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Abstract—Recent advances in three dimensional integrated
circuits have enabled vertical stacks of memory to be integrated
with an FPGA layer. Such architectures enable high bandwidth
and low latency access to memory which is beneficial for
memory-intensive applications. We build a performance model
of a representative 3D Memory Integrated FPGA architecture
for matrix multiplication. We derive the peak performance
of the algorithm on this model in terms of throughput and
energy efficiency. We evaluate the effect of different architecture
parameters on performance and identify the critical bottlenecks.
The parameters include the configuration of memory layers,
vaults, and Through Silicon Vias (TSVs). Our analysis indicates
that memory is one of the major consumers of energy on such
an architecture. We model memory activation scheduling on
vaults for this application and show that it improves energy
efficiency by 1.83× while maintaining a throughput of 200
GOPS/s. The 3D Memory Integrated FPGA model achieves a
peak performance of 93 GOPS/J for a matrix of size 16K ×16K.
We also compare the peak performance of a 2D architecture with
that of the 3D architecture and observe a marginal improvement
in both throughput and energy efficiency. Our analysis indicates
that the bottleneck is the FPGA which dominates the total
computation time and energy consumption. In addition to matrix
multiplication, which requires O(m3 ) amount of computation
work to be done, we also analyzed the class of applications which
require O(m2 ) work. In particular, for matrix transposition
we found out that the improvement is of the order 3× for
energy consumption and 7× in runtime. This indicates that the
computation cost of the application must match the memory
access time in order to exploit the large bandwidth of 3D memory.

I. I NTRODUCTION
While the concept of 3D Integrated Circuits (3D ICs) have
been studied extensively, recent advances in technology are
resulting in useable off-the-shelf products [1]. 3D ICs are
built by stacking multiple dies and connecting them through
vertical interconnects such as Through Silicon Vias (TSVs). In
particular, logic and memory layers can be vertically stacked to
create 3D Memory Integrated Architectures (3D MIA). These
have the potential of addressing the memory wall issue by
providing enormous bandwidth and enabling Processing Near
Memory applications.
3D MIAs enable much more complex memory access patterns. For instance, 3D memory enables parallelism at a finegrained level with row accesses and at a coarse-grained level
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with selective activation of banks and vaults. The throughput
of an application on a 3D MIA is determined by how its
data layout and access patterns exploit the structure and
organization of the architecture. The energy consumption of
the architecture is also dependent on the mode of operation
of individual banks and vaults. These can be controlled individually in a 3D memory and is affected by application
data layout and access patterns. Thus, application performance
metrics of throughput and energy efficiency are inter-related
in a 3D MIA. Careful modeling of these characteristics can
enable an application to fully exploit the capabilities of a 3D
MIA and trade-off between different performance metrics.
We develop performance models for matrix multiplication
on 3D MIA to explore the design space of the architecture
with the goal of optimizing performance metrics of throughput
and energy efficiency. In this work, we consider the case of
FPGA as the logic layer in a 3D MIA to form a 3D Memory
Integrated FPGA (denoted as 3D MI-FPGA). 3D MI-FPGA
consists of three components: memory, interconnect layer, and
FPGA. We model the various factors affecting throughput such
as data access time, data transfer time, and computation time.
Similarly, we model the overall energy consumption for each
component of the architecture. We build upon our earlier work
of parametrization of an abstract 3D MI-FPGA architecture [2]
to develop the performance model for matrix multiplication.
We adapt the memory activation scheduling technique to the
case of 3D memory. Specifically, we extend the optimization to
include the number of vaults as an additional parameter. We
evaluate the effect of architecture parameters on throughput
and energy efficiency. These include parameters of interconnect layer and memory layer in the 3D architecture. In doing
so, we identify critical performance bottlenecks. The main
contributions of this paper are as follows:
•
•

•

•

Develop parameterized performance model for matrix
multiplication on 3D MI-FPGA.
Extending Memory Activation Scheduling to 3D memory
by incorporating the number of vaults to increase energy
efficiency.
Evaluation of the matrix multiplication algorithm on a
3D MI-FPGA and derivation of the peak performance in
terms of throughput and energy efficiency.
Analysis of the effects of different architecture parameters

•

on the target metrics and identifying bottlenecks.
Performance comparison of matrix multiplication on 3D
MI-FPGA with a 2D architecture.

The rest of the paper is organized as follows. Related work
is presented in Section II. In Section III, we briefly describe
the algorithm used for matrix multiplication. We also define
metrics of evaluation in this section. The model of 3D MIFPGA used for analysis in the paper is explained in Section IV.
We develop the performance model for matrix multiplication
on 3D MI-FPGA in Section V. Section VII presents the results
of our analysis from Section V and we conclude in Section IX.

III. A LGORITHM AND M ETRICS
A. Algorithm
The matrix multiplication in this paper is performed using
block multiplication. We adopt the architecture used in [15].
We focus on large scale matrix multiplication, meaning matrices do not fit on the FPGA. The matrices (A, B, C) are of
size N × N and are divided into blocks of size m × m and
each block of output matrix is calculated using multiplication
of N/m blocks. An example is shown in Figure 1 with the
corresponding equations.

II. R ELATED W ORK
One focus area of research has been on exploiting the
shorter interconnects and delay aspects of 3D ICs. One such
approach is developing specific functional blocks for 3D ICs
composed of a vertical stack of logic layers. [3]–[7] explores
the porting of functional units such as instruction schedulers,
register files, FFT and TCAM to 3D ICs. In [8], [9], an array
of image sensors are designed for 3D ICs. These works look
into the mapping of specific blocks onto logic-on-logic 3D ICs
and not 3D MIAs. Also, energy efficiency is not the key focus
in these works.
In the field of 3D MIA and 3D memories, the focus has
been to exploit the bandwidth and smaller delay compared
to 2D architectures. There have been research focusing on
developing optimizations for this metric. In [10], the authors
consider latency as the performance metric and compare
various layouts in the 3D MIA design space for a Networkon-Chip application. [11] considers power consumption in
a 3D MIA with a general purpose processor as the logic
layer; the architecture is also optimized for a Network-onChip application. In [12], a 3D MIA with one layer each
of logic and memory is built to demonstrate the memory
bandwidth and power benefits. The results are presented for
several applications including matrix multiplication, median
filtering, and search algorithms. In their work, the logic layer
is a multi-core general purpose processor.
[13] employs a application specific logic layer for matrix
multiplication and focuses on energy efficiency and bandwidth
as the metrics. They use logic sandwiched between memory
as an accelerator in addition to a CPU. In [14], 3D MI-FPGA
is used to demonstrate the improvement in power efficiency
as compared to a 2D FPGA; FFT was used as the application.
Power dissipation or the energy consumption in 3D ICs has
been studied extensively but the focus has been on the 3D
interconnects themselves and not on the entire architecture. In
the case of 3D MIA, the focus of our work, the algorithm and
the architecture also play an important role in the total energy
consumption. The algorithm and architecture together define
the access patterns to the memory and these have a significant
impact on energy consumption. In this paper, we target the
performance of the complete architecture by modeling the
effect of each component of a 3D MI-FPGA on the metrics
of throughput and energy efficiency.

Fig. 1: Matrices A, B and C divided into blocks

C1 = A1 × B1 + A2 × B3, C2 = A1 × B2 + A2 × B4
C3 = A3 × B1 + A4 × B3, C4 = A3 × B2 + A4 × B4
We use m processing elements (PE) and each PE consists of
a multiplier and adder, local registers and a buffer of size 2m.
Each m × m matrix is stored in m block RAMs and in each
clock cycle, 1 element each of A and B is available. With all
PEs operating in parallel, this results in total computation time
of m2 + 2m cycles for m × m block multiplication. The input
matrix A is fed into the PEs on FPGA in row major data layout
in m cycles and the B matrix is fed into the PEs in column
major data layout. The intermediate results are stored in the
buffer of size m in each PE. After the completion of matrix
multiplication, m elements from each PE form matrix C and
is transferred into the 3D memory. The FPGA architecture
contains connections localized between PEs and within a PE.
For block matrix multiplication, as the size of the block (m)
increases, the total computation time decreases. Therefore, m
is chosen to be as large as possible while ensuring that the
entire design fits on the FPGA.
B. Metrics
We evaluate matrix multiplication on 3D MI-FPGA with
Throughput and Energy Efficiency as the target metrics.
•

•

Throughput (GOPS/s) is calculated as the total number
of useful operations carried out per second. For multiplication of two matrices of size N × N , N 3 additions and
multiplications are required. The total time for matrix
multiplication on 3D MI-FPGA is an aggregate of the
data access time from memory, data transfer time across
the interconnects, and computation time on FPGA.
Energy Efficiency is defined as the total number of useful
operations per unit of energy consumed and is measured
in GOPS/J. The energy consumed by memory, FPGA,
and the interconnect layer is considered to be the energy
consumption of the entire architecture.

IV. 3D MI-FPGA: M ODEL
In order to develop a performance model, the critical
parameters affecting performance need to be identified. In [2],
we parameterized 3D Memory Integrated Architectures with
FPGA as the logic layer and identified the principal parameters
for design space exploration. We extend the analysis from
our previous work to specify the components and parameters
of the architecture used for performance modeling of matrix
multiplication.

LMI layer with a set of TSVs. The number of FPGA layers
is restricted to one. Powerful FPGAs typically consist of 1
million logic cells, 3K DSP slices, 64 Mb Block RAM and
13 Mb Dist RAM. We model our FPGA layer to be similar
in terms of resources. We keep the crossbar switch in the
LMI layer symmetric, i.e., the number of inputs is equal to
the number of outputs. Therefore, there are equal number of
memory controllers on the memory and FPGA layer. Also, the
number of TSVs per memory controller is the same in both
the memory and FPGA components.

V. P ERFORMANCE M ODELING

(a) Components of 3D MI-FPGA

For each component of 3D MI-FPGA, we describe the
parameters important for performance modeling. We then
map matrix multiplication onto the model of the 3D MIFPGA and derive the relevant equations necessary to carry
out performance analysis in terms of throughput and energy
efficiency.

A. Throughput Modeling

(b) Parameters of Memory Layer

Fig. 2: Architecture of 3D MI-FPGA
The 3D MI-FPGA architecture is illustrated in Figure 2(a).
It consists of memory and logic layers stacked vertically interacting through an interconnect layer called Logic-MemoryInterconnect (LMI) layer. There are multiple layers of memory
(Lm ) with each layer divided into banks. Group of banks
across layers one above the other share a set of interconnects
and form a vault. There are V vaults in total with each vault
having a dedicated memory controller. To keep the analysis
simple we limit the number of banks per vault in one layer to
one. The banks of a vault contribute to the memory bandwidth
of that specific vault denoted as BWvault . The 3D memory
architecture and its parameters are depicted in Figure 2(b).
The memory controller for each vault of the memory has a set
of TSVs (Ntsv ) to the LMI layer through which it interacts
with the logic layer. The LMI layer is modeled as a crossbar
switch sandwiched between the memory and logic layers with
connections to each of these layers through the TSVs. FPGA
is composed of reconfigurable logic, DSP blocks, on-chip
memory (Block RAM and Distributed RAM) and memory
controllers. Similar to the memory controller in the memory
layer, the memory controllers of the FPGA connect to the

3D memory is used to store the input and output matrices of
matrix multiplication. We model the memory to be operating
at peak bandwidth which determines the data access time
taccess . This is the time for the data to be available at the
memory controller layer. To transfer a block with m2 elements
of 16 bit precision at a bandwidth of BW would require
16m2
BW time. The total bandwidth of the 3D memory is the
sum of the bandwidths of vaults which contain the data being
accessed. These vaults, among which the data is distributed,
are called Occupied vaults (Vocc ). Since the vaults can operate
independently in a 3D memory, the total peak bandwidth of the
memory is the product of bandwidth of one vault (BWvault )
and the number of occupied vaults. The taccess can also be
interpreted as the time required to transfer 2 blocks of m
2
elements with 16 bit precision. Therefore word rate is 2×16m
taccess .
To simplify the analysis, we model the latency of the LMI
layer to be equal to the latency of the TSVs (ttsv ) and the
crossbar switch is ignored in this analysis. Ntsv bits can be
transferred in ttsv time from one vault. Similarly, ttransf er ,
the data transfer time across the LMI layer can be calculated
for 16m2 bits with Vocc vaults. The FPGA layer is modeled to
consist of functional units which perform multiplication and
accumulation operations, and on-chip memory in the form of
block RAMs which store the intermediate results. The computation time on an FPGA (tf pga ) for m × m multiplication
using the algorithm in Section III is m2 + 2m clock cycles
with fF P GA as the frequency of operation of FPGA. Using the
above parameters, the overall computation time, tcompute , for a
m×m multiplication of 16-bit precision is given in Equation 1.
A block is written to the 3D memory while reading the next

block.

tcompute = taccess + ttransf er + tf pga
2 × 16m2
taccess =
(BWvault )(Vocc )
2 × 16m2
ttransf er =
ttsv
(Ntsv )(Vocc )
m2 + 2m
tf pga =
ff pga

3D memory, energy consumption can be further reduced by
keeping only the vaults containing the data being accessed
(Vocc ) in ACT mode whereas other vaults are in PRE mode.

B. Energy Modeling
We model the power dissipation in memory to be uniformly
distributed across all the vaults and banks. For example, if
a memory module with V vaults and B banks dissipates
Pmem of power, the power dissipated by a single vault is
Pmem /V and power dissipated per bank is Pmem /B. The
fine grained parallelism in 3D memory enables each bank or
vault to be independently turned on or switched off. This gives
us additional control over energy consumption of memory.
The memory consumes energy until data has been read/written
by the FPGA. This time is equal to taccess + ttransf er . The
energy consumption of the FPGA is modeled as the sum of
the energy consumption of BRAMs and FPUS. The energy
consumption of BRAMs (FPUs) is the product of its power
dissipation, Pbram (Pf pu ), and the computation time on FPGA
(tf pga ). The energy consumption of the LMI layer is modeled
as the product of power dissipation by TSVs (Ptsv ) and the
transfer time across TSVs ttransf er . The TSVs are modeled to
consume energy only when data is transferred along them. The
total energy consumption of 3D MI-FPGA is then modeled as
the sum total of energy consumed by the memory, TSVs, and
FPGA. These relations are given in Equation 2.
T otal energy = (M emory + T SV + F P GA) energy
M emory energy = (Pmem )(taccess + ttransf er )
T SV energy = (Ptsv )(ttransf er )

VII. R ESULTS

(1)

(2)

F P GA energy = (Pbram + Pf pu )(tf pga )
VI. M EMORY ACTIVATION S CHEDULING
The major consumers of energy in a 3D MI-FPGA are the
memory and FPGA. With respect to the energy consumption
or power dissipation, the memory can be in active standby
(ACT) mode or precharge power down (PRE) mode. Only
when the memory is in ACT mode, reads and writes are
possible and it dissipates the highest amount of power. When
the memory is in PRE mode, the data in the memory cannot
be accessed and it dissipates the least amount of power. The
process of maintaining the memory in ACT mode only during
read/write and keeping it in PRE mode at other times is called
as Memory Activation Scheduling [15]. We can reduce the
energy consumption of the memory by using memory activation scheduling and thereby, improving the energy efficiency.
When memory activation scheduling is enabled, the memory is
put in PRE mode for the duration of the processing on FPGA,
tf pga , and the memory is in ACT mode for taccess +ttransf er .
We refine memory activation scheduling to include number
of vaults, a parameter specific to 3D memory. In the case of

We now summarize the results of our analysis of varying
architecture parameters on the performance metrics. In each
such case, we evaluate the baseline implementation (without
memory activation scheduling) and compare its performance
with the optimized implementation (with memory activation
scheduling). First, we evaluate the effect of parameters on a
matrix of size 16K × 16K with a block size m = 512 and
fixed point precision (16 bits). We later summarize our results
for varying matrix sizes. Our analysis can be easily extended
to different precision widths as well. We set the following
values for the parameters: Ntsv = 16, ttsv = 5 ns, Ptsv =
20 mW, V = 4, and Lm = 3. We then vary each of these
parameters keeping other parameters constant. This helps in
isolating the effect of varying that particular parameter. Other
parameters such as bandwidth of a vault [1], power dissipated
by FPGA resources [16], and power dissipated by a given size
of memory [17] are estimated based on the current state of the
technology. The latency and power dissipation along a single
connection across the TSVs is set according to the current 3D
technology [18].
A. TSVs
To determine the impact of TSVs on performance, we vary
the TSV parameters, such as the number of TSVs per vault,
latency of TSVs, and the power dissipation of TSVs.
1) Number of TSVs per Vault (Ntsv ): We assume that one
block each of the matrices A and B can fit into one vault
and just one vault is accessed at a time. The banks in this
vault are responsible for providing the data bandwidth. The
bandwidth of a vault is a constant and the variation in number
of TSVs per vault affects just the transfer time across the
interconnect layer. Increasing the number of TSVs per vault
reduces the transfer time from the memory controller layer to
the FPGA layer. Hence, higher the number of TSVs per vault,
lower the transfer time and therefore, higher the throughput.
As illustrated in Figure 3(a), the throughput increases from 65
GOPS/s for Ntsv = 16 to 190 GOPS/s for Ntsv = 1024.
In the case of the baseline implementation, all the vaults
are dissipating power even though just one vault contains the
data being accessed. The memory consumes energy even while
the FPGA is performing computations. Hence, the energy
consumption of the memory is large and of the same order as
the energy consumed by the FPGA. For matrix multiplication
of a given matrix size, the amount of data transferred from the
memory layers to the FPGA is constant and independent of
the number of TSVs. Therefore, the sum of the active times
of all the TSVs remains unchanged. Hence, the amount of
energy consumed by the TSVs does not vary with the number
of TSVs per vault. Even though the total power dissipated by
TSVs is large, they are active for a very short period of time.
Therefore, the energy consumption of TSVs is much smaller

TSVs come in different sizes and vary in latency and
power dissipation. Next, we vary the latency of TSVs and the
power dissipation per TSV.

(a) Number of TSVs per Vault

(b) Latency of TSVs

(c) Power Dissipation of TSVs

Fig. 3: Effect of varying parameters of TSVs

in comparison to memory and FPGA. Figure 3(a) shows the
significance of energy consumption by memory which results
in the low peak performance of 42 GOPS/J for the baseline
implementation.
In terms of throughput, both the baseline and optimized
implementations achieve the same performance as the total
processing time remains the same. With respect to energy
consumption in the optimized implementation, just the vault
with the relevant data is in ACT mode whereas the other
vaults are in PRE mode. Moreover, while the FPGA is
processing data, the entire memory is in PRE mode. This
results in significant energy savings with 2.17× increase in
energy efficiency. As seen from Figure 3(a), an increase in
the number of TSVs per vault has a positive effect on energy
efficiency with the performance reaching a peak of 70 GOPS/J.
However, as the number of TSVs per vault reaches 1024, the
improvement in energy efficiency slows down. This is because
it is largely determined by the FPGA which dominates the
energy consumption in this case.

2) Latency of TSVs (ttsv ): The effect of latency of TSVs
can affect the time to transfer the data between memory and
FPGA and it also indirectly affects the time for which the
memory is in ACT mode. The latency of TSVs influences
energy consumption of TSVs as they determine the active
time of TSVs. Therefore, the effect of this parameters can be
significant on both throughput and energy efficiency. We vary
the latency of data transfer across a single TSV from 5 ns to
0.5 ns. The latency of 5 ns for TSVs gives a throughput of just
67 GOPS/s as seen in Figure 3(b). But the decrease in latency
of TSVs causes a significant improvement in throughput with
the peak performance of 170 GOPS/s for ttsv of 0.5 ns. The
energy consumption of memory is also significant due to
the low transfer rate across the interconnect layer resulting
in a low energy efficiency of 24 GOPS/J (Figure 3(b)). In
the case of the optimized implementation, the throughput
remains the same as that of baseline implementation. The
effect on energy efficiency follows the pattern of the baseline
implementation. With 5 ns latency, the energy consumption of
TSVs is of the same order as that of the memory and hence
the energy efficiency is reduced to a low value of 51 GOPS/J.
At a latency of 0.5 ns, the energy efficiency of the optimized
implementation reaches a peak of 86 GOPS/J. The lower
the transfer time across the LMI layer, the higher the length
of time the memory is in PRE mode and hence the energy
efficiency increases. As the latency decreases, the impact on
performance also decreases and computation time and energy
consumption by the FPGA becomes the dominant factor. The
above analysis was performed for a specific number of TSV
per vault; as the number of TSVs per vault increases, the
impact of TSV latency on the target metrics reduces due to
the smaller transfer time.
3) Power dissipation of TSVs (Ptsv ): The power dissipation
of TSVs affect the energy consumption of the interconnect
layer and hence the overall energy efficiency. However, the
transfer time is independent of the power dissipation and so,
the throughput remains the same irrespective of changes in
power dissipation. We vary the power dissipation per TSV
from 20 mW to 1 mW. In the baseline implementation, the
effect of power of TSVs and hence the energy consumption
due to TSVs is not obvious due to the memory and FPGA
energy dominating the total energy consumption. Therefore, as
depicted in Figure 3(c), the variation in power from 20 mW to
1 mW results in a minor increase in energy efficiency from 23
GOPS/J to 25 GOPS/J. In the optimized implementation, the
effect of Ptsv is more evident. With Ptsv = 20 mW, the energy
consumed by the TSVs is comparable to the energy consumed
by the memory. With Ptsv = 1 mW, the energy consumption
of TSVs is orders of magnitude lower than the FPGA energy
and approximately 6× lower than that of energy consumed
by the memory. Even in this case, with memory activation

(a) Number of occupied vaults

(b) Total number of vaults

(c) Number of layers

Fig. 4: Effect of varying number of vaults and layers on
performance

scheduling enabled, the energy consumed by memory is lower
compared to the FPGA energy. Hence, the effect of decrease
in power of TSV results in only a modest increase in energy
efficiency from 50.6 GOPS/J to 59.7 GOPS/J as illustrated in
Figure 3(c).
B. Vaults
Since the vaults are connected to the FPGA layer through
independent TSVs, they can be active at the same time and
this results in increased parallelism. We vary the number of
occupied vaults, i.e., vaults which contribute to the overall
memory bandwidth and the total number of vaults in the 3D
memory.
1) Number of Occupied Vaults (Vocc ): As the vaults do not
share the TSVs, the effective bandwidth of the 3D memory is
the product of number of occupied vaults and the bandwidth
per vault. We now vary the bandwidth available by varying
the number of occupied vaults. In this configuration, the total

number of vaults is 16 and we vary the number of occupied
vaults from 1 to 16. In the baseline implementation, this results
in an increased bandwidth and hence lower data transfer time.
The effect of increasing the number of active vaults is evident
by the large jump in throughput from 66 GOPS/s to 131
GOPS/s when the number of occupied vaults is changed from
1 to 4. This effect diminishes as the number of occupied
vaults reaches 16. This is because even though transfer time
consistently reduces with the increase in number of active
vaults, the overall processing time for matrix multiplication
is dominated by its computation time on the FPGA. With the
increase in bandwidth, the total computation time for matrix
multiplication (tcompute ) reduces and hence, the memory is
in ACT mode for a smaller amount of time as compared to
the case with lower bandwidth. This results in a significant
increase in performance from 23 GOPS/J to 42 GOPS/J as
seen in Figure 4(a). As expected, this increase in performance
saturates with the number of occupied vaults reaching 16 as
the FPGA computation time becomes a major component.
In the optimized implementation, the occupied vaults
which contribute towards the total memory bandwidth are in
ACT mode and the other vaults are in PRE mode. Once the
data transfer from memory to the FPGA has taken place, all
the vaults are in PRE mode. The performance in terms of
throughput for the optimized implementation is equal to the
baseline implementation. The energy efficiency increases with
the number of occupied vaults. The reasoning is similar to
the baseline implementation. However, unlike the case of the
baseline implementation, the increase in number of occupied
vaults does not show a large improvement. Figure 4(a) shows
a moderate improvement in energy efficiency from 61.7
GOPS/J to 66.5 GOPS/J. This is because memory energy
is overshadowed by the energy consumed by FPGA when
memory activation scheduling is enabled .
2) Total Number of Vaults (V ): For a given size of memory,
the number of vaults indirectly controls the memory size of a
vault. A higher number of vaults means lower memory size per
vault. The bandwidth of a vault is not dependent on its size but
on the number of vertical banks which can be simultaneously
activated. Since we keep the TSVs per vault constant, the
bandwidth of a vault is constant. Figure 4(b) presents the
results of varying the number of vaults in the 3D memory.
As the number of occupied vaults remains the same, varying
the number of vaults does not have any effect on the data
transfer time. However, the energy consumption of memory is
influenced by this variation because the power dissipation per
vault varies with the number of vaults. The higher the number
of vaults, the lower the power dissipation per vault. This
implies that the throughput remains constant whereas energy
efficiency increases with number of vaults for the optimized
implementation. This is because as the number of vaults
increases, a higher number of vaults can be in PRE mode and
this results in lower energy consumption. The overall effect on
energy efficiency is not significant. This is because the energy
consumption of the FPGA is much larger than that of memory.

In the case of the baseline implementation, the number of
vaults do not affect the energy efficiency as all the vaults
are always in ACT mode. The ratio of energy efficiency of
the optimized implementation to the baseline implementation
consistently increases with the number of vaults. This is
because the baseline implementation’s energy consumption is
independent of the number of vaults, whereas the optimized
implementation’s energy consumption reduces as the number
of vaults are increased.
C. Number of Layers (Lm )
In the above analyses, the matrices occupied one layer each
of the 3D memory. Increasing the number of layers effectively
increases the number of banks in a vault. This results in more
parallelism as more number of banks can be active at the same
time. However, this also means more power dissipation. In
Figure 4(c), we vary the number of layers from 3 to 12. This
also represents the number of banks in a vault. Therefore, as
the number of layers increases, the bandwidth available from
a vault also increases. Surprisingly, this does not translate
into a significant improvement in throughput performance.
This is because with the increase in the number of layers,
even though the bandwidth increases and the access time
reduces, the amount of data to be transferred remains the same.
Therefore, the transfer time across the LMI layer, ttransf er ,
is unaltered. Hence, the total computation time reduces by
a very small margin and, as illustrated in Figure 4(c), the
throughput does not show the improvement expected with the
increase in number of layers. As the transfer time directly
affects the time during which memory is in ACT mode,
the energy consumption as well does not show noticeable
variation. As a consequence, the energy efficiency also remains
approximately the same at 51 GOPS/J. In the baseline implementation, varying the number of layers, as with the optimized
implementation, causes an increase in the bandwidth with the
transfer time being the bottleneck. Also, since memory is in
ACT mode for approximately the same period of time, the
energy consumption by memory is significant. Therefore, both
the performance metrics, throughput and energy efficiency, do
not show notable variation.
D. Different Matrix sizes
We vary the problem size from 4K × 4K to 16K × 16K;
these are all considered large scale matrices in that they do
not fit on the FPGA. In Figure 5(a), we have plotted the peak
performance of the baseline and optimized implementations
for various matrix sizes. In this analysis, we have chosen
the parameter values which represent the futuristic state of
the art in 3D technology. We have chosen 32 vaults with
512 TSVs per vault. The data being accessed is distributed
among all the vaults. The power dissipation per TSV is 5
mW and latency is 1 ns. As seen from Figure 5(a), the peak
performance for 16K × 16K matrix multiplication is 204
GOPS/s and the throughput decreases marginally with the
reduction in problem size. The reason is that throughput is
defined as ratio of useful operations to tcompute (Equation 1).

(a) Peak Performance

(b) Energy Efficiency Improvement

Fig. 5: Peak performance for different matrix sizes
1
This ratio scales approximately as 1/N +1/m
. Thus, the impact
of increasing problem size (N ) results in only a marginal
increase in throughput.
For smaller matrices, the smaller number of computations
on the FPGA implies that the energy consumption by the
memory also reduces significantly. In the case of the baseline implementation, as energy consumption of memory and
FPGA are comparable, the energy efficiency increases with
the decrease in problem size. The peak energy efficiency for
16K × 16K problem size in the optimized implementation
is 93 GOPS/J, and the effect of problem size on energy
efficiency is less pronounced. This is because the FPGA
energy dominates the total energy consumption. The FPGA
energy scales with the problem size since it is proportional
to the total computation time. Thus, the energy efficiency
does not improve significantly. Since the improvement in
performance of baseline implementation is much stronger than
the optimized implementation, the improvement in energy
efficiency decreases with problem size as shown in Figure 5(b).

E. Comparison with 2D Architecture
We now compare the peak performance of 3D MI-FPGA
with that of a 2D architecture. Our 2D architecture consists
of an FPGA connected to an external memory (i.e., the LMI
layer in 3D MI-FPGA is replaced by off-chip connections).
We assume the memory operates at a frequency 800 MHz
with a theoretical peak bandwidth of 15 GB/s. The data
transfer time from memory to FPGA for one block of size
2
m × m with each element of 16 bits precision is 16m
15×8 ns.
Therefore, taccess + ttransf er for the 2D architecture is 69.9

Fig. 6: Peak performance of 2D architecture

Fig. 7: Comparison of performance between 2D architecture
and 3D MI-FPGA architecture
µs for two blocks of data and the corresponding parameter
value in 3D MI-FPGA is 2.7 µs. Figure 6 shows the peak
performance of the 2D architecture for different problem sizes.
We see that even though the 3D memory reduces the transfer
time by a large extent, as seen from Figure 7, this does not
translate to a similar improvement in throughput. Since the
computation time for FPGA (tf pga ) is the same in both 2D
and 3D architectures, it is the major bottleneck in achieving
higher performance. The power dissipation for a given size
of 2D memory is the same as that of 3D memory (Pmem ).
The difference is that the 2D memory is divided into banks
and achieving peak bandwidth requires that all banks must
be active. The parameters equivalent to TSV power is I/O
power and we use a reasonable estimate [19] to calculate the
I/O energy. With the energy consumed by FPGA given by
Equation 2, the peak energy efficiency of the 2D architecture
is approximately 91 GOPS/J. From Section VII-D, the peak
performance of 3D MI-FPGA is marginally better than that
of 2D architecture. Since FPGA energy is the same in both
2D and 3D MI-FPGA architectures and the FPGA energy
far exceeds the memory energy when the memory activation
scheduling optimization is enabled, there is no significant
difference in the energy efficiency.
VIII. D ISCUSSION
The time required for data transfer between memory and
FPGA is orders of magnitude smaller than the computation
time for matrix multiplication on FPGA. This is the reason
for only a marginal improvement in matrix multiplication performance on a 3D MI-FPGA as compared to 2D architecture.
The large computation time on FPGA also means that the

energy consumption of FPGA dominates the total energy as
the memory can remain in power down mode for the major
portion of time in both 2D and 3D architectures. Therefore,
the energy efficiency (GOPS/J) also does not show significant
improvement when moving from 2D to 3D architecture. So,
the FPGA appears to be the bottleneck in both performance
metrics GOPS and GOPS/J.
Matrix multiplication belongs to the class of application
which require O(m3 ) work done for a given problem of size
m × m. The computation time on logic layer should be of
the same order as the data transfer time between memory and
FPGA, otherwise, the 3D memory will be idle for the major
portion of the total processing time. The high data transfer
rate of 3D memory is the reason for the significant difference
between the data transfer time and computation time on FPGA.
Therefore, in this section we look at the general class of
applications which require O(m2 ) amount of work on FPGA
for a data of size m2 . The data is brought from the memory
into the FPGA and the computations are carried out on the
data which take O(m2 ) work. We assume that the computation
time can be reduced to O(m) by using m PEs. An example of
such an application is matrix transposition. In our architecture,
we bring two blocks of size m × m from the memory and
store it in m Block RAMs. We use m PEs and local buffers
of size m to transpose the data in the Block RAMs. Once
the transpose is completed in m cycles, the data is written
back into the memory. Therefore, the only difference between
3D MI-FPGA and the 2D architecture is the data transfer
time between memory and FPGA. For a given size of matrix,
the 3D memory results in low data transfer time and hence
higher throughput whereas the 2D architecture having a lower
bandwidth has a lower throughput. This increased bandwidth
of the 3D memory also means that the memory has to be in
ACT mode for a shorter period of time compared to the 2D
memory. This also results in higher energy efficiency in the
case of 3D MI-FPGA compared to 2D architecture.

Fig. 8: Matrix Transposition: Relative performance
comparison between 2D and 3D architectures
In Figure 8, we compare the peak performance of the optimized 3D MI-FPGA and the optimized 2D architecture of matrix transposition for various matrix sizes. Since matrix transpose involves data movement and no operations, total runtime
and energy consumption are chosen as the performance metrics. We do not consider the baseline implementation as their
performance will be inferior to the optimized implementation.

Compared to the matrix multiplication, the improvement in
the case of matrix transposition is significant as illustrated
in the Figure 8. Relatively, 3D MI-FPGA consumes 3x less
energy compared to 2D architecture and the total runtime
of 3D MI-FPGA is approximately 7x lower. The reason for
the significant improvement is attributed to the fact that the
FPGA computation time is of the same order as that of data
transfer time. And, as the computation time scales with the
data transfer time, the improvement for different problem sizes
remains constant. When it comes to the other performance
metric energy efficiency, as the problem size increases, the
amount of time memory is in ACT mode is higher in the 2D
architecture compared to 3D memory. Therefore, there is a
marginal improvement in energy consumption as the problem
size increases.
IX. C ONCLUSION
We developed a performance model for matrix multiplication on an abstract 3D Memory Integrated FPGA architecture.
We evaluated the effects of various architecture parameters
on throughput and energy efficiency. With respect to varying
TSV parameters (number of TSVs per vault, latency, and
power dissipated by TSVs), the computation time and energy
consumed by the FPGA proved to be the dominating factor.
With respect to varying the number of memory vaults as well,
the large energy consumption by the FPGA was the reason
for only a minor improvement in energy efficiency. However,
while varying the number of memory layers, the transfer
time across the LMI layer (TSVs) was the major bottleneck
resulting in almost no improvement in both throughput and
energy efficiency. Applying the memory activation scheduling
optimization to vaults and banks results in a 1.83× improvement in peak energy efficiency. Compared to a 2D architecture,
the improvement in performance metrics is negligible for both
throughput and energy efficiency as the large computation time
on the FPGA and the energy consumed by the FPGA is the
major bottleneck. Matrix multiplication requires a computation
work of O(m3 ) and this resulted in FPGA dominating the
energy and processing time. Therefore, we also looked at the
general class of applications which require O(m2 ) amount
of computation work. In this context, the capabilities of 3D
memory can be exploited to provide a significant improvement
in both the performance metrics. Specifically, in the case of
Matrix Transposition, the improvement in performance is of
the order 7× for throughput and 3× for energy efficiency.
Therefore, in order to take advantage of the 3D memory’s
enormous bandwidth, the logic layer and the application also
plays a crucial role. For future work, we will develop more fine
grained performance models for different application kernels
as implemented on a 3D MI-FPGA.
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