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My presentation focuses on the application of 
neural networks in pre-baked global illumination 
data. I'd like to thank my advisor, Amy Ackermann, 
for helping me devise a more apt title: "Decoding 
Light: Neural Compression of Global Illumination."



I am from LightSpeed Studios, a global game 
developer with over fifty games created.



•

•

•

my name is Luyan Cao. And I have dedicated over 
ten years to game development, focusing mainly 
on rendering. I have also worked at Netease and 
Bytedance, where I participated in projects such as 
"Where Winds Meet" and "Earth: Revival." 
Recently, my main focus has been on global 
illumination.

As a member of the Lightspeed Tech Department, 
which is a central technology group, my solution 
has been applied in several titles. I will share some 
videos from one of these titles to demonstrate.





The main part of this talk focuses on using neural 
networks to compress the irradiance volume to 
achieve the effects of Time of Day Global 
Illumination.



•

In the last few years, neural networks have 
become very popular. You might be tired of 
hearing about their use in seemingly everything. 
Nevertheless, it’s still valuable to explore how 
these networks can solve tangible problems 
encountered in game developing. I hope my 
exploration can provide some inspiration for 
practical applications.
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For stability and reduced runtime consumption, 
we employ a pre-baked GI approach. Compared to 
the more commonly used Lightmap, Irradiance 
Volume consumes less package space and 
memory, and can be applied to both static and 
dynamic models. Considering workflow efficiency, 
the baking process with probes is also much faster. 
Additionally, Lightmap requires a separate second 
UV mapping, whereas the probe-based approach 
does not.



• （ ）

•

We use a large 3D texture for the final relighting 
step. The size of this texture varies based on the 
platform. For example, on PCs, we utilize a 3D 
texture that measures 256 per side, encompassing 
an area of 512 meters per side centered around 
the player. On mobile devices, we switch to a 
smaller 3D texture. 



•
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For streaming, we utilize a scrolling clipmap
technique inspired by the FarCry 3 presentation, 
where we update only the farthest row of sectors 
as the player moves. 
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Additionally, we experimented with using a Virtual 
Texture to manage sparse probe data and reduce 
memory usage, similar to the volumetric lightmap 
approach in Unreal Engine. Nevertheless, we 
prefer using a fully unwrapped 3D texture. The 
unwrapped texture simplifies the handling of seam 
issues through trilinear interpolation and removes 
the need for an extra sampler for indexing.



•
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The storage format for probe global illumination 
data is highly efficient, utilizing just 8 bytes per 
probe. Typically, color information for second-
order spherical harmonics requires 12 floats; 
Nonetheless, we optimize this by using only 6 
bytes for indirect diffuse lighting. We allocate 3 
bytes for the RGB values of the zeroth order 
spherical harmonics. For the first order spherical 
harmonics' three coefficients, we compress each 
RGB into a single byte for luminance, totaling three 
bytes. Thus, 6 bytes are used for storing the 
irradiance in spherical harmonics. Additionally, 
one byte is dedicated to sky visibility, allowing for 



artistic adjustments of ambient light influenced by 
varying weather conditions. The final byte is used for 
other attributes of the probe.



•

For the scene in the top right image, the 
component on the bottom left shows the baking 
result of the indirect light from Spherical 
Harmonics. The component on the bottom right 
shows the baking result of SkyVisibility. It 
transitions more smoothly compared to ambient 
occlusion .



•
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The formula for calculating the final irradiance is: 
Result = Irradiance SH + Sky Visibility x Ambient 
Light.

Both the Indirect SH and Sky Visibility components 
are pre-baked, while the Ambient Light settings 
can be adjusted by artists. This flexibility allows 
artists to tailor ambient light to enhance 
environmental atmospheres and has proven 
effective in several released titles. However, 
variations due to different times of day (TOD), 



changes in light direction, intensity and color can reduce 
the effectiveness of pre-baked data.

To address this, multiple data sets can be baked to 
represent the different times of day accurately. On the 
other hand, the data volume will increase by multiples 
with the number of baking moments



•

…

We initially tried some traditional compression 
schemes, including both lossy and lossless 
algorithms, but the compression rates didn't quite 
meet our requirements.



•

Our requirement can be viewed as a function. Our 
objective is to identify a function that, given inputs 
such as probe information, produces outputs like 
irradiance. It’s natural to think of using neural 
networks as the function.



The inputs required for our model consist of four 
values: the x, y, z coordinates of the Probe Position 
and a linear time value, all normalized to the range 
[0, 1]. The output is composed of six bytes, which 
include the RGB values for the zeroth order of 
spherical harmonics and three luminance values 
for the first order of spherical harmonics.

We employ hidden layers with 64 nodes. 
Depending on the complexity, different numbers 
of MLP layers may be optimal for various sectors. 
Furthermore, we have compared the activation 
functions ReLU and Sin. We found that the Sin-
based activation function, known as SIREN, results 
in smaller errors.



•

The compression rate is satisfactory. For example, 
the 1.23MB of baked data for 10 different times 
was already run-length encoded. However, after 
applying neural compression, we were able to 
reduce it to 70KB.
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The layer number of the MLP can be adjusted 
based on scene complexity of the sector or the 
number of valid probes. Generally, for every 1km 
by 1km scene, the storage size needed for the GI 
data can be kept under 10MB with minimal error.



•

This figure shows the gradual decrease of training 
error as iterations go on. The iteration count was 
set to about 10,000 cycles to reach a sub-2% RGB 
color accuracy threshold.



•

As a result, The left image displays baked lighting 
results, the right shows the inference outputs. 
Visually they appear almost identical. Under closer 
inspection, you will notice subtle color variations in 
detailed regions – particularly inside the doorway 
arch



•

When comparing the final composite result, the 
errors are even harder to spot.
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After the compression rates and error levels met 
our expectations, we encountered some finer 
details that required attention, such as seam issues 
between sectors.



•

Because both encoding and decoding are 
conducted sector by sector, though discrepancies 
are small, seams between sectors are inevitable. 
To address this issue early and avoid additional 
runtime cost, we incorporate data from 
surrounding sectors during training. We use two 
extra layers of probes in training to assist. This 
effectively prevents seam issues. The top image 
shows the error effect without introducing 
surrounding probes, and the bottom image shows 
the effect after solving the error.
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We've addressed many challenges, such as 
compression rates and seam issues. Nonetheless, 
the question I'm most frequently asked is, "How 
did you manage to run the neural network on the 
device?" Despite the model being very small, there 
is still pressure to reduce overhead.



•

Writing neural network inference with a compute 
shader is straight forward. For instance, in our 
initial setup, we divided threads based on probes. 
Each probe handled the full inference process, 
which includes five matrix multiplications. 



•

RTX3090 Hits 80°C!

After setting up the compute shader this way, the 
inference time for each sector hits 10ms on RTX 
3090. As shown on the earlier streaming page, we 
need to process 64 sectors to complete the 3D 
texture, which is required for the near distance 
irradiance. Consequently, the system really heated 
up, reaching 80 . We really need to find ways to 
keep things cool.



•

First, by examining how the probes are positioned. 
We quickly realized that not every probe at every 
position needs inference. We only need to focus 
on the valid probes near the surface of the objects. 
By introducing a valid mask to filter things out, we 
managed to reduce the inference time per sector 
down to 3ms, but still too much.



•

Then, we use the screen space G-buffer depth. 
Now we only consider probes near the screen 
depth. Probes that are off screen or occluded do 
not need to be processed in the current frame. 
Initially, we record the probes to be inferenced 
with priority onto another 3D texture. Then 
choose the probes to deal with in the current 
frame. They are indicated by the red pixels in the 
middle texture. As you can see, the number of 
probes requiring processing is minimal. We can 
deal with other probes when the GPU is idle. This 
sorting and selecting probe approach reduces the 
inference time to just 1ms per frame.



•

Experienced engineers may have noticed that 
dynamic judgment can damage GPU latency 
hiding. Inspired by the SMAA method, we 
reorganize the necessary pixels into a queue. This 
approach further compresses the time to 0.7ms 
per sector



•

Now let's deal with thread management. As you 
know, most of neural network inference includes 
heavy calculation, especially matrix multiplication. 
Initially, we assigned one thread per probe. 
However, we realized we weren't fully using the 
parallel processing ability of matrix multiplication. 
So we shifted to allocate one thread per element 
in the matrix and assign one dispatch for each 
matrix multiplication. Although this means more 
dispatches, our total processing time drops down 
to just 0.3ms.



•

•
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On machines equipped with computational 
acceleration units like NVIDIA Tensor Cores, we 
can enhance inference performance by utilizing 
CUDA for parallel computing. All loading processes 
are managed through DLLs, and after inference, 
the results are remapped into the engine.

This allows for the simultaneous processing of all 
probes within a sector, with each sector taking less 
than 1ms. As a result, the frequency of inference 
and memory mapping is reduced, ensuring optimal 
performance on machines with Tensor Cores. 



Moreover, the entire process can be executed 
asynchronously. Whenever there is a change in 
weather, we can obtain updated results for the entire 
3D texture within two frames.



•
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On mobile devices, we will reduce the size of 3D 
textures and the number of probes per frame for 
inference. Based on performance of different 
mobile GPUs, we will keep the inference time per 
frame under 1.5 milliseconds for all devices. With 
the help of Tensor cores or Neural Processing Units, 
we can handle more probes.



•

Let me show some results. In this example, all 
indirect lighting and some direct lighting changes 
are handled by NeuralGI. Except for sunlight, 
there's no real-time lighting calculation here.



•

Here’s another example. The lighting changes on 
the goddess are also obtained from prebaked 
lighting, trained and inferred, with no need for 
real-time lighting calculations per pixel.



•

Despite the effectiveness of prebaked irradiance 
volumes, many probe GI solutions are plagued by 
light leakage issues during sampling. This is 
primarily because hardware Trilinear sampling 
introduces surrounding probes.



•

First we offset the sampling position by a distance 
along the pixel's normal to reduce the influence of 
probes on the backside. We’ve been using this 
approach till now, but it doesn't solve all the 
issues, especially with pixels located in corners.



•

•

I once tried using interior volumes to distinguish 
between indoor and outdoor areas, 



•

•

but the adjacency between rooms is much more 
complex than just a simple indoor-outdoor 
separation.



• 

The DDGI method tracks the depth buffer around 
probes. The weights of eight adjacent probes can 
be adjusted during interpolation based on 
visibility. It's effective but requires a lot of space 
for recording the depth. We've tried to compress 
the depth buffer using methods like spherical 
harmonics and spherical Gaussians. However, 
neither of them can accurately fit the depth 
shapes and distributions around the probes of 
various corners.



•

•

Considering the advantages of neural networks in 
fitting, we tried to modify the previous neural 
network to enhance its capability in fitting depth. 
The modified model remains simple, requiring only 
an additional 17kb of data per sector to achieve 
decent fitting results around the probe. On the 
other hand, while training for irradiance initially 
took less than one minute per sector, integrating 
massive depth data extended the duration 
significantly, with training time nearing 40 minutes 
on 3090 per sector. Therefore, this method is not 
very practical for our workflow.



•

•

•
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Finally, we returned to the screen space probe 
gathering method. We employ a pixel density of 
8x8 for each screen space probe and accumulate 
the tracing results into a compact radiance map. 
During the screen space tracing process, we check 
if a probe is reachable from each pixel; this helps 
us decide whether to accumulate results based on 
that specific probe's visibility.



By screen probe gathering, we integrate the 
results from both screen space tracing and 
prebaked Irradiance Volume. This method allows 
us to combine high-frequency information from 
screen space and low-frequency baked irradiance 
to prevent most ghosting. Critically, by adjusting 
the weights of the probes based on visibility from 
pixels, we manage to prevent most instances of 
light leakage.



The left image displays the results before screen 
space probe gathering was enabled, while the 
right image displays the results after its activation. 
You can clearly see that the issue of light leakage 
has been significantly mitigated.

Now that we’ve addressed near-field challenges, 



let’s discuss how to handle distant scene Time of 
Day Global Illumination.



•

Within the 512m x 512m range, we utilize 
Irradiance Volume. For areas beyond this, we 
implement a 2D global map texture for distant 
views.



• ：

• ：

Using a GlobalGIMap for distant scenes is a 
common approach. The RGB channels capture the 
top-down projected irradiance color, while the 
alpha channel encodes Sky Visibility. Similar to the 
previous discussions, Time of Day 
variations require storing multiple pre-baked 
GlobalGIMaps. We need to compress them again.



•

While BC7 and ASTC provided a reliable baseline 
for texture compression, the increasing number of 
textures motivated us to pursue higher 
compression ratios. Therefore, we experimented 
with using Convolutional Neural Networks to 
achieve this goal.



•

The compression rate of CNN is acceptable, but 
real-time inference speed became a critical 
bottleneck. and the precision of this model is also 
not enough.

Hence we abandoned this solution.



• 

By analyzing the relationships between multiple 
textures, we turned to video-based compression. 
Treating textures as video frames allows us to 
leverage temporal coherence, achieving higher 
compression ratios without compromising visual 
quality



•

•

•

•
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Let’s take the TOD GlobalGIMap across 10 
different time points as an example. We applied 
ffmpeg to compress ten textures, each 1024x1024 
in size, using the YUV420p format. This process 
resulted in a compressed size of just 717KB.



•

•
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The decompression process is also quite 
streamlined. For instance, in Unity, we can utilize 
the native VideoPlayer to decompress textures 
frame-by-frame. When there is a change in time, 
the decompression can be performed 
asynchronously on a background thread, ensuring 
that it doesn't block the main thread.  This setup 
allows the decompression to be completed within 
one frame.



During runtime, we decode a 3D texture from the 
trained model, extract the GlobalGIMap from the 
video, and then perform a screen-space gather in 
the deferred pipeline.

In production workflows, it's necessary to 
complete the baking and training process for 
multiple times of day. This process needs to be as 
fast as possible



Let's delve into our hardware ray tracing baker and 
the MLP training workflow.



•
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Since most bakers are based on Lightmaps, they 
require an additional process of creating a second 
set of UV maps for objects. We can bypass this 
step by using probes. Moreover, we can further 
accelerate by developing our own Hardware Ray 
Tracing baker, developed with DXR. This baker 
dispatches multiple rays, such as 1024 rays, from 
every probe in predefined directions, gathers the 
outcomes of various bounces, and projects them 
onto Spherical Harmonics (SH).



•

•

The method for computing Ambient Occlusion 
(AO) generally involves recording the proportion of 
rays that hit obstacles in the surrounding area. In 
addition to recording the collision ratio of rays 
emitted from probes, we also take into account 
the hit ratio of rays after they rebound off objects. 
The second rebound allows for a more natural 
transition in sky visibility.



•

Like most GI bakers, our system supports a variety 
of lighting types including directional, point, spot, 
and area lights. Additionally, we offer modes 
dedicated to baking either indirect lighting alone 
or integrating direct lighting into the final GI result.



• 

•
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With our hardware ray tracing baker, baking time 
per sector has dropped from one minute to under 
three seconds. Our custom baker allows us to 
tailor the process, handle special data like Gbuffer
Depth around probes, and adjust for varying 
transparency of vegetation and other materials. 
This enhances SkyVisibility baking, resulting in a 
smoother gradient.



• DRED…

•

Developing with ray tracing APIs often leads to 
various bugs, such as engine crashes and DX12 
device remove issues. To address these, we use 
debugging tools like NSight and have developed 
our own tools. For example, our tools can display 
ray distribution near each probe to help identify 
problematic materials or objects causing baking 
errors.



• 

•

After finishing the baking process, the next step 
involves using training for compression. We 
completed the training process using PyTorch, but 
deploying it on various machines presented 
numerous challenges. For someone new to neural 
networks like myself, setting up the environment 
can be quite troublesome. After configuring my 
own machine, we also need to help the artists 
resolve configuration issues on dozens of other 
machines, like baking farms, which is very time-
consuming. Therefore, we've opted to use Docker 
to import predefined images to simplify the setup 



process. 



•
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The entire process is seamlessly integrated into a 
user-friendly scene editor. Artists need only select 
the modified sectors and click a button, at which 
point both the baking and training processes run 
simultaneously. The training can be deployed 
either locally or on a server. Time efficiency is 
optimized, with the process for a 64m x 64m 
sector taking less than one minute. Consequently, 
a scene measuring one kilometer by one kilometer 
can be completely processed in under five hours 
using a single RTX 3090. For sectors with fewer 
points of interest (POIs), such as simple seascapes 



and terrains, the processing time can be further 
reduced.



•
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By distributing tasks across different machines 
based on sectors, we can further reduce the time 
required by several multiples. Additionally, we 
provide CI tasks that enable convenient remote 
operations or scheduled baking and training when 
scenes are modified. Operations such as the 
selection of MLP layers, post-processing of 
GlobalGIMaps, and regular saving are made 
transparent to users. If any issues arise with the 
results, the baking and inference results can be 
displayed separately to identify where the 
problem occurred.



•

•

In summary, by utilizing neural compression, we 
have managed to achieve consistent and scalable 
GI effects across various platforms with minimal 
storage requirements. Employing video 
compression for distant scenes has also proven to 
be highly effective.

Moreover, to ensure better implementation of 
these solutions, we have invested more time in 
refining our workflows. We believe that the true 
merit of these innovations lies in their application 
to projects, not just their theoretical capabilities.



•
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In our future work, we will accelerate our 
workflow by optimizing model structures and 
improving workload distribution strategies. We 
will continue to refine GI compression rates and 
enhance visual quality. More significantly, we aim 
to extend the use of NPU-accelerated inference 
frameworks across more devices, especially 
mobiles, promoting collaboration between GPUs 
and NPUs. Furthermore, we plan to extend neural 
acceleration to more rendering techniques and 
various aspects of game content development and 
compression.



•
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These are the references related to my work, 
which have been of great help to me.
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I would also like to express my gratitude to my 
directors, teammates and collaborators. My 
teammates have a deeper understanding of neural 
networks than I do, and they advised me to 
explore video-based compression. And the 
creativity of the artists has had a greater impact on 
the visuals than my work.




