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Abstract

Clinical MRI contrast acquisition suffers from inefficient
information yield, which presents as a mismatch between
the risky and costly acquisition protocol and the fixed and
sparse acquisition sequence. Applying world models to sim-
ulate the contrast enhancement kinetics in the human body
enables continuous contrast-free dynamics. However, the
low temporal resolution in MRI acquisition restricts the
training of world models, leading to a sparsely sampled
dataset. Directly training a generative model to capture the
kinetics leads to two limitations: (a) Due to the absence of
data on missing time, the model tends to overfit to irrele-
vant features, leading to content distortion. (b) Due to the
lack of continuous temporal supervision, the model fails to
learn the continuous kinetics law over time, causing tem-
poral discontinuities. For the first time, we propose MRI
Contrast Enhancement Kinetics World model (MRI CEK-
World) with SpatioTemporal Consistency Learning (STCL).
For (a), guided by the spatial law that patient-level struc-
tures remain consistent during enhancement, we propose
Latent Alignment Learning (LAL) that constructs a patient-
specific template to constrain contents to align with this
template. For (b), guided by the temporal law that the ki-
netics follow a consistent smooth trend, we propose Latent
Difference Learning (LDL) which extends the unobserved
intervals by interpolation and constrains smooth variations
in the latent space among interpolated sequences. Exten-
sive experiments on two datasets show our MRI CEKWorld
achieves better realistic contents and kinetics. Codes will
be available at https://github.com/DD0922/MRI-Contrast-
Enhancement-Kinetics-World-Model.

1. Introduction
World models [8, 14, 33], which learn to simulate the dy-
namics of physical systems via deep neural representations
[5, 44, 46, 51], offer a compelling direction for model-
ing MRI contrast enhancement kinetics. As illustrated in
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Figure 1. (a) Task: MRI CEKWorld generates contrast-enhanced
sequences that conform to kinetics in the human body after con-
trast agent injection. (b) Problem: Clinical contrast MRI acqui-
sition presents inefficient information yield with adverse risks and
higher cost, but a fixed, sparse sequence. (c) Advantages: Our
MRI CEKWorld enables continuous contrast-free dynamics with
no contrast agent risks, low cost, and convenience.

Fig. 1, such models can infer the pharmacokinetic evolu-
tion of contrast agents directly from an initial non-contrast
MRI, thereby enabling the estimation of contrast-agent dis-
tribution at arbitrary time points and synthesizing the cor-
responding contrast-enhanced MRI images. Once realized,
this capability yields two key advantages: 1) Contrast-free
MR imaging paradigm. By obviating the need for exoge-
nous contrast administration, it mitigates injection-related
risks [43] and reduces the economic [64] and procedural
overhead incurred by additional contrast-enhanced acquisi-
tions. 2) High temporal resolution modeling. By producing
continuous and temporally dense enhancement trajectories
which are unconstrained by the sparse sampling of clini-
cal protocols [24, 66], the model offers substantially higher
information throughput and a more faithful reconstruction
of underlying contrast-agent kinetics. These considera-
tions naturally motivate a scientific question: “Can we con-
struct an MRI Contrast Enhancement Kinetics World model
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(a) Content distortion

(b) Temporal discontinuities across time

Figure 2. Limitation: MRI Acquisition-induced low temporal res-
olution in MRI CEKWorld leads to (a) Content distortion and (b)
Temporal discontinuities across time.

(CEKWorld) that, relying solely on non-contrast MRI, faith-
fully reconstructs in vivo contrast-agent dynamics and pro-
duces high-fidelity temporal enhancement images?”

However, it is challenging to train the MRI CEKWorld
owing to the low temporal resolution in MRI acquisition
[10, 15, 48]. Different from the general domain where
millisecond-level continuous videos can be obtained via
continuous sampling for model training [2, 20, 27, 54], the
sequence acquisition in the MRI CEKWorld is constrained
by reconstruction duration [2, 20, 54] and patient respi-
ratory cooperation [65]. Consequently, the acquired se-
quences are extremely sparse, with only second-level inter-
vals [69], such a sparsely sampled dataset directly hinders
the model’s learning of contrast agent kinetic laws.

A practical compromise is to directly train a generative
model on a sparsely sampled dataset in an attempt to cap-
ture the underlying contrast-agent kinetics. However, this
strategy suffers from two fundamental limitations: (a) Con-
tent distortion in the spatial dimension. Owing to the ab-
sence of ground-truth frames at the missing time points,
the model receives no supervision on the true anatomical
state. Once overfitting occurs, it produces the distortions il-
lustrated in Fig. 2(a), including structural deformation and
organ misalignment. Although prior-based regularization
[1, 21, 38, 53, 77] can encourage more realistic content at
unsampled times, such priors still fail to preserve patient-
specific anatomical details. (b) Discontinuity in the tem-
poral dimension. Without continuously sampled data, the
model is unable to learn the true kinetic law of the contrast
agent, leading to mismatches with time conditions and tem-
poral jumps between adjacent frames, as shown in Fig. 2(b).
While post-hoc smoothing [13, 23, 26, 39] reduces visible
discontinuities, pixel-space smoothing inevitably blurs fine
details and deviates from the actual kinetics.

The contrast kinetics of MRI in the same patient fol-
low an inherent spatiotemporal consistent law. Spatially,
the anatomical structures such as organ contours, tissue
boundaries, and their relative positions in the same patient
remain consistent across time, unaffected by the dynamic

changes of contrast agent kinetics. Guided by this spa-
tial law, patient-level spatial consistency is enforced to con-
strain the model’s learning, directing it to focus on relevant
spatial features, effectively preserving content reality. Tem-
porally, the enhanced sequences follow a consistent smooth
evolutionary trend without abrupt jumps. Leveraging this
temporal law directs the model to capture the inherent se-
quential dynamics of contrast agent metabolism in the la-
tent space, ensuring the temporal smoothness of generated
sequences and suppressing unnatural jumps.

For the first time, we propose the SpatioTemporal
Consistency Learning (STCL), which utilizes the inherent
consistency spatiotemporal law of contrast agent kinetics to
enable the MRI CEKWorld, achieving realistic predictions
and smooth simulations under the training from the sparsely
sampled dataset. It has two innovations:

Latent Alignment Learning (LAL) for realistic content
automatically constructs an explicit patient-specific tem-
plate by leveraging region-specific responses to encode spa-
tial consistent relationships and constraining the generated
content at each time point to align with this template spa-
tially. First, a patient-specific template is calculated by
computing covariance matrices between features at each
time point in the latent space, which represents the time-
invariant spatial anatomical structure during enhancement
process. It then normalizes and aggregates these features
to form an explicit patient-level template. Subsequently,
the equidistance constraint aligns the statistical features at
each time point with this template, ensuring all time points
adhere to the unified statistical rules of the template and
thereby maintaining content consistency.

Latent Difference Learning (LDL) for temporal conti-
nuity interpolates in the unobserved intervals in the latent
space and constrains smooth variations between consecu-
tive points for semantic continuity. First, it uniformly in-
serts intermediate virtual time points between the original
sparse acquisition sequence to construct a dense sequence,
filling temporal gaps. Second, it calculates the variations
of adjacent time points by computing the discrete second-
order central differences of time points in the dense se-
quence, and constrains the variation to zero, which con-
strains the temporal changes to suppress abrupt jumps, and
ensures the smoothness of temporal evolution.

Our contributions are summarized as follows: 1) For the
first time, we propose MRI CEKWorld, which simulates
the contrast agent kinetics in the human body and facil-
itates continuous contrast-free dynamics. 2) We propose
STCL, which enforces content reality and temporal con-
tinuity under acquisition-induced low temporal resolution
through spatiotemporal consistent physiological law. 3) Our
LAL constructs an explicit patient-level template for each
generation alignment, maintaining content consistency and
reality. 4) Our LDL extends unobserved intervals and con-
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strains variations between consecutive points, thereby en-
suring the smoothness of temporal evolution.

2. Related Work
Virtual MRI Contrast Enhancement is an alternative to
the use of contrast agents [5, 28, 31, 36], designed to emu-
late the visibility of specific tissues and bodily fluids. Com-
pared to traditional contrast agents [16], it has three signif-
icant advantages: i.) Safe: it can address safety concerns
regarding possible contrast agent deposition [43], ii.) Com-
fortable: it can mitigate patient discomfort while scanning
[47], iii.) Economical: it can help cut down on human re-
sources, hardware costs, and overall expense [64].

Recent virtual MRI contrast enhancement methods are
divided into static generation and dynamic sequence gen-
eration. Static generation methods [4, 5, 22, 45] focus on
synthesizing the single-phase contrast-enhanced images at
a single time point, T1-weighted contrast-enhanced images
from multiple non-contrast sequences such as T1-weighted,
T2-weighted and the Apparent Diffusion Coefficient map.
Such methods prioritize accurately simulating the final en-
hancement patterns of tumors or lesions to improve the
accuracy of classification-based diagnosis. Dynamic se-
quence generation methods [49, 58, 62] aims to synthesize
the time sequence, including multi-phase contrast-enhanced
images at several time points. However, due to the physical
acquisition limit, virtual MRI contrast agent remains con-
fined to the scope of image-to-image mapping[34, 51, 57],
failing to simulate contrast agent kinetics.

World Models are able to understand the world and
predict the future [8, 14, 33]. Based on its great func-
tionality and promise, the world model has been used in
many aspects such as autonomous driving [3, 8, 12, 40, 71],
video generation [27, 37, 40] and medical[59, 70, 74].
Existing world models are either continuous action-based
[15, 15, 48, 61, 72], relying on a continuously available ex-
ternal control signal to guide and correct state transitions,
or observation-driven [11, 52], learning the dynamics from
densely sampled video sequences where the observations
themselves serve as a continuous surrogate. However, con-
tinuous interaction and dense observations are costly, or
even infeasible in MRI contrast agent kinetics world model,
limiting the practicality of these approaches.

Spatiotemporal Consistency has gradually attracted
growing attention which can be categorized into two fam-
ilies: Slow feature analysis [25, 68, 76] assumed that
changes between adjacent frames in natural videos are
slow and smooth, extracting temporally consistent repre-
sentations by minimizing temporal derivatives; Contrastive
learning [7, 9, 17–19, 55, 67, 73] is enabled to learn fea-
tures insensitive to spatiotemporal perturbations through
positive-negative sample contrastive constraints. While
both paradigms successfully capture temporal stability in

dense video data, they rely on continuous frame supervision
and aim at representation robustness rather than generation.
Given low temporal resolution training data, the former re-
lies on continuous sampling and thus fails to estimate tem-
poral variation trends, while the latter lacks sufficient sam-
ples for comparison, resulting in underfitting of the learned
spatiotemporal consistent features.

3. Method
As shown in Fig.3, our spatiotemporal consistency learning
implements MRI contrast agent kinetics world model (for-
mulated in Sec.3.1) via constraining spatial information at
each time points to the patient-level template to preserve
content reality (LAL, see Sec.3.2) and constraining the la-
tent representation in the dense interpolated sequence to be
smooth (LDL, see Sec.3.3).

3.1. Formulation
The MRI contrast agent kinetics world model is formulated
as an image time series modeling, which predicts the con-
trast enhanced MRI image I(t) at arbitrary time t based on
a non-contrast image Ip,0.

Dataset Due to low temporal resolution in MRI acqui-
sition, the dataset is temporally sparsely sampled. For
each patient p, we denote the image-time pairs as Dp =

{(Ip,i, tp,i)}
Tp

i=0 where Ip,i represents the image acquired
at time tp,i, Tp represents the total of the acquisition time
points. The complete dataset is defined as D = {Dp | p =
1, 2, . . . , P} where P is the patient number.

Training The model aims to learn a mapping from the
initial non-contrast image Ip,0 and a continuous time vari-
able t to the corresponding contrast-enhanced image Ip(t).
As shown in Fig.3 (a), t, Ip,0 and Ip(t) are encoded sepa-
rately. The groundtruth encoder Egt, same as the encoder in
VAE [30, 60] encodes the contrast-enhanced image Ip(t)gt.
The time condition encoder Et uses CLIP [56] processes
the time variable which means the duration after contrast
agent injection, converting temporal text information into
high-dimensional features that guide the model to generate
time-specific enhancement features. The image condition
encoder Eimg , encodes the non-contrast image Ip,0 through
zero-convolution [75] and adds to the layers in latent diffu-
sion model [60], acting as a hint to guide the prediction.

Spatial, temporal and diffusion losses are utilized to reg-
ularize the generations. The former two will be introduced
respectively in Sec.3.2 and Sec.3.3. The diffusion loss
LDiffusion = Et,t,ϵ

[
∥ϵ− ϵθ∥2

]
is used to constrain the ac-

curacy of noise prediction. Here, t represents the denoising
timestep. Let Mθ denote the MRI contrast enhancement
world model parameterized by θ.

Îp(t) = Mθ(Ip,0, t), t ∈ R+ (1)
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Figure 3. Overview framework of the MRI CEKWorld. (a) and (b) shows the training and inference processes. (c) LAL captures region-
wise co-occurrence relationships and enforces anatomical consistency by aligning to a patient-level template. (d) LDL constructs a dense
time series in the latent space and imposes a second-order difference (denoted as Diff) on adjacent moments for smooth evolution (p and q
denote the inference ).

Inference After training, the optimized model Mθ∗

takes the non-contrast image Ip,0 and time t as input to pre-
dict the contrast enhanced image: Îp(t) = Mθ∗(Ip,0, t). In
Fig.3 (b), the prediction is decoded by Dimg after the U-Net
to convert the latent variable into the pixel space.

3.2. Latent Alignment Learning for real contents

As shown in Fig.3 (c), on the basis of anatomical consis-
tency, leveraging the differences in the response patterns of
contrast agent signals across various regions, we encode the
fluctuation relationship between these regions as a numeri-
cal statistical template for anatomical regions, and use this
template to constrain the generated results to comply with
this fluctuation relationship, suppressing the distortion.

Co-occurrence Encoding is implemented by a covari-
ance matrix, which computes the spatial co-occurrence pat-
terns of anatomical structures. Co-movement within re-
gions corresponds to similar regions, while unilateral di-
vergence between regions corresponds to boundary sepa-
ration. This characterizes the consistent spatial content of
the patient. Latent representation x̂0 is extracted by lever-
aging the reverse process of diffusion models. It uses the
model-predicted noise ϵ and the noisy samplext to pro-
vide a high-quality, structured latent space representation
for subsequent statistical calculations and constraints. ᾱt =∏t

s=1 αs represents the cumulative coefficient of α across

t diffusion steps, xt denotes the noisy sample after τ de-
noising steps: x̂0 = xτ−

√
1−ᾱτ ·ϵ√
ᾱτ

. Then, in the latent space,
we have the prediction series x̂0 = {x̂0t ∈ Rc×h×w}Tt=1,
where c is the number of channels, h and w are the height
and width of x̂0. We flatten each time point of x̂0t into
Xt ∈ Rc×s with s = h ·w and center it along the spatial di-
mension Xc

t = Xt− 1
s

∑s
si=1 Xt. This removes the spatial

mean bias so that the covariance reflects the true distribu-
tion shape of the features. Covariance matrix for each time
acquisition time point t is computed as Σt =

1
S−1X

c
t (X

c
t )

⊤

and then regularized with shrinkage and a small jitter to en-
sure positive-definiteness, so Σ̃t = (1 − γ)Σt + γI + εI
where γ controls the shrinkage strength, I is the identity
matrix, and ε is a small jitter.

The patient-level template, obtained by computing the
mean of covariance matrix of time points, represents a
more stable patient-level spatial feature under the spa-
tial law of invariant patient anatomical structures. We
map each latent covariance Σt to an Euclidean vector via
the log–Cholesky parameterization for numerical stability
and positive–definiteness preservation for optimization in
training [35]. Let Lt = chol(Σt); extract lowert =
vec(tril(Lt,−1)) and logdiagt = log(diag(Lt)), and form
zt = [ lowert; logdiagt ]. Averaging gives the patient-
level template vector z̄ = 1

T

∑T
t=1 zt, which we use sub-
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sequently as the template representation.
Equidistance constraint constrains the zt at different

time points are consistent with the template by keeping the
same distance from the template z̄. It not only ensures
statistical consistency but also allows reasonable dynamic
changes to be preserved between time points, so that the
generated sequence has a real spatial content under sparse
supervision. The spatial loss from equidistance constraint
of distance d2t =

∥∥zt − z̄
∥∥2
2

is defined as:

LSpatial =
1

P

P∑
p=1

1

Tp

Tp∑
t=1

(
d 2
p,t

)
. (2)

where P represents the total patient number and Tp repre-
sents the total acquisition time points of the p-th patient.

3.3. Latent Difference Learning for continuity

As shown in Fig.3(d), LDL generates predictions in the
latent space for the unobserved intermediate time points
by interpolation, and imposes smoothness constraints on
the interpolated dense sequence for semantic continuity to
achieve temporal smooth transition.

Intermediate points are inserted to generate a dense se-
quence in the latent space. The set of original sparse acqui-
sition time points consists of real observed time values, de-
fined as: Tacq = {tacq,0, tacq,1, . . . , tacq,N−1} where N is the
number of original acquisition time points; tacq,i denotes the
absolute time of the i-th original observation and ordered by
acquisition time. For each pair of adjacent original observa-
tions (tacq,i, tac1,i+1) (i ∈ [0, N − 2]), let Ki be the number
of inserted intermediate points (Ki ≥ 1), on the time inter-
val ∆ti = tacq,i+1 − tacq,i, uniform interpolation to ensure
intermediate points lie strictly between tacq,i and tacq,i+1.
The time value of the k-th intermediate point (k ∈ [1,Ki])
between the i-th pair of adjacent points is: tmid,i,k = tacq,i+

k
Ki+1 ·∆ti. The dense sequence Tdense is the union of origi-
nal observations and all intermediate points, sorted by time:
Tdense = Tacq ∪

(⋃N−2
i=0 {tmid,i,1, . . . , tmid,i,Ki}

)
.

Dense prediction sequences in the latent space are con-
structed as a set of clean predictions at all dense time
points, including both the outputs anchored at real acqui-
sition times and those generated from noise at inserted in-
termediate times. For each observed acquisition point tacq,i,
we recover its latent vector x̂0,acq,i from the corresponding
noisy sample xτ,acq,i after τ denoising steps: x̂0,acq,i =
xτ,acq,i−

√
1−ᾱτacq,i ϵθ√

ᾱτacq,i
. For each inserted intermediate time

point tmid,j , we sample a noise latent xτ,mid,j ∼ N (0, I)
at the assigned timestep τdense,j , and obtain its latent predic-
tion by applying denoising schedule of the latent diffusion
model [75]: x̂0,mid,j =θ (xτ,mid,j , τdense,j), where pθ de-
notes the standard inference denoising process that maps a

noisy latent to its predicted latent vector [75]. Thus, the
dense latent prediction sequence is finally assembled as

X̂dense[j] =

{
x̂0,acq,i, tdense,j = tacq,i,

x̂0,mid,j , tdense,j is intermediate.

Dense smooth constraint limits the abrupt variance to
zero through second-order difference center difference for
smoothness over time. After de-duplication to remove
possible duplicate time points of Tdense, we obtain an or-
dered time sequence Tsort = {t0, t1, . . . , tT−1} (T ≤ M ,
where tk is the time value in seconds) and correspond-
ing model outputs ysort = {y0sort, y

1
sort, . . . , y

T−1
sort } (where

yksort ∈ R1×c×h×w is the model output at tk). For each point
k ∈ [1, T − 2] , the dense smooth constraint among discrete
different time points through the center difference equation
is derived in Supplementary, which is defined as:

Dk
2 = 2 ·

(
yk−1

sort

hk
0 · (hk

0 + hk
1)

− yksort

hk
0 · hk

1

+
yk+1

sort

hk
1 · (hk

0 + hk
1)

)
· wk

(3)

where hk
0 = tk−tk−1+δ and hk

1 = tk+1−tk+δ (δ = 10−6

to avoid division by zero) are adjacent time intervals; wk =
1

1+hk
0+hk

1
is the interval weight used for weaker penalty for

larger intervals, adapting to varying temporal densities. The
final loss is the average of these differences using the L1
norm for robustness to outliers, which is expressed as

LTemporal =
1

T − 2

T−2∑
k=1

∥D(k)
2 ∥1. (4)

4. Experiments
4.1. Comparison Study
4.1.1. Experiment Protocol
This section introduces the overview protocol in our study
for complete and fair evaluations in our experiments.

Datasets Two Dynamic Contrast Enhancement - Mag-
netic Resonance Imaging (DCE-MRI) datasets are used: (1)
Private Abdominal DCE-MRI Dataset (Abdominal DCE-
MRI): This abdominal consists of 91 patients. There is
one non-contrast image, and 15 contrast enhanced images
within 300 seconds after contrast agent injection. Among
these contrast enhanced images, 6 are in the arterial phase,
6 are in the venous phase, and 3 are in the delayed phase.
(2) Public Duke Breast DCE-MRI Dataset (Breast DCE-
MRI) [63]: This dataset contains 922 examination records
of breast DCE-MRI. After the injection of contrast agent,
contrast-enhanced data at 3 or 4 time points are acquired.
Following [50], we crop the slices containing the lesion re-
gion and increase the width and height of the tumor bound-
ing box to half the width and height of the full image. Both
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Table 1. Quantitative results: Quantitative comparison of different methods on Abdominal and Breast DCE-MRI datasets show that our
method achieves the best performance. Quantitative ablation results verify the effectiveness of our LAL and LDL. “Avg.SSIM” and
”Avg.cSSIM” denote the average score over two datasets in spatial SSIM and temporal cSSIM metrics, respectively.

Method Abdominal DCE-MRI Breast DCE-MRI Avg.
SSIM↑

Avg.
cSSIM↑PSNR↑ SSIM↑ LPIPS↓ rMSE↓ cSSIM↑ PSNR↑ SSIM↑ LPIPS↓ rMSE↓ cSSIM↑

CustomDiff[32] 17.73 0.4130 0.4646 295.7 0.3551 11.19 0.2463 0.4706 1094 0.3835 0.3296 0.3693
T2I[41] 16.89 0.4396 0.3100 124.1 0.3396 17.73 0.4130 0.2905 297.4 0.1347 0.4263 0.2372
CCNet[50] 24.35 0.5794 0.2735 43.44 0.7098 21.47 0.4043 0.3128 289.3 0.3155 0.4918 0.5127
EditAR[42] 22.65 0.5571 0.3314 49.76 0.7536 19.85 0.4170 0.3119 288.9 0.3886 0.4870 0.5711
ControlNetbaseline [75] 23.61 0.7178 0.2719 43.08 0.8286 19.79 0.5196 0.2625 308.0 0.3370 0.6187 0.5828

+ LAL 23.92 0.7227 0.2666 40.29 0.8439 20.86 0.5442 0.2640 250.7 0.3879 0.6335 0.6159
+ LDL 24.05 0.7369 0.2623 40.25 0.8411 20.21 0.5391 0.2636 261.5 0.3392 0.6380 0.5901
MRI CEKWorld 24.06 0.7419 0.2622 40.08 0.8451 21.09 0.5599 0.2620 243.5 0.3900 0.6509 0.6176

datasets are resized to the 256×256, normalized to [−1, 1]
[60] and then stacked into 3 channels as the image input.
Since the acquisition time of DCE-MRI sequences in both
datasets is manually controlled, the acquisition of sequences
is not strictly fixed at specific time points. Thus, the time
points in the test set rarely appear in the training set.

Evaluation Metrics Both spatial and temporal metrics
are utilized to validate the performance of virtual MRI
contrast enhancement prediction in all experiments. Spa-
tially, following the studies [6, 29, 50, 75], Peak Signal-to-
Noise Ratio (PSNR), Structural SIMilarity (SSIM), Learned
Perceptual Image Patch Similarity (LPIPS) and root Mean
Squared Error (rMSE) are used to evaluate in all exper-
iments. Temporally, continuous SSIM (cSSIM) is de-
signed to quantify the structural consistency between adja-
cent frames in the temporal dimension. Assuming a time
series contains N consecutive frames , corresponding to
time points t = 1, 2, ..., N , denoted as I1, I2, ..., IN with
adjacent frame pairs (It, It+1) (a total of N − 1 pairs), its
formula is: cSSIM = 1

N−1

∑N−1
t=1 SSIM(It, It+1) where

SSIM(It, It+1) is the structural similarity of a single pair
of adjacent frames. We then define a spatial average score
Avg.SSIM by averaging the SSIM over both datasets, and a
temporal average score Avg.cSSIM by averaging the cSSIM
over both datasets. Both average metrics lie in [0,1], with
larger values indicating better overall performance.

Implementation Details We adopt the ControlNet [75]
as the model backbone and make U-Net [60], image en-
coder Eimg trainable as well. Training and testing were im-
plemented on an NVIDIA A100 GPU with 40GB of mem-
ory. For all of the hyper parameters in training process, total
epoch is 14, batch size is 4, λSpatial = 6.0, λTemporal = 1.0,
the Ki = 2 for the best performance in Abdominal DCE-
MRI; λSpatial = 4.0, λTemporal = 1.0, the Ki = 2 ob-
tains the best performance in Breast DCE-MRI. The whole
pipeline is two-stage, first stage performs a diffusion warm-
up to stabilize the initial latent space, then introduces spa-
tial regularization to establish patient-specific content. The
loss function is L1 = LDiffusion + λSpatialLSpatial where
λSpatial represents the hyperparameter for the strength of

spatial regularization. The second stage switches to tem-
poral regularization to leverage the aligned content and
achieve smooth transitions. The loss of the second stage
is L2 = LDiffusion + λTemporalLTemporal.

Comparisons Setting Recent controllable image gener-
ation frameworks [32, 41, 42, 75]. DCE-MRI contrast en-
hancement method [50], ContrastControlNet (CCNet) are
compared. All the hyperparameter experiment settings are
the same, the time inputs are formulated as ”HH:MM:SS”,
where HH, MM, SS mean the hours, minutes and seconds
of the time interval between the pre-contrast images and the
generation. CCNet, T2I and ControlNet are all based on
SD1.5 [60] following [42].

4.1.2. Comparison Analysis
Quantitative Results Analysis Quantitative results on both
datasets show our method outperforms others in spatial fi-
delity and temporal smoothness (Tab. 1), leading in Avg.S
and Avg.T. Spatially, our LAL module preserves anatomical
consistency, achieving the best SSIM, LPIPS, and rMSE.
While CCNet attains high PSNR, it fails to fully converge
under the same training settings—producing over-smoothed
predictions that lose structural detail, hence poor SSIM,
LPIPS, and rMSE. Excluding this case, our method reaches
24.06 PSNR, 0.7419 SSIM, and 0.2622 LPIPS on the Ab-
dominal DCE-MRI dataset, and leads all spatial metrics
on the Breast dataset. The higher rMSE of the Breast
dataset (intensity range 0–4000) stems from data distribu-
tion rather than generation performance. Temporally, our
method achieves the highest cSSIM (0.8451 for Abdomi-
nal, 0.3900 for Breast DCE-MRI), preserving inter-frame
structural coherence with smoother enhancement kinetics
and fewer abrupt intensity changes.

Visualization Results Analysis As shown in Fig.4 and
Fig.5, the visualization sequences of both datasets demon-
strate that our method achieves high spatial reality and nat-
ural kinetics, both closely matching the ground-truth. Cus-
tomDiff and T2I generated images with severe deviations
from the ground-truth, suffering from blurred organ con-
tours and distorted dynamic enhancement gradients of con-
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Figure 4. Visualization results in Abdominal DCE-MRI: The visualization results of our methods on different time points exhibit better
spatial reality (zoom-in regions in blue boxes) and temporal continuities than comparisons (connected green boxes), whereas other methods
show deviations from realistic kinetics or lack of dynamic consistency.

trast agents. CCNet failed to converge, leading to exces-
sively smooth images, severe spatial structural distortion,
and the appearance of color blocks, which is consistent with
the previously analyzed characteristic of high PSNR. Edi-
tAR and ControlNet have normal spatial structures, but their
kinetics both deviate from the normal pattern. More visual-
ization results are in Supplementary.

4.2. Ablation Study and Model Analysis
Component Ablation The ablation studies in both datasets
show the effectiveness of our proposed innovations. As
shown in the downside part of Table.1, the LAL achieves
2.46% SSIM and 1.07 PSNR improvement in Breast DCE-
MRI, which demonstrates the effectiveness of consistency
owing to LAL. If using alone, significant promotion also
represents its temporal smoothness compared with baseline,
which achieves 1.25% SSIM in Abdominal DCE-MRI and
5.09% improvement in Breast DCE-MRI. When combin-
ing two innovations, the improvement results show that un-
der the premise that LAL has formed better spatial struc-
tural consistency, further enhances both temporal dynamic
smoothness and spatial structural consistency.

Contrast Agent Kinetics Time Curve As shown in
Fig.6, the performance of the curves across the three
key phases in clinical use demonstrates out method has a
stronger capability in modeling the contrast agent kinet-
ics. We performed equidistant sampling for the artery phase
(1–15 s), vein phase (55–72 s), and delay phase (90–300 s)
according to the common acquisition time. The sampling
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Figure 5. Visualization results in Breast DCE-MRI: The visu-
alization results achieves temporal consistent (connected green
boxes) with contrast agent kinetics, demonstrating superior fidelity
in breast DCE-MRI sequence generation.

results of the mean gray value at each time point for the re-
nal region of interest from each method were normalized to
compare their smoothness and stability. In (a) artery phase,
MRI CEKWorld exhibits a stable increase, which precisely
matches the physiological process of rapid contrast agent
filling in the artery phase. In (b) vein phase, ours shows
a curve pattern of smooth transition, which reflects its ac-
curate capture of the kinetics process of contrast agent in
the vein phase. The curves increase by the accumulation
of contrast agent within the interstitial space of the renal
parenchyma then decrease owing to the washout phase. In
contrast, competing methods such as CCNet and EditAR
exhibit obvious abrupt fluctuations in their curves. In (c) de-
lay phase, ours first maintain a stable signal level and then
decays smoothly over time because this is fully consistent
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Figure 6. Contrast agent kinetics time curve: The curves in (a)
artery phase, (b) vein phase and (c) delay phase are more stable
and smooth than compared methods.

with the physiological mechanism of gradual contrast agent
clearance in the delay phase, verifying its reliable modeling
capability for long-term enhancement dynamics.

Hyper-parameter Ablation of λSpatial In Fig.7 (a), the
transition of λSpatial shows a trend of first increasing and
then decreasing in terms of SSIM and PSNR metrics.
Since λSpatial determines the spatial regularization strength
of LAL, when λspatial is small, the constraint of distance con-
sistency is weak, and the generated results deviate from the
template; when λSpatial is moderate which λSpatial is 6, the
constraint strength achieves a balance between following
the template and preserving feature diversity; when λSpatial
is excessively large, this constraint rigidly enforces features
to stay close to the template, suppressing the reasonable fea-
ture differences that should exist between time points.

Hyper-parameter Ablation of Ki As shown in Fig.7,
the variation of Ki also shows a first increasing then de-
creasing trend in terms of cSSIM that measures continu-
ity. With the increase of Ki, the newly added intermediate
sampling points exactly fill the gaps in the sparse temporal
sequence, which provides the model with more refined in-
termediate states in temporal evolution, enabling it to more
accurately learn the continuous changes of contrast agent
kinetic laws. However, when Ki exceeds 2, an excessive
number of intermediate sampling points do not come from
the real data distribution and carry noise that deviates from
real patterns. This interferes with the model’s learning of
real temporal features, leading to a subsequent decrease.

Latent Representation at Continuous Time Points As
shown in Fig.8, the distribution of continuous sequences
generated by MRI CEKWorld is continuous and consistent,
which demonstrates the spatial consistency and temporal
continuity are preserved in the latent space. We visualize
such a distribution by compressing the latent space vectors
obtained from the latent space in ControlNet during the re-
verse process into a low-dimensional space via principal
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Figure 7. Hyperparameter analysis: Analysis of λSpatial and
Ki shows a trend of first increasing and then decreasing. (a) PSNR
and SSIM increase by allowing more dynamic diversity, decrease
due to over-suppression on the dynamic. (b) cSSIM increases by
filling temporal gaps, and decreases due to noise influx.

component analysis, and using the corresponding time for
coloring (the lighter and yellower the color, the larger the
time value). In Fig.8 (a), the dots show a disperse state,
indicating that their latent features have no obvious tem-
poral pattern in the low-dimensional space and the feature
distribution across different time points is chaotic. In con-
trast, our dots are distributed consistently and continuously,
which suggests that the features at different time points have
a strong clustering property, indicating that the consistency
is stably preserved over time. Furthermore, as time pro-
gresses, the color sequentially changes from light to dark,
reflecting that the features transition smoothly. It is worth
noting that the outliers in the upper right corner of Fig.8 (b)
correspond to the feature points at = 0 s and = 1 s. Due
to the limitation of the central difference in Eq.3, the con-
straints on these two points are neglected.
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Figure 8. Distribution in latent space: The distribution of feature
points in the latent space demonstrates generations of continuous
time points adhere to temporal continuity and spatial consistency.

5. Conclusion
In this paper, we introduced MRI CEKWorld, the first
contrast enhancement kinetics world model designed to
simulate contrast agent kinetics in human body for the
inefficient information yield in clinical MRI acquisition.
Exploiting the inherent spatiotemporal consistency of
contrast enhancement, we devised a spatiotemporal con-
sistency learning under a sparsely sampled dataset which
includes the latent alignment and difference learning.
Despite its strong performance, we will extend to other
contrast-enhanced imaging modalities, such as computed
tomography, aiming for a unified contrast kinetics world
model.
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