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Abstract

Applying Approximation for
Efficient Attention Computation

Seonghak Kim

Department of Computer Science and Engineering

The Graduate School

Seoul National University

With the increasing computational demand of the neural networks, many accel-

erators for neural networks have been proposed. Such existing neural network

accelerators often focus on popular neural network types such as convolutional

neural networks (CNNs) and recurrent neural networks (RNNs); however, not

much attention has been paid to attention mechanisms, an emerging neural

network primitive that enables neural networks to retrieve most relevant in-

formation from a knowledge-base, external memory, or past states. The atten-

tion mechanism is widely adopted by many state-of-the-art neural networks for

computer vision, natural language processing, and machine translation, and ac-

counts for a large portion of total execution time. We observe today’s practice

of implementing this mechanism using matrix-vector multiplication is subopti-

mal as the attention mechanism is semantically a content-based search where

a large portion of computations ends up not being used. Based on this obser-

vation, we design and architect A2, which accelerates attention mechanisms in

neural networks with algorithmic approximation.

Keywords: Neural Network, Attention Mechanism, Approximation Algorithm

Student Number: 2017-28332
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Chapter 1

Introduction

Neural networks (NNs) are currently one of the most popular techniques for

artificial intelligence challenges in various domains such as computer vision,

natural language processing, robotics, etc. With a large amount of data, NNs

can effectively solve a wide range of AI challenges and can often surpass human

performance in many domains. However, these advantages of NNs come at a

high computational cost involving tens of billions of floating-point operations.

In order to minimize the energy cost of such a large number of operations

and maximize the throughput of NN processing, many prior works proposed

various FPGA or ASIC based accelerators (7, 8, 24). These prior works are

indeed very effective in improving the performance and energy efficiency of the

popular NN types such as convolutional neural networks (CNN) or recurrent

neural networks (RNN). However, such accelerators do not provide full support

for an emerging NN primitive such as attention mechanisms.

Attention mechanisms are one of the most important recent advancements

in neural networks. Unlike CNNs and RNNs, which has a limited capacity to

utilize information from the past or external knowledge, attention mechanisms

(also called memory mechanisms) enable NNs to access and utilize such infor-

mation by providing extra connections to past state cells, explicit memory cells,

and so on. Naturally, not all information from past state cells or explicit mem-

ory cells is equally relevant to what NN is currently processing. Hence, the

attention mechanism determines what is relevant to the currently processed

information through content-based similarity search and decides where to at-

tend. This attention mechanism has been recently adopted in many domains

of NNs such as computer vision (34, 53, 59) and natural language processing
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(4, 11, 51, 55). In addition, this mechanism is also used to enable NNs to solve

a class of complex problems that were previously difficult for conventional NNs

due to their lack of ability to memorize and retrieve data (18, 19).

In conventional hardware, an attention mechanism is usually implemented

as dense matrix operations and softmax operations. A dense matrix-vector

multiplication operation computes the similarity across all search targets and

thus the computational complexity of this operation is proportional to the

number of search targets. In other words, attention mechanism requires more

computation when a NN model wants to retrieve relevant information over the

larger external knowledge-base, over a longer period of past information, or

from a longer sequence of data. To make it even worse, in some NN models

utilizing self-attention mechanisms (29, 37, 55), the computational complexity

of attention mechanism is proportional to the square of the search targets (e.g.,

a length of the reading passage in the reading comprehension task). Naturally,

this large computational cost of attention mechanism becomes a limiting factor

for the capacity of the NN models and accounts for the significant portion of

the performance and energy cost of existing models.

To address this challenge and mitigate the bottlenecks arising from the

computational cost of attention mechanisms, we architect A2, an accelerating

algorithm for attention mechanisms in NNs. We focus on reducing the amount

of computation in attention mechanism through algorithmic optimization and

approximation. In particular, based on the observation that not all search tar-

gets are equally likely to be relevant, our design presents an approximate can-

didate selection mechanism to reduce the number of search targets, and thus

the amount of computation. Our contributions are summarized as follows.

• We quantify the attention mechanism bottlenecks in NN models and demon-

strate that a substantial portion of time in NN models is spent on attention

mechanisms.

• We exploit the potential for approximation in attention mechanisms and

present an approximation scheme to find potentially relevant search targets

while avoiding an exhaustive search.
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Chapter 2

Background and Motivation

2.1 Attention Mechanism

1 // key: n× d, value: n× d, query, output: d

2 float [ ] attention mechanism (float key[ ][ ], float value[ ][ ], float query[ ]) {
3 /* Step 1 : Dot-Product Computation */

4 for i = 0 to n:

5 sum = 0

6 for j = 0 to d:

7 sum += key[i][j] * query[j ]

8 dot product[i] = sum

9 /* Step 2 : Softmax Computation */

10 score = softmax(dot product)

11 /* Step 3 : Output Computation */

12 for j = 0 to d:

13 sum = 0

14 for i = 0 to n:

15 sum += score[i] * value[ i ][ j ]

16 output[j ] = sum

17 return output

18 }
19 float [ ] softmax(float input[ ]) {
20 sum = 0

21 for i = 0 to n:

22 sum += exp(input[i])

23 for i = 0 to n:

24 output[i ] = exp(input[i]) / sum

25 return output

26 }

Figure 2.1: Pseudocode for an attention mechanism
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John travelled to the hallway.
Mary journeyed to the bathroom.

Smith went to the bedroom.
John moved to the garden.

Statements

Where is John ?
Query

[ 0.57  -0.53  …  -0.02]

[ 1.10   -0.72  …  -0.27]
[ 0.37   -0.27  …  -0.40]
[ 0.40   -0.10  …  -0.05]
[ 1.10   -0.88  …  -0.57]

Attention 
Mechanism

Embedded Query

Embedded Statements

0.01

0.79
0.03

0.17

Figure 2.2: Example application of attention mechanism

Operation. Attention mechanism is essentially a content-based search mech-

anism. Figure 2.1 represents the computation of the attention mechanism in

pseudocode. Given a query vector with d dimensions and a key matrix with

n vectors where each vector has d dimensions, the attention mechanism first

computes a similarity score (i.e., dot-product) for each entry in the key ma-

trix (Step 1 in Figure 2.1). After this process, an n-dimensional vector (i.e.,

dot product[]) is obtained. This array is then processed with softmax function

(Step 2 in Figure 2.1). Finally, the normalized score is used as a weight to

retrieve the weighted sum of vectors from the n × d value matrix (Step 3 in

Figure 2.1). In short, the set of indices for the set of vectors in the key ma-

trix which are similar to the query vector is first obtained, and these indices

(along with weight values) are used to obtain the weighted sum for the set of

vectors from the value matrix. This mechanism is often called soft attention

mechanism since it only consists of differentiable computations, which makes

this mechanism well-suited for NNs which are trained with back-propagation.

Example Application. Figure 2.2 introduces a very simple example which

shows how the attention mechanism is utilized to enable a NN to find a sentence

that is relevant to the question in the Facebook bAbI QA task (58). In this task,

a list of statements and a question are provided in a natural language. The goal

is to find the right answer to the question. Note that not all provided statements

are necessary to answer a question. In many NN models solving this task, an at-

tention mechanism is utilized to identify the most relevant statements among

these provided statements. For example, End-to-End Memory Network (51)

first embeds (i.e., converting natural language into vector representation as in

Word2Vec (31), Glove (39), FastText (17)) each statement sentence and query

sentence. Then, using the attention mechanism, it finds the most relevant sen-
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tence to the query from the set of statements. For example, as shown in Figure

2.2, the attention mechanism can identify that “John moved to the garden.”

is the most relevant sentence for a query “Where is John?” by performing a

similarity search using the embeddings. If multiple sentences are required to

answer the question, it updates the query with the relevant sentence found in

the previous iteration and utilizes the attention mechanism again to retrieve

other relevant sentences from the set. After obtaining all relevant sentences, it

utilizes a final weight matrix to generate the final answer.

2.2 Cost of Attention Mechanism

For a given n and d, an attention operation requires i) nd multiplications and

n(d− 1) additions in Step 1, ii) n exponent computations and n− 1 additions,

and n divisions in Step 2, and iii) nd multiplications and (n− 1)d additions in

Step 3. Naturally, the number of these computations increases almost-linearly

with both n and d. Here, n represents the number of data in an external knowl-

edge base or the number of past states that this mechanism allows models to

look for. Naturally, the larger n allows more powerful NN models. On the other

hand, d is the dimension of a single vector entry. A single vector in the key

matrix usually represents an embedding of a word, a sentence, a knowledge, or

any other portion of a larger entity. The larger d allows this embedding to have

a richer space and thus can provide a higher quality embedding. Between n

and d, n is much more likely to increase further since a larger n directly makes

the NN models more powerful by allowing it to search over a larger number of

data to extract useful information.

We analyze the portion of the time spent on attention mechanisms in popu-

lar NN models. For this analysis, we focus on three different workloads utilizing

attention mechanisms: End-to-End Memory Network (MemN2N)(51) running

bAbI QA task (58), Key-Value Memory Network (KV-MemN2N) (32) running

WikiMovies QA task (32), and Google BERT (11) running SQuAD task (42)

(see Section 4.1 for details). We run these workloads on Intel Xeon Gold 6128

CPU (all workloads) and NVIDIA Titan V GPU (BERT only) then report the

profiled data below.
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Figure 2.3: Portion of the time accountable for attention mechanism of NN

workloads

Figure 2.3 shows that the attention mechanism is responsible for the sig-

nificant portion (i.e., over 35% in all workloads) of the inference runtime. If

we take a more in-depth look into the nature of these tasks, the actual cost

of the attention model is even higher. Most models handling QA tasks take a

substantial amount of time on comprehension (e.g., embedding generation) of

the provided knowledge (e.g., list of statements in bAbI QA task or Wikipedia-

oriented information about various movies in WikiMovies task). Those pro-

cesses are query-independent and thus it is possible to preprocess them before

a query is provided. Thus, the actual critical path (i.e., query response time)

of the question-answering task often does not include such time. The right

side of Figure 2.3 shows query response time (as opposed to the total infer-

ence time which includes both comprehension time and query response time)

for all workloads. Compared to the result for the whole inference time, the

attention mechanism takes noticeably a larger portion of time (over 70%) in

both MemN2N and KV-MemN2N. The portion of the attention mechanism in

the BERT model remains the same since it performs comprehension and query

response in an integrated manner.

2.3 Opportunity for Approximation

Typically, in many popular NN model implementations, the attention mecha-

nism is implemented as a matrix-vector multiplication (i.e., multiplication of
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the key matrix and the query vector) followed by a softmax function again

followed by another matrix-vector multiplication (i.e., multiplication of the

value matrix and the weight vector). Such implementations can utilize the

fast matrix-vector multiplication capability provided by popular NN process-

ing frameworks such as TensorFlow (1) and Torch (54). A dense matrix-vector

multiplication-based implementation is functionally correct. However, the na-

ture of this operation is a search, not a dense computation. In reality, most of

the computations performed in the first matrix-vector multiplication have very

little impact on the final output since most score values become near-zero after

the softmax normalization which is essentially a continuous, differentiable ap-

proximation of the argmax operation which selects the index for the maximum

number in an array.

The intuition behind our approximation proposal is to avoid such unnec-

essary computation. By preprocessing the key matrix, it is possible to obtain

a set of candidate rows which are likely to have high score values without

much computation. By doing so, our proposed scheme can avoid unnecessary

dot product computation, softmax computation, and final result computation.

Chapter 3 presents our proposed approximation scheme.

7



Chapter 3

Approximate Attention

3.1 Overview

As explained in Chapter 2, the attention mechanism is essentially a content-

based approximate search. In a conventional attention mechanism, the algo-

rithm computes the similarity score between the query vector and all candi-

dates (i.e., each row in the key matrix) and translates scores to weights using

softmax function. With those weights, a weighted sum of each row in the value

matrix is computed and returned.

Here, one important point is that most of those weight values are often

near-zero. Softmax function is a soft (i.e., differentiable) version of the argmax

function which amplifies the value differences between a few large entries and

other smaller entries. Since score values are transformed to weights with this

function, candidates with relatively small score values get near-zero weight. In

addition, these near-zero weights often do not contribute to the accuracy of the

model. Rather, it is more of a byproduct of utilizing a differentiable version of

the max function, which is important for training, but not for inference. So for

these near-zero weights, it is actually more beneficial to treat them as zeros

and avoid including them for softmax computation and the following weighted

sum computation.

An even better way is to avoid computing the score at all for rows of the key

value matrix that will end up with the low score, and have near-zero weights

after the softmax computation. For this purpose, we present an approximation

algorithm which can select the candidates that are likely to have a high score

without actually computing the score. The main intuition behind this approx-

8
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Figure 3.1: Illustration of the base greedy candidate search algorithm

imation approach is that it is possible to preprocess the key matrix without

affecting the critical path. As explained in Chapter 2, the key matrix (and the

value matrix) is obtained at knowledge comprehension time rather than ques-

tion answering time. By preprocessing the key matrix, our algorithm tries to

reduce the number of operations that can be handled at question answering

time where the query becomes available. In addition, on models like BERT

where multiple queries (e.g., 320) utilize this same key matrix, the cost of the

preprocessing key matrix is amortized and incurs only a limited amount of

overhead.

3.2 Base Greedy Candidate Search

Inner product computation between a query vector and a row in a key ma-

trix is a sum of component-wise multiplication result across d-dimensions. The

main idea behind our proposed scheme is that looking at a single component-

wise multiplication result provides information about the final outcome. More

specifically, our proposed algorithm assumes the following: if a multiplication

result of a particular dimension is a large positive number, it is likely that the

sum of multiplication results for all dimensions (i.e., dot product result) is large

as well. Similarly, if a multiplication result of a particular dimension is a large

negative number, it is likely that the dot product result is not a large positive

value. In fact, a similar intuition is used for other application domains such as

information retrieval (62).

3.3 Design Details

Figure 3.1 illustrates the basic idea of our algorithm. Given a key matrix and

a query vector, this algorithm first replicates query vector across rows to make

a replicated query matrix. Then, an element-wise multiplication of these two

9



matrices is performed. Then, an element at the ith row and the jth column in

the resulting matrix represents a jth dimension multiplication result between

the ith row and the query vector. Naturally, the sum of all elements in a single

row computes the inner product between a row in the key matrix and the query

vector (represented as True Score in Figure 3.1).

The main idea of this algorithm is to look at the largest (or the smallest)

element in this result matrix in an iterative way. During a kth iteration, the

algorithm checks the kth largest (and the kth smallest) element and adds such

value to the corresponding row in the greedy score array. This process is re-

peated for M (i.e., a user-configurable parameter) times. Once these iterations

finish, a greedy score array approximates the true score array. If a row has a

positive greedy score, this indicates that the row has one or more relatively

large positive components. On the other hand, a row with a negative greedy

score indicates that this row has one or more relatively large negative compo-

nents. Based on this observation, our algorithm selects rows that have positive

scores at the end of the iteration as candidates and passes them to the base A2

dot product module.

This algorithm, in its current form, has a time complexity of O(nd log nd).

In order to select the kth largest element from the result matrix, all elements

of the matrix should be sorted to avoid performing a linear search every time.

Naturally, an O(nd log nd) time algorithm is not very useful when full dot

product computation (i.e., true score computation) takes O(nd) time. Below,

we introduce the efficient implementation of this algorithm which exploits pre-

processing steps to make the query response time (i.e., the time it takes from

query arrival to the output) not dependent on n.

3.4 Efficient Greedy Candidate Search

Figure 3.2 shows an algorithm that is functionally identical to the one explained

in the previous section and Figure 3.3 shows example data structures utilized

in this algorithm. While this algorithm is functionally identical to the one

presented in the previous section, it utilizes a preprocessing to minimize the

latency at the query response time. In this algorithm, preprocessing step (Line

10



1-5) only requires the key matrix, which is often available at comprehension

time, where an algorithm comprehends knowledge, past states, etc. for future

uses. On the other hand, candidate selection happens on query response time

where a query is ready. This is often a critical path since it is desirable to answer

the provided query in a short time. Note that there are some models where

preprocessing cannot happen off-critical path (e.g., Google BERT). However,

models like Google BERT and Transformer utilize self-attention mechanism

which utilizes the same key matrix for multiple queries (e.g., 320 times). In such

a case, the cost of the preprocessing is amortized so that models’ performance

can still benefit from approximation.

Preprocessing. During a preprocessing step, each column of the key matrix

is sorted and the result is stored in sortedKey (Line 1-5 in Figure 3.2). Then,

once the query becomes available, candidate selection starts. At the beginning

of candidate selection, the max ptr (and min ptr) is initialized for each column.

The max ptr is set to the row index of the entry with the largest value in the

column of the sortedKey matrix if the query component for the corresponding

column (i.e., query[i]) is positive. Otherwise, it is set to the entry with the

smallest value in the column. The min ptr is also initialized in a similar, but

in the opposite way. Then, priority queues (i.e., maxQ, minQ) are initialized.

Each entry in each column of the sortedKey pointed by max ptr (and min ptr)

is first multiplied with the corresponding query component and then inserted

to the maxQ (and minQ, respectively) along with its rowID and colID (Line

12-16).

Iterative Candidate Selection. After the preprocessing, the iterative candi-

date selection (Line 17-25) begins. First, an entry from the maxQ (and minQ) is

popped. This entry is the largest (or the smallest in case of minQ) entry among

the ones currently pointed by max ptr (and min ptr). Then, the score value of

the entry pointed by max ptr (and min ptr) is added to the greedy score array

if it is positive (negative). After this, the max ptr (and min ptr) is updated so

that it can point the next largest (or the smallest) entry in the column. Finally,

the new entry pointed by the updated max ptr (and min ptr) is inserted to the

respective priority queue. This step is repeated for M times and then rows

with positive greedy scores are selected as candidates. Lastly, we apply a small

11



1 void preprocess (float key[ ][ ]) {
2 for i = 0 to d:

3 sortedKey [:][ i ] = sort(key [:][ i ])

4 //sortedKey:Sorted List of (val , rowID) pairs

5 }
6 int [ ] candidate selection (float query[ ]) {
7 maxQ = MaxPriorityQueue()

8 // MaxPriorityQueue: Priority queue of (val, rowID, colID) tuples

9 /* Initialize Pointer */

10 for i = 0 to d:

11 max ptr[i] = (0 if query[i ] > 0 else n-1)

12 /* Initialize Priority Queue */

13 for i = 0 to d:

14 entry = sortedKey[max ptr[i]][i]

15 score = entry.val * query[i ]

16 maxQ.push(score, entry.rowID, i)

17 /* Iterative Candidate Selection */

18 for iter = 0 to M:

19 maxScore, rowID, colID = maxQ.pop()

20 if maxScore > 0:

21 greedy score[rowID] += maxScore

22 max ptr[colID] += (1 if query[colID] > 0 else 1)

23 nextEntry = sortedKey[max ptr[colID]][colID]

24 compMultRes = nextEntry.val * query[colID]

25 maxQ.push(compMultRes, nextEntry.rowID, colID)

26 /* Update Candidates */

27 for each (row, score) in greedy˙score :

28 if score > 0:

29 candidates.append(row)

30 return candidates

31 }

Figure 3.2: Pseudocode representation of the efficient greedy candidate search

algorithm

heuristic — skipping the minQ operation when the cumulative sum of entries

selected by max ptr and min ptr so far is negative — to avoid selecting too few

candidates when overall similarity scores are low.

Unlike in the previous version of the algorithm, the complexity of candi-

date selection is M log d (M loops each with log d complexity from the iterative

candidate selection step). This re-structured algorithm now can select likely

candidates with a time complexity that scales with user-defined parameter M .
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Figure 3.3: Illustration of the data structures for the efficient greedy search

algorithm

In practice, to maintain reasonable accuracy, M needs to increase as N in-

creases. However, an important benefit here is that this algorithm provides a

user a hyperparameter to adjust the balance between the performance and the

accuracy. We evaluate how this algorithm can effectively estimate the set of

likely candidates across different M in Section 4.2.

3.5 Post-scoring Approximation

Once a subset of rows of the key matrix is chosen as candidates, their full

scores (i.e., the dot product between the key matrix row and the query) are

computed. Then, those scores are used as an input for the softmax function and

the outcome of softmax functions are used as weights for the final weighted sum

computation. As briefly explained in Section 3.1, most of the relatively small

dot-product values become near-zero after the softmax and thus have minimal

impact on the final outcome. To minimize the computation required to calculate

the softmax and the weighted sum, it is beneficial to avoid including some of the

low-scoring candidates for those steps. One way to perform an approximation

on this step is to sort candidates based on their dot product results and then

only including top scoring rows for the next steps.
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One important design choice there is to choose the number of top scoring

rows to include for the next step. An easy way is to include a static, predefined

number of top scoring rows but a static choice of such number does not neces-

sarily work for all cases. For example, if high-scoring rows form a distribution

with very low variance, it is better to include all of those rows for the following

softmax computation and the weighted sum computation. On the other hand,

if there is only one high-scoring row with many low-scoring rows, it is not ben-

eficial to include more low-scoring rows for the softmax and the weighted sum

computation. For this reason, we utilize a dynamic post-scoring approximation

scheme which decides whether to include a row for the next steps. Basically,

a score for a particular row is compared with the top-scoring row’s score and

if their difference is larger than threshold t, such row is excluded for the next

steps. If a row’s score is smaller than the top row’s score by more than t, this

means that this row will have a post-softmax weight that is at least et× smaller

than that of the top-scoring row. This is because softmax functions utilize the

current score as an exponent term of the base e ≈ 2.718. Throughout the pa-

per, we use T = 100 ∗ (1/et) instead of directly using t. With this notation, T

indicates that an entry should have a post-softmax weight that is at least T (%)

of the maximum weight to be included for the next steps.
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Chapter 4

Evaluation

4.1 Workloads

We use three representative neural network (NN) models utilizing attention

mechanisms. First, we evaluate our A2 with Facebook’s End-to-End Memory

Network (MemN2N) (51) running bAbI QA task (58) which consists of twenty

types of question-answering tasks. For each task, a set of statements is provided

and the model aims to find the right answer through attention mechanisms

which find the most relevant statement to the question. Second, we evalu-

ate our design with Key-Value Memory Network (KV-MemN2N) (32) running

Wikimovies (13) question-answering tasks. In this workload, Key-Value Mem-

ory Network model first comprehends multiple excerpts about movies from

Wikipedia, and then is expected to answer questions about movies. Lastly, we

evaluate our proposal with Google BERT (11), which utilizes a self-attention

mechanism in Google Transformer (55) to solve many tasks in natural language

processing. Among the many tasks that this model can handle, we evaluate

Stanford Question Answering Dataset task (SQuAD v1.1 (42)).

We used the embedding dimension d = 64 for all workloads but each work-

load has different n. bAbI QA is a relatively small task whose average n (i.e.,

number of statements for a query) across all test inputs is 20 and the maxi-

mum is 50. For Wikimovies dataset, average n (i.e., the number of potentially

relevant knowledge) is 186. Lastly, for SQuAD workload, n (i.e., the maximum

length of an input passage and a question in terms of word counts) is 320.
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4.2 Accuracy/Speedup Evaluation

Methodology. To estimate the impact on the accuracy and potential speedup

of our approximation scheme proposed in Chapter 3, we implement a software

model for approximation and integrate this model with our target workload’s

official (or endorsed) open-source implementations. Specifically, we use the na-

tive Python implementation (26) for End-to-End Memory Network, Torch im-

plementation (14) for Key-Value Memory network, and Tensorflow implemen-

tation (45) for BERT. Note that we only apply approximation techniques for

an inference, which is our target, and we use test set inputs for measurements.

For accuracy metric, we utilize one of the main metric used in the relevant

paper for the task: accuracy for bAbI QA, Mean Average Precision (MAP) for

Wikimovies dataset, and F1 score for SQuAD.
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Figure 4.1: Impact of proposed candidate selection schemes on accuracy across

varying iteration counts

Impact of Candidate Selection. Figure 4.1a shows the percentage differ-

ences of accuracy metric for three workloads after applying the proposed can-

didate selection scheme in Section 3.4. Specifically, we vary M (i.e., iteration

count for candidate selection algorithm in Section 3.4) in Figure 4.1 to check

how varying M impacts accuracy and the number of candidates selected. As

shown in Figure 4.1a, varying M from a large number (e.g., n) to a smaller

number (e.g., 1/8n) results in a change in model accuracy. This is because

varying M results in a different number of selected candidates as shown in Fig-

ure 4.1b. Naturally, the larger the number of selected candidates, the accuracy
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of the model increases; however, it loses benefits of approximation with a large

number of candidates.
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Figure 4.2: Impact of post-scoring selection schemes on accuracy across varying

thresholds

Impact of Post-Scoring Selection. Figure 4.2a shows the change in model

accuracy with the proposed post-scoring selection scheme (Section 3.5). We

vary T (i.e., the threshold for post-scoring selection algorithm) in Figure 4.2

to identify how T affects to model accuracy. Here, note that an entry is not

included for the computation if its post-softmax score would be less than T%

of the maximal value. Thus, the lower T indicates more conservative approx-

imation and the higher T indicates more aggressive approximation. As shown

in the figure, relatively high T (e.g., 10%) can still achieve decent accuracy.

This essentially proves our assumption that attention mechanism does not re-

ally require all rows to be inspected and any row that would end up with low

weight can safely be ignored. Figure 4.2b shows the normalized number of en-

tries selected in the post-scoring selection scheme. Higher T results in a lower

number of selected entries.

Impact of Approximation Scheme. Figure 4.3a shows the accuracy change

after applying both the proposed candidate selection schemes and the post-

scoring selection scheme and Figure 4.3b shows the portion of true top 2

(bAbI) or top 5 (Wikimovies, SQuAD) entries included after approximation.

Here, we evaluate two configurations of our approximation schemes. Approxi-

mate (conservative) scheme represents a conservative scheme (with M = 1/2n

and T = 5%), which loses relatively low accuracy (around 1%) but results in
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A2 A2 A2

Figure 4.3: Impact of the approximation scheme on model accuracy across vary-

ing workloads

a larger selection size during candidate selection and post-scoring selection.

On the other hand, approximate (aggressive) scheme represents an aggressive

scheme (with M = 1/8n and T = 10%) loses an extra accuracy (around 8%)

but results in a much smaller selection size during candidate selection and

post-scoring selection. One of the main strengths of our approach is that M

and T are configurable. By changing M and T , a user always can select the

degree of approximation and choose the trade-offs between accuracy and perfor-

mance/energy efficiency. Figure 4.3b shows that more aggressive approximation

tends to miss some of the true top 2 (bAbI) or top 5 (Wikimovies, SQuAD)

entries compared to the conservative scheme. Note that the aggressive approx-

imation configuration may not be practical on its own for its relatively high

decrease in accuracy. In that sense, this configuration is mostly for exploratory

purposes. However, one thing to note is that speedups and energy efficiency

improvements approximation provide can be translated to improvements in

accuracy through the use of larger models. For example, Google BERT has

a larger pre-trained model with better accuracy, which naturally spends more

time on attention mechanism. The same time/resource-accuracy trade-off is ob-

served in top-performing image classification networks (e.g., Amoebanet(44),

NasNet(65)) as well.
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Chapter 5

Related Work

Attention Mechanism. Attention mechanism in natural language process-

ing is used for translation (4, 55), question answering (11, 22, 32, 48, 51, 56),

language inference (37, 46), summarization (10, 47), document classification

(35, 60), etc. In addition to natural language processing, the attention mecha-

nism has also been used in computer vision tasks. Examples include visual (and

multi-modal) question-answering tasks (27, 34, 53), image caption generation

(59, 61), image classification (5, 23, 33, 57), action recognition (49), saliency

detection (28), and so on. Attention mechanism can also be used as a long-term

memory mechanism for NNs. Neural Turing Machine (18) and Differentiable

Neural Computer (19) from Google Deepmind focus on this to enable a NN

to solve a complicated task which requires an explicit, long-term memory. Our

work applies to many of these NN models.

Approximate Similarity Search. Similarity search is an important tech-

nique in other domains such as recommendation systems. There are several

prior works relevant to our work to avoid an exhaustive linear search during

a similarity search. For example, some approaches (3, 43, 50) utilize a variant

of locality sensitive hashing, a tree-structure, or a clustering algorithm to clus-

ter (or hash) items to different groups before the query arrives. On the other

hand, a greedy approach (62) similar to ours performs a greedy iterative search.

A few prior works exploit the idea of performing an approximated similarity

search for attention mechanisms and implemented them in software (6, 41). In

contrast, this thesis presents a new hardware-friendly algorithm that can be

effectively implemented in hardware. Specifically, the proposed algorithm has

formed the basis of a hardware accelerator for attention mechanism in neural
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networks (52).

Sparse NN Acceleration on Hardware. Various hardware accelerators are

proposed to accelerate NN processing, targeting CNN (7, 8, 9, 12, 15, 24, 25,

30, 40, 63) and RNN (16, 21, 24, 38). There is a set of accelerators exploiting

sparsity (2, 20, 21, 36, 64) to improve their efficiency. Some of these accelerator

can handle the attention mechanisms as well. However, these works mostly fo-

cus on sparsity (i.e., a large portion of its data is zero) in weights and activation

of NNs. In contrast, A2 is the first to apply approximation to accelerate the

attention mechanism (which operates on the dense matrix). A hardware im-

plementation (52) leverages this algorithm to achieve higher performance and

energy efficiency at the same time without significant loss of accuracy.
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Chapter 6

Conclusion

Neural network (NN) has been a popular target for hardware accelerators for

its wide applicability, a large amount of computation, massive parallelism, and

static computation pattern. However, the presence of an existing accelerator

does not necessarily preclude the need for an another accelerator for NN prim-

itives. In fact, when other NN primitives (e.g., CNNs, RNNs) are optimized, it

is critical to accelerate relatively less optimized portion according to Amdahl’s

law. Our work identifies the importance of the emerging NN primitive — at-

tention mechanism — and accelerates it with algorithmic approximation. With

further development, this software level design was successfully connected to

hardware implementation.
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국문초록

인공신경망 연산의 수요가 증가함에 따라 많은 인공신경망 가속기들이 제안되어

왔다. 대체로, 이러한 인공신경망 가속기들은 컨볼루션 신경망(CNN), 순환 신경

망(RNN)과 같은 대중적인 종류의 신경망에 주목하고 있다. 반면 새로이 등장한

어텐션 신경망은, 외부 메모리에 저장된 과거의 정보로부터 가장 연관성 있는

정보를 도출하는 것을 가능케 했으나, 아직 충분히 주목받지 못하고 있다. 현재

어텐션 연산은 컴퓨터 비젼, 자연 언어 처리, 자동 번역 등 다양한 분야의 첨단

인공신경망에 적용되어 총 실행 시간의 높은 비중을 차지 하고 있다. 이 논문은

현재 실용되고 있는 행렬-벡터 연산을 통한 어텐션 연산의 구현이 최적이 아님을

밝힌다. 어텐션 연산은 내용 기반 검색에 해당하며 검색되지 않는 많은 부분의

연산이 실제로 쓰이지 못하기 때문이다. 이 사실에 기반하여, 이 논문에서 우리는

A2를 설계하여, 알고리즘 적인 근사를 통해 어텐션 연산을 가속한다.

주요어: 인공신경망, 어텐션 연산, 근사 알고리즘

학번: 2017-28332
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