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benchmarks its performance and accuracy against established techniques. Finally, Section 5 discusses the 

broader implications of our findings, acknowledges limitations, and outlines future research directions.  
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2 Related works 

The challenge of atmospheric retrieval has spurred the development of diverse computational strategies, 

each navigating a fundamental trade-off between mathematical rigor, computational speed, and 

observational flexibility. Early deep learning approaches showed promise but often had limitations; for 

instance, GAN-based retrievals struggled with parameter estimation [22], while Random Forest methods 

were often confined to low-dimensional problems [23-25], and early CNNs like ExoCNN could not produce 

complex, multi-modal posteriors. 

This has led the field to converge on Simulation-Based Inference (SBI) as the most promising path forward. 

This section surveys the three dominant paradigms within this modern context - classic sampling, amortized 

inference, and sequential inference - to identify the architectural gap that our work addresses. 

2.1 Classic Bayesian Sampling: The Rigorous but Slow Gold Standard 

Traditional atmospheric retrieval relies on robust Bayesian sampling techniques. Nested sampling 

algorithms, as implemented in tools like MultiNest [4], and MCMC variants like Hamiltonian Monte Carlo 

(HMC) [19] and the No-U-Turn Sampler (NUTS) [20], are considered the gold standard for their 

mathematical rigor. These methods are the most reliable as they explore the full posterior distribution, 

providing parameter uncertainties and direct log-evidence values for Bayesian model comparison. 

However, their strength is also their primary weakness. The computational cost scales super-linearly with 

the number of model parameters, as each of the thousands of required likelihood evaluations demands a 

full forward model simulation. This leads to prohibitive runtimes, often lasting up to days for a single JWST 

spectrum, rendering them impractical for the large-scale surveys that will define the next era of exoplanet 

science.  

2.2 Amortized Deep Inference: Fast but Inflexible 

To break the computational scaling barrier, amortized inference methods leverage deep learning to learn a 

direct mapping from an observation to its posterior distribution. After a significant, one-time, up-front 

training cost, inference becomes nearly instantaneous. 

 

The power of this approach has been demonstrated by multiple groups. The work of Vasist et al. [7] used 

Neural Posterior Estimation (NPE) to achieve a 4000x speedup over MultiNest, but this required a 20
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negative values and ensure normalized values did not exceed one. This process yielded a final dataset of 

approximately 63,000 spectra. 

3.2.2 Noise and Binning 

After simulating the spectra, I utilized the public package PandExo [18] to add JWST instrument noise to 

the full spectrum, using the star parameters of HD 209458. I selected the NIRSpec PRISM, as prior 

observations of the exoplanet Wasp 39b with this instrument would allow for comparison with actual data 

and the best-fit model. Consequently, I applied a noise floor of 15 ppm, representing the instrument's upper 

limit. Following the addition of noise, I obtained the wavelength binning from the noisy spectrum and 

rebinned the clean spectra to match this wavelength range, producing a corresponding clean version of the 

noisy spectra. A comparison is provided below. 

 
Figure 2                Example spectrum with noise  
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Figure 5              Validation losses across autoencoder architectures 

Ultimately, both the dense and convolutional autoencoders showed promise, while the LSTM autoencoder 

seemed to perform poorly, with its loss plateauing within the first few epochs, indicating minimal learning. 

This may be attributed to the LSTM's complexity, its limitations in effectively capturing local patterns, and 

potential issues with gradient descent during training. While LSTMs are adept at handling sequential data, 

they may not be optimal for tasks that require a focus on the local features inherent in spectral data. For 

those more familiar with LSTM architectures, further exploration might uncover optimizations to enhance 

performance. However, I chose to proceed with the convolutional and dense autoencoders, as they 

demonstrated greater effectiveness for denoising in this context. 

The loss graph clearly indicated that the convolutional autoencoder outperformed the dense autoencoder, 

prompting me to fine-tune and optimize this model. I conducted a sequential hyperparameter sweep, testing 

learning rates from 0.01 to 0.00001, activation functions (ELU, ReLU, GELU, and LeakyReLU), 

normalization functions (batchNorm, instanceNorm, groupNorm), dropout rates from 0 to 0.5, kernel sizes 

from 3 to 7, and hidden dimension configurations of [64, 32], [128, 64], [256, 128], and [512, 256]. 

I ultimately identified the optimal hyperparameters as a learning rate of 0.001, an ELU activation function, 

batch normalization, no dropout, a kernel size of 7, and hidden dimensions of [64, 32]. With these settings, 

I began training the optimal model on the full dataset. However, after early stopping at 30 epochs, the 

validation losses were unexpectedly poor. Previously, while testing the dense autoencoder on the full 

dataset for 100 epochs, I had halted training early at around 5 epochs due to excessive duration. I preserved 

the loss measurements for potential future reference, but the convolutional autoencoder I was currently 20
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training yielded worse loss metrics than the initial dense autoencoder. This may be due to the convolutional 

structure being advantageous for smaller datasets, facilitating more effective backpropagation hence 

creating deceiving results. Consequently, I decided to switch my focus back to the dense autoencoder and 

conduct another hyperparameter sweep. 

This time, I identified an optimal learning rate of 0.001, a GELU activation function, instance 

normalization, and a dropout rate of 0. However, this optimization appeared ineffective since the parameters 

were largely unchanged, apart from the activation function. The results of these optimisations can be found 

below: 

 
Table 4               1 - RMSE before and after optimisation 

Despite the modest gains, it is clear that the optimisations did indeed benefit the model, confirming their 

potential. With the denoising process refined, I turn to the next phase of the generative pipeline: data 

imputation. 

 

 

3.3.2 Generation 

In the realm of data generation, Generative Adversarial Networks (GANs) emerge as a prominent choice. 

The key advantage of this model lies in its unique adversarial training mechanism, which involves two 

competing neural networks: the generator and the discriminator. The generator's objective is to produce 

samples that can deceive the discriminator, which is tasked with distinguishing between the real and 

generated spectra.  
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Figure 6          Diagram of a Generative Adversarial Network 

This competitive interaction seeks to converge and reach the Nash equilibrium, a theoretical concept in 

game theory in which both players play perfectly and reach a state where changes in strategy would lead to 

inefficiencies. This results in the generation of high-quality, realistic samples as both networks 

progressively improve their respective abilities. 

 

Formula 3         Minimax objective function for optimal discriminator  

As for our main purpose of data imputation, we can make a reference to the framework utilised within 

Generative Adversarial Imputation Nets (GAIN) [8], which employs a random mask to simulate missing 

data. However, instead of utilising a random mask, we propose using a static mask that specifically 

represents the wavelength range of the instrument used for the spectra to be retrieved, in our case the James 

Webb Space Telescope (JWST). This approach allows for a more focused application of our model. 

Additionally, it is theoretically possible to implement a different mask for retrieving data from other 

instruments, such as the Hubble Space Telescope's Wide Field Camera 3 (HST WFC3). 
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Figure 7          Mask for spectral data (left: random mask, right: specialised mask) 

I first tried out this model with a DCGAN, one of the most commonly used GAN architecture-types, 

standing out as a simple yet effective choice. DCGAN is a convolutional neural network, which differs 

from a vanilla GAN in that it specialises more in visuals. Specifically, a convolutional neural network 

makes use of a convolution filter or a multi-dimensional vector representation to extract specific features 

such as edges or textures from the input data. Although the spectral data is 1 dimensional, it can be encoded 

using a 2D image such that we can fully exploit the feature extracting prowess of the DCGAN. 

 

To preprocess the data, I first normalised the data and converted it into a pixel grid. The difference can be 

observed below.  

 
Figure 8                 Spectrum converted into image for GAN (left: masked, right: unmasked) 

I then trained the DCGAN to recreate the image on the right given the image on the left by adding the initial 

input into the output, masking the generated spectrum for 20 epochs. I obtained the following terrible 

looking result on a benchmark spectrum: 20
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Figure 9                              GAN result after 20 epochs  

From this result, it was apparent that the GAN reconstruction was slightly offset from that of the real spectra, 

leading to this unfortunate result. To fix this, I attempted to add a baseline calibration unit to the generator, 

which has trainable offset and scale parameters to remedy this issue. However, the end result got worse, as 

it appeared the GAN had likely experienced mode collapse, where it found a certain number of suitable 

modes of data distribution rather than capturing the full diversity of the target distribution for the baseline 

calibration.  

 
Figure 10                                       GAN results with baseline calibration 

As a result, I decided that it was likely a problem with the architecture itself, and decided to experiment 

with other architectures. 
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U-Net is another particularly promising architecture due to its unique design and capabilities, which can 

be effectively leveraged in the context of generative tasks. Its distinctive feature is the U-shaped structure, 

which consists of a contracting path to capture context and a symmetric expanding path that enables 

precise localization. This architecture is particularly advantageous for tasks involving image-to-image 

translation, as it effectively combines low-level features from earlier layers with high-level features from 

later layers. In the context of spectra generation, U-Net's ability to retain spatial information while 

generating outputs makes it a strong candidate for producing high-fidelity spectral data. Its skip 

connections facilitate the transfer of detailed information, resulting in more accurate reconstructions of 

spectra. 

 

Figure 8          DCGAN (left) vs U-Net (right) architecture 

 

I also decided to try out an Attention -based generator, which utilises an attention block, allowing the 

model to focus on specific parts of the input data when making predictions. This means that the neural 

network may potentially be able to focus on the specific positions where the mask transition occurs (i.e. 

the edges of the input), potentially allowing it to gain an edge over the other models. I decided to utilise 

comparison metrics of MSE, MAE and a custom metric of spectral continuity to prevent the sharp dropoff 

that occurs at the mask boundaries.  

 
Formula 4             Spectral continuity metric 

However, this ended up being obsolete as shown below.  20
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Figure 9                  Model comparisons 

 

Although not easily observed due to the incredibly high outliers, UNet comes out on top in terms of both 

the median, where it narrowly beats the Attention and DCGAN in MAE and spectral continuity and loses 

to Attention in MSE by a small margin.  

 

As a result, I decided to conduct a hyperparameter search on the UNet, obtaining an optimal learning rate 

of 0.00005, ReLU activation, 2 residual blocks and instance normalisation. Additionally, in an attempt to 

fix the issue of the misaligned reconstructions, rather than simply using a combination of the F1 loss and 

adversarial loss, I chose to include the spectral continuity metric in addition to a new physics-based loss: 

 
Formula 5                     GAN Loss 

This led me to obtain the following results:  
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Figure 10                   GAN w/ loss + modifications 

To enhance the reconstruction quality, I opted to implement pretraining for the GAN. Specifically, I pre-

trained the model for 10 epochs to ensure that the discriminator does not become overly dominant, which 

could hinder the generation of accurate losses.  

 
Figure 11                              Final GAN output 

With these new modifications, I was able to achieve a 98.5% reconstruction accuracy compared to an initial 

85.4% from the start of the experimentation.   
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3.3.3 Validation 

To benchmark this entire process, I decided to take the trained GAN and VAEs and combine them into 

the pipeline, before using 1000 spectra to test their reconstruction loss. I was able to obtain a spectacular 

99.05% average reconstruction accuracy according to Formula 2 (1 - RMSE). An example of the 

retrieved spectra can be found below. 

 
Figure 12                        Example of generative pipeline output 

 

3.4 Parameter Retrieval 

The key difficulty in performing parameter retrievals for spectral data lies in the high dimensionality  of 

parameter spaces and complex distributions that can arise from the complex models used to generate 

them. The ultimate goal of a parameter retrieval is to identify the most likely parameter values given some 

data. However, in the case of complex distributions, multiple modes may exist, making a single prediction 

insufficient. Such an oversimplification fails to capture the full complexity of the underlying data. 

As a result, the underlying distribution must be obtained, and this can be solved using the Bayesian 

paradigm. Bayesian inference is a statistical approach that incorporates prior knowledge or beliefs about 

parameters along with observed data to update our beliefs in light of new evidence. It is grounded in 

Bayes' theorem, which provides a mathematical framework for this updating process.  

 

Formula 6          �%�D�\�H�V�¶���7�K�H�R�U�H�P 
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based representation of the posterior without requiring explicit likelihood evaluations. However, neural 

posterior estimation is an amortised estimator, meaning it is written to be generalised to many 

observations and requires a large dataset. This problem can be solved using an alternative approach.  

3.4.2 Sequential and Truncated Methods 

Whereas neural posterior estimation models are trained with a fixed set of simulations drawn from the 

prior and likelihood and can generate posterior samples for any observation x after training, sequential 

neural posterior estimation [15] proceeds in multiple rounds, with each round drawing parameters from 

the proposal distribution, generating simulations and updating the estimator using the data collected at 

each point. The proposal distribution is also refined to focus on more relevant regions of the parameter 

space, meaning it is more tailored to retrieve posterior samples for the observation of interest rather than 

any new observation outside of the relevant parameter space. The differences can be observed in the 

diagram below. 

 

Figure 14            NPE vs SNPE training process 
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the posterior estimate. This innovative approach transforming samples from the target posterior into a 

tractable reference distribution has demonstrated significant promise, particularly in high-dimensional 

retrieval tasks, suggesting that it may offer enhanced performance compared to traditional sampling 

methods. To investigate the efficacy of these advanced methods, I will conduct a series of experiments 

comparing the performance of TSNPE and the score-based approach against traditional SNPE techniques. 

The results of these experiments will provide insights into their relative strengths and applicability in 

various scenarios. 

 

Figure 16              Diagram representing SNPSE process (obtained from L. Sharrock et al [3]) 

 
Figure 17                  SNPSE Loss function (obtained from L. Sharrock et al [3])  

 

3.4.3 Model Selection 

To test these models, I utilised the sbi package [26] to implement the algorithms of TSNPE, SNPE and 

TSNPSE. In order to ensure that the neural posterior estimation models were sufficiently apt in their 

predictions, I utilised a custom neural spline flow based density estimator, with the implementation 

architecture detailed below detailed below: 
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Table 5                          Density estimator with neural spline flows: architecture 

 

To carry out the trials, I first generated a simple spectrum with a limited number of parameters compared 

to the simulation dataset. The ground truth can be found below. 

 
Table 6                               Ground truths for simulated observation 
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Figure 19                                    Posteriors obtained using TSNPE 

The TSNPE process also demonstrates the same capabilities, due to the fact that it utilises the same base 

algorithm to predict the spectra. However, its use of truncated proposals means it had almost half the 

training time, which makes it impressive that it is able to produce these posteriors as well. It also appears 

to have higher confidence in general compared to the SNPE results from earlier.  20
25
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Figure 20                            Posteriors obtained using TSNPSE 

Finally, the TSNPSE returned incredibly clean posteriors that lack any sign of multimodality. This is 

likely due to its score-based nature and transformation of samples from the target posterior to a tractable 

reference distribution, leading to a cleaner, simpler distribution. Compared to the other models, this model 

exhibits a significant capability in predicting the parameter values with greater accuracy, although its 

wide uncertainties are a large downside.  
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4 Evaluation 

 

To demonstrate the performance and viability of the end-to-end FlexARE framework, we conducted a 

comprehensive case study on a complex, 15-parameter simulated observation. The raw, noisy spectrum 

was first processed by our generative module to produce a clean, high-fidelity input for the inference 

engine, which took approximately 2 seconds. The ground truth parameters and final reconstruction can be 

seen below: 

 
Table 8            Ground truth for final spectrum 

 
Figure 21                               Final reconstructed spectrum  
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4.1 Retrieval Accuracy and Posterior Quality 

To retrieve the spectra, the preprocessed spectra was put into the SBI backend, where the TSNPE model 

was then run for 10 rounds with 1500 simulations per round to retrieve the atmospheric parameters. The 

entire process, from noisy spectrum to final posterior, serves as a proof-of-concept for the full pipeline. 

 
 

Figure 22                     Final TSNPE posteriors for pre-processed spectrum 
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Table 9                   Final prediction results for preprocessed spectrum 

We obtain incredible results from the FlexARE retrieval for the key parameters (those determining the 

temperature and molecular composition). As shown in Table 9 and the posterior distributions in Figure 

22, the framework successfully constrained the vast majority of the 15 atmospheric parameters. However, 

it is apparent that the prediction values for the lee-mie scattering and radius (which is quite unusual) is 

uncertain. However, during typical retrievals, this value is often already known. As a result, in the 

calculations for the accuracy, I chose not to include this value. The values which are not as accurate also 

have wider posteriors, indicating that the values are uncertain.  

The retrieved values are well-centred on the ground-truth, leading to a final mean parameter accuracy 

of 89.2%. This high accuracy on a complex, high-dimensional problem validates the design of both the 

generative pre-processor and the SBI back-end. The posteriors are well-behaved and provide meaningful 

uncertainty quantification for the retrieved parameters 
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amortised training method instead, using the noise processing module to preprocess the observation. This 

not only means a reduced dataset size due to not having to generate noisy copies of the data, but also 

leads to more accurate results. Additionally, multiple modules could be added, meaning the pipeline can 

allow for multiple noise profiles from multiple instruments simply by adding more autoencoders, or 

introducing a multi-view autoencoder that can handle all noise profiles without issue. This means that 

multiple observations from multiple instruments could potentially be combined into one. Additionally, 

each separate model can be trained and optimised individually to allow for greater efficiency.  

 

Through these various benefits, FlexARE opens up the possibility of having and even combining more 

sources of data (such as from amateur astronomers, as the preprocessing module can allow for high signal 

to noise (SNR) ratios) in addition to allowing for more efficient exploration of exoplanetary atmospheres.  

 

However, FlexARE does indeed still have its flaws. Most importantly, the method in which data, inputs 

and outputs are transferred between the different modules are important and may lead to extra 

hyperparameters involved and more complex modifications compared to single models. Additionally, the 

lack of dependencies between the modules means that loss cannot propagate through the entire model, 

meaning certain optimisations cannot be achieved. This issue could potentially be resolved through 

implementing learnable normalisation layers between the modules after each model is individually trained 

and optimised, allowing for the loss propagation and simplifying the different data normalisation 

processes that may be used within each model.  

In terms of the explorations of different modules, it is clear that there are definitely ways to refine this 

model tremendously in the future. For example, we can experiment with adding in different autoencoder 

models for different noise profiles, and even incorporate a multi-view variational autoencoder [28] due to 

it allowing for learning joint representation of multiple modalities (in this case noise profiles) of data. As 

for the GAN, we can experiment with adding masks other than JWST such as for the Hubble Space 

Telescope spectra or even future ARIEL spectra wavelengths. However, a better option would be to 

simply implement the GAIN [8] algorithm, allowing for completion of even patchy spectra and the 

combination of multiple observations from multiple instruments. This may even allow amateur 

astronomers to submit their own data and have it be used for atmospheric retrievals if a web interface is 

created.  

 

In the case of the retrieval module which utilises simulation-based inference methods, there also exist 

many methods that allow for non-amortised retrievals based on multiple observations, such as flow 20
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