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Abstract—Large Language Models (LLMs) have demonstrated
remarkable performance in natural language processing and
are now widely adopted in diverse applications. However, their
significant computation and memory costs severely limit their
acceleration. In particular, the self-attention mechanism is a
significant bottleneck, as it cannot exploit batch parallelism
across prompts, and its memory traffic grows quadratically with
sequence length. In this paper, we propose Scrooge, a novel
hardware accelerator framework that leverages an attention
early termination mechanism, designed to address the inefficiency
of self-attention. The self-attention mechanism does not assign
equal importance to all tokens. Instead, semantically important
tokens consistently receive higher attention scores. Consequently,
preserving sufficient attention for a subset of important tokens is
often enough to maintain model accuracy, even without computing
attention for all tokens. Our key insight is that once sufficient
attention has been accumulated, further computation with the
remaining tokens only increases complexity without improving ac-
curacy. Scrooge leverages this insight to approximate the attention
of the remaining tokens and terminates the attention computation
dynamically once it has gathered sufficient attention. With this
method, Scrooge reduces both latency and memory traffic while
maintaining accuracy. Experimental results show that Scrooge
achieves a 1.7× speedup and a 0.47× reduction in memory traffic
with negligible accuracy loss.

I. INTRODUCTION

Transformer models have recently achieved remarkable suc-
cess across diverse domains [15], [24], [30]. In particular,
Large Language Models (LLMs) have exhibited significant
breakthroughs in natural language processing (NLP). As the
core operation of LLMs, the self-attention mechanism cap-
tures relationships between tokens within an input sequence,
enabling contextual semantic representation [25]. Despite these
advantages, self-attention remains a key bottleneck, as its
computational complexity grows quadratically with sequence
length and incurs substantial data movement [6]. Moreover, the
attention mechanism offers limited batch-level parallelism since
it maintains separate intermediate states (e.g., Key-Value cache)
for each input sequence. These limitations restrict efficient
LLM inference on conventional hardware [10], [13], [20], [29].

Several studies have been proposed to reduce the computa-
tion and memory cost of attention [5], [8], [9], [11], [16], [21],
[23], [26], [31]. The attention mechanism assigns higher scores
to semantically important tokens, leading to significant sparsity
after the softmax operation, as most other values become
zero [2], [3], [12], [18]. Leveraging this, some studies retain
the KV cache only for important tokens to reduce memory

usage [23], [28], [31], while others skip computation for unim-
portant tokens, while others skip computation for unimportant
tokens, which are near-zero values after the softmax [4], [7],
[16]. Moreover, a technique that progressively prunes unimpor-
tant tokens across layers has been proposed [26], reducing the
overall computational complexity. However, these approaches
often face limited performance improvements due to several
reasons. First, they overlook the fact that the number of im-
portant tokens varies across layers and batches. Second, many
studies permanently prune tokens once they are unimportant.
However, a token’s significance may change depending on the
prompt, and such tokens may later become important [23].
Lastly, existing methods tend to be dependent on a specific
data type, while recent LLMs utilize diverse data types [21].

In LLMs, it is not necessary to compute all tokens to
maintain model accuracy. This is based on the inherent charac-
teristic of attention mechanisms, which assign higher attention
to semantically important tokens rather than allocating equal
attention to all. This property allows sufficient attention to
be captured from only a subset of tokens while preserving
accuracy. Once sufficient attention has been accumulated, sub-
sequent computations contribute little to accuracy but signifi-
cantly increase computational complexity.

Leveraging this insight, we propose Scrooge, a novel hard-
ware accelerator framework for efficient attention inference in
LLMs. Scrooge introduces Attention Early Termination (AET),
which dynamically terminates the attention computation once
sufficient attention has been accumulated to maintain accuracy.
To this end, Scrooge needs to determine whether the com-
puted attention is sufficient to preserve accuracy relative to
the total attention. Instead of computing all tokens, Scrooge
approximates the total attention by estimating the attention of
remaining tokens based on the already computed tokens. The
accumulated attention is then evaluated against this approxi-
mated total to determine whether it is sufficient to maintain
accuracy. Once sufficient attention has been accumulated, the
remaining token computations are skipped, reducing latency
and memory traffic. AET operates independently of data types
and adaptively determines the appropriate number of token
computations across layers and batches to maintain accuracy.
Furthermore, tokens considered unimportant in earlier prompts
are not permanently excluded, ensuring that potentially relevant
information is preserved.

This paper details the Scrooge accelerator, which implements
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Fig. 1: (a) Basic transformer architecture. (b) Normalized latency
breakdown for OPT-6.7B model. (c) Normalized off-chip memory
traffic breakdown of different transformer models.

AET. The Scrooge architecture consists of a multiplier array,
an adder tree, as well as an Early Termination Unit and a
Value Select Unit for AET. To support LLMs with diverse
head dimensions, Scrooge is designed with multi-dimensional
flexibility. Depending on the model dimension, it can process
up to 16 tokens in parallel. Our evaluation shows that Scrooge
achieves an average 1.7× speedup and 0.47x off-chip memory
reduction compared to conventional attention computation.

II. BACKGROUND

A. Large Language Model

1) Transformer Architecture: Large Language Model (LLM)
utilizes the Transformer architecture to capture semantic mean-
ing and contextual information. Figure 1-(a) illustrates the core
mechanism of the Transformer architecture. The Transformer
architecture consists of three steps: QKV Generation, Attention,
and Feed-Forward Network. The following equations illustrate
the detailed operations of the Transformer architecture.

Q,K, V = WQXin, WKXin, WV Xin (1)

AW
i = exp(

QiK
T
i√

dk
), AS

i =
AW

i∑L
k=1 A

W
k

, for 1 ≤ i ≤ L (2)

AProb = ASV (3)

The first step is QKV generation. The input embedding
Xin ∈ RL×D is projected using the weight matrices WQ, WK ,
and WV to produce the query (Q), key (K), and value (V)
matrices, as shown in Equation 1. The second step is Attention.
First, a scaled-dot product is performed between the query
matrix Q ∈ RL×D and the transposed key matrix KT ∈ RD×L

to compute the attention weight where AW ∈ RL×L, which
is the pairwise correlation of each token. Next, each row of
the attention weight is normalized using a row-wise softmax
function to produce the attention score where AS

i ∈ R1×L

for the ith row (Equation 2). Finally, the attention score is
multiplied by the value matrix V ∈ RL×D to get the attention
probability, where AProb ∈ RL×D as described in Equation 3.
The attention probabilities from all heads are then concatenated
into a single matrix and passed to a Feed-Forward Network
(FFN) layer, which produces the final output.

2) Autoregressive Inference: The LLM generates the token
autoregressively, where the output token depends on the previ-
ous token until it generates a special ⟨eos⟩ token. This process
consists of a prefill and decode phase.

TABLE I: Prior Attention Optimization Techniques

H2O [31] SpAtten
[26]

Token-Picker
[21]

This Work
(Scrooge)

Granularity Token-level Token-level Bit-level Token-level
Layer-Awareness No Yes Yes Yes
Batch-Awareness No No Yes Yes

Permanent Pruning Yes Yes No No
Datatype

Dependency Independent Independent Dependent Independent

The prefill phase processes the initial input prompt. It takes
the entire prompt at once and performs a single forward pass
to compute the intermediate state, known as the Key-Value
(KV) cache, and produces the first new token. This phase is
computationally intensive which is fully parallelized across
all input tokens. In contrast, the decode phase generates a
token at a time. In each decoding step, the model consumes
the previously generated token and incrementally updates the
KV cache. The decode phase is memory-intensive and has
limited parallelism, which often makes it the dominant factor
in inference latency for long sequence generation.

B. Challenges of Attention Computation

In the decode phase, the LLM requires QKV and FFN
weights as well as the KV cache for attention from off-chip
memory. The sizes of these weights increase with the number of
layers, heads, and dimensions, while the KV cache size grows
with the input sequence length, resulting in substantial memory
traffic and making memory access a major bottleneck. To
mitigate this overhead, batching is commonly used. Using batch
processing, QKV generation and FFN share weights across
different batches. This allows multiple inputs to be computed
together, amortizing memory access for weights and enabling
parallel processing. In contrast, attention requires a unique KV
cache per batch, making batch-level parallelism infeasible. As
a result, both the latency and memory traffic of the attention
operation increase with batch size and sequence length, which
significantly restricts acceleration.

Figure 1-(b) shows the latency breakdown of the OPT-6.7B
model with 1024 sequence length across different batch sizes.
While the latency for QKV generation and FFN does not
increase significantly due to batch-level parallelism, attention
latency increases with batch size because each batch requires
a separate KV cache. Figure 1-(c) further shows the memory
traffic of weights and the KV cache with the batch size. Unlike
weights, the KV cache is not shared across batches, leading to
a quadratic increase in memory traffic. Therefore, optimization
techniques are necessary to address the attention bottlenecks.

III. MOTIVATION

A. Limitations of Prior Works

Several software and hardware based attention optimization
techniques have been proposed, as summarized in Table I.
H2O [31] proposed a KV cache compression technique to
reduce complexity and memory traffic. It retains KV cache
for tokens based on historical attention scores within a fixed
KV cache budget to preserve important context while reducing
memory usage. However, H2O overlooks that the required num-
ber of tokens varies by batch and layer depth, and permanently
evicts tokens even if they are later needed [23].
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Fig. 2: Cumulative attention score (after softmax) for OPT-6.7B model.
We select one head from the early, middle, and late layers. The vertical
lines indicate the cumulative attention scores at which accuracy
decreases by 1% (red), 5% (blue), and 10% (green), respectively.

SpAtten [26] proposed a cascading token pruning method
that progressively prunes tokens at each layer based on a
predefined ratio. However, SpAtten does not consider that the
number of important tokens can vary across different batches.
In addition, pruned tokens are permanently removed and cannot
contribute even if they become important later.

Token-Picker [21] skips the computation of unimportant
tokens through partial-bit computation, considering token im-
portance at both the layer and batch levels. However, it operates
only on signed integers and is not easily applicable to other data
types. Furthermore, fetching partial bits leads to non-coalesced
memory accesses, which degrade efficiency.

B. Diminishing Returns of Full Attention

In Transformer models, the attention mechanism does not
assign equal attention scores to all tokens. Instead, it allocates
higher scores to tokens that are more semantically important
within the context. Preserving sufficient attention for these
important tokens is often enough to maintain model accuracy.

Figure 2 presents the cumulative attention score for the OPT-
6.7B model with an input length of 1,024 tokens. The cumu-
lative attention score across all tokens sums to 1 (Equation 2).
The vertical lines indicate the cumulative attention score at
which the accuracy loss is 1%, 5%, and 10%. For example, the
green line for layer 0 head 2 shows that the attention scores for
194 of the 1,024 tokens account for approximately 40% of the
total attention score, with an accuracy loss of less than 10%.

As shown in the figure, computing only 731, 417, and 103
tokens out of 1,000 for layers 0, 10, and 25, respectively, pre-
serves model accuracy with a loss of less than 1%. Moreover,
the number of tokens required to maintain accuracy decreases
in deeper layers. This is because, while tokens in earlier layers
have similar attention scores, in deeper layers, a small subset
of tokens dominates the total attention. Consequently, this
indicates that once sufficient attention has been accumulated,
computing the remaining tokens increases computational com-
plexity without improving accuracy, particularly in later layers.

IV. SCROOGE: ATTENTION EARLY TERMINATION

The main goal of the Scrooge framework is to reduce the
latency and memory traffic of attention operations through
attention early termination. As discussed in Section III-B,
attention from a subset of tokens is often enough to maintain
accuracy without processing all tokens. Thus, once sufficient
attention has been accumulated, the remaining token compu-
tations can be skipped, reducing computational complexity. To
this end, Scrooge determines whether the attention accumulated
from computed tokens is sufficient compared to the total

attention. The total attention, which corresponds to the softmax
denominator, requires the attention weights of all tokens, both
computed and uncomputed. Rather than computing all tokens,
Scrooge approximates the attention of the uncomputed tokens
based on the already computed ones to estimate the total
attention. The attention computation is terminated early if the
ratio of the accumulated attention to the total approximated
attention exceeds a predefined threshold.

The following sections provide a detailed description of this
process. The first is the computation of important tokens to
quickly accumulate attention (Section IV-A). The second is the
approximation of the expected attention of the remaining tokens
to determine whether to terminate early (Section IV-B).

A. Prioritizing Token Computation

In LLMs, semantically important tokens tend to have higher
attention scores. By computing these tokens first, sufficient
attention can be accumulated with fewer token computations.
We categorize important tokens into three types. The first is
the initial token, or sink token, which often exhibits strong
attention despite low semantic importance [28]. The second is
the global token, a historically high-attention token [31], based
on the intuition that tokens important in the current query often
remain important in subsequent queries. The third is the recent
token, referring to the most recently generated token. Due to the
sequential nature of generation, recent tokens strongly influence
the attention distribution of subsequent tokens.

The goal of Scrooge is to accumulate as much attention as
possible with the minimal number of token computations. To
this end, Scrooge prioritizes computing the sink token, global
tokens, and recent tokens first. Unlike prior techniques [31]
that store as many tokens as the cache budget allows, Scrooge
retains only 64 global tokens and 8 recent tokens. Computing
important tokens first allows Scrooge to accumulate sufficient
attention with minimal computations. Their average attention
weight is then leveraged to approximate the remaining and
total attention, which is used to determine the early termination
condition, as will be discussed in the following sections.

B. Attention Early-Termination Mechanism

The main idea of Attention Early Termination (AET) is to
determine whether the accumulated attention is sufficient to
preserve accuracy compared to the total attention. However,
computing the total attention, which corresponds to the softmax
denominator, requires processing all tokens. To address this, we
approximate the total attention by estimating the attention of
the remaining uncomputed tokens (unknown tokens) based on
the attention of the already computed ones (known tokens).
Scrooge first prioritizes computing important tokens, as they
typically have larger attention weights. Consequently, the at-
tention of the unknown tokens can be conservatively assumed
to be less than or equal to that of the important tokens. By
leveraging the average attention weight of the known tokens,
Scrooge conservatively approximates the attention weight of the
unknown tokens.

Figure 3-(a) illustrates an example of approximating the
attention weights of three unknown tokens. The approximation
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Fig. 3: Overview of the attention early termination mechanism. The
known token attention weight is used to approximate the attention
weight of unknown tokens. In this example, the threshold is set to 0.9
and the sequence length is 6.

is performed by averaging the attention weights of two known
tokens while excluding the maximum value among the three
known tokens. In LLMs, one or two semantically important
tokens often account for 80–90% of the total attention score
after the softmax operation. As a result, the remaining tokens
typically exhibit small attention scores with a significant differ-
ence from the maximum. Including the maximum value in the
approximation can therefore introduce significant bias, whereas
excluding it provides a conservative and less biased estimate
of the unknown attention. In Figure 3-(a), the unknown token
attention weights are approximated as 0.2 by averaging 0.3 and
0.1 while excluding the maximum token value of 0.6.

The early termination condition is determined by whether
the ratio of the accumulated attention from known tokens to
the total expected attention exceeds a predefined threshold. In
Figure 3-(a), the sum of three known token attentions is 1.0
(0.6+0.3+0.1) and the sum of three approximated unknown
token attentions is 0.6 (0.2+0.2+0.2), resulting in a total approx-
imated attention of 1.6. The ratio of the known token attention
weight is 0.625 (= 1/1.6), which falls below the threshold of
0.9 and requires additional token computations. In contrast,
in Figure 3-(c), the ratio of known token attention weight
reaches 0.9, which equals the threshold, allowing for an early
termination that skips the computation of one remaining token.

C. Detailed Scrooge Algorithm

Algorithm 1 illustrates the detailed AET algorithm. The first
step is the computation of important tokens (lines 1–5). The
sink, local, and global token indices are added to Sknown

(line 1), and their attention weights are computed (line 4).
The next step is the approximate unknown attention and early
termination. Scrooge computes tokens in reverse order, starting
from the most recent token to the oldest one (line 6). For each
iteration, the sum and average values of the attention weights
for the known tokens are updated (lines 11–12). Using this aver-
age value, the attention of the unknown tokens is approximated,
and the ratio of known attention to total expected attention
is evaluated against the threshold (lines 13–14). If the ratio
exceeds the threshold, the attention computation is terminated
early (line 15). After early termination, a replacement step is
performed between the global buffer and the local token buffer.
In this step, the token with the smallest attention weight in the
global buffer is removed, and the oldest token from the local
buffer is promoted to the global buffer (lines 18–19). Finally, a

Algorithm 1 Scrooge: Attention Early Termination Algorithm
Input: Q,K, V, L, thrk, thrv ▷ Query, Key, Value, Sequence length,
Threshold
Input: L,G ▷ Local and Global token indices
Output: AScore, Svalue

/* Step 1: Important Token Computation */
1: Sknown ← Sink ∪ L ∪ G
2: Svalue ← Sink ∪ L ∪ G ▷ For the value tensor optimization
3: n = Length(Sknown)
4: AW

x = EXP(QxK⊤
x ), ∀x ∈ Sknown

5: Max = MAX(AW
Known) ▷ Maximum value is the bias

/* Step 2: Attention with Early Termination */
6: for i = L− 1 down to 0 where i /∈ Sknown do
7: Sknown ← i
8: n + = 1
9: AW

i ← EXP(QiK
⊤
i ), AW

Known ← AW
i

10: Svalue ← i if AW
i ≥ Max× thrv ▷ For value optimization

11: SumK = SUM(AW
Known) ▷ Sum of known attention

12: Avg = (Sum−Max)/(n− 1) ▷ Approximate unknown token
13: SumU = Avg × (L− n) ▷ Sum of unknown attention
14: if (SumK + SumU)× thrk ≤ SumK then ▷ Known attention ratio
15: break: Early Termination
16: end if
17: end for

/* Step 3: Important token replacement */
18: i← minIndex(L) ▷ Pop the token with smallest index
19: j ← argminx∈G(

∑
AW

x ) ▷ Pop the smallest accumulated value token
20: L.Remove(i), G.Remove(j), G.Insert(i) ▷ Replacement

/* Step 4: Softmax */
21: Ascore = Softmax(AW

known)
22: Return AScore, Svalue

softmax operation is applied to the attention weight of known
tokens to produce the final attention scores (lines 21–22).

Scrooge also optimizes V tensor computation by leveraging
the characteristic of the softmax function. Since softmax am-
plifies relative differences, tokens with attention weights much
smaller than the maximum result in near-zero values and have
a negligible impact on the output. To leverage this property,
Scrooge skips tokens with attention weights below Max×thrv ,
where Max is determined at line 5. Tokens exceeding this
threshold are selected, and their indices are stored in Svalue

(line 10). The V tensor computation is then performed only on
these tokens, thereby reducing the V tensor computation.

V. SCROOGE ARCHITECTURE

A. Overview

Figure 4 illustrates the overview of Scrooge architecture,
which implements an AET algorithm using the Early Termina-
tion Unit (ETU) and the Value Select Unit (VSU). The Scrooge
architecture can process multiple tokens in parallel based on
the head dimension. For example, with a head dimension of
128 (e.g., OPT-6.7B, LLaMA-2-7B), it can handle up to eight
tokens simultaneously.

For the attention computation, the Q tensor is loaded into the
Q Buffer, while the K tensors for the sink, local, and global
tokens are loaded into the KV Buffer, Local Buffer, and the
Global Buffer (➀), respectively. The fetched Q tensors and
K tensors of important tokens are multiplied in the Multiplier
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Fig. 4: Scrooge architecture overview.
Array (➁). When the head dimension is larger than the compu-
tation dimension, multiple computation lanes can be allocated
to a single token operation. The Adder Tree aggregates the
multiplication results for each token operation and produces the
final attention weight (➂). Each attention weight is applied to
an exponent operation and then stored in the Attention Buffer
(➃). The exponential operation is approximated using a 5th

order Taylor expansion [19]. The Sum and Max Unit computes
the sum and the maximum of attention weights required to
evaluate the early termination condition.

After the computation of important tokens, the K tensors of
the remaining unknown tokens are fetched into the KV Buffer
and their attention weights are subsequently computed (➄). The
ETU evaluates early termination conditions by approximating
the expected total attention with the average computed from the
Max and Sum values (➅). Concurrently, the VSU determines
whether the V tensor computation of a token should be executed
by comparing with the maximum value and a predefined
threshold, and stores the corresponding token index in the
Attention Buffer (➆). After the AET, the softmax operation is
applied to the tokens in the Attention Buffer to compute their
attention scores (➇). These scores are then multiplied by the
V tensors of the tokens fetched into the KV Buffer to produce
the final attention probabilities (➈).

B. Flexible Design of Scrooge Architecture

The key design consideration of Scrooge architecture is
dimensional flexibility. The head dimensions of major LLMs
vary from 64 in OPT-1.3B to 128 in LLaMA2-7B. To sup-
port inference across models with different head dimensions,
Scrooge employs sixteen 64-dimensional computation lanes,
allowing for the parallel processing of up to sixteen tokens.
Furthermore, the major components use a tree-based computa-
tion unit to enable parallel operations and flexibly support the
AET mechanism.

Figure 5 illustrates an example of a detailed architecture that
supports parallel token processing. The Multiplier Array con-
sists of four two-dimensional computation lanes, enabling it to
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Fig. 5: Example execution flow of the core computation in the Scrooge
architecture. Scrooge architecture in this example can process four
tokens simultaneously and demonstrates the parallel computation of
two tokens with a head dimension of 4.

TABLE II: Scrooge Architecture Configuration

PE Lane 16 64-dim multiplier array,
16-dim adder tree

Exp Unit 16 dimension exponent unit
Sum and Max Unit 16 dimension adder & comparator tree

On-chip Buffer
512B for query buffer,
128KB for KV and attention buffer,
8 and 64 entries for global and local buffer

Main Memory HBM2, 128 GB/s, 16×64-bits HBM channel

process up to four tokens simultaneously. The figure shows an
example of computing two tokens, both with a head dimension
of four. The dimension of each token is split into two chunks to
match the 2-dimensional Multiplier Array. Each chunk passes
through the Multiplier Array and is then aggregated in the
Adder Tree with the chunks of the same token. The computation
of the Max and Sum values, which are critical parameters
for estimating the AET condition, is implemented using a
tree-based architecture that enables the parallel processing of
multiple tokens. When Max and Sum operations are restricted
to a single token, their lower throughput compared to the
multiplier array would cause bottlenecks, degrading overall
performance. As a result, the Scrooge architecture provides high
flexibility across varying head dimensions in LLMs.

VI. EVALUATIONS

A. Methodology

1) Algorithm Implementation: To evaluate Scrooge, we con-
duct experiments on OPT models ranging from 1.3B to 13B
parameters and LLaMA-2 models with 7B and 13B parameters.
Model accuracy is evaluated using perplexity (PPL) on the
Wikitext-2 dataset [17], where lower values indicate better
performance. We implement the Scrooge algorithm inside the
model’s forward function in the Huggingface framework [27]
to evaluate algorithm performance.

2) Hardware Implementation: We implement the Scrooge
architecture in SystemVerilog based on the configuration in
Table II and synthesize it using Synopsys Design Compiler with
a UMC 28nm standard cell library, targeting 1 GHz. The SRAM
buffer is modeled using CACTI 7.0 [1] with two banks and a
single read/write port per bank. Performance and memory traf-
fic are evaluated using a custom cycle-accurate simulator built
on SST [22] and integrated with DRAMSim3 [14]. Scrooge
uses FP16, a widely adopted data type for LLMs.

3) Comparison: For comparison, we use a baseline design
without Global and Local tokens, the Early Termination Unit,
and the Value Select Unit. Scrooge is evaluated in two con-
figurations: Scrooge (S), which maintains perplexity within
±0.5%, and Aggressive Scrooge (AS), which allows up to
a 5% perplexity increase for speedup. For the OPT models,
Scrooge uses thresholdK/thresholdV of 0.95/0.001 for the
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Fig. 6: Off-chip memory traffic comparison between Baseline (B),
Scrooge (S), and Aggressive Scrooge (AS).
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Fig. 7: Off-chip memory traffic reduction across layers for (a) OPT-
6.7B and (b) LLaMA-2-7B models.

1.3B and 2.7B models, and 0.90/0.001 for the 6.7B and 13B
models, while Aggressive Scrooge applies 0.80/0.001 (1.3B),
0.75/0.005 (2.7B), 0.70/0.001 (6.7B), and 0.70/0.005 (13B).
For the LLaMA-2 models, Scrooge applies 0.90/0.001 for both
7B and 13B, and Aggressive Scrooge uses 0.60/0.005 for both
configurations. All experiments use autoregressive decoding,
starting from a sequence length of 1 and generating up to 1024.

B. Experimental Results

1) Memory Traffic and Speedup: Figure 6 shows the off-
chip memory traffic of Scrooge. On average, Scrooge (S) and
Aggressive Scrooge (AS) reduce off-chip traffic by 1.92× and
2.94×, respectively, compared to the baseline. Specifically, K
tensor traffic is reduced by 1.23× (S) and 1.85× (AS), while
V tensor traffic is reduced by 4.34× (S) and 7.14× (AS). The
K tensor typically exhibits a lower off-chip memory reduction
than the V tensor. This is because the K tensor contributes to
the softmax denominator, which is shared across all tokens and
thus limits optimization opportunities. In contrast, the V tensor
contributes independently to each token output, allowing more
aggressive optimization.

Figure 7 illustrates the off-chip memory traffic for each
layer of the OPT-6.7B and LLaMa-2-7B models. Memory
traffic significantly decreases in later layers compared to earlier
layers in both models. This is because, in the earlier layers,
the similar attention scores across tokens result in comparable
contributions to the output, thereby limiting opportunities for
optimization. In contrast, in the later layers, a small subset
of tokens accounts for 80–90% of the total attention score,
enabling sufficient attention to be accumulated with fewer
token computations. This result underscores that layer-aware
optimization is required since the opportunity to skip token
computations differs across layers.

2) Speedup: Figure 8 shows the speedup of the Scrooge
architecture across different models. Scrooge achieves a 1.7×
speedup over the baseline, while Aggressive Scrooge achieves
a 2.6× speedup. The main reason for this improvement is
the significant reduction in K and V tensor computations
enabled by AET. Furthermore, Aggressive Scrooge achieves an
additional 1.4× speedup over Scrooge, trading off up to a 5%
increase in perplexity.
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Fig. 9: Speedup of Scrooge under different levels of perplexity loss.
The x-axis indicates that the perplexity loss is equal to or less than
the corresponding percentage.

Figure 9 illustrates the trade-off between perplexity loss and
speedup for the OPT-6.7B/13B and LLaMA-2-7B/13B models.
On average, our technique achieves a 1.97× speedup with less
than a 1% perplexity loss. The speedup increases to 2.13×,
2.70×, 4.31×, and 6.86× for perplexity losses of 2%, 3%,
5%, and 10%, respectively. These results demonstrate that our
technique can effectively improve performance by exploiting
the trade-off between perplexity and speedup.

TABLE III: Hardware Overhead
Component Area (mm2) Power (mW)

Multiplier Array 1.138 (15.10%) 1405.20 (55.95%)
Adder Tree 0.024 (0.32%) 21.36 (0.85%)
EXP Unit 0.116 (1.54%) 79.78 (3.18%)

Max & Sum Unit 0.009 (0.13%) 10.98 (0.44%)
Softmax 2.176 (28.86%) 134.79 (5.37%)

ETU & VSU 0.005 (0.07%) 3.67 (0.14%)
SRAM Buffer 4.071 (53.99%) 855.8 (34.07%)

Total 7.539 2511.59

3) Hardware Overhead: As shown in Table III, the total
chip area of Scrooge is 7.54mm2. The SRAM buffer occupies
the largest portion, accounting for 53.99% of the total area.
The ETU and VSU, which are additional hardware components
for Scrooge, account for only 0.07% of the total area. This
low overhead is due to their simple component design: the
ETU consists of two adders, two multipliers, one comparator,
and one divider, while the VSU contains one adder, one com-
parator, and one multiplier. While the tree structure demanded
for dimensional flexibility incurs a particular area and power
overhead, this is effectively offset by the significant reduction
in off-chip memory access for K and V vectors.

VII. CONCLUSION

In this paper, we addressed the attention latency and memory
traffic problem in LLM inference. We observed that computing
all tokens is not necessary to preserve model accuracy. Lever-
aging this insight, we introduced Scrooge, a novel attention
accelerator framework. Scrooge efficiently optimizes attention
latency and memory traffic by computing only enough attention
to preserve perplexity. Our evaluations show that Scrooge
achieves a 1.7× speedup and a 0.47× reduction in off-chip
memory compared to conventional attention computation.
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