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Abstract. Existing text-to-imaging generation methods inherit diffu-
sion architectures from natural image synthesis, relying on explicit cross-
attention to condition generation on text at every step. We hypothe-
size that this design is unnecessarily complex for medical tomographic
volumes: unlike natural scenes, human anatomy exhibits strong struc-
tural regularity, with organs occupying predictable locations and vary-
ing far less across individuals than open-ended visual content. Given a
text-aligned tokenization, sequential modeling alone should therefore suf-
fice for text-conditional anatomical generation, without dedicated cross-
attention layers. We propose CTTok, a discrete autoregressive approach
that extends the vocabulary of a pre-trained language model with anatom-
ical tokens representing 3D CT patches. Text conditioning is handled
by the language model’s existing causal attention over these anatom-
ically grounded tokens. Because the synthesized volume is itself con-
structed from such tokens, any mild boundary artifacts from patch-level
discretization carry no semantic ambiguity and can be removed by a
single-pass, unconditional GAN refinement with no access to the origi-
nal prompt, since all text-to-anatomy correspondence is already resolved
at the token level. CTTok outperforms state-of-the-art diffusion and flow-
matching baselines in diversity, image quality, and text-image alignment,
at a fraction of the training and inference compute. Source code and
model weights: https://github.com/WongJiayi/CTTok.

Keywords: 3D Medical Image Generation · Vision-Language Models · Autore-
gressive Generation · CT Synthesis

1 Introduction

While Vision-Language models for interpreting medical scan volumes have ma-
tured considerably, the reverse task of generating anatomically plausible volumes
that faithfully match a textual description remains an open challenge.

Text-conditioned image synthesis addresses three practical needs. First, data
augmentation: training downstream AI models on combined real and synthetic
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volumes has been shown to improve classification performance by up to 8% over
real data alone [9]. Second, privacy-preserving data sharing : synthetic volumes
contain no patient-identifying information, bypassing HIPAA and GDPR con-
straints that currently bottleneck multi-institutional research [7,4]. Third, rare-
pathology simulation: text conditioning enables on-demand generation of volumes
depicting underrepresented abnormalities (e.g., sub-centimetre nodules, rare tu-
mours), directly addressing long-tail data scarcity in medical AI training [17].

Recent advances in medical imaging have increasingly adopted state-of-the-
art methods from natural image processing. Large language models (LLMs) have
been widely used for radiology report generation [15], while the success of gener-
ative models such as Sora [1] has promoted the use of diffusion models [11,22,20]
and flow matching techniques [18] for medical image generation. For text-to-
volume generation specifically, MedSyn [30] achieves high-fidelity synthesis using
a U-Net architecture and GenerateCT [9] proposes a two-stage diffusion pipeline:
the first stage generates low-resolution volumes with good semantic alignment,
while the second stage increases resolution and the number of slices by combining
text embeddings with visual embeddings during diffusion steps. Following these
diffusion-based approaches, recent works have explored alternative architectures
for improved efficiency. CT-Flow [28] treats CT volumes as video sequences in-
stead of using 3D structures, adapting video flow matching models to the CT
domain and generating high-fidelity volumes slice-by-slice through a single-stage
process. MAISI [8] and MAISIv2 [37] use ControlNet to generate high-resolution
volumes conditioned on segmentation masks, enabling users to edit organs inter-
actively. Two key challenges persist: prohibitive generation time, since all these
methods require iterative denoising or flow integration, and weak alignment be-
tween generated anatomy and the pathologies specified in the conditioning text.

Discrete tokenisation offers a fundamentally different path [34,33,10,6,32].
Prior work has demonstrated VQ-VAE-based autoregressive modeling of 3D
brain MRI [25]. However, these approaches rely on learned latent codebooks in
which every token is coupled through the decoder: altering a single token alters
overlapping local neighborhoods due to convolutional coupling, preventing strict
spatial disentanglement. We propose to depart from this paradigm by construct-
ing a frozen codebook of anatomically interpretable atlas blocks via random-
hyperplane hashing, where each token independently encodes a fixed spatial
region rather than being coupled through a shared decoder. This independence
enables a pre-trained LLM to learn correspondences between free-text report
tokens and volume tokens through standard causal attention, without requiring
dedicated cross-attention layers or iterative denoising, which is a property we
verify empirically in Table 5.

In this work, we propose CTTok: a fast and controllable text-to-CT gen-
eration approach. Our approach consists of three main components. First, we
construct a Voxel-abulary, i.e., a visual codebook containing over 250k high-
frequency 16×16×16 blocks extracted from real CT volumes (256×256×D slices)
from the CT-Rate dataset [9], which includes more than 40k volumes. Second, we
fine-tune Qwen-1.7B [31] to generate 1D vision token sequences from anatomi-
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Fig. 1: Structured Autoregressive CTTok Pipeline for Text-to-3D CT
Generation. We tokenize 3D CT volumes and radiology reports for joint au-
toregressive modeling. During inference, the LLM predicts vision tokens from
text, which are then reshaped and refined to eliminate artifacts and produce
high-fidelity 3D outputs.

cal text prompts. Using special tokens such as <vision_begin>, <slice_begin>,
and <new_row>, the model learns to produce sequences that can be reconstructed
into 3D volumes. A single-pass 2.5D GAN [12] removes residual blocking artifacts
from the discrete reconstruction. The main technical contributions are:

1. A novel anatomical codebook of 16 × 16 × 16 CT patches, constructed via
random hyperplane hashing over a pretrained vision encoder’s feature space,
capturing high-frequency structural patterns across more than 40k volumes.
Each token independently encodes a fixed spatial region, enabling direct
correspondences between text and anatomy.

2. CTTok, a discrete autoregressive framework that reformulates text-to-CT
synthesis as language modeling. Text conditioning is captured by the LLM’s
causal attention over a mixed text-vision sequence, removing the need for
dedicated cross-attention. We verify empirically that text-to-anatomy corre-
spondence is established at the token level, enabling a single-pass 2.5D GAN
to refine residual artifacts without any text input.
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Fig. 2: Training pipeline of the 2.5D conditional GAN. A 9-slice axial
context window conditions a UNet-style generator via multi-scale skip connec-
tions. A global condition vector from the deepest encoder features modulates
the mapping network. No text input is used at any stage of this task.

3. We adapt FID, FVD[26], and IRS [3] with a CT-native feature extractor and
validate that these metrics track established Inception-based metrics from
StyleGAN-V [24,35].

2 Method

CTTok operates in three phases: (1) codebook construction from CT volumes,
(2) training an autoregressive LLM to generate discrete volume tokens, and (3)
refinement of reconstructed volumes using a conditional GAN.
Codebook Construction: We construct a codebook of K = 262,144 represen-
tative 3D patches from CT volumes. We extract non-overlapping cubic patches
pi,j,k ∈ {0, . . . , 255}16×16×16 from volumes padded to multiples of 16.Each patch
is encoded by a vision encoder E(·), pretrained with a SigLIP contrastive loss [36]
between text and volume, such that fi,j,k = E(pi,j,k) ∈ R1024. To efficiently
scale codebook construction to many tens of thousands of volumes and several
hundred thousand buckets without the memory bottleneck of K-Means cluster-
ing, we apply random hyperplane hashing. Given a random projection matrix
R ∈ R1024×B , we compute hash codes:

hn =

B∑
m=1

I[(f⊤
n R)m > 0] · 2m−1.

We use B = 18 random hyperplanes, yielding K = 218 = 262,144 hash buckets,
which is the largest value that maintains training efficiency (see Tab. 2). One
patch per bucket is randomly sampled to form the codebook C = {(ck, ak)}Kk=1,
where ck is the feature vector and ak is the corresponding atlas block.

Given a textual description x, we model a 3D CT volume V as a sequence
of discrete tokens generated autoregressively by a causal LLM. The causal LLM
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Fig. 3: Refinement results comparison. Top: raw discrete reconstruction with
blocking artifacts. Bottom: GAN-refined output. Zoomed regions show that our
method produces significantly sharper anatomical details than U-Net [23], Swin-
UNet [2], and YODA [21].

model factorizes the joint distribution over volume tokens as a product of con-
ditionals: p(V | x) =

∏T
t=1 pθ(st | s<t, x), where st denotes the t-th token in the

sequence and θ are the model parameters. Text conditioning on x is handled
through the model’s standard causal attention over the concatenated text-vision
sequence, requiring no dedicated cross-attention layers.
Volume Tokenization: Each CT volume I ∈ {0, . . . , 255}D×H×W is padded to
multiples of b = 16 and partitioned into N = (H/b)(W/b)(D/b) cubic patches
pn ∈ {0, . . . , 255}16×16×16 in z-major order. We normalize patches to [−1, 1] and
extract features: fn = E(pn) ∈ R1024. Discrete tokens are assigned via nearest-
neighbor quantization over the codebook:

zn = argmin
k

∥fn − ck∥22, zn ∈ {0, . . . ,K − 1}.

Retrieval is accelerated using FAISS GPU FlatL2 indexing [5].
Structured Serialization: The discrete volume Z ∈ {0, . . . ,K−1}(D/b)×(H/b)×(W/b)

is serialized with special tokens marking volume, slice, and row boundaries. Given
text x, we construct: x ∥ “Size:[hb, wb, db]” ∥ structure markers ∥ voxel tokens.
Voxel tokens are offset by voffset to avoid collision with the base vocabulary:
ẑn = zn + voffset.
Training: We fine-tune the causal LLM using a standard next-token prediction
loss restricted to volume tokens:

L = −
∑

t∈Tvol

log pθ(st | s<t),

so the model learns to predict anatomy while the text prefix is treated as given
context. We use bf16 mixed precision with Muon [14] for Transformer weights
and Adam [16] for all remaining parameters.
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Table 1: Quantitative comparison with state-of-the-art conditional generation
methods. Conditioning: MaisiV2 [37] (segmentation masks), GenerateCT [9]
(metadata), others (medical reports from CT-RATE [9]). Average inference time
per volume on A100. CTTok evaluated at 10k steps, temperature 0.65, top-K
selection by CLIP score.
†MaisiV2 achieves perfect IRS due to explicit segmentation mask conditioning.

CT-Feature-Extractor Inception

Model Cond. IRS ↑ FIDtrain ↓ FIDvalid ↓ FID ↓ FVD16 ↓ CLIP Score ↑ Time ↓

MaisiV2 [37] Masks 100.0%† 14.95±5.99 – 116.75 973.43 – 34s
MedSyn [30] Report 14.39% 14.74±6.22 14.70±6.21 104.07 1354.37 28.29±2.23 100s
GenerateCT [9] Report 9.47% 21.15±5.96 21.19±5.94 39.12 1556.14 10.03±1.41 184s
CTFlow [28] Report 16.56% 27.12±6.69 27.25±6.68 119.05 1342.10 33.75±1.52 99s
CTTok (ours) top@1 Report 18.48% 9.02±6.23 8.91±6.21 42.68 905.31 29.78±1.99 2.2s
CTTok (ours) top@2 Report 16.25% 9.42±6.16 9.30±6.14 44.11 842.38 43.11±2.22 4.4s

Inference: At inference, we autoregressively sample volume tokens conditioned
on text. Tokens are parsed using structural markers and assembled into a 3D
volume by indexing the precomputed pixel atlas A ∈ {0, . . . , 255}K×16×16×16.
2.5D Refinement via Conditional GAN: The discrete reconstruction may
exhibit blocking artifacts due to the fixed patch size. We compared several refine-
ment architectures, including U-Net [23], Swin-UNet [2], and YODA [21], all of
which produced blurry results (Fig. 3). We therefore employ a 2.5D conditional
GAN (R3GAN [12]) that refines the volume slice-by-slice. For each axial slice
z, we extract a temporal window of K = 9 slices: wz = Vrec[z − 4 : z + 4] ∈
R9×H×W , which serves as condition for refining the center slice.

A conditional encoder Econd extracts multi-scale features {s1, s2, s3, s4} from
wz. These features are injected into generator G via skip connections. A global
condition vector cvec built from global pooling s4 modulates the mapping net-
work. The refined slice is: Îz = G(znoise, cvec, {sl}4l=1), where znoise ∼ N (0, I).

In Fig. 2 the discriminator D assesses realism given context wz. The generator
loss combines adversarial and L1 reconstruction terms:

LG = Ladv(G,D) + 100∥Îz − Igt,z∥1.

We use relativistic adversarial loss [13] with R1 gradient penalties for stability.
At inference, we process the volume in a sliding-window manner.

3 Experiments and Results

Dataset: We use the CT-RATE [9,27] dataset, which aggregates scans from
multiple vendors and protocols with slice thicknesses ranging from 0.5mm to
5mm (10× variation). The training set contains over 40k complete 3D scans and
the validation set includes over 3k scans, making it the largest publicly available
CT dataset. Each volume is paired with an aligned radiology report and To-
talSegmentator [29] segmentation masks. We perform text-to-volume generation
at 256×256×128 resolution conditioned on the reports.
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Table 2: Performance across codebook
sizes (K = 2B) as mean±std over 1000
slices. Inference time is measured per
slice on a single A100. B = 18 is selected
to maintain high image quality while en-
suring training efficiency.

2B MSE ↓ MAE ↓ PSNR ↑ SSIM ↑ Time (s) ↓

13 381.45±135.82 9.36±2.40 22.57±1.48 0.94±0.02 0.41
14 321.65±110.93 8.65±2.21 23.29±1.44 0.95±0.02 0.67
15 290.75±98.44 8.14±2.12 23.73±1.45 0.96±0.05 1.17
16 262.44±90.20 7.62±2.05 24.15±1.45 0.96±0.05 2.24
18 200.79±73.16 6.25±1.83 25.34±1.55 0.97±0.01 8.29
19 194.80±71.37 6.17±1.82 25.51±1.56 0.97±0.01 13.08

Fig. 4: CLIP score distribution for
CTTok (temp. 0.6 top@1) and CT-
Flow. Both methods show compara-
ble text–image alignment (∼34.0).

Implementation: Training proceeds in two phases (Fig. 1): LLM fine-tuning for
2k steps (384 GPU hours on H200/H100) and GAN refinement (100 GPU hours
on A100). We use mixed optimization with Muon [14] (lr=0.02) for Transformer
weights and Adam (lr=0.005, β = (0.9, 0.95)) for other parameters. Inference
takes 2.2s on an A100 with 4.7GB memory. Evaluation metrics include: IRS [3]
and FID for diversity and quality, Inception FID/FVD [35] for validation and
inter-slice continuity, and CLIP scores with original and fine-tuned CT-CLIP [9]
for text alignment.

Table 3: Sampling temperature abla-
tion: IRS, quality, and text alignment.

Temp. IRS ↑ FIDvalid ↓ CLIP Score ↑

0.6 16.5% 10.75±6.20 33.69±2.13

0.7 20.1% 7.86±6.52 27.50±1.93

0.8 22.3% 7.44±6.32 19.86±2.41

1.0 26.1% 7.88±6.52 12.53±1.72

1.2 25.7% 11.33±6.79 13.65±1.38

Table 4: Top-K ablation. We generate
K samples and select the one with the
highest CLIP score for evaluation.

top-K IRS ↑ FIDvalid ↓ CLIP Score ↑

1 18.48% 8.91±6.21 29.78±1.99

2 16.25% 9.30±6.14 43.11±2.22

3 15.11% 9.43±6.10 50.06±2.33

5 13.54% 9.64±6.02 59.11±2.30

Diversity vs Alignment: As shown in Table 1, diversity (IRS) and alignment
(CLIP) exhibit an inverse relationship: our model demonstrates superior diver-
sity using top-1 selection, achieving 11.6% improvement over the most diverse
text-conditioned baseline (CT-Flow). MaisiV2 achieves perfect IRS (1.0) due to
explicit segmentation mask conditioning, which supports the validity of the met-
ric, and its near-zero FIDvalid is expected given this strong structural guidance.
Using the original CT-CLIP backbone, all methods show relatively low CLIP
scores. The high variance observed in CLIP scores reflects the original CT-CLIP
backbone’s limited sensitivity to fine-grained textual differences across methods;
adopting the vocabulary-adapted CT-Vocab [9] backbone resolves this, yield-
ing stable and discriminative scores across all models. Our model achieves the
highest CLIP score of 43.11 using top-2 selection, compared to CT-Flow’s 34.5,
representing a 24.9% improvement. Notably, CT-Flow directly uses CT-CLIP’s



8 J. Wang et al.

Table 5: Disentangling LLM and GAN contributions. We compare generation
quality before (Raw) and after (Denoised) the GAN refinement.

CLIP ↑ FIDtrain ↓ FIDvalid ↓ FID ↓ FVD16 ↓

Raw (pre-GAN) 48.46±0.99 15.96±6.04 15.66±6.02 155.82±0.84 1510.20±22.66

Denoised (post-GAN) 47.26±0.81 16.15±5.91 15.91±5.90 95.53±0.68 1652.28±23.53

text encoder for preprocessing, providing an inherent advantage in CLIP calcu-
lation, whereas our model employs a different tokenizer yet demonstrates strong
performance by leveraging the LLM’s text understanding capabilities. Addition-
ally, Fig. 4 shows that our model generates more samples with scores exceeding
60, though this is not reflected in the average.
Image Quality & Inter-slice Continuity: All variants of our model achieve
lower FIDtrain than baselines, indicating superior image quality. Specifically, we
improve upon the previous best (MedSyn) by approximately 50%. Using the
StyleGAN-V Inception backbone, our models achieve the lowest and second-
lowest FID and FVD scores, demonstrating both high image quality and natural
inter-slice continuity. Additionally, as shown in Fig. 1, our CT-specific FID fol-
lows the same trend as the baseline StyleGAN-V FID across training steps,
validating the reliability of our proposed metric.
Ablation Study: Table 3 shows that higher temperature trades alignment for
diversity, with the optimal setting depending on training stage. Table 4 confirms
the diversity-alignment trade-off: higher CLIP scores yield lower IRS. Notably,
top-5 selection achieves CLIP scores up to 59 while maintaining consistent FID,
demonstrating effective quality-alignment balance. We adopt top-2 selection as
our default operating point because it offers the best balance: a 45% gain in CLIP
alignment over top-1 (43.11 vs. 29.78) at a modest 2.2% reduction in IRS diver-
sity (16.25% vs. 18.48%), while keeping FID stable. Table 5 addresses whether
text conditioning is performed by the LLM or introduced by the unconditional
GAN refiner: CLIP score and medical-domain FID remain stable across refine-
ment, confirming that text–anatomy alignment is established at the LLM stage,
with the GAN serving solely as a perceptual refiner for inter-patch artifacts.
Discussion: CTTok achieves the best FID (9.30), highest text alignment (43.11),
and competitive diversity (16.25%) while generating volumes in 2.2 s, supporting
our hypothesis that causal attention over anatomically grounded tokens is more
efficient for text-to-CT synthesis without cross-attention or iterative denoising.
The diversity-alignment trade-off in the top-K ablation (Table 4) is inherent to
CLIP-based sample selection, not specific to our method; the unfiltered model
(top-1) already matches baseline diversity.

4 Conclusion

CTTok reformulates text-to-CT synthesis as autoregressive language modeling
over a frozen atlas codebook of spatially disentangled tokens, replacing cross-
attention and iterative sampling with a single forward pass and lightweight GAN



CTTok 9

refinement. Because each token independently encodes a fixed anatomical region,
text conditioning is captured by the LLM’s causal attention, achieving state-of-
the-art image quality and text alignment at a fraction of the compute cost of
diffusion and flow-matching alternatives. Future work will explore end-to-end
codebook refinement while preserving full spatial disentanglement, extension to
additional anatomical regions, and downstream clinical evaluation.
Limitations: Our evidence for the LLM’s role in anatomical generation is empir-
ical rather than mechanistic; direct probing of attention behavior, downstream
clinical validation, and scaling to higher resolutions beyond the current 2562×128
remain practical directions for future work.
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