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Abstract. Accurate 3D anatomical segmentation is essential for clin-
ical diagnosis and surgical planning. However, automated models fre-
quently generate suboptimal shape predictions due to factors such as
limited and imbalanced training data, inadequate labeling quality, and
distribution shifts between training and deployment settings. A natural
solution is to iteratively refine the predicted shape based on the radiol-
ogists’ verbal instructions. However, this is hindered by the scarcity of
paired data that explicitly links erroneous shapes to corresponding cor-
rective instructions. As an initial step toward addressing this limitation,
we introduce CoW Talk, a benchmark comprising 3D arterial anatomies
with controllable synthesized anatomical errors and their corresponding
repairing instructions. Building on this benchmark, we further propose
an iterative refinement model that represents 3D shapes as vector sets
and interacts with textual instructions to progressively update the tar-
get shape. Experimental results demonstrate that our method achieves
significant improvements over corrupted inputs and competitive base-
lines, highlighting the feasibility of language-driven clinician-in-the-loop
refinement for 3D medical shapes modeling. Code and dataset will be
released at https://github.com/HINTLab/CowTalk.

Keywords: Medical Shape - Vision-Language Model - Shape Editing.

1 Introduction

Accurate 3D reconstruction of anatomical shapes from medical images is essen-
tial to diagnosis, measurement, and intervention planning. Despite the strong
progress of modern segmentation and reconstruction networks, radiologists still
frequently encounter suboptimal 3D segmentation shapes in practice, due to do-
main variations (e.g., different scanners, protocols, and populations), limited and
imbalanced training data, or inaccurate annotations.

* Correspondence to: Jiancheng Yang (jiancheng.yang@aalto.fi).
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However, radiologists typically have a clear expectation of what the under-
lying anatomy looks like while inspecting the 3D image volume. They naturally
compare the expected shape with the predicted shape and can articulate the dif-
ferences (e.g., the lumen is disconnected near the proximal end). Motivated by
this observation, we address the segmentation problem from a new perspective
by iteratively refining the suboptimal shape according to clinicians’ instructions.

Research in text-guided shape editing is largely constrained by the avail-
ability of datasets like ShapeTalk [1] and ShapeWalk [16] that align linguistic
context with geometric changes. While ShapeTalk utilizes manual descriptions
of shape differences, and ShapeWalk [16] relies on CAD model interpolations for
fine-grained control, the medical domain remains underexplored because there
is no publicly available 3D dataset of paired medical shapes with natural lan-
guage descriptions for geometric refinement. We bridge this gap by establish-
ing the CoWTalk benchmark on the arterial segments mask of TopCoW [21]
dataset. We simulate controlled segmentation errors by introducing parameter-
ized morphological perturbations to the ground truth segments (Fig. 2), and sub-
sequently associate them with LLM-generated corrective instructions (Fig. 3).
For CoWTalk, we generate 15 erroneous variants for each subject in TopCoW,
and construct an (Erroneous shape, Instruction, GT Shape) tuple per variant,
resulting in a paired dataset comprising 3,750 samples.

Early research on text-shape interaction primarily focused on language-based
shape generation [7,19], texture editing [9] based on CLIP [14], and shape edit-
ing (ShapeTalk [1], ShapeWalk [16]), with the latter two being the most rele-
vant to ours. While ShapeTalk aligns text and geometry via feature concate-
nation, ShapeWalk adopts a latent diffusion-based mechanism. Implicit-based
approach [2] leverages boundary sensitivity to link neural parameters to sur-
face update. Interactive paradigms such as PrEditor3D [4] explore synchronized
2D multi-view editing. In contrast, the proposed architecture adopts an intuitive
encode-fusion-decode structure for shape refinement. First, the medical structure
is encoded into vector sets [22], and the vector sets undergo multi-modal fusion
with text features [3] before implicit decoding. This pipeline translates high-level
verbal instructions into 3D shape edits by conditioning shape representations on
the contextual information provided by radiologists.

Our contributions are threefold. First, we introduce CoW Talk, a new bench-
mark for instruction-following medical shape refinement based on TopCoW [21].
Second, we propose an end-to-end 3D vision-language iterative refinement frame-
work (Fig. 1) that updates a multi-class 3D segmentation shape according to
clinician instructions, enabling human-in-the-loop correction of complex vascu-
lar anatomy. Finally, we conduct a comprehensive evaluation to validate the
advantages and effectiveness of the proposed method.

2 Problem Formulation

There are two stages to achieving instruction-guided medical shape refinement.
The first stage synthesizes errors into ground truth (GT) anatomical shapes and
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Fig. 1. The overall workflow. A medical image is processed by an arbitrary segmenta-
tion model for an initial/suboptimal shape prediction. Based on the shape, the radiol-
ogist provides instructions to iteratively correct the shape until satisfied.
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Fig. 2. Centerline refinement and Segment Selection. A to E shows the steps for re-
fining the centerline representation, while F illustrates the partial selection of a seg-
ment (blue).

pairs each corrupted shape with a natural-language corrective instruction. The
second stage establishes the learning objective, where the model learns to recover
the GT shape from a corrupted version given natural language instructions.

2.1 CoWTalk Dataset Synthesis

The CoWTalk benchmark is developed based on the artery label masks of the
Circle of Willis (CoW) from the TopCoW dataset [21], which provides the 14-
class masks for the artery structure. For each subject, we iterate through its 13
arterial tubular segments, and synthesize error into the segment. The errors are
randomized from a designated list of global errors: global thickening/thinning,
missing segments, and local errors: local thickening /thinning, shortening, discon-
nection, fragmentation. For global errors, 3D morphological operations (dilation,
erosion and etc.) [18] are applied to the entire segment, while a local error af-
fects only a contiguous portion of the tube. With each error type, error-related
parameters (Fig.3, left) are also randomly generated as a numerical description.

For local error synthesis, selecting a local tube span from error parameters
for error synthesis requires special attention. We use each class segments’ skeletal
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Fig. 3. Examples of generated instructions in CoWTalk.

centerlines from the TopCoW centerline dataset [10] and improve upon (Fig.2 A-
E) them to be the abstract spatial and trajectory representation of the shape for
local region identification. Given the percentage range parameters (Fig.3, left),
we treat the centerline points as connected graph nodes with edge weights 1, and
select the points located within the desired range from an anchor endpoint. For
example, a 86%-t0-99% tube local selection corresponds to selecting the 86 to 99
percentile points in terms of their distance away from an anchor endpoint. For
each selected point, we generate a cylinder shape pointing at the local trajectory
of the centerline. The selected mask (Fig.2 F) is identified as the intersection
between these cylinders and the original ground truth mask.

As shown in Fig. 3, given error parameters, we instantiate a template sen-
tence that describes the error, and fix a canonical posterior viewing direction
so that directional phrases (e.g., left/right, proximal/distal) are unambiguous.
Subsequently, a dedicated prompt is created for ChatGPT 5.2 [11] to paraphrase
the templated error description into radiologist-style narratives, followed by cor-
rective instructions with two variants: a concise (general) and a comprehensive
(detailed) instruction.

2.2 Interactive Shape Refinement Objective

The refinement objective is to learn a mapping fy that iteratively recovers the
ground-truth anatomy Sg; from an erroneous input shape by resolving the errors
specified in a sequence of natural-language instructions {tk}kK:_Ol. We formulate

this as an iterative process:
Sk+1:f9(‘5’k7tk)7 k:O7"'7K_17 (1)

where S° is the initial erroneous shape and S¥ is the final refined output, ex-
pected to match the ground truth on the targeted arterial structures.

3 Methods

We propose a language-guided end-to-end shape refinement network (Fig.4) that
takes a suboptimal segmentation shape and the radiologist’s instruction as in-
put and outputs a refined segmentation shape according to Equation. 1. The
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Fig. 4. Overview of the proposed instruction-guided medical shape refinement pipeline.

proposed architecture contains four major components: shape encoding, text
encoding, multi-modal interaction, and implicit point-wise decoding with CNN
features.

3.1 Shape Encoding via Latent Query Cross-Attention

Given an input volume containing the corrupted segmentation shape Seyror, We
sample a point cloud P = {(x;,p;)}Y;, where x; € R? denotes the coordinate
and p; is the label at x; in the corrupted volume. Inspired by 3DS2VS [22],
we first project the input points into point-wise embedding features ¢(P), and
embed the point features ¢(P) into a learnable latent vector set Lieqrnabie €
RM*d with a cross-attention [17] module to summarize the shape:

Lshape == CrOSSAttn(Llearnablea ¢(P))7 (2)

where Lgpape € RMxd (M = 512, d = 512) is referred to as shape latents.

3.2 Instruction Encoding and Multi-modal Interaction

A radiologist provides a plain-text instruction ¢ describing what is wrong and how
to correct it. We tokenize ¢ and encode it with a pre-trained BERT encoder [3]
to obtain per-token features in R7%8 then project token-wise to d = 512 to form
a text feature vector set T € RE*%12, We refer to T as the text feature.

To inject text feature into the Shape Latents Lgspqpe, we employ a multi-
modal encoder consisting of K = 6 attention blocks. Each block contains: a
self-attention [17] layer over the current Lshape, a cross-attention layer where
Lshape attends to text features, and a feed-forward network. Let L’;h ape denote
the shape latent after the k-th block, we compute

LEH = FFN(CrossAttn(SelfAttn(LY, . ), 7)), k=0,...,K—1. (3)

shape shape
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The output Lgmpe is a set of Shape Latents conditioned on the user instruction.

3.3 Implicit Point-wise Decoding with CNN Feature

Arterial geometries are locally smooth and near-linear, following well-defined tra-
jectories in 3D space. Implicit functions are well-known to naturally preserve con-
tinuity [2, 12, 20, 8, 15], but they still require spatially coherent context. To gen-
erate such a continuous feature field, we feed the error volume and the image (op-
tional) through a 3-layer CNN f to obtain feature pyramids F = {F}, Fy, F3}.
For each query location q, we interpolate F' at q for multi-level features, and
form the point encoding: qene = [F1(Qm), F2(adm), F5(Q), 4, Serror(q)]. Then, an
cross-attention-based implicit-function decodes Qe based on the Shape Latents

Lgmpe for an updated point encoding with multi-modal context:
amm = CrossAttn(genc, Lgmpe) (4)

We then apply an MLP to predict class logits y,, = MLP(qaar). Finally, the
predicted labels are assembled into the refined segmentation Sy fined-

3.4 Training and Inference

During training, query points are sampled from the near-surface region, fore-
ground, and random background to ensure sufficient coverage of key locations.
We mix the long and short versions of instruction during training. The model is
trained end-to-end with CE loss for 200 epochs. During inference, all 3D loca-
tions are fed as query points to enable full-volume reconstruction.

As a training data augmentation, we randomly remove each error instance
with probability 0.2 (i.e., replace it with the correct class shape) as model input.
For each input error, the model learns to correct the error with probability 0.5,
guided by the corresponding instruction, leaving the remaining error intact.

4 Experiments

We perform experiments against baselines (Sec.4.1), analyze robustness across
error types and input modalities (Sec. 4.2), and evaluate the network on real er-
rors with instructions by a radiologist (Sec. 4.3). In primary experiments (Tab.1)
and error type analysis (Fig.6) on CoWTalk, we drop each error with proba-
bility 20% to simulate variable input segmentation quality.

4.1 Baseline Comparisons

Table 1 reports the results for erroneous shape refinement. We compare our
method against CNN-based refinement, 3D reconstruction + text refinement,
and specialized text-guided shape editing methods in general-purpose domain.
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Fig. 5. Qualitative refinement results with shape-only input from CoW Talk, and only
3 corrections are highlighted for each sample. Some correction descriptions are omitted.

Table 1. CoWTalk refinement performances using F1 score, Dice, Normalized Sur-
face Dice (NSD) and Chamfer’s Distance (CD) as metrics. Results are presented both
without and with images. Iter.: Iterative; Text: if guided by text. *: methods with
specialized enhancements.

Method Iter. Text F1 Dice NSD CD({)
Input Error - - 86.0 81.9 86.7 0.795
nmnUNetv2 [6] - -  84.6/94.2 795 /900 864 /932 1.84/0.29

SwinUnetrv2 [5] -
3DS2VS [22]
ShapeTalk [1]*
ShapeWalk [16]*
Ours

86.6 / 89.5 79.7 /84.7 845 /90.0 0.83/0.77
39.6 /- 363/ - 34.2 /- 588/ -
72.4 /793 710 /787 77.6 /836 3.13/3.28
716 / 77.0 685 /744 754 /814 558 /3.45
87.7 /918 87.5/91.8 90.7 / 94.3 1.70 / 1.33

AN
DR

For CNN-based refinement, we tested nnUNetv2 [6] and SwinUNetrv2 [5]
on two input settings: shape-only input, and 2-channel input with concatenated
medical image. We observe that with the image, nnUNetv2 achieves the highest
F1, and improves upon the erroneous shape, likely due to its reliance on image.

Next, we focus on methods based on the latent vector set representation [22].
For methods using vector sets for representation, we unify the vector dimen-
sionality to (512,512) for fair comparison. We also split the refinement into 4
non-overlapping instruction sets for iterative operation, since the model performs
increasingly well as more iterations divide the instruction into shorter text in-
put (Iterations: 1,2,34 — 91.0,91.3,91.6,91.8 in Dice %). First, we evaluate
a straightforward baseline that injects textual context via cross-attention into
the 3DS2VS [22] reconstruction pipeline to perform edits; however, it fails to
reconstruct the original shape. This suggests that naively conditioning generic
reconstruction features on text can be unstable, and that the MLP-only implicit
decoding feature lacks continuous feature context. We also compare against two
general-purpose text-guided shape editing methods, ShapeTalk (S.T.) [1] and
ShapeWalk (S.W.) [16]. To enable fair comparisons and continuous feature con-
text, we replace the original PointNet [13] auto-encoder in S.T. with a 3DS2VS-
style vector-set auto-encoder [22], and further augment both S.T. and S.W.
with CNN-derived local features (Sec.3.3) for reconstruction pre-training. Nev-
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Fig. 6. Refinement (F1 %) with the proposed method under different visual and lan-
guage input, showing the difference between refined results and synthesized error (+).

ertheless, under pretrained-latent-editing protocol, neither method sufficiently
reaches comparable refinement performance. Conversely, without medical images
as guidance, our text-guided model achieves 6.8% Dice refinement improvement
over the error samples, 10% advantage over CNN-refinement, and top perfor-
mances across the first 3 metrics. With image input, our method still outperforms
segmentation-focused methods [6, 5] in Dice and NSD.

4.2 Multi-modal Input Ablation on Error Categories

We ablate visual and language inputs to quantify the impact of image context
and instruction granularity, and display results as heatmaps by error type in
Fig. 6. Without image as ground truth, errors that remove anatomy (Disconnec-
tion, Missing, Shorten) are harder to correct as they require fabrication (Fig. 5
C. top); in contrast, shape-only refinement works well at errors where topology is
largely preserved, such as fragmentation and local thickening (Fig. 5 A. Bottom;
B. Top). Additionally, across most error types, our performance is consistent and
robust under various instruction granularities.

4.3 Radiologist Instruction on Real Error

To assess real-world applicability, we evaluate our method on cases pre-segmented
by nnUNetv2 [6] with instructions provided by a researcher without a medical
background, and by a practicing neuroradiologist with 13 years of experience.
The qualitative example in Fig. 7 shows that both instructions correct the error
with professional instruction yielding more topologically robust results.

5 Conclusion

This work aims to enable clinician-in-the-loop refinement of medical segmen-
tations through iterative, instruction-following updates. To this end, we intro-
duced CoWTalk, a benchmark built on CoW tubular structures, where center-
lines provide a principled basis for controllable error synthesis and radiologist-
like corrective instructions. An iterative refinement framework is proposed with
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Fig. 7. Example of refining a real, suboptimal segmentation [6] prediction using in-
structions given by a layperson and a radiologist.

multi-modal interaction to apply corrective edits. Experiments demonstrate that
this pipeline effectively follows instructions and improves segmentation quality.
We present this work as a focused proof-of-concept for language-guided refine-
ment of 3D medical segmentation shapes, with the synthesized error distribution
serving as a well-defined testbed for this novel task.
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