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entire depth of the empty part in the virtual memory, we can distribute them to a
larger multiplexer cost area in the virtual memory. Therefore, it is critical to account
for all configurations of physical memories when we have more than one type of them.

In order to attack the problem in this case and come up with the best leftover or
multiplexer cost solution, we have to create all possible solutions and compare them
with each other. First, we have to sort the physical memories based on their capacity
in a decreasing order, and start from the largest physical memory. In each step of
the algorithm we work with only one type of physical memories. The first job is to
find the maximum number for the current type in our solution. We simply find this
maximum assuming that we want to cover the entire uncovered area with this type
in minimum multiplexer cost format. After finding the maximum number we proceed
with the algorithm by creating different branches of solutions. In each branch we
have a different number for current type between zero and the maximum. This will
help us to create all solutions with different numbers of the current physical memory.

In the next step we have to create all possible combinations of configurations
for each assigned number, and finally we have to create all possible combinations of
placements for each combination of the configurations. The only limitation is that
we do not violate the first observation except for the tallest configurations. It is also
accepted that for some sets of configurations we may not be able to come up with a
feasible placement, so we simply ignore these sets.

After finishing this step each generated solution has covered a certain area of the
virtual memory. Now we select the next physical memory type in the list and repeat
every step of the algorithm for the remaining part of the virtual memory. The final

type of the physical memory will be processed differently. We can reuse the algorithms
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we had in the section 3.1. However, in this case the empty area is not necessarily
rectangular anymore.

The pseudo code for what we discussed in this section for solving the prob-
lem of single virtual memory and multiple types of physical memories is presented
in algorithm 4. In this algorithm we have 2 sets of outputs, one for the mini-
mum leftover solution (best_solutioniefiover) and one for multiplexer cost solution
(best_solutionmytipiezer cost), and each of these solutions consists of the used physical
memories type and configuration (used_P M syypes;con figuration) @0d their exact position
in the virtual memory (used-PM Sgsposition)- Also, the physical memory inputs of the
algorithm are the different types of physical memories (PM _types) and the number
of each type (PM _typesquantity) and the set of configurations assigned to each type
(PM typescon figuration_set)-

The leftover of the best leftover solution is stored in “le ftovery.s”, and the mul-
tiplexer cost for the best multiplexer cost solution is saved in ‘multiplexer _costpes'” .
We sort the physical memory types based on their capacity in line 3, and the “for
loop” in line 4 uses the first n-1 types. In line 5 we calculate the maximum number of
the current type of the physical memories that we may require in the solution based on
the empty area in the virtual memory and the capacity of the current type. The empty
area of the virtual memory can be calculated based on the dimensions of the virtual
memory and the dimensions of the used physical memories so far. The “for loop”
in line 6 guarantees that we assign all different numbers for the current type in the
solutions, and in line 7 we create all the combinations of the configurations for the as-
signed number of the current type using the “config_combination_generator” function,

and store them in “configs_list”. Each entry of the “configs.list” is a combination
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of configurations of the assigned number of physical memories called “con figs_set”.
In line 9, the “position_combination_generator” function creates all possible sets of
placements for each “configs_set”, and stores them in pos_list. Each entry of the
pos_list consists of the set of positions for the set of configurations in hand called
“pos_set”. In the core of these nested loops we update the “used_PM S.on figuration”
and “used-PM sgisposition” S a temporary solution. Then, we call the routine for
1 virtual memories and multiple types of physical memories in line 12 to cover the
remaining empty parts in the virtual memory. After calculating the multiplexer and
leftover cost of the generated solution we save the solution if it is better than what

we have achieved so far in lines 15 to 20 in terms of leftover or multiplexer cost.

3.4 Multiple VMs - Multiple PM Types

Binding a number of virtual memories to multiple types of reconfigurable physical
memories is the most general and complicated problem we want to discuss in this
thesis. Moreover, the algorithm which is capable to solve this problem can solve all
the subproblems we discussed previously.

When we are working with multiple types of physical memories we cannot work
on the virtual memories independently to find the minimum overall leftover or multi-
plexer cost because the use of each resource in each virtual memory limits the number
of this particular resource in other virtual memories. Therefore we have a new dimen-
sion in the algorithms for the current problem compared to section 3.3. The overall
approach is the same. However, we have to work on all virtual memories at the same
time.

While creating all combinations of assigned physical memories of the current type
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Algorithm 4: Single VM - Multiple PM types - exhaustive solution search

1
2
3

IHPUt : VMdimensions> PM—typesa PM—typesquantityy PM—typeSconfiguration_set
Output: best_solutionuiiplezer_cost, best_solutione frover

multiplerer_costpess = 00;
leftoveryes = 00;
sort(PM _types);

4 foreach (PM type # PMmaltest_type) dO

5

© 0w 9 O

10

11

12

13

14

15
16

17

18
19

20

21

PMmam_required = maX—PM—CaICUIator(VMdimensions7
uSed—PMStype&configurationa used—PMsdispositiona PM—type)y
foreach (7‘ S /07 min(PM—typequantity; PMmaz_required)/) do
configs_list = config_combination_generator(i, PM _typeconfiguration_set);
foreach (configs_set € configslist) do
pos_list = position_combination_generator(con figs_set, VM);
foreach (pos_set € pos_list) do
update(used—PMsconfiguration7 Used—PMSdisposition);
cal(lVM — 1PM);
multiplexer_cost eyrrens = mux_cost_calculator(V Myimensions,
used—PMstype&configurationa Used—PMsdisposition);
le ftover current = leftover_calculator(V Myimensions»
uSed—PMStype&configuration);
if (multiplexer _costarrent < multiplexer costyes) then
beSt-SOZUtiOnmuliplezer_cost =
used—PMstype&configuration7 used—PMSdisposition;
multiplexer_costyess = multiplexer_costeyrrent;
end
if (leftover rrens < leftover_best) then
best_solutione frover =
uSed—PMstype&configuration; used—PMSdisposition;
leftoveryess = le ftoveraurent;
end
end
end
end
end

Return best_solutionuiipieger _costs best_solutionie frover;
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to virtual memories, instead of a single number we produce an array of numbers.
The size of the array is equal to the number of virtual memories, and each number is
the number of assigned physical memories of that type to its index virtual memory,
and the sum of entries is the total number of used physical memories of that type in
current solution. We work on all virtual memories at the same time through all steps
of the algorithm.

The pseudo code for generating all possible solutions for the general problem is
provided in algorithm 5. As illustrated in lines 5 and 6, in the case of multiple
virtual memories we calculate the maximum required number of physical memories
of the current type for each virtual memory individually. Therefore, assigning the
number of used physical memories of the current type in the current solution is
different in this case. First we create all the possible numbers of assigned physical
memories to the overall solution (‘i’) in line 7, and after that, we create all the
combinations of the assigned numbers to virtual memories with the sum of ‘i’. This
task is done by “number_combination_generator” function and the results are stored
in “assigned_list”. Each entry of the “” consists of the set of assigned numbers to
virtual memories called “assigned_set”.

The rest of the algorithm is similar to algorithm 4. The only difference is that
in this case the “leftover_calculator” function calculates the leftover of the generated
solution by subtracting the sum of the capacities of virtual memories from the sum

of the capacities of all used physical memories in the solution.
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Algorithm 5: Multiple VM - Multiple PM types exhaustive solution search

InplIt : VMSdimensions, PM—typ637 PM—typeSquantitya PM—typesconfiguration_set
Output : best_solutionmulipiezer_cost, best_solutione feover

1 multiplexer_costpess = 00;

2 leftoverpess = 00;

3 sort(PM types);

4 foreach (PM _type # PMmaiiest_type) dO

5 foreach (VM) do

6 VMPM_maw_required = ma'X—PM—CalCUIator(VMdimensions7
used-PMStype&configurationa used—PMsdisposition, PM_type);

end
7 foreach (Z € [07 min(PM-typequantity, ZVMmaz_Tequired)]) do

8 assigned_list = number_combination_generator(i, # of VMs);
9 foreach (assigned_set € assignedlist) do
10 foreach (j € assigned_set) do
11 con figs_list = config_combination_generator(j, PM _typeconfigurations;
V My);

12 foreach (configs_set € configs_list) do
13 pos_list = position_combination_generator(con figs_set, V M;);
14 foreach (pos_set € pos_list) do
15 upda‘te(used—pMSconfigurationa used—PMsdisposition);
16 call(nVM — 1PM);
17 multiplexer _costeyrrent = mux_cost_calculator{V M sgimensions,

used—PMstype&configuration7 used—PMSdisposition);
18 leftoveroyrrent = leftover_calculator(V M sgimensions,

USEd—PMStype&configuTation);
19 if (multiplexer_costoyrrent < multiplexer_costpe.s: ) then
20 best_solutionmulipieser cost =

used—PMStype&configuration7 used—PMsdisposition;

21 multiplexer_costpess = multiplexer_cost cyrrent;

end
22 if (leftover yrrent < leftover_best) then
23 best_solutioniefroper =

used—PMstype&configuration; used—PMSdisposition;

24 leftoverpess = leftover yrrent;

end

end
end
end
end
end

end

25 Return used_PM _typesconfiguration, wsed_PM typesgisposition;
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3.5 A Heuristic Approach

In the previous section we tried to discuss the complexity of the general problem,
which was binding multiple virtual memories to multiple types of reconfigurable phys-
ical memories. Moreover, we presented a method to explore the entire solution space
to find the desired solution for the problem. However, due to the complexity of the
problem, coming up with an exact solution by exploring the entire solution space does
not seem to be a practical method because of its runtime. Therefore, we have to use
heuristic methods to achieve a suboptimal solution within an acceptable time.

In this section we will discuss two different heuristic approaches for the two parts
of the problem, which are leftover and multiplexer cost minimization respectively.
The following two subsections explain the steps of the heuristic approaches in each
case for the problem of binding multiple virtual memories to multiple types of physical

memories.

3.5.1 Heuristics for Leftover Reduction

The basic idea of the heuristic algorithm for leftover reduction is to use larger types
of physical memories as long as they do not create any leftover. Therefore, it sorts the
types of physical memories based on their capacity and starts with the largest type
to fill the virtual memories. The algorithm tries to work on all the virtual memories
at the same time, and in each step it only works with one type of physical memory.
Filling the uncovered parts of virtual memories with a type of physical memories
has three steps with three different strategies. As mentioned earlier, we start with the
largest type of physical memory, and apply these three steps on the virtual memories

using the current type. Then, the output is given to the next part which applies
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the same three steps to the remaining empty parts using the next type of physical
memories. Here, it is very important to know when to move from one strategy to
another and from one type to the next type. We will discuss the three strategies and

the conditions for switching between them in the algorithm:

Step 1: In this step we will only use the tallest configuration of the physical memory
to cover the empty parts of the virtual memories. However, we do not allow any
types of leftover. We sort the virtual memories based on their depth increas-
ingly, and start with the shortest one, and whenever the current virtual memory
cannot accommodate more physical memories of the current type in their tallest

configuration without any leftover, we move to the next virtual memory.

In this step we fill the virtual memories column-wise. Figure 3.9 shows two
sample virtual memories and the way we fill each one. It is also important to
mention that the empty area is not necessarily rectangular always because of
the parts that the previous physical memories have covered so far in the virtual
memory. Also, we always have to keep track of the number of available physical

memories and the number that we have used so far in the algorithm.

It is important to know that the cost of a multiplexer grows linearly with re-
spect to the number of its inputs, so reducing the number of inputs in a large
multiplexer saves the same amount of logic compared to a small multiplexer.
Therefore, covering an empty part in a virtual memory can be done column-wise
or row-wise without any visible difference in the overall multiplexer cost. More-
over, starting with the shortest virtual memory does not imply any advantages

or shortcomings in the multiplexer cost of the solution compared to the case
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physical memories.

Figure 3.9: Filling the virtual memories in the first step.
that we start with the tallest virtual memory.

If we finish this step, and the current type of physical memories is still avail-
able, we can go to step 2. Otherwise, we have to go to the next type of physical

memories and run the step 1 for it.

Step 2: In this step of the algorithm we will work on the bottom part of the virtual
memories which is not covered yet. To start, we sort the virtual memories based
on the depth of their bottom uncovered part, and start with the virtual memory
with the deepest uncovered part in its bottom area. The strategy in this step
is again not to create any type of leftover. Therefore, we have to use other
configurations of the physical memory which do not create any horizontal or

vertical leftover; again, we prefer tall configurations, and that is why we try to
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work on deeper uncovered parts first.

We continue the strategy in this step until we run out of physical memories of
the current type, or there are no more spots left in the virtual memories which
we can cover without creating any leftover. As of this point in the algorithm
the use of this type of physical memory creates leftover, so we prefer not to use
it, and go for smaller types which create less leftover. However, the problem is
we may have not enough of those smaller types to cover all parts of all virtual
memories. Therefore, we need an estimation of the number of smaller physical
memories (remaining types) which are needed for the rest of solution of the
problem, and if we need more smaller physical memories than are available, we
have to use more of the current type with the penalty of creating leftover, which

leads us the step 3.

The estimation function is a very simple algorithm which at the beginning
calculates the number of current physical memory type required to cover the
remaining parts of all virtual memories for minimum multiplexer cost solution.
It has been discussed in section 3.1 that the minimum multiplexer cost solution
gives the maximum required number of physical memories to come up with an

acceptable solution for the problem.

We can estimate the overall memory capacity we need to solve the rest of the
problem by multiplying the number we calculated above to the capacity of the
current type of the physical memories. Then, by comparing this number with
the sum of available capacities for all smaller types of physical memory, which

is the overall capacity we have still available we can conclude whether we have
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enough physical memories in other types or not. In the case of having not
enough physical memories in other types we have to continue using the current
type with the cost of additional leftover. Adding extra physical memories of

the current type is discussed in step 3.

Step 3: We keep executing the strategy in this step until we make sure that the
number of physical memories in smaller types is adequate to cover the remain-
ing empty parts in all virtual memories. In this step, we know that adding
each physical memory creates some leftover. Therefore, we create a list of all
the candidate spots for the current type of physical memory and the leftover
created for each spot. Then, we sort this list increasingly based on the created
leftover, and add the physical memories one by one. After adding each physical
memory we rerun the estimation function to decide whether we should still work

with the current type or whether we can move to the next type.

It is also obvious that we can only run this step while we have available physical
memories of the current type. Therefore, we should keep track of the used and
available numbers of physical memories in the current type. After finishing this
step we can move to the next type of physical memories and start from step 1

for that type.

This algorithm should be used for the first n-1 types of physical memories, and we
can reuse the algorithms in section 3.2 for the last type of physical memories because
of its desirable runtime and optimum results. The only difference is that the empty

areas in this case are not necessarily rectangular.
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Algorithm 6 provides a pseudo code to summarize what we discussed for heuristics
to reducing the leftover in a solution. Lines 3 to 6 represent the first step of the
algorithm, where we only use the tallest configuration of the physical memory to
cover the virtual memory without creating any leftover. In line 7 we sort the virtual
memories based on the depth of their uncovered bottom part, and in lines 8 to 11
we try to use the tallest possible configuration of the current type of the physical
memories to cover the empty parts at the bottom of the virtual memories without
creation of leftover. In line 12 we have the estimation function (estimate) which
calculates the estimated number of required physical memories in smaller types to
complete the solution to the problem using the capacities of the smaller types of
physical memories and the area of the empty parts in all virtual memories. The
result is stored in in “PM _next_type equired_numper - The comparison of this number
with the actual number of available physical memories in smaller types provides the
condition for the third step of the algorithm. Based on this condition we add a single
physical memory in a place in virtual memories with minimum implied leftover each
time, which is done by “add” function. Finally, the “nV M —1PM” function is called
to cover the remaining uncovered parts of virtual memories (if there is any) with the

smallest type of physical memory which is the last type.

3.5.2 Heuristics for Multiplexer Cost Reduction

Similar to the leftover heuristics, the heuristic approach for multiplexer cost reduction
consists of a number of steps. The basic idea in this case is to use large physical
memories in their tall configurations as long as they give us a better multiplexer cost

compared to the smaller types. The challenge is how to use the larger types more

70



M.A.Sc. Thesis - Kaveh Ghorbani Elizeh McMaster - Electrical & Computer Engineering

Algorithm 6: Leftover reduction heuristic

Input : VM Sdimensions; PM types, PM typesantity, PM tYpescon figuration_set
OutPUt: used—PMStype&configuration7 used—PMSdisposition

1 sort(PM _types);
2 foreach (PM type # PMsmaitest_type) dO
3 foreach (VM) do

4 while (leftover = 0) do
5 COVGI'(VM, PMtallest_configuration); //Step 1
6 update(uSed—PMStype&configuration7 used—PMsdisposition);
end
end
7 sort(V M, bottom_areadeptn);
s  foreach (VM) do
9 while (leftover = 0) do
10 COVGI‘(VM, PMtallest_possible_configuration); //Step 2
1 update(uSed—PMstype&configuration7 used—PMSdisposition);
end
end
12 PM—nel‘t—typerequired_number = eStimate(VMsdimensi(msy

USed—PMstype&configuration1 used~PMSdispositiona PM—neivt—tyP@S);
13 while (PM-next—typerequired_number < PM—next—typesavailable_number) do

14 add(V Ms, PM _type, “min leftover”); //step 3
15 update(us6d—PMStype&configuration7 used—PMSdispositi(m);
16 PM—next—typerequired_number = eStimate(VMSdimensionsa
uSed-PMStype&configurationa used—PMSdisposition; PM_next_types);
end
end

17 call(nVM — 1PM),
18 Return used_P M _typescon figuration, used-P M typesqisposition;
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efficiently to reduce the overall multiplexer cost of the solution.
Again, we sort the physical memory types decreasingly based on their capacity,
and go through the following steps for each type. Also, we try to work on all virtual

mermories at the same time.

Step 1: This step is exactly the same as the first step in the leftover reduction
because filling empty parts with the tallest configuration of the physical memory
without creating any type of leftover is the most efficient way to use a physical

memory to reduce multiplexer cost.

We have to keep track of the used and available physical memories, and we have
to stop this step if we have consumed all the physical memories of the current
type. After filling every possible spot with this step, if we have more physical

memories of this type available we will go to the next step.

Step 2: In this step we sort all the virtual memories based on the depth of the empty
part in their bottom area decreasingly, and only work on the ones which the
current physical memory can cover their entire bottom area depth. It means
smaller types of physical memories cannot cover the entire depth of the bottom
area of these virtual memories with their tallest configuration. We start from
the virtual memory with the deepest bottom part, and try to fill its bottom
empty area with the configuration which covers the entire depth. We put the
physical memories in this configuration next to each other in the bottom area

of the virtual memory as long as we do not create any horizontal leftover.

After working on each virtual memory we move to the next one as long as there

are physical memories of the current type left. When we finished working on
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all the eligible virtual memories for this step, and we still have more physical

memories of this type available we can go to the step 3.

Step 3: In this step we work on the empty parts at the right hand side of the virtual
memories. These are the parts which we did not cover in the first step due to
creation of horizontal leftover. We sort the virtual memories based on the width
of the uncovered area on their right hand side, and start with the virtual memory
with the widest area. In this step we only work with the tallest configuration of
the physical memory, and do not allow creating of vertical leftover. Therefore,
we will work only on the virtual memories which we worked on in the first step

(the ones deeper than the depth of the tallest configuration).

After this step if the current type of physical memories is still available we can
move to the step 4. Otherwise, we should move to the next type of physical

memories, and start from the first step with them.

Step 4: In the second step we worked on the virtual memories which the smaller
types of physical memories could not cover the entire depth of their bottom
empty area with their tallest configuration. In this step we can perform the
same procedure for the virtual virtual memories for whom we have a proper
configuration of the current physical memory. It means that there exists a
configuration for the current type with the same depth as the desirable config-

uration of the smaller type.

If the depth of the shortest configuration of the current physical memory is
taller than the desirable configuration of the smaller type to cover the bottom

area of the virtual memory, we can assume that this type is not a good choice
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Figure 3.10: Steps 1 to 4 of the multiplexer cost heuristic algorithm

for covering the bottom area of the virtual memory. We do not allow any hor-
izontal leftover in this step too, and as mentioned before, we sort the virtual

memories based on the depth of their uncovered bottom area decreasingly.

After completion of this step if we still have the current type available we will
go to the next step. Figure 3.10 shows the configuration set of a sample physical
memory, and the way we use it in the first 4 steps of our heuristic approach for
the 3 sample virtual memories. We have numbered the steps in such a way that
it represents the priority of each virtual memory in each step. For example,

step 1.1 is prior to step 1.2.

Step 5: In step 2 we did not allow the creation of horizontal leftover because it was
possible that we could use the current type of the physical memories in a more
efficient way to reduce the overall multiplexer cost. In this step we are willing to

use the current type despite of the leftover it creates to reduce the multiplexer
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cost for the areas that we left in step 2 to avoid horizontal leftover. Therefore,
we sort the virtual memories we worked on in step 2 based on the depth of their
empty bottom area, and add the physical memory which creates the horizontal

leftover to them one by one to reduce the multiplexer cost.

The spots which we worked on in this step were the only remaining spots which
we could come up with a efficient usage for the current type of physical memo-
ries. From now on the use of this type does not have any advantage over smaller
types in terms of the multiplexer cost reduction. Moreover, this type creates
more leftover compared to the smaller types. Therefore, we prefer not to use
this type in the solution anymore. However, to make this decision we need to
make sure that the overall capacity of the remaining physical memory types is

sufficient to cover all the remaining empty parts in all the virtual memories.

In this case we can use the estimation function which we discussed in step 2 of
the leftover reduction algorithm in subsection 3.5.1 to decide whether we can
go to the next type or we should continue using the current type due to lack of
overall capacity of smaller physical memory types. In the case that we should

continue with the current type we will move to step 6, which is discussed below.

Step 6: We are running this step because we know that we do not have sufficient
smaller physical memory types to cover all the remaining uncovered parts of all
virtual memories. Therefore, we have to use more instances of the current type
although it would not be an ideal choice if adequate number of smaller physical
memory types were available. This step works on the virtual memories which

we processed in step 4, and we left their bottom-right part uncovered due to
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creation of horizontal leftover. We sort these virtual memories based on the
depth of their uncovered bottom part, and start from the deepest one. After
adding each instance of the current type to each virtual memory, we rerun the
estimation function to make sure whether we should continue with the current

type or not.

Step 7: In this step we try to work on the virtual memories which we did not process
their bottom area during the previous steps because the depth of the area was

small and suitable for the smaller types of physical memories.

First, we sort the virtual memories based on the depth of their uncovered bot-
tom area decreasingly, and start from the virtual memory with the deepest
bottom area. It is obvious that due to the small depth of the bottom area we

will use the shortest configuration of the current physical memory to cover it.

It is very important to know that we do not allow creation of horizontal leftover
in this step. Moreover, after adding each physical memory we rerun the estima-
tion function to make sure that we need to continue in this step or we can move
to the next type of physical memories. When we finish adding physical memo-
ries in this step, and adding any other physical memory will result in creation
of horizontal leftover, and the estimation function shows that we still need to
use the current type, we should move to the next step assuming that there are
more physical memories left from this type. Therefore, we have to keep track

of the used physical memory resources in different steps.

Step 8: The only uncovered spots left in all virtual memories in this step are the ones

that we left uncovered in the last step because of the creation of the horizontal
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leftover. In this step we sort the virtual memories based on the area of their
uncovered part in their bottom right decreasingly. We start to cover these spots
with the current type of the physical memories as long as the estimation function

requires us to do that, and we have physical memories from the current type.
There are 3 possibilities in this case:

o We run out of the current type, so we have to move to the next type, and

ignore the result of the estimation function.

e The result of estimation function does not change during this step, so we

will fill all the empty parts with the current type and complete the solution.

e The result of estimation function changes during this step, so we move to

the next physical memory.

Steps 5 to 8 of the multiplexer cost reduction heuristic are presented in figure
3.11 which shows same physical and virtual memories of figure 3.10, and the

way we continue our heuristic method on them.

The algorithm we presented in this section should be used for all except the last
type of physical memories, and we should reuse the algorithm introduced in section
3.2 for the final type of physical memories. However, we should consider that the
empty area in this case is not necessarily rectangular.

Algorithm 7 summarizes what we discussed in this section in a pseudo code format.
In the first step which is captured in lines 3 to 5 we work on all virtual memories
starting from the shortest (V Mgpoptest) to the one with the highest depth (V Miqest)-

Lines 6 to 8 represent the second step which works on the virtual memories from the
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Figure 3.11: Steps 5 to 8 of the multiplexer cost heuristic algorithm

one with the deepest bottom area (V Myaiest_bottom_area) t0 the ne with the shortest
bottom area (V Mhortest_bottom_area), a0d fills the bottom part of the virtual memories
with the shortest configuration of the current physical memory which covers the entire
depth of the bottom part (PMiaiest_possible_configuration) @S long as it does not create
any horizontal leftover (h_leftover).

The third step of the algorithm is coded in lines 9 to 11 which works on the virtual
memories from the one with the widest empty right side area (V Muyidest_right area) tO
the one with the thinnest uncovered area on its right side (V Mininnest_right_area). 11
line 12 we start the fourth step, and find the depth of the shortest configuration
which can cover the entire depth of the empty part at the bottom of each Virtﬁal
memory in line 13 by using the “proper_conf finder” function, and store the result
in “V M _proper_con figuration_depth”. If this value is available in the depths of the

configurations of the current type of physical memories (PM _con figuration_setgeptn),
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we use the current type in this step for the particular virtual memory.

Step 5 is captured in lines 16 to 19 which covers the bottom part of the virtual
memories in the case of the depth of the bottom part is larger than the heights of the
tallest configuration of the next type of physical memory (PM nexttypetayiest _con figuration)-
Line 19 represents the estimation function which we will use in the final 3 steps of
the algorithm which is the same as the estimation function in the leftover algorithm.
However, we have presented its arguments in a more abstract way here to shorten the
pseudo code. Therefore, the “used_PMs” represents the type, configuration, and the
disposition of the used physical memories in the solution.

Step 6 is coded in lines 22 to 26, and lines 27 to 30 are for step 7, and finally,
step 8 is captured in lines 31 to 34. It should be noted that the final 3 steps of the
algorithm add only one physical memory to the virtual memory which we work on
each time. Also, steps 7 and 8 only work on the virtual memories which have not been
processed in steps 2,4, and 5 (VM ¢ V Ms_steps2,4,5). Finally, the “nV M — 1PM”
function is called to cover the remaining uncovered parts of virtual memories (if there

is any) with the smallest type of physical memory, which is the last type.
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Algorithm 7: Multiplexer cost reduction heuristic

IHPUt : VMsd‘imensionm PM_types, PM—typesquantityy PM—tyPesconfiguration_set
OUtput : used—PMStype&configuration7 used—PMsdisposition

1 sort(PM _types);
2 foreach (PM _type # PMs,qiiest_type) dO

3 foreach (VM from V Mportest t0 VMiqpiest) do
4 while (leftover = 0) do
5 COVGI‘(VM, PMtallest-configuTation); //Stef) 1
end
end
6 foreach (VM from VMtallest_bottom_area to VMshortest..bottom_area) do
7 while (h_leftover = 0) & (VM bottom_areageprn, > next_ PM typeialiest_con figuration) do
8 cover(VM, PMtallest_possible_confz'guration ); //Step 2
end
end
9 foreach (VM fmm VMwidest-right-area to VMthinnest_right_area) do
10 while (v_leftover = 0) do
11 Cover(VM> PMtallest_conf’iguTation); //step 3
end
end
12 foreach (VM from VMtallest_bottom_area to VMsho’rtest_bottom_area) do
13 V M _proper_con figuration_depth = proper_conf finder(V Myottom_area, PM typescon figurations);
14 while (h_leftover = 0) & (VM _proper_configuration_depth € PM _configuration_setgepip) do
15 COVEI‘(VM, PMproper_configuration); //Step 4
end
end
16 foreach (VM from VMtallest_bottom_area to VMshortest_bottom_a'rea) do
17 if (bottom_areagepiy, > PM _nexttypesaiiest_con figuration) then
18 V M _proper_con figuration_depth = proper_conf_finder(V Mpottom_arcas
PM—typesconfiguru.tions);
19 cover(VM, PMtallest.possible_configura.tion); //Step 5
end
end
20 PM _next_typerequired_number = estimate(VMsgimensions, used_PMs, PM next_types);
21 while (PM-nezt—typerequired_num < PM—neIt—typesavailable_num) do
22 foreach (VM f’r‘om VMtallest_bottom_area to VMshortest_bottom_area) do
23 V M _proper_con figuration_depth = proper-conf_finder(V Mpottom_areas
PM-t'ypesconfigurations);
24 while (VM _proper_configuration_depth € PM _con figurationsgepip) do
25 a.dd(VM, PMproper-configuration); //Step 6
26 PM _next typerequired-number = estimate(V M sgimensions, used_PMs, PM next_types);
end
end
27 foreach (VM ¢ V Ms_steps2,4,5) do
28 while (No added h_leftover) & PM _next typercquired num < PM _nert typesayailable_num do
29 add(VMy PMtallest_possible_configuration); //Step 7
30 PM_next type,cquired_number = estimate(VMsgimensions, used_PMs, PM _next_types);
end
end
31 foreach (VM ¢ V Ms_steps2,4,5) do
32 while (PM—nezt—typerequired_num < PM-nezt—typesavailable_num) do
33 add(VM7 PMtallest_possible_configuration)? //Step 8
34 PM _next_type,cquired_number = estimate(V M sgimensions, used-PMs, PM _next_types);
end
end
end

end
35 call(nVM — 1PM);
36 Return used—PMconfigurationy used—PMdisposition;
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Chapter 4

Experimental Results

In the previous chapter we have tried to understand the complexity of the problem
by going through some intermediate steps and subproblems to discover the role of
different parameters involved in the overall process. Then, we gave a method to
search the entire solution space to find the optimum solutions for minimum leftover
and minimum multiplexer cost. Since the runtime of the exhaustive search method
was not acceptable, we introduced two different heuristic approaches to come up with
suboptimal solutions for the problem to reduce leftover or multiplexer cost in an
acceptable runtime.

In this chapter we will start with a case study on soft tissue modeling to observe
the dimensions of the problem in a realistic environment, and we will evaluate the
results of our heuristic against a manual memory binding approach for the problem.
In the second section of this chapter we will provide some experimental results and
a comparison between our heuristic methods and the exact solution for a set of hy-
pothetical examples. Furthermore, we will try to analyze the results, and provide

evidence for them.
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4.1 Case Study

Soft tissue modeling has a vital role in virtual surgery because it gives an artificial
feeling of the tissue to the surgeon. This modeling uses Finite Element Modeling
(FEM) analysis and has to be done in real-time. The FEM analysis uses iterative
algorithms to solve a set of equations to find the position (or force) of each node in
the tissue. The most compute-intensive part in the iterative algorithms is a sparse
matrix-vector multiplication which is an intermediate step in the solution generation
process. The goal is to accelerate this matrix-vector multiplication to increase the
overall speed of the FEM analysis, and be able to meet the real-time constrains
introduced by the environment and the nature of the problem.

The memory architecture has a vital role in the overall performance and structure
of the architecture. Therefore, in this case study we can use our heuristic methods and
compare them with the manual solution which we originally designed for the problem.
Moreover, if such a tool was available when we started this hardware accelerator
project, we could have checked the applicability of several choices for the processing
core of the architecture in a fraction of time.

To generate a model for a tissue, we employ a meshing algorithm first. A meshing
algorithm creates a set of nodes on the surface and inside the tissue and calculates the
dependencies between nodes by measuring their movements and forces with respect
to each other. The meshing algorithm creates a 2-dimensional sparse matrix for the
tissue, which holds all physical information such as density, hardness, and softness of
each part of the tissue. This model can be processed to simulate the reflections of

the tissue to an external force or displacement.
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To attack the problem we first start with the properties of the sparse-matrix:
e The matrix is symmetric.
e The matrix has blocks of non-zero elements in size of 3 x 3.

e The meshing algorithm creates a limited number of neighbors per node to man-
age the condition number of the generated matrix [9, 27]. Therefore, we can
assume that in this case, the number of non-zero elements in each row and col-
umn is bounded. In this particular type of matrices, the number of neighbors

is limited to 18.

Assuming we have a model with ‘n’ nodes, the size of the matrix will be “3n x3n”.
In the iterative solution, we have to multiply this matrix by an intermediate vector
with the size of “3n x1”. We will call the matrix ‘A’ and the vector ‘d’, and the result
of multiplication will be stored in vector “Ad” with the dimension of “3n x 1”7. An
acceptable number of nodes for a simple model is about 500, and a real-time model
should be updated 100-1000 times per second [17].

In order to meet the real-time constraints of the problem, we should go for highly
parallel solutions which leads us to use several multiplier units concurrently. FP-
GAs are a suitable candidate for design and development of highly parallel solutions
because they have a large number of embedded multipliers and embedded physical
memory units to store data on chip.

For the purpose of this project we used a Stratix II EP2560 FPGA with the
specifications given in table 4.1.

We are aiming to fit 512 nodes in this FPGA. Therefore, the size of the matrix ‘A’
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Table 4.1: Specifications of Stratix II EP2S60 FPGA [1].

Feature M512 RAM | MAK RAM | M-RAM | Embedded 18 x 18
Block Block Block Multipliers
Quantity 329 255 2 144
Configurations 512 x 1 4K x 1 64K x 8 9x9
(depth x width) 256 x 2 2K x 2 64K x 9 18 x 18
128 x 4 1K x4 | 32K x 16 36 x 36
64 x 8 512 x 8 | 32K x 18

64 x 9 512 x 9 16K x 32
32 x 16 256 x 16 | 16K x 36
32 x 18 256 x 18 8K x 64
128 x 32 8K x 72
128 x 36 | 4K x 128
4K x 144

is “1536 x 1536”. The maximum number of non-zero elements will be the maximum
number of neighbors for each node (18) times the number of nodes (512) times the
number of non-zero elements for each neighborhood between 2 nodes (9), which is
“18 x 512 x 9 = 82944”. This can be translated to the maximum number of non-zero
elements per row/column of 82944 < 1536 = 54. Also, the bit width of the matrix
elements is 12, and vector elements are in 16 bits. The result of multiplication is
stored in 16 bits.

The solution which we want to work on processes the neighbors of each node in 2
consecutive clock cycles. Therefore, it has to process 9 neighbors in each clock cycle,
and we know that each neighborhood is a set of 9 numbers. Therefore, we need 81
multipliers in parallel to calculate the result of the matrix-vector multiplication, and
the whole process of multiplication will take 1024 clock cycles.

We have 9 multiplication clusters, and each cluster is in charge of processing one

neighbor of the current node. Therefore, there are 9 multipliers in each cluster. Figure
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4.1 shows a multiplication cluster, and the way we feed the values of matrix ‘A’ and
vector ‘d’ into it. As presented in this figure, there are 9 distinct values of matrix
‘A’ coming into the cluster and each one is fed to a multiplier. However, we have
only 3 distinct vector ‘d’ values going to each cluster, and each value is connected to
3 multipliers because those multipliers are in the same column, and need the same

operand from the vector.

3 values to
X adder tree

3 values to
Y adder tree

9 ‘A’ values
from memory | 3 values to

Z adder tree

d\;aiue" d value ‘ ~ dvalue ;
o Y z
Multiplier Cluster

T

3 ‘d’ values from
memory

Figure 4.1: A cluster of multipliers.

To process 9 nodes concurrently, all the clusters should work in parallel, and their
outputs should be connected to 3 different adders. Each adder is in charge of summing
one row of the multiplication results. As each node (3 rows) is processed in 2 clock
cycles, the number of adder inputs should be 28, where 27 are for the values of the
current cycle and 1 for the sum in previous clock cycle which we use every other clock
cycle. Figure 4.2 shows the way we connect the group of clusters together and to the

adder.
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X Partial
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vector memory

0 1 2 5 5 24] 28] 26
el e X ”,/i i Xk X
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Figure 4.2: Connection of the clusters to the X adder (Y and Z adders are not shown.
They are connected to the second and third row of the multipliers in clusters).

After designing the processing core, we have to design and develop the memory
architecture around this unit. In this step we can take advantage of the sparsity of
matrix ‘A’ and store only non-zero elements of the matrix. However, this comes with
the cost of keeping track of the position of non-zero elements because we need their
position to perform the multiplication properly.

We have a maximum of 18 neighbors for each node, and each neighborhood implies
a 3 X 3 non-zero block. Therefore, we can assume that every 3 consecutive rows of
the matrix have the same placement for non-zero element values and each non-zero
element is followed by two other ones in a row. Therefore, we can read 3 consecutive
rows of matrix ‘A’ at the same time and do the multiplication. As we are only storing
non-zero elements of the matrix, we should save the index of the non-zero block we
want to work on because we have to find the relative spot in the vector ‘d’ as the

second argument of the multiplication. We have 512 nodes, so we need 9 bits of
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address to look up the respective value for the current elements of the matrix in the
vector.

We have 9 clusters, and each cluster should receive 9 values from matrix ‘A’ every
clock cycle. As we have 512 nodes, we need 9 bits of index for each cluster which
helps us to look up the respective vector ‘d’ values for each cluster. Therefore, we
need 9 x 9 x 12 = 972 bits to feed the ‘A’ values to the cluster and 9 x 9 = 81 bits
as the address for looking up proper value in vector ‘d’. Figure 4.3 shows the storage
strategy we use to store the non-zero values of matrix ‘A’ and their indices which
are used as addresses to lookup vector ‘d’ elements (as the second operand of the

multiplications).

81 A values
12 bits each

10bit
counter

21 M4Ks

Figure 4.3: Memory architecture for storing matrix ‘A’.

This memory architecture is accessed linearly from address 0 to 1023 (each 2
addresses are for the neighbors of 1 node) because we do the multiplication row
wise, unlike the memory architecture for vector ‘d’” which is accessed randomly. As
we always work with 3 consecutive rows of matrix ‘A’ we always have to lookup 3
consecutive values of vector ‘d’ which we call ‘z’; ‘y’, and ‘z’. Therefore, we store the

vector in such a form that every address holds 3 consecutive values, so by each access
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we will be able to retrieve all values at once. Figure 4.4 shows how we store vector

‘d’.

Figure 4.4: Memory architecture for storing vector ‘d’.

All the memory elements in the Stratix II FPGA we use are dual port. Therefore,
each storage of vector ‘d’ can provide 2 values in every clock cycle. To feed all the
clusters we need to have 5 copies of the vector ‘d’ storage architecture, and each copy
can provide inputs to 2 clusters. As illustrated in figure 4.5, the address inputs of the
vector ‘d’ storage are provided by the index outputs of the matrix ‘A’.

The multiplication results are stored in vector ‘Ad’ which has a similar architecture
to vector ‘d’. We should write therutputs of the 3 adders every other clock cycle in
this vector. The address is provided by using the value of the same counter we use
to read the matrix values. Figure 4.6 shows the architecture for the storage and the
input signals for vector ‘Ad’.

Due to the level of complexity of this case study, the exhaustive search solution

takes several weeks to finish. Therefore, we will compare our heuristic methods to
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a manual solution which we designed for this problem before performing this re-
search. Table 4.2 presents the comparison between the 2 cases, and obviously using

the heuristic approaches saves us a tremendous amount of time, and it gives more

The concatenation of
X, Y, and Z adders
16x3 bits

Figure 4.6: Memory architecture for storing vector ‘Ad’.

efficient results in this case.

Table 4.2: Heuristic algorithm and a manual solution comparison.

Solution | Runtime | Multiplexer | Leftover Used Used | Used
cost M-RAMs | M4Ks | M512s

Manual 48 hrs 0 789504 bits 2 236 0

Heuristic 8s 0 396288 bits 1 255 104

In the next section we will provide some experimental results in both of the heuris-
tic and exhaustive solution space search approaches, and will analyze them to illus-
trate the weaknesses of our heuristic approach. The results also will easily convince

us that the exhaustive solution space search method is not a practical approach to

solve the problem for complex real-world applications.
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4.2 Experimental Results

In this section we report the results of running the heuristic algorithms and the ex-
haustive solution search method for a number of experiments with different sets of
virtual memories and physical resources. Each set of virtual memories consists of 2 to
3 virtual memories selected from a pool of memories. Table 4.3 shows the sets used

in the experiments along with the dimensions of each memory.

Table 4.3: Virtual memory sets.

Virtual memory set | Virtual memories | Dimensions
Vi VML1 4500 x 7
VMXS 100 x 20
Vo VML1 4500 x 7
VMS2 700 x 90
V3 VMM2 1500 x 30
VMS1 700 x 15
V4 VMM1 1500 x 11
VMS2 700 x 90
VML1 4500 x 7
V5 VMM1 1500 x 11
VMS2 700 x 90
VML1 4500 x 7
V6 VMM2 1500 x 30
VMS1 700 x 15
VML1 4500 x 7
Vi VMS2 700 x 90
VMXS 100 x 20
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We use two types of physical memories with different quantities and configuration

sets for each experiment. Tables 4.4 and 4.5 show the different configuration sets of

the physical memory types that we use in the experiments.

Table 4.4: Configuration sets of the first physical memory type (M8K).

2 configurations | 4 configurations | 6 configurations
for M8K for MSK for M8K
2048 x 4 8192 x 1
1024 x 8 4096 x 2
512 x 16 2048 x 4
256 x 32 1024 x 8
512 x 16
256 x 32

Table 4.5: Configuration sets of the second physical memory type (M512).

2 configurations | 5 configurations
for M512 for M512
64 x 8 512 x 1
32 x 16 256 x 2
128 x 4
64 x 8
32 x 16
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The number of small physical memory type (M512) in all experiments is 500, and
the number for the large type (M8K) is 5 or 10. The experiments are named with
the following format:

V|set number]_ N[quantity of large type]- Clnumber of configurations for large type, small type]

For example, V1_ N10_ C4,5 means: using the first set of virtual memories in table
4.3 and 10 physical memories of the first type which has 4 configurations (table 4.4),
and 500 physical memories of the small type with 5 configurations (table 4.5). With

this explanations, we can now proceed to presenting the tables of the results.

Table 4.6: Experiments on V1 with 2 configurations for M512.

Exhaustive search Heuristic

Min Lo of Min Min | Mux of | Run Min Lo of Min Min | Mux of [ Run

Mux | min Mux Lo Lo % | min Lo { time || Mux | min Mux Lo Lo % | min Lo | time

(LB) (bit) (bit) (bit) (s) (LB) (bit) (bit) (bit) (s)
V1.N5.C2,2 32 12068 5924 | 15.03 48 0 32 12068 12068 | 26.48 32 0
V1.N10.C2,2 21 23844 5924 | 15.03 48 0 21 23844 12068 | 26.48 445 0
V1.N5.C4,2 27 10532 5924 | 15.03 48 0 27 10532 10532 | 23.92 27 0
V1.N10_.C4,2 7 15652 5924 | 15.03 48 0 7 15652 15652 | 31.84 7 0
V1.N5.C6,2 18 11044 5924 | 15.03 38 0 101 30500 30500 | 47.66 101 0
V1.N10_C6,2 0 32036 5924 [ 15.03 38 1 0 32036 30500 | 47.66 101 0

Table 4.6 presents the results of experiments on the first set of virtual memories.

These experiments are all done with 2 configurations for the small physical memory
type, and the effect of increasing the number of available physical memories in large
types and increasing the number of their configurations is obvious.

In the case of the exhaustive search solution, the results show that increasing
the quantity of the large physical memory type results in reducing the multiplexer

cost which makes sense because large types can cover a larger depth of the virtual
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memory. Also, when we have more options for configuration of the large physical
memory types we can use tall configurations to reduce the multiplexer cost, which is
apparent in table 4.6. When we have an adequate number of small physical memory
types, the leftover of the solution is defined by these small types. Therefore, changes
in the quantity and the number of configurations of the large type does not affect
the leftover of the design. However, when we have more options for the large types
(quantity and configuration set) we may be able to reduce the multiplexer cost of the
minimum leftover solution, which is the case in the last 2 rows of the table.

The heuristic approach results are close to the optimum in some cases. However,
it is obvious that increasing the number of options does not guarantee better results
for the heuristic algorithm. Moreover, the leftover overhead in the case of using the
heuristic algorithm in this set of experiments is about 10-30% because of an assump-
tion in the heuristic algorithm which is not always correct. We have assumed that
small types of physical memories are more suitable in the solutions which work on
reducing the leftover simply because we should be able to cover small uncovered parts
with them with less implied leftover. However, this is dependent on the configura-
tions of the small types. As an example we can refer to the case when the thinnest
configuration of the small type is wider than some configurations of the large type.
This is the exact case that we have in the set of experiments in table 4.6. In this
set of experiments, the heuristic leaves the right end part of the virtual memories for
the small type, and does not use the large type for them. However, the large type
has thinner configurations than the small type, and is more suitable to reduce the
horizontal leftover.

Table 4.7 contains the results of the same experiments with 5 configurations for

9



M.A.Sc. Thesis - Kaveh Ghorbani Elizeh McMaster - Electrical & Computer Engineering

Table 4.7: Experiments on V1 with 5 configurations for M512.

Exhaustive search Heuristic

Min Lo of Min Min | Mux of | Run Min Lo of Min Min | Mux of | Run

Mux | min Mux Lo Lo % | min Lo | time || Mux | min Mux Lo Lo % | min Lo | time

(LB) (bit) (bit) (bit) (s) (LB) (bit) (bit) (bit) (s)
V1.N5.C2,5 21 2340 1316 3.78 28 0 21 5412 5412 | 13.91 21 0
VI1.N10.C2,5 21 2340 1316 3.78 28 0 21 5412 5412 | 13.91 21 0
V1.N5.C4,5 7 5412 1316 3.78 16 0 7 5412 1316 3.78 16 0
V1N10.C4,5 7 5412 1316 3.78 16 1 7 5412 1316 3.78 16 0
V1.N5.C6,5 4 12068 1316 | 3.78 10 3 8 19236 1316 | 3.78 10 0
V1.N10.C6,5 0 26404 1316 3.78 10 7 0 26404 1316 3.78 10 0

the small type of physical memories. The first notable issue is that the leftover in
both cases of exhaustive search and heuristic algorithm is decreased. The reason is
that some of the extra configurations in this case for the small type are taller than
what we had in previous experiments. Therefore, we are able to reduce the horizontal
leftover more effectively with the current set of configurations. Moreover, the heuristic
algorithm works much better with the current set of configurations for the small type
because the current set of configurations holds the property we have assumed in our
heuristic approach. Therefore, when we leave a part of virtual memory to be filled
with a smaller type of physical memory, we can be confident that the smaller type is
more suitable than the current type for this relatively small part.

The first half of table 4.8 contains the results for experiments on the second set of
virtual memories (V2) using 2 configurations for the small type of physical memories,
and the second half is for the case with 5 configurations for the small type. Obviously,
the increase in the number of types of the small physical memory type makes a visible
growth in the runtime of the exhaustive search method because of the added number

of options. The other observation we can have from the results is that the number
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Table 4.8: Experiments on V2.

Exhaustive search Heuristic

Min Lo of Min Min | Muxof | Run Min Lo of Min Min | Mux of | Run

Mux | min Mux Lo Lo % | min Lo | time Mux { min Mux Lo Lo % | min Lo | time

(LB) (bit) (bit) (bit) (s) (LB) (bit) (bit) (bit) (s)
V2_N5.C2,2 340 9436 9436 | 9.079 340 0 561 9436 9436 9.079 561 0
V2.N10.C2,2 116 11996 9436 | 9.079 118 0] 481 35036 35036 | 27.05 481
V2N5.C4,2 340 9436 9436 | 9.079 340 1 421 25820 25820 | 21.46 421 0
V2N10.C4,2 116 11996 9436 | 9.079 118 14 309 46300 29916 | 24.05 325 0
V2N5.C6,2 330 9436 9436 | 9.079 330 4 345 34012 34012 | 26.47 345 0
V2N10.C6,2 106 11996 9436 | 9.079 108 336 201 38108 38108 | 28.74 201 0
V2.N5.C2,5 78 14044 1244 | 1.299 118 17 78 14044 1244 1.299 118 0
V2.N10.C2,5 38 26844 1244 | 1.299 118 41 38 26844 26844 | 22.12 38 0
V2N5_C4,5 78 14044 1244 | 1.299 106 2139 82 8924 1244 1.299 106 0
V2.N10.C4,5 38 26844 1244 | 1.299 106 17353 42 21724 5340 5.349 106 0
V2.N5.C6,5 78 14044 1244 | 1.299 100 8842 98 19164 1244 1.299 100 0
V2N10.C8,5 66 34012 5340 5.349 100 0

of configurations and the quantity of memories have a direct effect on the run-time
of the exhaustive search algorithm. However, the heuristic method does not seem to
be affected with this parameters. Tables 4.9 and 4.10 show the results of applying
both solution methods on the third and forth set of virtual memories (V3 and V4)
respectively.

So far we have reported the results of the algorithms on the virtual memory sets
with 2 virtual memories. The following 3 tables (4.11, 4.12, and 4.13) contain results
for the virtual memory sets with 3 virtual memories (V5, V6, and V7).

As presented in these tables, the number of virtual memories has a direct effect on
the run-time of the exhaustive solution search method. Also, there is a visible growth
in the run-time of the heuristic method when the number of virtual memories and
the number of configurations of the small type of physical memories are increased.

However, compared to the run-time of the exact solution method, the results of the
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Table 4.9: Experiments on V3.

Exhaustive search Heuristic

Min Lo of Min Min | Mux of | Run Min Lo of Min Min | Mux of | Run

Mux | min Mux Lo Lo % | min Lo | time || Mux | min Mux Lo Lo % | min Lo | time

(LB) (bit) (bit) (bit) (s) (LB) (bit) (bit) (bit) (s)
V3N5.C2,2 132 4404 3892 | 6.553 135 0 172 6964 4404 | 7.352 204
V3N10_.C22 30 10036 3892 | 6.553 135 1 30 10036 4404 | 7.352 204 0
V3.N5.C4,2 132 4404 3892 | 6.553 135 0 220 20788 3892 | 6.553 252 0
V3N10.C4,2 0 26420 3892 | 6.553 105 0 0 26420 3892 | 6.553 252 0
V3N5.C6,2 132 4404 3892 | 6.553 135 0 220 20788 3892 | 6.553 252 0
V3.N10.C6,2 0 26420 3892 | 6.553 105 4 0 26420 3892 | 6.553 252 0
V3N5.C2,5 30 6964 820 1.456 77 15 37 5940 1332 | 2.344 45 1
V3N10.C2,5 30 6964 820 1.456 77 18 30 9012 1332 | 2.344 45 1
V3_N5.C4,5 18 13108 820 1.456 77 217 25 11572 820 1.456 77 1
V3N10.C4,5 0 26420 820 1.456 77 471 0 26420 820 1.456 77 1
V3.N5.C6,5 18 13108 820 1.456 77 1155 25 11572 820 1.456 77 1
V3.N10.C6,5 0 26420 820 1.456 77 7232 0 26420 820 1.456 77 1

Table 4.10: Experiments on V4.
Exhaustive search Heuristic

Min Lo of Min Min | Mux of { Run Min Lo of Min Min | Mux of | Run

Mux | min Mux Lo Lo % | min Lo | time Mux | min Mux Lo Lo % | min Lo | time

(LB) (bit) (bit) (bit) (s) (LB) (bit) (bit) (bit) (s)
V4.N5_C2,2 248 12148 12148 | 13.26 248 0 248 12148 12148 | 13.26 248
V4.N10_C2,2 83 20340 12148 | 13.26 134 0 152 35188 32628 29.1 200 0
V4.N5.C4,2 244 8564 8564 9.725 244 0 248 12148 12148 | 13.26 248 0
V4.N10.C4,2 72 20340 8564 9.725 118 3 152 37236 16244 | 16.97 200 0
V4.N5.C6,2 244 8564 8564 9.725 244 2 248 12148 12148 | 13.26 248 0
V4.N10_C6,2 72 20340 8564 9.725 118 59 152 37236 16244 | 16.97 200 0
V4.N5.C2,5 61 13684 884 1.1 101 50 69 11124 884 1.1 101 1
V4N10.C2,5 21 26484 884 1.1 101 96 29 23924 21364 | 21.18 101 1
V4 N5.C4,5 61 13684 884 1.1 101 3373 69 12660 884 1.1 101 1
V4.N10_C4,5 21 26484 884 1.1 101 12704 29 25460 4980 5.895 101 1
V4_N5.C86,5 61 13684 884 1.1 101 18222 69 12660 884 1.1 101 1
V4.N10_C6,5 29 25460 4980 5.895 101 1
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Table 4.11: Experiments on V5.

Exhaustive search Heuristic
Min Lo of Min Min { Mux of { Run Min Lo of Min Min Mux of | Run
Mux | min Mux Lo Lo % | min Lo | time Mux | min Mux Lo Lo % | min Lo | time
(LB) (bit) (bit) (bit) (s) (LB) (bit) (bit) (bit) (s)
V5.N5.C2,2 468 17000 17000 | 13.28 468 0 689 17000 17000 | 13.28 689
V5.N10.C2,2 228 17000 17000 | 13.28 228 1 593 40040 37480 | 25.24 641 0
V5N5.C4,2 468 17000 13426 { 10.79 500 1 549 33384 33384 | 23.12 549 0
V5.N10.C4,2 224 13416 13416 | 10.78 224 184 405 37480 37480 | 25.24 405 0
V5_.N5_C6,2 458 17000 13416 | 10.78 490 25 473 41576 41576 | 27.25 473 0
V5_.N10_Cs6,2 214 13416 13416 | 10.78 214 6140 281 43624 43624 | 28.21 281 0
V5.N5.C2,5 89 14440 1640 1.456 129 6774 97 11880 1640 1.456 129 19
V5.N10.C2,5 49 27240 1640 1.456 129 25966 57 24680 22120 | 16.62 129 21
V5.N5.C4,5 101 82906 1640 1.456 117 12
V5.N10_C4,5 61 21096 5736 4.914 117 21
V5.N5.C6,5 109 19560 1640 1.456 111 16
V5.N10.C6,5 85 33384 3688 3.216 111 21
Table 4.12: Experiments on V6.
Exhaustive search Heuristic
Min Lo of Min Min | Mux of | Run Min Lo of Min Min | Mux of | Run
Mux | min Mux Lo Lo % | min Lo | time Mux | min Mux Lo Lo % | min Lo | time
(LB) (bit) (bit) (bit) (s) (LB) (bit) (bit) (bit) (s)
V6_N5.C2,2 456 8744 8744 | 9.133 456 0 613 11816 9256 9.616 645 0
V6.N10.C2,2 115 9256 8744 | 9.133 163 0 128 11816 9256 9.616 645 0
V6_N5.C4,2 442 16936 8744 | 9.133 449 1 457 25128 25128 [ 22.41 457 0
V6. N10.C4,2 115 9256 8744 | 9.133 113 26 265 49192 25128 | 22.41 457 0
V6_N5.C6,2 412 33320 8744 | 9.133 446 5 429 33320 33320 | 27.69 429 0
V6N10_C6,2 105 9256 8744 | 9.133 123 937 333 33320 33320 | 27.69 333 0
V6_N5.C2,5 51 8744 1576 | 1.779 105 2677 58 5672 2088 2.344 73 18
V6.N10_.C2,5 51 8744 1576 | 1.779 105 5576 58 10792 2088 2.344 73 17
V6_N5.C4,5 42 9768 1576 | 1.779 93 65396 49 8232 1576 1.779 93 22
V6N10.C4,5 25 18984 1576 1.779 93 21
V6_N5.C6,5 53 20008 1576 1.779 87 16
V6N10_C6,5 33 33320 1576 1.779 87 18
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Table 4.13: Experiments on V7.

Exhaustive search Heuristic

Min Lo of Min Min | Mux of | Run Min Lo of Min Min | Mux of [ Run

Mux | min Mux Lo Lo % | min Lo | time Mux { min Mux Lo Lo % | min Lo | time

(LB) (bit) (bit) (bit) (s) (LB) (bit) (bit) (bit) (s)
V7.N5.C2,2 360 10508 10508 9.82 360 1 581 10508 10508 9.82 581 0
V7_.N10.C2,2 136 13068 10508 9.82 138 2 501 36108 36108 | 27.23 501 0
V7 N5.C4,2 360 10508 10508 | 9.82 360 7 441 26892 26892 | 21.79 441 0
V7_N10_C4,2 136 13068 10508 9.82 138 152 329 47372 30988 | 24.31 345 0
V7N5.C6,2 350 10508 10508 9.82 350 43 365 35084 35084 | 26.66 365 0
V7.N10.C6,2 126 13068 10508 9.82 128 4872 221 39180 39180 | 28.88 221 0
VTN5.C2,5 78 14604 1804 1.835 118 458 78 14604 1804 1.835 118 3
V7.N10_.C2,5 38 27404 1804 1.835 118 1352 38 27404 27404 | 22.12 38 2
V7 N5.C4,5 78 14604 1804 1.835 106 54083 82 9484 1804 1.835 106 3
V7N10.C4,5 42 22284 5900 5.762 106 3
V7TN5.C6,5 98 19724 1804 1.835 100 2
V7N10_Cé6,5 66 34572 5900 5.762 100 3

heuristic method are acceptable regarding its run-time.

The number of configurations of the smallest type of physical memories affects

the run-time of the heuristic method because we have reused the algorithm in section

3.2 in our heuristic method. Therefore, the heuristic algorithm applies a branching

method in the binding of the smallest physical memory type to generate an acceptable

coverage.
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Chapter 5

Conclusion

In this thesis, we have provided a solution for the physical (embedded) memory
binding in FPGAs, which is an emerging problem in hardware due to the significant
increase in the amount of embedded memories in FPGAs. Moreover, today’s FPGAs
offer their embedded memories in a variety of capacities and a set of configurations.
Therefore, it is essential to automate the process of physical memory binding in
FPGAs to enable the optimization of the required resources (embedded memories
and logic cells) to bind a data memory in a FPGA, besides saving engineering time.

The introduced CAD tool is able to manage the complexity of a problem with
several data memories and different types of embedded memories with different ca-
pacities and configuration sets. At the beginning, we designed and developed an exact
solution algorithm using a branching strategy to search the entire solution space of
the problem. The run-time of our exact algorithm was not acceptable, so we devel-
oped a heuristic method with an acceptable run-time. However, the optimality of the
calculated solution was not guaranteed anymore.

The experimental results show that the in many cases the heuristic approach
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achieves an acceptable solution compared to the exact solution of the problem in a
fraction of the run-time of the exact method. Moreover, run-time aside, in some cases

it can outperform a manual design due to its resource usage.

5.1 Future Work

The first part which requires more study and research in this project is the set of
decisions in the heuristic approach, which can be made more efficient. The increase
of the performance of the heuristic approach is one of the most important open
problems in the way of making this research more applicable.

As illustrated in the case study in section 4.1, such a tool which automates the
memory architecture design for FPGAs, can be useful in the CAD tools for special
cases of architectural synthesis, such as FEM analysis accelerators. This is because
the CAD tool can calculate the required amount of on-chip memory elements for
each candidate architecture and thereby tune the amount of parallelism and the size
of processing cores with respect to the available memory resources. This a direction
that clearly justifies the importance of such a tool, and requires more research.

Also, we can enable the algorithm to work with irregular configurations of the
embedded memories too. However, the use of irregular configurations should be
optional because they reduce the reliability of the design due to use of the parity bits
as data bits. Moreover, the tool can become more advanced if it takes the number of
ports of each embedded memory and the types of ports into account, and decide on
the type of required embedded memories for each data memory based on the number
and the type of ports as well.

In the current solution we map each virtual memory to a number of physical
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memories. However, in some cases it is possible to map two or more virtual memories
to one physical memory, assuming that the physical memory is large enough to ac-
commodate all virtual memories and more importantly the virtual memories are not
accessed at the same time more than the number of ports of the physical memory.
Therefore, we have to deal with dependencies in the high level algorithm which we
want to implement in hardware. We can even make the problem more general by
mapping ‘n’ virtual memories to ‘m’ physical memories.

Finally, we can consider the timing properties of the physical memories to sup-
port working with memories with different access times, so the tool will be able to
handle working with different types of physical memories with different access times
at the same time, and account for various clock cycles to access different memories.
This can improve the overall clock speed of the design and consequently improve the
performance of the design. Moreover, by having this ability, we can expand the tool

to work on off-chip memories as well.
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