
MRSeg3D: A Perturbation-Resilient Model for 3D 
Medical Reasoning Segmentation 

Qin Hao1( ), Long Yu2( ), Shengwei Tian3, Bonian Chen1, Cheng Zhou4, Lei 
Zhang5, Xujiong Ye5 

1 School of Computer Science and Technology, Xinjiang University, Urumqi, China 
haoqin_1@163.com 

2 Network Center, Xinjiang University, Urumqi, China 
yul@xju.edu.cn 

3 College of Software, Xinjiang University, Urumqi, China 
4 Affiliated Tumor Hospital, Xinjiang Medical University, Urumqi, China 

5 Department of Computer Science, University of Exeter, Exeter, UK 

Abstract. Reasoning-based medical image segmentation has recently gained 
prominence by enabling complex target identification through natural language 
instructions. However, current research in 3D Reasoning Segmentation often pri-
oritizes performance on curated benchmarks, leaving models vulnerable to real-
istic variations in instructions. To enable a systematic analysis of this fragility, 
we introduce a novel progressive perturbation benchmark spanning three diffi-
culty levels. On this benchmark, state-of-the-art models show unstable perfor-
mance and semantic drift, where reasoning becomes misaligned with visual evi-
dence under perturbed instructions. We trace this issue to a critical bottleneck: 
insufficient visual information flow during the reasoning and mask decoding 
stages, which leads to cascading errors and significant performance degradation 
under perturbed inputs. To address these challenges, we propose MRSeg3D, a 
single-encoder architecture designed to facilitate tighter visual-semantic cou-
pling. The core innovation lies in a suite of cascaded vision injectors that enforce 
persistent visual grounding by anchoring the model to invariant features at key 
decision points, thereby mitigating reasoning drift. We further introduce a Seg-
Local Projector that collaborates with the mask prompt encoder to refine text-
visual cues and improve the precision of [SEG] token execution. Experimental 
results demonstrate significant and consistent performance improvements in the 
Dice coefficient and text generation quality. This work provides actionable in-
sights for next-generation intelligent clinical systems. Our code and models are 
available at https://github.com/lihaoqin168/MRSeg3D. 

Keywords: Reasoning Segmentation, Medical 3D Segmentation, Multimodal 
Large Language Model, Foundation Model Application. 

1 Introduction 

Foundation models (FMs) based medical image segmentation frameworks are driving 
the development of next‑generation intelligent segmentation systems by leveraging 
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large-scale representation learning to improve generalization, robustness, and adapt-
ability in complex clinical environments [1]. As illustrated in Fig. 1, a representative 
3D reasoning-based segmentation framework seamlessly integrates Large Vision Foun-
dation Models (LVFMs) pretrained on vast, heterogeneous multimodal datasets—rang-
ing from PubMed literature to diverse public repositories covering text, 3D/2D imag-
ing, and image-caption pairs [2]. Architecturally, such systems typically consolidate 
three foundational pillars: (i) a 3D vision encoder (e.g., Vision Transformers derived 
from CLIP [3-4], SAM [5-7], or DINO [8-9]) to extract high-dimensional volumetric 
features; (ii) a Large Language Model (LLM) or Large Vision-Language Model (LVM) 
[10-11] to facilitate sophisticated reasoning; and (iii) a segmentation generator, often 
adapted from the SAM mask decoder to produce precise anatomical masks [12]. 

While 3D-based reasoning architectures better capture the structural complexity of 
medical images, clinical utility ultimately depends on the model’s capacity to correctly 
understand and respond to human language. In clinical, physician instructions are often 
diverse, complex, and ambiguous, posing non-trivial challenges for medical image Rea-
soning Segmentation (R-Seg). However, a critical question remains under-explored: 
how stable are these high-performing models when exposed to the inherent uncertainty 
of clinical instructions? Investigating and bolstering consistency under linguistically 
challenging instructions thus forms the central motivation of this study. 

Fig. 1.  The pipeline of 3D reasoning segmentation with visual-language foundation models. 

Fig. 2. Robustness evaluation under progressive perturbations (n=4,100 from 24 datasets; cf. 
Table 1 and Table 4). The baseline refers to R1Seg-3D [13]. Note the prominent fluctuations 
and inconsistency in baseline models, motivating our proposed MRSeg3D. 

We formalize consistency as comprising two aspects: a multi-faceted construct: (1) In-
struction-level Robustness, which characterizes the stability of the reasoning process 
across varying linguistic complexities (ROUGE-2); and (2) Reasoning-Segmentation 
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Alignment, quantifying the fidelity with which accurate reasoning is reflected in precise 
segmentation masks (DICE). To evaluate the consistency of 3D R-Seg methods under 
instruction perturbation, we introduce a three‑level progressive perturbation benchmark 
comprising nine increasingly difficult instruction templates, as detailed in Table 1.  

Fig. 2 illustrates model performance fluctuations under this benchmark, revealing 
inconsistencies in both aspects. The red curve remains relatively smooth overall, show-
ing a noticeable decline only in Exp. 9 (clinical symptoms free-text). In contrast, the 
blue curve exhibits significant fluctuations. This reveals that R-Seg models based on 
smaller LLMs (e.g., Phi‑3 [14], ~4B parameters) may collapse when instructions devi-
ate from the training distribution, demonstrating high instruction‑level fragility. 

Reasoning-segmentation alignment is reflected in the deviation between curves and 
bars. The red curves and bars reveal this gap clearly: while reasoning quality 
(ROUGE‑2) remains stable from Exp. 2 to 4, the corresponding segmentation accuracy 
(Dice) exhibits a notable fluctuation, dropping at Exp. 4. 

Leveraging the aforementioned observations with a comprehensive analysis of ex-
isting models (Fig. 4), we identify a critical limitation: as reasoning and decoding pro-
gress, the model’s reliance on underlying visual evidence tends to diminish. This pro-
gressive semantic drift creates a disconnect between linguistic reasoning and visual 
content, rendering the entire pipeline highly susceptible to linguistic perturbations. 

Motivated by these findings, we propose an optimized reasoning-segmentation 
framework featuring persistent visual-cue anchoring to address the insufficient integra-
tion of visual evidence at critical decision points. By maintaining a continuous link to 
invariant visual features, our method effectively bolsters reasoning-segmentation con-
sistency across diverse instructions, providing actionable insights for the development 
of next-generation intelligent medical imaging systems [15]. 

2 Methodology 

Table 1. Overview of proposed tiered perturbation benchmark. 

Exp. Level Description Label Instruction Template 
1 

I 

— √ Can you segment {Label Name} here and output the mask? 
2 Short Instruction √ {Randomly Select One or Two In‑Distribution Samples, such as 

"Large organ in the upper right abdomen with various metabolic 
functions.", "Common site for conditions such as hepatitis and cir-
rhosis."} Please segment it. Reference answer: {Label Name}. 

3 Long Instruction √ 

4 Function & Location √ {Free Text} Please segment it. Reference answer: {Label Name}. 
5 II Short Instruction {Randomly Select One or Two In‑Distribution Samples} Please an-

swer and segment based on the above description. 6 Long Instruction 
7 

III 
Function & Location 

{Free Text} Can you answer and segment it based on the above 
description ? 8 Function 

9 Symptoms 

While conventional segmentation paradigms primarily evaluate performance using pre-
defined anatomical labels (Table 1, Exp. 1), reasoning-based methods extend this ca-
pability by deriving targets from descriptive instructions [16]. To assess model 



4 Q. Hao et al.

readiness for clinical practice, we introduce a three-tier progressive benchmark com-
prising nine instruction variants of increasing complexity: (Level I) reference-appended 
queries, where a ground‑truth answer accompanies the description; (Level II) target-
reasoning prompts, which require the model to deduce the target from the description 
alone; and  (Level III) free-text instructions, characterized by high linguistic variability 
and inherent ambiguity typical of real-world clinical discourse. 

Fig. 3. Architecture of MRSeg3D. Green arrows highlight pathways carrying visual Info. 

Leveraging these observations, we introduce MRSeg3D, a single-encoder architecture 
that enables tighter coupling of visual evidence within the reasoning-segmentation 
workflow. Our framework centers on the strategic integration of multi-level visual fea-
tures across both [SEG] token generation and mask decoding stages to ensure con-
sistency under instruction perturbation. To achieve this, a suite of two cascaded vision 
injectors provides continuous grounding, anchoring the model to visual cues during the 
interpretation of ambiguous instructions to prevent reasoning drift. Complementing 
this, a dedicated Seg-Local Projector operates in tandem with a Mask Prompt Encoder 
to enrich text-visual cues, substantially enhancing the precision of the final mask. 

As shown in Fig. 3, the architecture of MRSeg3D comprises three frozen modules 
inherited from SAM—pre-trained during the initial stage—and four trainable compo-
nents. Specifically, the frozen 3D ViT encoder, denoted as fenc, extracts dense volumet-
ric features y'img from the input CT scan ximg. These features are subsequently mapped 
into a unified latent space via the multimodal projector fmp. The reasoning core, flvm, is 
fine-tuned using Low-Rank Adaptation (LoRA) and further augmented by two injec-
tors, finj. These injectors are positioned at the intermediate layers10 and 20, as this place-
ment enhances visual information without interfering with the LVM's generation. 

The LVM integrates visual features fmp (fenc (ximg)) with textual descriptions xtxt to 
generate an answer ytxt, which may include a special [SEG] token hseg representing the 
segmentation target (e.g., "kidney tumor"). The Seg-Text Projector fstp and Seg-Local 
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Projector fslp specifically extract text and visual semantics from the [SEG] token and 
subsequently feed them to the frozen Mask Prompt Encoder fmpe and Mask Decoder fdec. 
Finally, the mask decoder generates the 3D segmentation mask by combining dense 
visual features with textual and visual prompts. LDice+CE denotes the sum of the cross-
entropy loss LCE and Dice loss LDice. This process can be formalized as: 

[ytxt, hseg] = flvm (xtxt, fmp (fenc (ximg)) | finj) (1) 

ymask= fdec (fenc (ximg), fstp (hseg), fmpe (fslp (hseg))) (2) 

Loss = LCE (ytxt, ygt) + LDice+CE (ymask, ygt) (3) 

3 Experiments and Results 

3.1 Implementation Details. 

Our experiments were conducted on 25 publicly available datasets, comprising about 
6,000 3D CT volumes (150k pixel-level annotations and 120k image-text pairs [17]). 
All volumes were resampled to 2.0 × 1.0 × 1.0 mm³ voxel spacing, and paired text was 
generated using DeepSeek-V3-671B [18]. During training, we used random crops of 
32 × 256 × 256 voxels and a 2:1 foreground-to-background sampling ratio to mitigate 
class imbalance. The instructions used for model training include the templates num-
bered 1 and 5 as presented in Table 1. The proposed framework was implemented in 
PyTorch [19]. The four-stage training of MSeg3D is detailed in Table 2, which speci-
fies the components trained in each stage. Using DeepSpeed‑accelerated mixed‑preci-
sion (bfloat16) training, the process took approximately four days on 4 NVIDIA A40 
GPUs. 

Table 2. Four stages for training MSeg3D. 

Stage Epoch Pretrain Trainable Block Supervision 

1 100 3D SAM ViT, Prompt Encoder, Decoder Mask annotations 
2 1 LLM Multi-modal Projector Text answers (Caption/QA) 
3 6 LLM LoRA Layers, Projectors 

Text answers with [SEG] and mask annotations 
4 1 LLM LoRA Layers, Vision Injectors 

3.2 Benchmarking of 3D Reasoning Segmentation Architectures 

We evaluate three mainstream 3D R-Seg models (Fig. 4) on 25 datasets under the stand-
ard protocol (Exp. 5). Reasoning quality is assessed using BLEU and ROUGE‑2 scores, 
and segmentation accuracy is measured by the Dice coefficient (Table 3). 

Method (a), M3D‑LaMed, adapts LISA [21]—a 2D natural‑scene R‑Seg model—to 
the 3D medical domain. Its suboptimal performance stems from two 3D-inherent chal-
lenges: high-dimensional CT volumes and scarce region‑aligned image‑text pairs, 
which impede effective CLIP‑style representation learning [13]. Moreover, encoding 
entire CT volumes into global embeddings limits the model’s sensitivity to localized 
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regions, hindering its ability to capture subtle yet diagnostically critical features [17]. 
The "(a) + SW" variant incorporates a sliding-window for localized processing [22]; 
however, it leads to a decline in both Rouge and Dice scores. This suggests that in the 
absence of sufficient region-aligned 3D data, introducing localized modules in isolation 
fails to rectify—and may even exacerbate—the underlying semantic misalignment. 

Fig. 4. Comparative illustration of three reasoning segmentation frameworks: (a) M3D-LaMed 
[17] uses dual vision encoders; (b) LLMSeg [20] and (c) R1Seg-3D [13] are based on a single
3D encoder architecture.

Method (b) exhibits a marked drop in textual accuracy on the TS dataset, primarily due 
to its unimodal design: solely within the linguistic domain to produce a [SEG] token. 
This overlook from visual context during reasoning evidently weakened the model's 
ability to (1) precisely identify the described target and (2) verify its presence within 
the scan, underscoring the necessity of integrated visual‑textual reasoning. 

Method (c), R1Seg-3D, achieves superior performance by utilizing a unified single-
visual-encoder architecture. This design ensures tight semantic-visual alignment in the 
latent space, resulting in balanced performance across both tasks. 

Our MRSeg3D demonstrates exceptional textual reasoning, particularly when inte-
grated with LLaMA [23], and achieves the highest segmentation accuracy without the 
need for iterative prompting ("Dice-w/o"). Our optimized visual-aware design pro-
motes more consistent reasoning and enhances the fidelity of visual [SEG] token gen-
eration, effectively bridging the gap between linguistic intent and spatial execution. 

Table 3. Comparative performance of three R‑Seg models under Experiment 5. The test set com-
prises 241 CT volumes (25k labels) from TotalSegmentator dataset [24] and 920 CTs (4.9k la-
bels) from 24 other datasets. The headers "Dice-w/o" and "Dice-w/" indicate scores obtained 
without and with the "Loop" strategy, which iteratively feeds the initial mask back to SAM. 

Method LLM Flops 
24 Datasets TS Dataset 

Bleu Rouge-2 Dice-w/o Dice-w/ Bleu Rouge-2  Dice-w/o Dice-w/ 
(a) M3D-LaMed 

Phi 3 
~4B 

1.441T 
11.13 49.18 70.02 69.94 16.29 55.30 62.58 62.58 

(a) M3D+ SW 10.88 47.32 61.32 63.97 16.14 54.61 54.47 54.47 
(b) LLM+SAM 1.411T 11.54 49.53 65.55 74.41 12.13 50.48 66.85 72.19 
(c) R1Seg-3D 1.437T 12.22 50.51 68.52 75.45 16.78 55.79 67.51 74.28 
Our MRSeg3D 1.416T 12.70 51.97 72.91 73.90 17.01 56.63 72.65 73.05 
(c) R1Seg-3D Qwen 2 

~7B
2.392T 13.06 51.36 68.37 74.64 17.03 55.19 67.36 73.10 

Our MRSeg3D 2.399T 17.44 51.40 74.47 74.51 20.94 57.91 71.99 72.17 
(c) R1Seg-3D Llama 3 

~8B
2.537T 12.82 50.39 68.21 75.86 17.39 56.12 70.39 77.35 

Our MRSeg3D 2.546T 17.73 52.02 75.64 76.34 21.66 56.18 77.08 77.75 
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3.3 Benchmarking under Tiered Perturbations 

As visualized in Fig. 2, MRSeg3D consistently outperforms R1Seg-3D, exhibiting a 
more stable performance trajectory. Notably, the Phi-based R1Seg-3D (blue) suffers a 
sharp collapse between Exp. 2 and Exp. 4. Its degraded Rouge scores reveal a reasoning 
failure triggered by the "Reference Answer" format, which was unseen during training. 
While intended as helpful context, these references act as linguistic noise that distracts 
the LLM from key diagnostic cues. MRSeg3D (green) mitigates this by injecting stable 
visual cues into the reasoning process, significantly enhancing model robustness. 

Table 4. The R-Seg scores across perturbation levels and different LLMs. 

Method Loop LLM 
Level I Level II Level III 

Bleu Rouge-L Dice Bleu Rouge-L Dice Bleu Rouge-L Dice 

Baseline 
R1Seg‑3D  w/

Phi 5.85  44.10  39.45  12.94  68.97  75.59  7.60  52.92  45.40  
Qwen 14.11  66.75  69.13  15.05  69.54  75.02  13.24  55.76  48.35  
Llama 16.10  68.12  71.66  14.75  68.82  75.91  13.61  59.35  52.68  

Our 
MRSeg3D  

w/o 
Phi 8.86  61.79  74.13  12.44  68.90  73.38  10.13  60.79  59.66  

Qwen 13.60  65.72  70.64  17.32  70.48  74.60  14.37  64.98  62.62  
Llama 16.73  70.02  75.03  17.94  70.23  75.61  15.44  62.65  60.88  

w/ Llama 16.78  69.41  75.74  17.89  70.26  76.34  15.24  62.55  61.55  

Fig. 5. Distribution of segmentation accuracy across 24 datasets in Experiments 1 to 8. 

Llama-based R1Seg-3D maintains stable ROUGE scores across experiments 2~4, yet 
its Dice score drops at Exp. 4, indicating a fidelity gap during the inference-to-segmen-
tation transformation. MRSeg3D addresses this bottleneck by encapsulating fused text-
visual semantics to enrich the [SEG] token. Evaluations across three LLMs (Table 4) 
and 24 datasets (Fig. 5) demonstrate MRSeg3D's superiority without the iterative SAM 
loop strategy; this confirms that the Seg-Local projector effectively extracts mask-rel-
evant information directly from the [SEG] token. 

Under Level II in-distribution perturbations, all models exhibit comparable perfor-
mance regardless of instruction length. However, at the more demanding Level III 
(free-text), our method achieves substantial gains across metrics, underscoring its su-
perior resilience to complex linguistic perturbations. For instance, our Llama-based 
MRSeg3D yields margins of +1.63 BLEU, +3.20 ROUGE-L, and +8.87% in Dice. 
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3.4 Ablation and Visual Analysis 

As demonstrate in Table 5, our design is well‑founded: persistent visual anchoring is 
pivotal to mitigating reasoning drift (No. 3~4), while the dedicated mask‑decoding 
pathway bolsters segmentation accuracy (No. 2). This complementary integration en-
sures robust reasoning‑segmentation consistency against instruction perturbations (No. 
5~6). For simple tasks, the vision injector is optional; for free‑text, it is essential. 

Furthermore, Fig. 6 validates the architectural superiority of our method in generat-
ing discriminative [SEG] tokens. While R1Seg-3D suffers from feature collapse—char-
acterized by values heavily concentrated near zero and diffused attention patterns—our 
network maintains a robust, high-entropy feature distribution. This enhanced represen-
tational capacity directly translates to the mask decoder's ability to produce sharper, 
more precisely localized activation regions on target organs. 

Table 5. Ablation analysis based on Phi-based MRSeg3D. All Dice results are evaluated without 
the “Loop” strategy. "3 Inj.": with injection at layers 10, 20 and 26. "2 Inj.": at layers 10 and 20. 

No. Seg-Local 
Proj. 

Vision 
Inj. Mean 

Level I Level II Level III 
Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7 Exp. 8 Exp. 9 

1 - - 46.20  68.84  10.61  5.25  14.83  68.52  68.61  63.59  64.44  27.50
2 √ - 44.69  75.69  6.80  1.75  3.99  74.92  75.13  66.41  68.07  15.15
3 - √ (3 Inj.) 59.77  61.33  61.66  63.11  61.61  62.07  62.70  67.13  57.26  23.60
4 - √ (2 Inj.) 62.10 66.08  68.17  67.62  55.60  66.48  67.16  60.85  62.98  26.87
5 √ √ (3 Inj.) 69.68  74.89  74.59  74.03  73.02  72.91  73.86  65.87  66.51  34.37
6 √ √ (2 Inj.) 69.98  72.32  74.03  74.10  73.83  72.57  73.06  67.95  66.83  41.23
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Fig. 6. Qualitative comparison and [SEG] Token feature analysis. For visualization, a 64-dimen-
sional feature segment is randomly sampled to demonstrate inter-patch diversity. Our network 
(top) exhibits a broader, near-Gaussian distribution with significantly higher representational di-
versity compared to baseline (bottom), resulting in more precisely localized attention heatmaps. 

4 Discussion and Conclusion 

Our study establishes that reasoning-based medical segmentation systems are vulnera-
ble to realistic linguistic variation, and we alleviate this by introducing both a diagnostic 
benchmark and a robust model, MRSeg3D. While MRSeg3D advances reasoning‑seg-
mentation consistency via persistent visual grounding, handling the full linguistic com-
plexity of clinical discourse remains an open challenge. Future work will pivot towards 
pathology‑specific robustness, leveraging fine‑grained datasets with nuanced diagnos-
tic context to pursue expert‑level clinical decision‑making. 
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