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Abstract. Accurate synthetic Computed Tomography (sCT) genera-
tion from magnetic resonance (MR) imaging is critical for downstream
clinical applications such as radiotherapy dose calculation. Optimising
multi-objective loss functions remains a key challenge in medical image
translation. While the current state-of-the-art nnsyn algorithm demon-
strates highly robust performance in sCT generation, its statically weighted
multi-objective loss function lacks the adaptability required to fully re-
solve gradient interference in anatomically complex regions such as the
abdomen. To address this, we present a dynamic loss weighting frame-
work utilising Random Loss Balancing with Random Lookback (ReLo-
BRaLo). By dynamically balancing the multi-objective loss function as
the model trains, our approach systematically avoids gradient conflict
by initially prioritising global Mean Squared Error before shifting focus
to Anatomical Feature Perception Loss. We evaluated the framework
on 175 abdomen MR-CT patient pairs from the SynthRAD2025 Grand
Challenge dataset. The ReLoBRaLo implementation yielded statistically
significant improvements (p < 0.05) over the static nnsyn state-of-the-
art baseline, SoftAdapt relative balancing and Gradient Normalisation
(GradNorm) implementation across all evaluated metrics. It achieved su-
perior voxel-wise similarity (MAE, PSNR, MS-SSIM) and geometric con-
sistency (mDice, HD95). Furthermore, this structural fidelity is achieved
with a negligible 0.3% computational overhead per epoch. Our frame-
work provides a highly scalable, mathematically principled approach to
loss balancing, successfully bridging the gap between global image struc-
ture and high-fidelity anatomical detail required for robust medical image
translation.

Keywords: Synthetic CT · MR-to-CT Translation · Loss Function Bal-
ancing · Dynamic Weighting.
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1 Introduction

Radiotherapy planning traditionally relies on Computed Tomography (CT) for
dosimetric calculation and Magnetic Resonance Imaging (MRI) for superior soft-
tissue target delineation [10]. However, co-registering these modalities inherently
introduces anatomical mismatches. These errors are severely compounded in the
abdomen and lungs due to intrinsic organ motion (e.g., respiratory and cardiac
motion), leading to 2-5mm misalignments that can compromise dose distribution
and risk healthy tissue [3, 6, 8].

An MR-only workflow resolves this by utilising deep learning to generate syn-
thetic CTs (sCT) directly from MRI, eliminating registration errors and reducing
unnecessary ionising radiation. The primary challenge in MR-to-CT translation
is generating an sCT with both high voxel-wise image similarity and strict ge-
ometric boundary consistency. As highlighted by the SynthRAD2025 challenge
report [9], achieving this accuracy in the abdomen and lungs is exceptionally
difficult; the higher anatomical complexity, larger field of view, and massive
inter-patient heterogeneity significantly degrade sCT fidelity compared to less
mobile regions like the head and neck.

To address the limitations of existing generative approaches, this work builds
upon the nnsyn framework [12]. This architecture was selected for its demon-
strated state-of-the-art performance in the SynthRAD2025 challenge [11], where
it secured overall first place among sCT generation methods. However, while
the framework’s robust ensembled ResUNet achieved high accuracy, its reliance
on a 50/50 statically weighted composite loss function between Mean Squared
Error (MSE) and Anatomical Feature Perception (AFP) [7] introduces a critical
optimisation bottleneck. Static weights fail to adapt to evolving training dy-
namics, inevitably causing gradient interference between global image similarity
and fine-grained anatomical perception. By adopting the nnsyn backbone, this
research isolates this static limitation, allowing for a focused investigation into
how dynamic balancing can overcome the flaws of static composite loss functions
to further improve high-fidelity sCT generation.

Our main contributions are summarised as follows:

– We identify the inherent gradient interference between global image simi-
larity and local geometric consistency caused by static loss formulations in
medical image synthesis. To resolve this, we propose an adaptation of Rela-
tive Loss Balancing with Random Look-back (ReLoBRaLo) [1], introducing
a dynamic loss weighting framework specifically tailored to mitigate gradient
conflict in the MRI-to-CT translation task.

– We successfully integrate this balancing mechanism into the state-of-the-
art nnsyn architecture, a state-of-the-art baseline model. In doing so, we
demonstrate that dynamic objective balancing eliminates the manual tuning
bottleneck of the original static implementation, elevating an already highly
robust ensembled ResUNet backbone.

– Through a comprehensive ablation study, we provide empirical validation
that our dynamically weighted framework yields statistically significant im-
provements over the original static baseline, as well as competing loss-balancing
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algorithms including Gradient Normalisation (GradNorm) [2] and SoftAdapt
[4]. By isolating the loss formulation, we demonstrate that our approach
achieves superior performance across both voxel-wise intensity metrics (MAE,
PSNR, MS-SSIM) and geometric boundary metrics (mDice, HD95), all while
introducing negligible computational overhead to the training pipeline.

2 Methodology

2.1 Pre & post-processing

To ensure a fair and consistent comparison with the static baseline, all MR
and CT volumes underwent the standardised pre-processing and post-processing
pipelines established by the nnsyn framework [12]. Briefly, this included regis-
tering the CT to the MRI using elastix [5] and utilising intensity clipping with
z-score normalisation. The network outputs were subsequently reverted to their
original physical spacing and Hounsfield Unit scales prior to all quantitative
evaluations.

2.2 Model Architecture

The core nnsyn model utilises the 3D ResUnet-L architecture. The network com-
prises 6 stages, containing [1, 3, 4, 6, 6, 6] blocks respectively, with corresponding
feature map dimensions of [32, 64, 128, 256, 320, 320]. Each block consists of
two Conv3d layers, two Instance Normalisation layers, and two LeakyReLU ac-
tivations. Skip connections are employed to enhance synthesis quality.

The model was trained using a composite Masked Anatomical Perception
loss, which is a combination of AFP loss [7] for geometric consistency and
a masked MSE loss for image similarity. The baseline nnsyn model statically
weighted each loss term λmse and λafp equally at 0.5. The final loss was defined
as:

LMAP =λmseLMSE(sCT ·m,CT ·m)+

λafpLAFP (f(sCT ·m− (1−m)), f(CT ·m− (1−m)))
(1)

Where m is the body contour mask, sCT is the predicted CT, CT is the ground
truth CT, and f is the student TotalSegmentator. Figure 1 shows the high-level
architecture of the baseline state-of-the-art nnsyn model [12].

2.3 Dynamic Loss Framework

In standard generative frameworks, the composite loss is defined as a statically
weighted sum of objective terms. However, enforcing static weights creates in-
herent gradient interference during MRI-to-CT translation. In the optimisation
process, the network must update its weights to learn the macroscopic bulk
density distribution (guided by the MSE loss). Conversely, localised anatomical
boundary preservation (guided by the Masked AFP loss) is highly disruptive if
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Fig. 1. Model architecture of nnsyn [12]. A shows how the segmented label maps of
each CT are produced using TotalSegmentator and nnUNetv2. B demonstrates how
the synthetic CTs are produced using nnUNetv2. C highlights the MAP Loss function,
masking the synthetic and ground truth CT with the body contours provided. D details
our proposed MAP loss function, which uses the ReLoBRaLo algorithm to dynamically
balance the MSE and AFP loss (See eqs. (1) to (3) for the full balancing algorithm).

enforced before the global image similarity stabilises, often resulting in anatom-
ical artefacts and training instability.

To autonomously resolve this objective conflict, we adapt the ReLoBRaLo
algorithm [1] for the MR-to-CT synthesis task. ReLoBRaLo replaces static coef-
ficients with dynamic, epoch-dependent weights that continuously adapt based
on the relative convergence speed of each specific loss term.

The total dynamically weighted loss at epoch t is defined as:

LMAP (t) = λmse(t)LMSE + λafp(t)LAFP (2)

Unlike magnitude-based balancers, such as Gradient Normalisation (Grad-
Norm) [2], ReLoBRaLo computes the dynamic weights λi(t) for each objective
i ∈ {mse, afp} by evaluating the historical relative loss improvement (See sec-
tion D of Figure 1). The algorithm for this loss balancing technique is defined
as:

λbal
i (t, t′) = n ·

exp
(

Li(t)
T Li(t′)

)
∑n

j=1 exp
(

Lj(t)
T Lj(t′)

) , i ∈ {1, . . . , n}

λhist
i (t) = ρλi(t− 1) + (1− ρ)λbal

i (t, 0)

λi(t) = αλhist
i + (1− α)λbal

i (t, t− 1)

(3)
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The default parameters of this algorithm were used as per the ReLoBRaLo
official implementation [1]. The exponential decay rate α = 0.999, the Bernoulli
random variable ρ = 0.99, giving an E[ρ] close to 1. The value n is the total
number of loss terms. The intermediate step λbal

i (t, t′) calculates the scalings
based on the relative improvements of each term between time steps t′ and t.
The following step λhist

i (t) defines whether the scalings calculated in the previous
time step (ρ evaluates to 1) or the relative improvements since the beginning of
training (ρ evaluates to 0) should be carried forward [1].

To isolate the efficacy of the proposed ReLoBRaLo framework, an ablation
study was conducted against a static weighting baseline, as well as two estab-
lished dynamic weighting algorithms: GradNorm and SoftAdapt. All models were
trained under the default nnsyn hyperparameters, differing only in how λmse and
λafp were calculated at each epoch.

3 Experiments & Results

3.1 Dataset

For this MR-to-CT translation task, the abdomen dataset was used from the
SynthRAD2025 Grand Challenge dataset. The data were collected from 5 dif-
ferent centres, including three hospitals in the Netherlands and two hospitals in
Germany [11]. In total, there were 175 MR-CT image pairs provided, as well as
their associated body contour masks. During the algorithm development, a 5-
fold cross-validation was embedded in the nnUNetv2 framework, with 140 pairs
used for training and 35 for validation.

3.2 Quantitative Evaluation

Metric Evaluation All 175 sCTs produced by the 5-fold cross-validation mod-
els were evaluated against the ground truth CTs from the SynthRAD2025 Chal-
lenge dataset within the associated body contour masks. All metrics presented
are derived from the internal validation split, as access to the official test set is
restricted. The evaluation uses both image similarity metrics and geometric con-
sistency metrics. The image similarity metrics included Mean Absolute Error
(MAE), Peak Signal-to-Noise Ratio (PSNR), and Multi-Scale Structural Sim-
ilarity Index Measure (MS-SSIM). Geometric consistency evaluation included
multi-class DICE coefficient (mDice), and Hausdorff Distance 95th percentile
(HD95). They were used in local validation (the code for the metrics is available
at: https://github.com/SynthRAD2025/metrics).

As detailed in Table 1, the integration of ReLoBRaLo yielded statistically
significant improvements (p < 0.05) across all intensity metrics compared to
the statically weighted baseline, except MS-SSIM and PSNR, which were ap-
proximately equal to the baseline. ReLoBRaLo achieved an average decrease of
0.0707 for MAE. Beyond global image similarity, the ReLoBRaLo implementa-
tion improved both the geometric consistency metrics, with an average increase

https://github.com/SynthRAD2025/metrics)


6 M. de Francesco et al.

Table 1. Quantitative comparison of synthetic CT generation models. Results are
reported as Mean ± Standard Deviation across 175 test patients. Best results are in
bold. ∗ denotes a p-value less than 0.05 and ∗∗∗ denotes a p-value less than 0.001, high-
lighting statistically significant improvement over the baseline nnsyn using a Wilcoxon
signed-rank test.

Model MAE (HU) ↓ PSNR (dB) ↑ MS-SSIM ↑ mDice ↑ HD95 (mm) ↓

Baseline nnsyn 35.28 ± 7.87 35.59 ± 1.93 0.968 ± 0.040 0.864 ± 0.044 4.27 ± 1.81
nnsyn + GradNorm 41.52 ± 9.20 33.81 ± 1.85 0.955 ± 0.050 0.829 ± 0.058 5.18 ± 2.48
nnsyn + SoftAdapt 35.05 ± 7.81∗∗∗ 35.65 ± 1.92∗∗∗ 0.968 ± 0.038∗∗∗ 0.867 ± 0.043∗∗∗ 4.22 ± 1.76
nnsyn + ReLoBRaLo 35.20 ± 7.83∗ 35.55 ± 1.93 0.968 ± 0.040 0.868 ± 0.042∗∗∗ 4.16 ± 1.78∗∗∗

of 0.0040 for mDice score and a decrease of 0.1123 for HD95. The reduction in
standard deviation for metrics in the nnsyn + ReLoBRaLo model demonstrate
that the relative-improvement balancing not only shifts the median performance
higher than the nnsyn baseline but also reduces the variance of the predictions.

Ablation Study As seen in Table 1, the ReLoBRaLo implementation outper-
forms SoftAdapt in geometric consistency (mDice, HD95), another relative loss-
balancing algorithm, whist also achieving comparable image similarity metrics
(MAE, PSNR, MS-SSIM). Validating our hypothesis that dynamically weighting
composite loss algorithms produces sCTs with greater accuracy. Conversely, the
GradNorm implementation suffered severe performance degradation. This imple-
mentation was statistically significantly worse in every metric when compared
to the baseline nnsyn, validating our hypothesis that magnitude-based scaling
is highly susceptible to gradient interference during MR-to-CT translation.

To contextualise the quantitative gains, Figure 2 provides a qualitative com-
parison of the lowest MAE patient case generated by the proposed model and
baselines. As highlighted by the zoomed-in patches, the proposed ReLoBRaLo
framework still preserves complex anatomical spinal boundaries compared to
both the static baseline and competing dynamic methods, but still exhibits a
lower MAE. Conversely, Figure 3 shows the worst-performing patient case by
MAE. In this instance, registration mismatches drive elevated global MAE across
all evaluated models; however the proposed ReLoBRaLo model still achieves
slightly better anatomical perception of the spinal region. Thus showing this
model does not introduce novel instabilities or geometric hallucinations when
stressed, successfully preserving the foundational robustness of the architecture.

Dynamic Weighting & Training Efficiency To understand the mechanism
driving these performance improvements, we analysed the trajectory of the dy-
namic loss weights (λmse and λafp) across the training epochs in fold 0 (see Fig-
ure 4). The empirical trajectory directly reflects our hypothesis regarding gradi-
ent interference. During the initial phase of training, ReLoBRaLo autonomously
prioritises the macroscopic MSE objective, forcing the network to establish ac-
curate bulk density mapping. As the bulk structure stabilises and the relative
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Fig. 2. Qualitative comparison of the best-performing case by MAE. A visualisation
of the middle axial slice of Patient 1ABA104. The error maps show the HU difference
between each model’s sCT and the ground truth CT.

Fig. 3. Qualitative comparison of the worst-performing case by MAE. A visualisation
of the middle axial slice of Patient 1ABC118. The error maps show the HU difference
between each model’s sCT and the ground truth CT.
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improvement of the MSE loss plateaus, the framework reallocates gradient focus
toward the localised AFP objectives.

Empirical logging of the training pipeline reveals an average epoch time of
69.81 seconds for the static nnsyn baseline, compared to 70.03 seconds for the
ReLoBRaLo model. This represents an increase of only 0.22 seconds per epoch
(a ≈ 0.3% overhead). Because the algorithm strictly relies on loss statistics and
a Softmax operation, it achieves optimal objective sequencing without compro-
mising the scalability required for this medical translation task.
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Fig. 4. The weight of λmse and λafp across 1000 epochs within fold 0 in the nnsyn
model using ReLoBRaLo.

4 Discussion & Conclusion

In this work, we presented a dynamic loss weighting framework utilising ReLo-
BRaLo to optimise the synthesis of CT images from MR sequences. Our results
demonstrate that an already accurate statically weighted baseline model, nnsyn,
can be improved upon with a dynamic loss framework. By autonomously bal-
ancing the optimisation trajectory, our framework systematically avoids gradi-
ent interference. This dynamic reallocation yields synthetic CTs that not only
achieve superior voxel-wise intensity metrics but also exhibit enhanced geometric
consistency (mDice, HD95).

The clinical implications of this structural fidelity are substantial. Accurate
preservation of soft tissue interfaces and skeletal boundaries is a strict prereq-
uisite for downstream tasks such as synthetic CT-based dose calculation in ra-
diotherapy. Furthermore, the integration of ReLoBRaLo introduces a negligible
computational overhead of approximately 0.3% per training epoch. By relying
on historical loss trajectories rather than complex auxiliary networks or second-
order derivatives, the framework maintains the high-throughput scalability re-
quired for volumetric clinical datasets.
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Future work will explore extending the dynamic weighting mechanism to
other model architectures and further medical image translation tasks, as well as
applying this proposed model to further patient data and clinical robustness tests
that include dosimetry metrics. In conclusion, the integration of ReLoBRaLo
provides a highly efficient, mathematically principled approach to loss balancing,
successfully bridging the gap between global image structure and high-fidelity
anatomical detail in MR-to-CT synthesis.
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