volumes, existing segmentation approaches
typically rely on sliding-window strategies for inference. Never-
theless, the limited receptive field in each local window precludes the modeling
of long-range dependencies essential for preserving global neuronal morphol-
ogy , resulting in fragmented segmentation. Furthermore, these end-to-end
approaches typically operate as black boxes, lacking interpretability and offering
no mechanism for the correction of significant topological errors in segmenta-
tion. Such errors are challenging to localize and rectify, ultimately constituting
a critical bottleneck for the automation of neuronal reconstruction.

Agent-based biomedical image segmentation methods have demon-
strated enhanced performance and interpretability via the reasoning and tool in-
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vocation capabilities of large language models (LLMs). However, existing agents
and their associated tool designs remain ill-suited for neuron segmentation. First,
they depend on foundation models (e.g., MedSAM2 |25]) as tools, which process
3D volumes slice-by-slice using 2D encoders. Yet, this proves inadequate for neu-
rons, as their structural sparsity and ambiguous boundaries hinder effective fea-
ture extraction within isolated 2D planes [51]. Furthermore, these agents confine
the workflow to single tool invocations, which lack the flexibility to iteratively
refine the segmentation via agent instructions. These limitations underscore the
critical need for a dedicated agent framework equipped with domain-specific
tools tailored for neuron segmentation.

Motivated by the neuroscientist’s cognitive paradigm of global observation
and local refinement, we propose NeuroRefiner, a novel multi-agent framework
designed for iterative, topology-aware neuron segmentation. As depicted in Fig.[T]
(b), our approach comprises three specialized agents: the Global Inspector, which
leverages initial segmentation masks and their corresponding Betti numbers to
pinpoint sub-regions requiring correction; the Refinement Advisor, which gener-
ates detailed refinement instructions for each sub-region; and the Change Val-
idator, which assesses refinement validity and determines whether to accept or
regenerate the refinement instructions. Complementing these reasoning agents is
a dedicated execution tool, TopoRefineNet, which performs instruction-guided
editing of the segmentation mask. This closed-loop pipeline effectively leverages
multi-scale features and operates iteratively until the segmentation satisfies the
structural completeness of neurons. In summary, our contributions are threefold:

— To overcome the limitations of existing neuron segmentation approaches, we
present NeuroRefiner—the first LLM-based multi-agent system that achieves
topology-aware iterative optimization of segmentation results.

— To enable efficient collaboration between reasoning agents and specialized
segmentation models, we design TopoRefineNet, a dedicated segmentation
editing tool, together with a tailored two-stage training strategy that aligns
model behavior with structural refinement instructions.

— Experiments on three benchmarks demonstrate that our method outper-
forms existing neuron segmentation and segmentation refinement approaches.

2 Related Work

Neuron Segmentation. Recent advancements have prioritized the design of
specialized architectures to extract multi-scale features, aiming to simultaneously
model global neuronal morphology and fine-grained structural details. Architec-
turally, this is typically realized through the integration of dedicated convolu-
tion [41,/43] or graph-based reasoning modules [35]. In terms of morphological
constraints, methods such as SGSNet [44] and Tubular [37] augment feature
representation via multi-task learning that predicts auxiliary geometric cues.
To capture intrinsic morphological priors, MP-NRGAN [5] employs adversarial
training utilizing weak supervision signals derived from reconstructed neurons.
Furthermore, to mitigate the limitations of restricted receptive fields inherent in
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patch-based inference, GBP-Net [42] encodes long-range contextual information
and fuses it with intra-patch features.

Despite these advancements, prevailing models remain hindered by single-
pass inference paradigms, which preclude iterative error correction. While certain
approaches [3,/52] utilize point cloud networks to refine segmentation outputs,
they fundamentally fail to recall omitted structural segments (false negatives)
missed during the initial prediction. Conversely, our framework introduces a
multi-round refinement mechanism guided by multi-scale features, effectively
mitigating the errors in single-pass models.

Agent for Biomedical Image Segmentation. Existing agent-based approaches
generally fall into two distinct paradigms. The first paradigm relies on con-
ventional multi-agent reinforcement learning (MARL) for low-level, pixel-wise
decision-making. Methods such as IteR-MRL [19] and BS-IRIS [24] employ multi-
agent reinforcement learning for interactive 3D segmentation, treating voxels as
collaborative agents to iteratively refine results. Similarly, dbMiM [6] employs
MARL to optimize masking strategies for self-supervised neuron segmentation.
However, these approaches are predominantly tailored for electron microscopy or
general 3D modalities (e.g., MRI/CT), rendering them ineffective for handling
neurons in fluorescence microscopy.

The second paradigm represents a more advanced, LLM-driven approach.
These agents are LLM-centric and leverage planning-execution loops to invoke
external segmentation tools. For instance, Ophiuchus [16] adopts a three-stage
training strategy to coordinate vision tools like SAM2 [31] and BiomedParse [53]
for enhanced lesion segmentation. IBISAgent |15] generates textual click instruc-
tions to invoke interactive segmentation tools for progressive mask refinement,
while GenCellAgent [45] introduces a multi-agent framework that achieves intel-
ligent tool routing via a planner-executor-evaluator loop. Although these meth-
ods have improved accuracy, they lack topology-aware agent design and tools
specifically tailored for sparse neurons.

Segmentation Refinement. High-resolution image segmentation convention-
ally necessitates downsampling operations or patch-based inference strategies,
which incur boundary artifacts or information loss. To mitigate these issues, a
series of refinement methods has been proposed. Mask Transfiner |17] identifies
incoherent regions to perform fine-grained label correction. SegRefiner [36] in-
troduced a generic, iterative framework leveraging discrete diffusion processes
to correct diverse segmentation errors. To achieve accurate segmentation of EM
neurons, FGNet [18| refines the semantic features extracted by SAM2 [30] by
training a lightweight fine-grained encoder. While effective for boundary reg-
ularization, existing methods neglect global topology, which is paramount for
preserving filamentous neuronal structures. Hence, topology-aware refinement
for neuronal structures remains a critical, underexplored frontier.
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Fig. 2: Collaborative NeuroRefiner workflow. The system performs multi-round refine-
ment via the interaction of agents and TopoRefineNet to obtain topologically complete
segmentation results.

3 Method

Sec. describes the collaborative mechanism among agents in NeuroRefiner.
Sec. details the design of each individual agent and Sec. presents the
architecture and training strategy of our proposed tool, TopoRefineNet.

3.1 NeuroRefiner

Manual refinement of neuron segmentation follows a hierarchical workflow in
which experts iteratively alternate between global morphological assessment and
fine-grained local editing. Motivated by this paradigm, we propose a multi-agent
collaborative framework, as outlined in Algorithm [} The segmentation mask
M® ig initialized using an off-the-shelf segmentation model. At each iteration,
the Global Inspector conducts a holistic assessment of M (") to detect sub-regions
that violate topological priors. Subsequently, the Refinement Advisor generates
a set of structure-aware refinement instructions {t;}, each tailored to a specific
anomalous sub-region. These instructions guide TopoRefineNet to produce re-
fined sub-region masks, denoted as {M}efined}  As a validation mechanism, the
Change Validator acccepts only those refinements that yield an improvement
over the original segmentation, as

M) = Merge (Mm, {Mrefined | Validator(M;eined) = True}) - (@

As illustrated in Fig. 2] the process terminates when the Global Inspector
determines that the neuronal morphology is complete or upon reaching Ty, ax
iterations. This iterative protocol ensures transparency, as the explicit diagnostic
decisions and instructions generated at each step are auditable.
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Algorithm 1 NeuroRefiner: Morphology-Aware Multi-Agent Refinement

Require: 3D image I, initial mask M(O)7 max iterations Trnqz, iteration ¢ < 0
1: while t < Tyha, do

2: Compute z-axis MIP M*¥, sub-blocks {b;}, and Betti numbers {8 (b;)}

3 Bz, {Ti} + Tins (MY, {M},{Bo(b:;)}) // Identify blocks to fix

4: if Byiz = @ then break //morphologically converged

5: for each block b; € By;, do

6 Initialize retry counter k < 0

7 while k < T4, do

8 ti < Taaw (1Y, 1Y%, MY, M?* ,7;) // Generate refinement instruction

i 2t g

9: M;Eﬁ"e‘i + TopoRefineNet(I;, M;, t;) // Instruction-guided editing
10: i <= Toar (MY, MFRmed ¢, 7)) // Validate refinement quality

11: if r; is Accept then

12: M[b;] < MFeined break //Update local mask

13: else

14: k< k+1 //Retry

15: end if

16: end while

17: end for

18: t—t+1
19: end while
20: return M« p®

3.2 Design of Agents in NeuroRefiner

Global Inspector leverages the high discriminability of global morphological
anomalies to identify sub-regions violating topological priors. Given an initial
3D segmentation mask M;,;; and the corresponding image I, we first apply
Maximum Intensity Projection (MIP) along the z-axis to obtain projection M®*Y
and I*Y. Performing MIP on sparse volumes facilitates their input into VLMs
while inducing minimal signal overlap. The projected volume is then partitioned
into a set of non-overlapping 2D sub-blocks B = {b;}¥,, yielding corresponding
image and mask patches {I;¥} and {M;"Y}.

As a crucial metric for neuron segmentation, topological correctness serves as
an effective guide for identifying erroneous regions. For each sub-block, the Oth-
order Betti number is computed to quantify topological irregularities as S (b;) =
CC(M;), where CC(-) denotes the connected component counting function in
the corresponding 3D region. An elevated §y value, which indicates a greater
number of isolated fragments within a sub-block, suggests a higher likelihood of
topological errors. Based on this topological metric and the mask, the inspection
policy 7ins identifies abnormal regions and categorizes their error types:

BﬁxaTi - Wills(Mxya{M;(y}aﬂo(bi))v (2)

where By, C B denotes the subset of blocks requiring refinement and 7;
labels each block as either false-positive or false-negative. They provide guidance
for the Refinement Advisor to generate detailed instructions.
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Refinement Advisor generates structured, morphology-aware instructions to
guide the correction of identified sub-blocks. To precisely delineate the abnormal
region along the z-axis, the agent first applies MIP to the 3D region correspond-
ing to b; along the x-axis and then localizes the defect in the yz-plane. Upon
obtaining the xy and yz plane projections of the target region, it jointly ana-
lyzes the image and mask from orthogonal views to uncover connectivity cues
and formulate a refinement instruction, as

T ([fy,lf’z,Mfy,MfZaTi)‘ (3)

Each instruction t,; explicitly encodes both a spatial location (e.g., “upper-left-
posterior”) and an editing operation (e.g., “connect” or “remove”). The editing
module TopoRefineNet subsequently performs refinement based on the instruc-
tion and outputs MFefied. This design decouples reasoning from voxel-level op-
erations by using natural language as an intermediary, thereby fully unleashing
the agent’s reasoning and expressive capabilities.

Change Validator ensures the reliability of iterative refinement by evaluating
the output of TopoRefineNet and preventing erroneous edits from being merged.
Specifically, it compares the initial mask M; against the refined result MFefined,
conditioned on the instruction t; and the error type 7; to assess whether the edit
is beneficial to morphology. This evaluation is formalized as

T :anl(Miry7M56ﬁned,ti,Ti). (4)

The Change Validator only approves an edit when two criteria are satisfied: (1)
instruction adherence—the modification correctly implements the spatial and
operational intent of t;, and (2) topological improvement—the refined mask ex-
hibits reduced fragmentation or noise without introducing new artifacts. If either
condition fails, it triggers the refinement advisor to generate a new instruction,
thereby closing the loop with corrective feedback. For cases that remain unre-
solved after multiple refinement cycles, the system escalates the sub-block to
human experts for manual intervention.

3.3 TopoRefineNet

Architecture. Serving as the critical bridge between high-level agent reason-
ing and low-level pixel operations, TopoRefineNet executes the conversion of
topological instructions into voxel-level mask modifications. Inspired by recent
advances in multimodal conditional generation [8,33}48|, TopoRefineNet formu-
lates segmentation refinement as an instruction-guided image editing task. As
illustrated in Fig. [3| (a), it takes the image I; and the noisy mask M; € Rf*XWxD
as input, which are concatenated and encoded by a visual encoder & to produce
a hierarchical feature pyramid, as {FY}L | = & ([I;; M;]). The instruction t; is
embedded via a frozen pre-trained text encoder, as F* = Ty(t) € R?. The in-
teraction is achieved via cross-attention between the deepest visual features F7,
and F?, formulated as
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Fig. 3: (a) Architecture of TopoRefineNet. The image and instruction are encoded by
their respective encoders, fused via cross-attention, and decoded to generate the cor-
rected mask. (b) The proposed two-stage training paradigm. The first stage is trained
on synthetic defects, while the second stage utilizes real masks with defects.

Fv Ft T
F’’ = CrossAttn(FY, F') = softmax (W> W, F, (5)
Vi,

where W,, Wy, W, are learnable projection matrices and dj, denotes the feature
dimension. This mechanism dynamically recalibrates visual features by attending
to regions and editing operations specified in the instruction. The fused feature
F7 is passed to the decoder D, which integrates it with shallow features via skip
connections and upsamples to yield the refined mask M.cfneq. The entire process
is concisely expressed as a conditional generation function, as

Mreﬁned = .Fg([i, Mi, ti) = D o CrossAttn (59([[1, Mi]), %(tl)) (6)

This design addresses the limitations of general tools in editing sparse neuronal
structures, empowering the system with essential capabilities for fine-grained
morphological refinement.

Training Strategy. To endow TopoRefineNet with precise instruction-to-voxel
editing capability, we devise a two-stage training strategy as shown in Fig. [3| (b).
The initial stage prioritizes cross-modal alignment using synthetic data with
morphological defects. Specifically, ground-truth masks Mg are perturbed via
data augmentation to yield corrupted variants (Sec. , with corresponding re-
finement instructions generated based on the location and type of perturbation.
The second stage subsequently shifts focus toward real-world generalization. We
curate segmentation outputs from multiple networks trained on diverse neuronal
datasets and specifically select instances that exhibit representative topological
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errors. For each identified error, a refinement instruction is synthesized using
Qwen3-VL [1]. By progressively increasing defect complexity from synthetic sce-
narios to complex real-world cases, this scheme stabilizes optimization and en-
hances robustness against the diverse instructions encountered during inference.

4 Experiments

4.1 Experiments Setup

Dataset. To evaluate NeuroRefiner across diverse neuronal morphologies and
imaging conditions, we conducted experiments on three representative bench-
marks, adhering to the training—testing splits established in prior work [22,42/44].
The BigNeuron [28] dataset comprises expert-annotated neurons spanning mul-
tiple species. Images were acquired across different laboratories and imaging
platforms, exhibiting substantial variations in appearance, resolution, and scale.
The CWMBS [22] dataset is derived from whole-brain mouse imaging and con-
tains volumes of size 256 x 256 Xx 256 voxels (physical resolution: 0.2pm x
0.2pm x 1pm), of which 83 exhibit strong background noise and 162 feature
thin filamentary structures with weak signals. The ZBFWB dataset [9] consists
of confocal microscopy images from 6-day-old zebrafish larvae (1000 x 2000 x
250 voxels; 0.5pm x 0.5um x lum), presenting challenges due to its low contrast,
long-range axonal projections, intricate network topologies, and low contrast.

Metrics. To ensure consistency with prior work |22/42,/44], we use reconstruc-
tions generated by APP2 [39] to assess segmentation quality from point-level
accuracy to topological completeness. We compute the precision, recall, and F1-
score to evaluate voxel-level accuracy and further employ the distance-based
metric Spatial Distance (SD) to measure the average bidirectional distance be-
tween prediction and ground-truth structures. Its variant SSD [29], excludes
matched points within 2 voxels to focus on significant topological errors. Finally,
MES [40] evaluates the overall morphological fidelity of topology by quantifying
the lengths of missing and extra structures. Lower SD and SSD values, along
with higher values for all other metrics, indicate superior reconstruction.

Details. In our experiments, all agents use Qwen3-VL-8B [1] as the foundation
model, and text embeddings are obtained from Qwen3 Embedding 0.6B [50]. The
Global Inspector performs error detection using a region of 128 x 128 pixels as
its fundamental unit. The maximum number of iterations Tj,ax is set to 5. The
prompts for all agents and the template of instructions for TopoRefineNet are
provided in the supplementary material.

Both training stages of TopoRefineNet employ cross-entropy loss and dice
loss |26]. In the first stage, to synthesize FN segmentations, we randomly select
a positive sample as the center and perform an erosion operation with a random
kernel size k € [5,20] to generate breaks of varying lengths. For FP samples,
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Table 1: Quantitative results (%) on the CWMBS dataset. The best results are bolded
and the second-best results are underlined in the following table.

Weak Signal Strong Noise
SDJ SSDJ PRE}RECT F1+ MES} SDJ SSD| PREtRECt F1t MESt

Models

3D Segmentation Baselines

3D U-Net 28.35 33.71 93.85 62.37 74.94 46.21 24.98 31.61 94.16 69.57 79.23 54.30
SwinU 24.94 31.14 94.07 65.07 76.93 56.45 19.43 27.17 93.71 74.40 80.98 56.30
nnUNet  25.97 31.66 95.03 68.82 79.83 54.76 33.65 39.89 90.38 61.43 73.14 52.19

Neuron-tailored architectures

V-Net 23.80 29.97 93.58 71.12 80.82 55.47 34.96 40.17 88.16 56.34 68.75 46.95
SGSNet  35.70 40.82 92.44 55.63 69.46 50.29 19.59 26.79 94.79 73.13 82.56 58.25
GBP-Net 11.85 19.27 95.06 83.50 88.91 67.09 17.15 24.94 93.41 75.93 83.77 59.41
ADTL-Net 25.96 31.65 93.49 62.72 75.07 53.51 28.11 35.18 95.24 60.68 74.13 52.79

Refinement approaches on 3D UNet

Transfiner 27.33 32.14 94.10 62.28 74.95 46.22 24.53 31.52 94.33 70.22 80.51 56.28
SegFix 26.74 32.09 93.00 64.72 76.32 48.93 23.22 30.18 95.39 70.11 80.82 57.52
SegRefiner 17.61 23.79 94.92 77.84 85.54 62.31 21.64 27.80 92.19 72.84 81.38 57.91
Ours 9.17 15.21 95.72 85.05 90.07 70.32 13.2919.52 94.31 79.66 86.37 64.39

Refinement approaches on nnUNet

Transfiner 25.34 31.73 95.63 66.29 78.30 53.16 33.24 39.70 91.69 63.79 75.24 53.27
SegFix  24.82 30.57 95.47 69.69 80.57 56.79 30.09 35.35 92.74 61.02 73.61 55.38
SegRefiner 15.98 22.60 96.71 73.46 83.50 61.41 22.53 27.83 94.35 66.37 77.92 54.93
Ours 7.26 11.86 96.79 87.3991.85 72.60 15.96 20.17 93.76 77.47 84.84 61.82

we either randomly copy-paste annotations of other neurons or introduce Gaus-
sian noise within local regions. In the second stage, we trained several common
architectures—namely, 3D U-Net [7], V-Net [21], UNETR [12], nnFormer [54],
and SwinUNETR |11]—on a subset of the training set, followed by inference
on the complete training set. Based on connected component and F1 scores, we
selected a total of 5,310 volumes of 128 x 128 x 64 voxels exhibiting significant
segmentation errors for training.

4.2 Quantitative Results

We comprehensively evaluated NeuroRefiner against a diverse set of state-of-
the-art (SOTA) methods for fluorescence microscopy neuron segmentation. The
baselines include 3D U-Net [7], SwinUNETR |[11], and nnUNet [13|; neuron-
tailored architectures SGSNet [44], GBP-Net [42]|, Improved V-Net [21], and
ADTL-Net [22]; refinement-based methods Mask Transfiner [17], SegFix [46],
and SegRefiner [36]. We reproduced the corresponding 3D versions of the 2D-
based refinement-based methods using the same training data as TopoRefineNet.
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Table 2: Quantitative results (%) on the BigNeuron and ZBFWB datasets.

| Method | SD| SSD| PRET RECT F1T MEST
3D U-Net |7] 7.23 11.27 83.15 89.76 86.33 66.82
nnUNet [13] 5.16 8.68 87.34 86.87 87.10 68.72

= [Improved V-Net [21]| 7.40 11.16 82.50 90.41 86.27 67.16
§ SGSNet |44 5.90 9.34 86.22 90.28 88.20 69.90
2| GBP-Net [42] 4.89 841 88.83 89.23 89.03 70.77
80 ADTL-Net [22] 5.12 839 8825 87.14 87.69 69.32
| Mask Transfiner |17]| 6.82 10.57 86.14 88.89 87.49 69.01
SegFix [46] 7.18 11.35 83.92 89.19 86.47 66.32
SegRefiner [36] 5.79 9.94 87.18 89.23 88.19 69.27
Ours 3.39 6.94 89.74 90.37 90.05 72.02

3D U-Net |7] 38.65 45.41 86.33 63.15 72.94 53.63
nnUNet |13 27.94 34.40 86.40 67.60 75.85 61.78
Improved V-Net [21]| 42.43 49.06 84.27 58.16 68.82 51.45
SGSNet, [44] 44.34 50.29 82.54 55.36 66.27 48.14
GBP-Net [42] 20.35 28.44 91.13 76.39 83.11 71.41
ADTL-Net |22] 46.74 54.87 82.53 52.77 64.38 48.79
Mask Transfiner |17] 36.23 43.12 88.26 63.92 74.14 54.87

ZBFWB

SegFix [46] 36.42 42.97 87.21 62.94 73.11 55.96
SegRefiner |36] 30.18 36.25 88.25 65.19 74.99 60.32
Ours 16.31 23.66 92.77 80.38 86.13 74.25

Tab.[[]reports quantitative results on the CWMBS subsets. CNN-based mod-
els (3D U-Net, SGSNet) are hampered by local receptive fields, limiting gener-
alization under distribution shifts, whereas multiscale methods (GBP-Net, Swi-
nUNETR) demonstrate superior accuracy. Due to a lack of topology-centric
refinement, Transfiner and SegFix yield only marginal gains on the masks of 3D
U-Net and nnUNet. In contrast, our approach leverages agent-based reasoning
and topology-centric refinement and improves F1 scores of various segmentation
masks by over 10% on the weak-signal subset, establishing SOTA results across
both subsets.

Tab. [2| summarizes results on the BigNeuron and ZBFWB datasets, where
all refinement approaches utilize 3D U-Net segmentation outputs as initializa-
tion. Benefiting from multi-step refinement, both SegRefiner and our approach
boost F1 scores on the BigNeuron dataset. Specifically, our method improves
MES by 5.20% and reduces SSD by 4.33 relative to the initial segmentation.
On the more challenging ZBFWB dataset, conventional CNN-based methods
struggle to handle low-contrast regions, resulting in fragmented segmentation
and suppressed recall. Although GBP-Net leverages enhanced multi-scale fea-
tures to surpass other methods, it remains unable to correct topological defects.
Furthermore, we observe that all segmentation refinement approaches yield con-
sistent improvements. Notably, our method elevates the F1 score of 3D U-Net by
13.19%, achieving an F1 score 3.02% higher than GBP-Net. These results vali-
date the effectiveness of our multi-agent system in leveraging topological priors
and global features for iterative refinement.
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Fig. 4: Qualitative comparison of original images, ground truth, and segmentation
results on the ZBFWB dataset. The orange boxes highlight regions with weak signals.
Our method preserves the complete neuronal structure and yields superior performance.

Table 3: Ablation Study on Agents in NeuroRefiner.

Global Refinement Change ZBFWB CWMBS
Inspector Advisor Validator SSD F1 (%) SSD F1 (%)
34.52 76.39 30.23 79.96
v 32.05 77.29 28.47 80.34
v v 25.24 83.47 18.93 87.14
v v 30.69 81.43 24.53 83.12
v v v ‘ 23.66 86.13 16.65 88.83

Fig. ] depicts a neuron with long-range projections from the ZBFWB dataset,
where irrelevant tissue signals significantly obscure the target structure. All
single-pass segmentation methods yield results plagued by topological violations,
characterized by extensive fragmentation and artifacts. Although refinement-
based paradigms correct local errors in segmentation, they lack a neuron-specific
error identification and correction protocol. In contrast, our method leverages
agent-based reasoning and neuronal topological priors to guide the refinement
with TopoRefineNet, achieving superior reconstructions.

4.3 Ablation Study

Ablation Study on Agents in NeuroRefiner. To validate the efficacy of the
proposed multi-agent system, we conducted ablation studies on the ZBFWB and
CWMBS datasets, summarized in Table [3] In the absence of agents, TopoRe-
fineNet refines all blocks indiscriminately for T},,, rounds. While this improves
initial segmentation, the lack of global context and targeted guidance yields
suboptimal results. Employing solely the Global Inspector for both error local-
ization and instruction generation provides negligible gains, as a single agent
struggles to manage these distinct tasks and lacks quality control mechanisms.
The Refinement Advisor decouples instruction generation from inspection. This
functional specialization yields F1 gains of 6.18% and 6.80%, respectively. Fur-
ther incorporating the Change Validator to filter unreliable refinements yields
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Table 4: Ablation Study on Foun- o
dation Model.

F1 Score (%)

CWMBS ZBFWB
SSD  F1 SSD F1 7

Method

Intern-VL3-8B 17.70 87.94 28.11 83.81
Qwen2.5-VL-7B 18.33 87.14 27.31 84.77

Qwen3-VL-8B  16.65 88.83 23.66 86.13 Fig. 5: Ablation Study on Iteration Num-
ers Tmax.

Iteration Count (T)

additional gains of 2.66% and 1.68%. Ultimately, the full system achieves opti-
mal performance, confirming that synergistic collaboration is essential for robust,
high-fidelity neuron segmentation refinement.

Fig. [f] illustrates the impact of the number of iterations. The results indi-
cate that across all three datasets, the initial iteration yields substantial gains,
whereas improvements diminish significantly after the fifth iteration. Conse-
quently, we set the maximum iteration count T),,, = 5. Notably, the more
challenging ZBFWB and CWMBS datasets require more steps to converge and
demonstrate significant improvement over the baseline segmentation.

Ablation Study on Foundation models. We evaluated NeuroRefiner us-
ing alternative open-source VLMs. As shown in Tab. [l while Qwen3-VL-8B
achieves optimal performance due to its advanced reasoning capabilities, substi-
tuting it with weaker models like Qwen2.5-VL-7B [2] and Intern-VL3-8B [55] still
yields significant improvements over the baseline (+4.82% F1 with Intern-VL3
on CWMBS). This confirms that the performance gain stems primarily from the
multi-agent refinement framework and TopoRefineNet, rather than the specific
foundation model.

Ablation Study on Global Inspector. We conduct ablation studies on the
input configuration, as summarized in Tab. [5| When relying solely on MY the
inspector tends to overlook fragmentation artifacts, leading to marginal refine-
ment gains. In contrast, providing the full sequence of patch-level projections
alongside the global view enables it to jointly leverage holistic context and lo-
cal cues. This significantly enhances the ability to pinpoint topological defects
and improves the F1 score by 3.43% and 3.20%. Although the MIP of the seg-
mentation results is sufficient to identify most topological anomalies in sparsely
distributed neurons, a small number of complex volumes may still suffer from
interference due to neuron overlap. Therefore, incorporating the 0-th Betti num-
ber [y as an auxiliary topological indicator effectively directs attention toward
regions with high connected component counts. This configuration achieved the
best performance across multiple datasets.
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Table 5: Ablation Study on Global Inspector. Table 6: Ablating TopoRefineNet.

Inputs | ZBFWB CWMBS hod CWMBS 7BFWB
M* {M¥} Bo(b;)) SSD F1 (%) SSD F1 (%) ethod (" bl ssp Pl
v 32.86 77.36 27.11 81.89
v v 26.27 80.79 21.47 85.09 AdaLN 19.37 86.46 26.78 84.38
v v 29.16 8241 25.93 82.64 CDP  17.89 88.07 22.14 86.07
v v v 23.66 86.13 16.65 88.83 CAB  16.65 88.83 23.66 86.13

Ablation Study on TopoRefineNet. We carry out ablation studies on the
architecture and training strategies of TopoRefineNet. First, we compared three
multimodal fusion strategies: channel-wise dot product (CDP) [32], cross-attention
in the bottleneck (CAB), and AdaLN [27]. As shown in Tab. [6] since CDP and
CAB yield comparable accuracy, we adopt the more efficient CAB. Second, we
replace the text encoder with the larger Qwen3-4B. It yields no significant im-
provement, indicating that the 0.6B variant suffices for precise encoding of the
structured instructions. To validate the two-stage curriculum learning strategy,
we trained on real defects from scratch as a comparison. This single-stage variant
exhibited a 23.57% increase in the rejection rate of Change Validator, alongside
F1 score degradations of 1.17% and 1.89% in ZBFWB and CWMBS, respec-
tively. The decline confirms the necessity of our training strategy.

5 Conclusion

In this paper, we present NeuroRefiner, the first LLM-based multi-agent system
for neuron segmentation refinement. By coordinating morphology-aware global
inspection, language-guided editing, and validation, our approach achieves pro-
gressive refinement without agent training. Consequently, it overcomes the lim-
ited topological fidelity and poor interpretability inherent in end-to-end segmen-
tation models. The proposed TopoRefineNet bridges the gap between instruc-
tions and segmentation models, offering novel insights into agent—tool interaction
design. Notably, our framework is agnostic to the foundation model, ensuring it
evolves in tandem with advancements in VLMs.

Limitation While NeuroRefiner’s 2D MIP detects topological anomalies in
sparse neurons, it loses depth information in dense regions, hindering precise
3D error localization. Future work can introduce depth-aware encoding, which
maps Z-axis depth to pseudo-color channels or generates depth-weighted projec-
tions, allowing the Global Inspector to resolve occlusions and accurately infer
the Z-axis depth of topological defects.
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