


● This talk covers the upgrade to PlayStation Spectral Super Resolution 

(PSSR), released earlier this year.





● The goal is not only higher quality than TAAU, but comparable quality at a 

lower render resolution, letting titles reclaim the GPU time saved.



● Referenced in Mark Cerny's 2024 PS5 Pro technical deep dive. Built on 

custom hardware, software, trainer, and dataset. The ~100 titles include both 

the launch and upgraded versions.



● Project Amethyst is a research collaboration with AMD; the upgraded model is 

a custom PlayStation implementation built on that shared research and 

training. Using the updated library directly gives the best quality and 

performance, while the system-level override upgrades already-shipped titles 

in place without a title update.





● No third-party footage is shown; all comparisons use first-party demo content. 

Independent outlets and the official Sony blog have published additional 

before/after comparisons.



● Headline improvement is temporal stability, especially for low-frequency 

lighting updates. Left is Launch PSSR; right is Upgraded.



● A 3x upscale (720p input, 2160p output). The static comparison shows a clear 

increase in sharpness, among other improvements covered later.



● Stability is also improved here.



● Framing for the section: ML is presented as a natural continuation of a long 

line of reconstruction algorithms, which is the mental model behind the 

approach taken.



● Upscaling and temporal anti-aliasing are now near-universal in AAA titles, 

which makes them a high-value target and raises the question of whether ML 

meaningfully helps here.



● Temporal reconstruction reuses reprojected history frames to add usable 

information, at the risk of introducing artifacts.



● TAA needs only a few inputs (jittered color, depth, and motion vectors), though 

some implementations use more. The three logical phases are shown on the 

slide.



● Most TAA steps are resampling and filtering; only a few require decisions with 

conflicting goals. Yang et al.'s survey describes history rejection and 

rectification as "a challenging and ill-posed task." Hand-tuned heuristics have 

shipped many games successfully, but both history and input color are 

becoming less reliable.



● Raw input color at decreasing input resolutions. As resolution drops, highly 

detailed content becomes hard to distinguish from noise in a single frame, and 

temporal patterns spread farther apart, making TAA's decisions harder. TAAU 

was not designed for 3x upscale, but that is the direction games are moving.



● Even in a still image, breakup appears in high-detail areas.



● In motion, the issues are temporal as well as spatial: history is hard to balance 

with so little, noisy information.



● Lower input resolution means less information per frame and less robust 

choices.



● Noisy input again causes issues.



● In motion the temporal breakup is clear; edge-reconstruction heuristics do not 

hold up at this upscale.



● Input is approaching noise for many reasons beyond low resolution. TAA is 

designed to resolve some of these (jitter, stochastic alpha); others were 

historically handled after TAA but are increasingly done before it to save GPU 

time.



● As upscale ratios rise, the temporal incidence rate (how often related 

information appears) drops. Required detail may be spread across non-

sequential frames, and pre-upscale effects push it farther apart. The patterns 

still exist but are far more complex, and must scale in both space and time.





● Launch PSSR development began over five years ago, when even PC 

solutions were early. Rather than targeting existing hardware, the hardware 

architecture and instruction set were designed specifically for this model.



● The promise: "quality mode" visuals (from PS5 base, 30fps) at "performance 

mode" speed (60fps) on PS5 Pro, a 2x performance gain with similar or 

improved visuals. It delivered across many titles, with positive initial reviews, 

though some rough edges remained.



● The main challenges were temporal stability (notably low-frequency effects 

like RTGI) and sharpness at 2.5x-3x upscale; 2.5x proved more common than 

expected despite not being an official PC ratio. Secondary items were HDR 

color representation and a ~4 GPU-month training time that slowed iteration.



● Slow, low-frequency temporal changes were difficult for Launch PSSR to 

address without side effects.



● A representative foliage example. It also shows the sharpness limitation 

covered next, which is clearer in the later comparison.



● A high-upscale detail example: stable and much improved over TAAU, with 

most detail present. Room remained for more clarity, plus rare, subtle color 

fringing at edges.



● For its time, this design was close to the research state of the art.



● Mark Cerny used this image in the original technical brief. The input frame is 

processed as a series of convolutions at multiple resolutions.



● Nomenclature: convolutions are matrix multiplies; a contiguous set at one 

resolution is a layer. Input-side layers are "encoders," the lowest is the 

"bottleneck," and output-side layers are "decoders."



● In ML terms: encoders create a latent feature space, the bottleneck processes 

within it, and decoders convert back.



● "Color Predicting Network" means the model outputs color directly. Relative to 

the earlier TAA breakdown, the model takes over the validate/rectify and 

accumulate/blend steps.





● In hindsight, giving a runtime-sized model such a wide optimization surface 

became a liability: several of these tasks are a poor fit for the model's 

instruction set. Each is covered next.



● Quantization and dequantization are a real, expected cost.



● Input and output are 11:11:10 float while the model runs 8-bit, so the model 

must learn a multi-channel encoding for HDR data. This also forced most 

training to run quantized and produced the rare color fringing shown earlier.



● The next fundamental issue is storage.



● The model must implicitly store and reproduce HDR frame buffers in 8-bit 

registers while it works. Whether via registers or an invertible encoding, this is 

an inefficient use of resources.



● The model also has to perform substantial shader-style math.



● The model must implicitly learn the math of TAA's accumulate/blend step 

(history rejection, rectification, blending, anti-aliasing, firefly rejection) with a 

limited instruction set. It can, but whether that is efficient was worth testing.



● A further challenge was purely mathematical, affecting both the model and the 

trainer.





● The gradient is a product of local terms, one per operation on the path from 

loss to parameter, so every operation scales it down. This "vanishing gradient" 

effect accumulates, biasing the model toward shorter associations. Residual 

and skip connections reduce but do not eliminate it.



● As a result, distant temporal connections were very hard to learn regardless of 

model size. Launch PSSR handled a handful of frames well, better than 

TAAU, but struggled much beyond that.



● With a lot happening inside the model, the goal for the next version was to 

simplify it against clear quality targets and a clear technical plan.



● This section opens with a brief PC comparison for context.



● During Launch PSSR development, PC ML upscaling matured and 

increasingly improved games in place. On console the relevant framing is 

quality per cost.



● On PC quality had scaled, but costs also scaled. This would not work for us.



● Every part changed: design, implementation, training, and optimization. This 

talk focuses on the high-level architecture, the most fundamental and 

impactful of these.



● Where Launch PSSR moved almost the entire algorithm into ML, the upgrade 

walks part of that back, using closed-form solutions where possible and giving 

the model more focus on pattern detection and decisions.



● Closed-form solutions exist for many of these steps, and the GPU instruction 

set runs them efficiently; the ML instruction set is built for pattern detection. 

The approach uses each for its strengths.



● This largely restores TAA's three logical blocks, with the model focused on the 

heuristics in the middle.



● The CPN was replaced with a Kernel Predicting Network (KPN): the model 

outputs blend weights rather than color, driving the filtering while the blend is 

applied explicitly. As a result the model no longer stores or blends HDR color 

in 8-bit; blend weights fit naturally in 8-bit, and encoder/decoder blocks spend 

less effort on overhead and more on the intended work.



● Adding the explicit blend and reconnecting it to the inputs fixed the gradient-

flow problem: with a weighted sum, the gradient to history color is a single 

multiply. This gating structure is a GRU.



● The learning signal now routes around the model directly to reprojection and 

the prior frame instead of tunneling through it serially, the mathematical fix that 

enabled much more distant temporal connections.



● Progress from a small change, but more was wanted: further reduce implicit 

math on inputs and outputs, improve input color handling, and improve detail 

at higher upscale ratios (2.5x, 3x).



● The CPN needed full color to reconstruct it; the KPN's blend-weight outputs 

allow more flexible inputs. Luma alone was an obvious test but caused 

significant ghosting, so the model needs more than luma.



● Color is made relative rather than absolute via a "color distance": luma passed 

directly, chroma passed as a distance (delta CbCr). The simple option proved 

effective.



● Color distance is the Euclidean distance between the input and history Cb,Cr 

channels. The model becomes aware of color differences without needing 

absolute color, which trains well, correlates with outcomes, and generalizes, 

while avoiding absolute-color biases from the training data (e.g. "particles are 

orange," "sky is blue").



● The 9 outputs of the 3x3 kernel trained acceptably and improved on the CPN, 

but were highly inter-correlated and did not generalize well at high upscale, 

suggesting room for a more concise, input-scaling representation.



● The canonical kernel is applied at output resolution, so its reach in input pixels 

shrinks as the upscale ratio rises. At 3x it provides almost no blending.



● The chosen solution returns to classical elliptical filtering with an anisotropic 

Gaussian, compressing the 9 outputs to 3 and decorrelating them, with further 

benefits following.



● Elliptical blending lets the model blend along oriented edges, effective for 

building and retaining detail, driven by local feature strength and orientation.



● The kernel is also scale-invariant. Applied in input space, it always has 9 

distinct input samples and performs real blending whether at 1x or 3x, with 

reach that scales with input resolution, a significant gain in high-upscale detail.



● Kernel prediction structurally limits content changes: the Gaussian cannot 

exceed the convex hull of the input samples, so the model is demonstrably 

reconstructive rather than generative, which is useful when addressing teams' 

concerns. Early worries about a quality cost did not materialize; results were 

consistently positive.





● Weight distribution of the CPN versus the intended design: much of the 

capacity sits in the upper (high-resolution) levels, leaving only ~30% of 

parameters at the lowest level (540p).



● The KPN does very little at 4K and adds a new lower layer, placing ~90% of 

parameters at 540p or below, matching the intended distribution toward lower 

levels.



● Returning to several earlier images, plus new ones.



● The same charging scene on Upgraded, showing detail recovered in the high-

frequency regions that broke up under TAAU.



● The antenna zoom from the opening: sharper, with the fringing gone.



● The full frame: stable, with detail holding together.



● Foliage with lighting flicker: sharpness and detail hold up, and the flicker 

settles relative to Launch.



● The neon comparison again: pulsing on the left (Launch), stable on the right 

(Upgraded).



● Higher quality at all input resolutions and notably at lower ones, reduced 

temporal instability, and lower GPU time and memory. Training time dropped 

from ~4 GPU months to under a GPU week, largely from the quantization 

changes, enabling much faster iteration.



● Acknowledgements span the research teams (AMD / Project Amethyst and 

Sony's PSSR researchers), the SDK and production teams, and those who 

reviewed and approved the deck. Research is a small part of what it takes to 

ship.
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