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In this investigation we will be getting an understanding what aliasing is and the visual problems it causes in computer games, we will also be looking at the attempts to battle the problems that aliasing cause and then looking at the new problems that are caused by the remedies applied. Also, we will be creating a program using CUDA and analysing the speed differences on both CPU and GPU.

[bookmark: _Toc6151084]Aliasing
Earlier references to aliasing in computer graphics refer to a problem generated by the inability of a display to sample enough data for the creation of line structures, with line structures being derived from tracings or from images. Freeman explains that the initial forms of line structures are likely to contain noise, either from the original path or image, or it may have been introduced during the extraction process [1]. Today the problem is still here, however, the attention is now more towards how effectively we can resolve the issue in real-time [2]. 
To get a good understanding on aliasing it’s probably best to explain how images are rendered to a computer screen. A screen is made up from pixels that are of a square shape, when an image is passed in to be rendered it’s then mapped onto the screen and then decisions are made as to which pixel is to be illuminated. Figure 1 shows the process.
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[bookmark: _Toc6163655]Figure 1: Mapping of image to screen [3]


In the first image it shows the line that is trying to be represented on a screen, most of the image does not 100% fully fit into a square and crosses two squares, so a decision needs to be made as to which squares will represent the current section. Unless the line is perfectly straight then these stair stepping patterns will appear called “jaggies” [1] [4] [5] [6] [7] [3] and turn into “crawlies” [2] [7] when animated. These become an issue as your eyes are more drawn to the boundaries of objects. Other issues that you can get, which is shown in figure 2, is the “popping” [4] [5] of pixels from the image where pixels may be drawn in one frame, however, calculated not to be a pixel in the next frame, thus objects could seem invisible in one frame and not the next giving you flickering [8]. It’s impossible to eliminate jaggies completely, however, there are three approaches you can do to lessen the effect, one attempt would be to colour in just the bottom square, you could also just colour in the next line above or colour both the squares. [1] [9] [10] [11] [12] [13]. One historical approach that Nvidia talk about is the modification of the screen resolution and if we were to reduce the size of the pixel then this will also decrease the size of the artefact. They also mention that this may not always be feasible as the user may already be using the maximum resolution that their monitor supports [14] [15]. As there seems to be limitations to the screen resolution we will investigate other options available to us that attempt to make the lines appear visually smoother by modifying the pixel and surrounding pixel colour values giving a more blurred picture, however visually more appealing. A drawback to these is that they are computationally expensive as you need to calculate the lighting values before you then consider anti-aliasing.
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[bookmark: _Toc6163656]Figure 2: Popping in action, (a) - frame one, (b) - frame two where pixels are not represented correctly and pop off the screen. [5]
[bookmark: _Toc6151085]Supersampling
Supersampling is a technique used to smooth out the jagged edges, it works by taking an image at much higher resolution than your screen and then downsizes the image to fit to your screen by taking different weighting values from multiple sample points and condensing them into a single pixel [10] [11]. Sampling must be more than twice the maximum frequency of the signal to be sampled for it to work effectively. This is called the Nyquist rate or Nyquist limit after Harry Nyquist [2] [16].  Supersampling has been used in games like Assassin’s Creed, AC2 and Brotherhood for the PS4 gaming Console [17]. Supersampling uses kernels to achieve this, kernels define the number and location of samples taken. There are several kernels that can be applied to calculate the values of the pixel that you want with varying levels of results from each of them.

[bookmark: _Toc6151086]Grid
A grid setup takes a pixel and then splits it up uniformly into sub sections along the x and along the y axis, it then takes sample points from the centre of each sub section to create the final value for that pixel as shown in figure 3. As the image does not pass through the centre point of the pixel then normally that would not be rendered, however, as it is now split into sub divisions we can now use a weighting from each segment and colour the pixel according to the weighting [2], this would give us a light grey pixel as there is more white than black.
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[bookmark: _Toc6163657]Figure 3: A pixel sub divided in the X and Y co-ordinates

There are many other variants that have been developed, some examples of these will be added to the Further Reading section.

Another one that we will look over however, will be the Quincunx method, which was famously applied by Nvidia to its GeForce3 GPU and claimed to be the first product that could deliver HRAA at a consumer price point [14]

[bookmark: _Toc6151087]Quincunx
Quincunx works slightly differently where it shifts every other row across half a pixel and then takes weighting from different pixels [18] [19], an adaption to this to remove the need to shift pixels was to take the corner values of the pixel instead, the weighting normally used are 50% for the initial pixel and then 1/8th of each corresponding corner pixels [2] [19]. The process is explained in figure 3 and the outcome is explained in figure 4, where the result is comparable to doing 4x Supersampling. The application that we will be developing uses a method like Quincunx and we will go over that next.
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[bookmark: _Toc6163658]Figure 4: The Quincunx process.
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[bookmark: _Toc6163659]Figure 5: The result of applying Quincunx compared to 4x Supersampling [14]

[bookmark: _Toc6151088]CUDA application
An application will be created that blurs an image and uses the method like Quincunx developed by Richard Cant [19], this takes 5 sample points with a different weighting. The pixel we are calculating gets a weighting of  whilst the four corner pixels associated with the pixel, we calculated gets a weighting of . The sum of these values is then applied to the pixel of interest. An example of this will be shown below. 
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[bookmark: _Toc6163660]Figure 6: An example filter

If our pixel of interest is the centre pixel and we were to calculate the new pixel value then this would be (2+3+6+1)/8 + 0.5 giving a new value of the centre pixel of 2, this would proceed through all the pixels in this format until all the pixels have been covered.
The application will be first analysed on the CPU and then a CUDA kernel will be created to run threads in parallel and then the results will be compared. A multi-pass system was created so we could blur an image further and further until we got a desired effect. We will discuss a little about the test that will be carried out next.

[bookmark: _Toc6151089]Tests
The tests that will be carried out will be constant on both the CPU and GPU to make things fair, the device that we will be using for testing is an Intel(R) Core(TM) i5-4210M CPU with a clock speed of 2.60GHz and a NVIDIA GeForce 940M graphics card with 2GB of DDR3 memory. 5 tests of different passes will be used, with each of these tests being run 10 times to hopefully eliminate any anomalies. The number of passes for each of the 5 tests will be 1 pass, 10 passes, 20 passes, 30 passes 40 passes and 50 passes. An image of 1024 * 1024 was used for the blurring process. The GPU will be using a block dimension of 1024,1,1 creating 1024 threads per block and a grid dimension of 1024,3,1 for each RGB value.

[bookmark: _Toc6151090]CPU Tests
Multiple tests on the CPU were completed that analysed the speed of completion and different blurring levels using multi-pass, the use of multi-pass was also required to highlight any issues with the way the CPU works and how it time slices between applications it needs to process. In figure 7 you can clearly see that this is happening, to give the CPU 10x as much work we would expect the CPU to take approximately twice as long to complete and have a near linear growth, however, in this case it was slightly faster to complete the 10 passes with the remaining passes getting close to a linear growth. 
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[bookmark: _Toc6163661]Figure 7: Average time taken to complete number of passes on the CPU

The reason for this is there are a few results where the CPU may complete things far quicker or slower than the previous pass as the CPU is either dealing with other applications that are taking longer or perhaps prioritising other applications over others. A clearer example is shown when we split up each test into their individual tests rather than looking at an average. Looking at the highest and lowest alone there is a gap of 2383.9ms making it over 6x slower to complete that pass. This does give us issues with consistency, if we wanted to know within a rough time window when something will be completed then that window will be much larger due to the spreading of the results.
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[bookmark: _Toc6163662]Figure 8: Individual attempts for each pass test

[bookmark: _Toc6151091]GPU tests
To test on the GPU data needs to be passed from the CPU to the GPU, code is written for the GPU called a kernel which does all the processing via using a setup of grids, blocks and threads. A grid can have many blocks, which can run many threads, each of these threads whilst not able to complete complex tasks can perform simple tasks fast. The key thing with this is that instead of running one loop on the CPU it can run the same loop on multiple threads simultaneously giving a massive speedup in computing data. One thread’s responsibility will be to find out it’s position within an image, find its corner pixels and sum the values of these in accordance to the weighting we discussed earlier and store that value into place for the final image. Once all the threads have completed the output is then passed back to the CPU to then work on. Whilst incredibly fast inside the kernel there is quite a considerable amount of time spent setting up and transferring data from the CPU to the GPU. The figure below shows the comparison between the CPU and GPU showing both the time it takes working in the kernel and the complete time taken after setting up the GPU and passing data back. An analysis from the graph is that unlike the CPU the GPU is reasonably constant with an almost linear output in both the setup and kernel. This would allow you to be more accurate in calculating how long the application will take to complete. The kernel alone is operating much faster than CPU however is held back by the setup times, on further inspection the CPU appears faster on a low amount of passes due to the setup time but then becomes much slower the longer the application runs due to the CPU allocating resources elsewhere. Next, we will look at ways that this could possibly be improved.
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[bookmark: _Toc6163663]Figure 9: CPU vs GPU timings

[bookmark: _Toc6151092]Improvements
There are a few ways that you could go about trying to improve this, one way would be to try and get the CPU to prioritise the application, however time slicing will still exist, another possible improvement is to modify the grid, block and thread dimensions, on Nvidia’s website [20] it does suggest modifying the block size to try and achieve a high occupancy and after entering the details in their spreadsheet also available on their website it shows that we are already at a high occupancy as seen in figures 10 and 11. To prove this further a test was done that modified the arrangement of the blocks to 64,16,1. This caused a major performance decrease as seen in figure 12.
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[bookmark: _Toc6163664]Figure 10: Graphs showing high occupancy
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[bookmark: _Toc6163665]Figure 11: Graphs showing high occupancy
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[bookmark: _Toc6163666]Figure 12: Two kernels with different grid sizes - Kernel 1 (1024,1,1) Kernel 2 (64,16,1)


[bookmark: _Toc6151093]Conclusion
Aliasing is an issue caused when rendering an image to screen, this can be improved with many techniques like super sampling and Quincunx, however these take time to compute on the CPU, by using CUDA and the graphics card we have a way to pass the information to be calculated by many threads at the same time increasing performance. Considerations need to be made regarding the block, grid and thread size as incorrectly calculating these can cause the application to run much slower than intended. Also, as there are setup costs when passing data to CUDA then you need to be mindful that if you don’t have enough data then it may be more efficient to run on the CPU.
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[bookmark: _Toc6151095]Images of Blurring Done by Running the Application
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[bookmark: _Toc6163667]Figure 13: Original image
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[bookmark: _Toc6163668]Figure 14: Multi pass 10x
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[bookmark: _Toc6163669]Figure 15: Multi pass 50x
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Some other grid-based sampling methods
Real Time Rendering p.140, reference #2

Jittered Grid Super Sampling
Ordered Grid Super Sampling
Rotated Grid Super Sampling
http://www.x86-secret.com/articles/divers/v5-6000/datasheets/FSAA.pdf

Morphological Antialiasing which works out where the silhouettes or outlines of an object are and performs antialiasing on them alone rather than the whole scene.
http://www.iryoku.com/aacourse/downloads/Filtering-Approaches-for-Real-Time-Anti-Aliasing.pdf

http://www.cs.cmu.edu/afs/cs/academic/class/15869-f11/www/readings/reshetov09_mlaa.pdf

Adaptive Temporal Antialiasing using Ray Tracing
https://research.nvidia.com/sites/default/files/pubs/2018-08_Adaptive-Temporal-Antialiasing/adaptive-temporal-antialiasing-preprint.pdf
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Cuda.xlsx


Cuda.xlsx
Sheet1

		time(ms)		1 Pass								time(ms)		10 Passes								time(ms)		20 Passes								time(ms)		30 Passes								time(ms)		40 Passes								time(ms)		50 Passes

		Attempt		1 Pass		Kernel		Kernel + Setup				Attempt		10 Passes		Kernel		Kernel + Setup				Attempt		20 Passes		Kernel		Kernel + Setup				Attempt		30 Passes		Kernel		Kernel + Setup				Attempt		40 Passes		Kernel		Kernel + Setup				Attempt		50 Passes		Kernel		Kernel + Setup

		1		730.66		75717.983		859789.407				1		624.19		75712.96		873588.133				1		896.25		75691.776		871035.598				1		874.98		75690.272		900513.332				1		1002.8		68289.632		889707.07				1		703.34		75695.552		868572.164

		2		755.35		75688.416		873027.716				2		472.34		75699.072		879815.647				2		813.58		75730.145		875776.941				2		675.92		75687.328		876819.288				2		969.73		75709.76		867730.73				2		1999.7		75712.832		862160.903

		3		708.62		75730.975		868466.877				3		789.28		75681.216		872200.042				3		903.68		75673.312		878295.906				3		2856.24		75715.584		871182.611				3		2296.17		75671.232		867584.289				3		1774.69		75670.144		875351.496

		4		785.31		75723.168		869907.225				4		671.49		75708.704		878128.713				4		739.35		75741.952		882452.319				4		1262.05		75688		867112.352				4		1607.36		75714.656		871034.05				4		806.72		75723.072		865119.072

		5		675.75		75689.568		866191.809				5		681.85		75723.456		870743.716				5		977.5		75707.552		877112.878				5		942.81		75700.32		905527.767				5		2390.69		75691.2		863058.857				5		1080.87		75725.984		864366.769

		6		833.98		75710.879		866621.698				6		814.93		75676.064		862432.138				6		1485.51		75692.64		872322.579				6		740.62		68376.319		819280.582				6		1100.64		75717.504		892919.892				6		824.79		75682.048		879041.152

		7		594.43		75694.752		870511.298				7		1110.28		68329.952		824259.473				7		1126.2		75713.024		876341.451				7		914.53		75730.273		886258.975				7		895.89		75691.328		863464.976				7		1925.68		75692.416		874212.32

		8		742.28		75683.04		896989.749				8		801.52		75708.032		868471.252				8		1852.68		75708.928		878166.232				8		770.06		75699.36		870716.711				8		1321.74		75732.544		887630.146				8		1246.43		75733.696		875570.248

		9		1934.25		75672.64		864670.305				9		804.83		75735.584		869307.013				9		1093.44		68302.592		842170.731				9		923.49		75695.232		873145.782				9		909.96		75697.535		876143.157				9		2049.7		75720.702		872446.256

		10		715.85		75690.4		864554.515				10		696.76		75752.352		882905.195				10		1500.41		75700.416		889373.319				10		939.13		68304.352		827051.896				10		1014.48		75757.408		866984.291				10		2246.47		75690.944		864066.212

		Average		847.648		75.7001821		870.0730599						746.747		749.727392		8681.851322						22777.2		1499.324674		17486.095908						32699.49		2226.86112		26092.827888						54037.84		2998.691196		34985.029832						73291.95		3785.23695		43504.53296

		Average per 1 pass												746.747		74.9727392		868.1851322						1138.86		74.9662337		874.3047954						1089.983		74.228704		869.7609296						1350.946		74.9672799		874.6257458						1465.839		75.704739		870.0906592

		Passes		CPU		Kernel		Kernel + Setup

		1		847.648		75.7001821		870.0730599

		10		746.747		749.727392		8681.851322

		20		22777.2		1499.324674		17486.095908

		30		32699.49		2226.86112		26092.827888

		40		54037.84		2998.691196		34985.029832

		50		73291.95		3785.23695		43504.53296

		Size		Passes		Kernel #2		Kernel + Setup #2

		Grid Dim 36864,3,1
block dim
64,16,1
threads
1024		10		1091420.32		111581366.187

						1091718.72		110636476.245

						1091588.256		110165912.448

						1091689.536		111005338.493

						1091955.616		110925954.212

						1091781.536		111182396.729

						1091365.44		111570993.681

						1091759.008		111320322.249

						1092187.744		111473712.564

						1092030.592		111114790.024

		Average				1091.7496768		1110977.262832

		Size		Passes		Kernel #1		Kernel + Setup #1

		Grid Dim 2304,3,1
block dim
1024,1,1
threads
1024		10		75712.96		873588.133

						75699.072		879815.647

						75681.216		872200.042

						75708.704		878128.713

						75723.456		870743.716

						75676.064		862432.138

						68329.952		824259.473

						75708.032		868471.252

						75735.584		869307.013

						75752.352		882905.195

		Average				749.727392		8681.851322



Blurring, CPU vs GPU



CPU	1	10	20	30	40	50	847.64799999999991	746.74699999999996	22777.200000000004	32699.489999999991	54037.84	73291.949999999983	Kernel	1	10	20	30	40	50	75.700182100000006	749.72739200000001	1499.3246739999997	2226.86112	2998.6911960000007	3785.23695	Kernel + Setup	1	10	20	30	40	50	870.07305989999998	8681.8513220000004	17486.095907999999	26092.827888	34985.029831999993	43504.532960000004	Passes	1	10	20	30	40	50	1	10	20	30	40	50	Passes





Milliseconds









Blurring, CPU vs GPU



Kernel #1	75712.960000000006	75699.072	75681.216	75708.703999999998	75723.456000000006	75676.063999999998	68329.952000000005	75708.032000000007	75735.584000000003	75752.351999999999	Kernel + Setup #1	873588.13300000003	879815.647	872200.04200000002	878128.71299999999	870743.71600000001	862432.13800000004	824259.473	868471.25199999998	869307.01300000004	882905.19499999995	Kernel #2	1091420.32	1091718.72	1091588.2560000001	1091689.5360000001	1091955.6159999999	1091781.5360000001	1091365.44	1091759.0079999999	1092187.7439999999	1092030.5919999999	Kernel + Setup #2	111581366.18700001	110636476.245	110165912.448	111005338.493	110925954.212	111182396.729	111570993.68099999	111320322.249	111473712.564	111114790.024	Passes





Microseconds









CPU Blurring with Multi-Pass



1 Pass	1	2	3	4	5	6	7	8	9	10	730.66	755.35	708.62	785.31	675.75	833.98	594.42999999999995	742.28	1934.25	715.85	10 Passes	624.19000000000005	472.34	789.28	671.49	681.85	814.93	1110.28	801.52	804.83	696.76	20 Passes	896.25	813.58	903.68	739.35	977.5	1485.51	1126.2	1852.68	1093.44	1500.41	30 Passes	874.98	675.92	2856.24	1262.05	942.81	740.62	914.53	770.06	923.49	939.13	40 Passes	1002.8	969.73	2296.17	1607.36	2390.69	1100.6400000000001	895.89	1321.74	909.96	1014.48	50 Passes	703.34	1999.7	1774.69	806.72	1080.8699999999999	824.79	1925.68	1246.43	2049.6999999999998	2246.4699999999998	Attempt Number





Milliseconds









CPU Multi-Pass Average



CPU	1	10	20	30	40	50	847.64799999999991	746.74699999999996	22777.200000000004	32699.489999999991	54037.84	73291.949999999983	Passes





Milliseconds
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