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Abstract—General matrix-vector multiplication (GeMV) re-
mains a critical latency bottleneck in large language model
(LLM) inference, even with quantized low-bit models. Processing-
Using-DRAM (PUD), an analog in-DRAM computing technique,
has the potential to repurpose on-device DRAM as a GeMV en-
gine, offering additional high-throughput processing capabilities
to widespread consumer devices without DRAM modifications.
However, applying PUD to GeMV operations in the LLM
inference pipeline incurs significant overheads before and after
in-DRAM computation, diminishing the benefits of its high-
throughput processing capabilities.

This paper presents MVDRAM, the first practical system to
accelerate GeMV operations for low-bit LLM inference using
unmodified DRAM. By leveraging the data sharing patterns
and mathematical linearity in GeMV operations, MVDRAM
orchestrates the processor and DRAM to eliminate the costs
associated with pre-arranging inputs and bit-transposition of
outputs required in conventional PUD approaches. Our experi-
mental evaluation with four DDR4 DRAM modules shows that
MVDRAM achieves comparable or even better inference speed
than the processor-based implementation for GeMV operations in
low-bit (under 4-bit) LLM. In particular, MVDRAM achieves up
to 7.29× speedup and 30.5× energy efficiency for low-bit GeMV
operations. For end-to-end LLM inference, MVDRAM achieves
2.18× and 1.31× throughput improvements, along with 3.04×
and 2.35× energy efficiency, for 2-bit and 4-bit quantized low-
bit models, respectively. MVDRAM has the potential to redefine
the AI hardware landscape by demonstrating the feasibility of
standard DRAM as an LLM accelerator.

I. INTRODUCTION

Large language models (LLMs) are increasingly deployed
on consumer devices as integral underlying system compo-
nents, such as the on-device 2/4-bit 3B Apple foundation
model for Apple’s iOS [1], the 4-bit 3.82B Phi Silica for
Windows [2], and 4-bit 3.35B Gemini Nano for Google’s
Android [3]. These models generate intensive DRAM accesses
during inference due to the dominant large-scale general
matrix-vector multiplication (GeMV) operations, for key-value
(KV) cache and single-batch feed-forward network (FFN)
calculation [4]–[8]. This problem is even more pronounced in
current chain-of-thought (CoT) reasoning models with a long
context [9]. This GeMV bottleneck limits token generation
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performance and energy efficiency, especially in consumer
devices with restricted memory bandwidth and power budgets.

To address memory constraints in LLM deployment, low-bit
quantization has become the de facto technique. This approach
represents numerical values of activations and weights in a
lower number of bits. Recent techniques achieve minimal
accuracy loss using 4-bit representations [10]–[12] while more
aggressive methods employing 3-bit, 2-bit, and even 1-bit
precision continue to emerge [13]–[19]. These low-bit quanti-
zation techniques effectively reduce the memory footprint and
computational complexity [20].

Processing-Using-DRAM (PUD)1 has emerged as an inno-
vative technique that leverages the analog operational charac-
teristics of DRAM to execute highly parallel bit-serial com-
putations directly within memory arrays. Unlike approaches
that demand specialized memory circuits and chips [22]–[31],
some of existing PUD techniques demonstrate the potential
to enable in-memory computation using commercial off-the-
shelf DRAM without DRAM hardware modifications [32]–
[36]. By intentionally issuing DRAM commands that violate
manufacturer-specified timing parameters, PUD with unmod-
ified DRAM provides two fundamental operations: RowCopy,
which transfers data between rows by exploiting incomplete
bitline precharging, and majority-of-X (MAJX), which computes
the majority voting of X cells connected to the same bitline.
These operations can be performed simultaneously across all
columns in a bank, offering massive parallelism up to 65,536
bitwise operations in parallel.

The meeting of massively parallel bitwise operations in
PUD and large low-bit GeMV in quantized LLMs inspires us
to raise the question: can off-the-shelf on-device DRAM serves
not only as model storage but also as an inference accelerator
for GeMV operations? The ability to leverage computational
capabilities from on-device DRAM offers a practical path
for realizing LLM inference on resource-constrained devices
without requiring specialized hardware. Also, it can potentially
release the precious on-device computing, energy and memory
bandwidth for other applications.

1This paper follows the definition in [21]. DRAM-based Processing-in-
Memory (PiM) includes: (1) Processing-near-DRAM (PnD): computation
logic is added near the memory arrays; (2) Processing-Using-DRAM (PUD):
exploit the analog operational properties of the memory.
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However, applying current PUD techniques [30]–[32], [35]
to GeMV operations introduces too much overheads to be
practically used in LLM inference, diminishing the benefits
of PUD’s high-throughput processing capabilities. These over-
heads stem from the fundermental challenge of PUD com-
putation mechanism: the limitation of column-to-column data
movement, which is the inability of PUD to move data across
different columns in a DRAM subarray. When applying PUD
to GeMV operations in LLM inference, this limitation forces
existing methods to have two issues: (1) For a GeMV operation
with a matrix of size M×N and an input vector of size N , the
processor has to pre-arrange the input vector to memory by
M times so that it can execute M parallel multiplication-and-
accumulation (MAC) operations, introducing memory writing
overheads; (2) Conventional methods assign one column per
computation, leading to lower utilization of PUD’s parallelism
and additional power overhead due to the processor’s bit-
transposition during data placement and retrieval from PUD.

This paper presents MVDRAM, the first system to realize
GeMV operations for end-to-end low-bit LLM inference using
unmodified DRAM. In contrast to approaches that enhance
DRAM’s computational capabilities through circuit modifi-
cations, MVDRAM overcomes the limitations of PUD with
unmodified DRAM through processor-DRAM co-design.

MVDRAM addresses the challenges of GeMV acceleration
through two novel techniques: on-the-fly vector encoding and
horizontal matrix layout. (1) The on-the-fly vector encoding
technique dynamically generates PUD operation sequences
based on the activation vector’s bit values, eliminating the
latency overheads associated with pre-arranging inputs and
enabling an optimization for the sparsity of the activation
vector. (2) The horizontal matrix layout addresses the ca-
pacity and power overheads of conventional PUD’s vertical
layouts by exploiting the mathematical linearity of matrix-
vector multiplication. By decomposing MAC operations with
respect to matrix bits and organizing the matrix elements in a
row-wise manner, this approach enhances the utilization of
PUD’s parallelism and enables bit-transposition-free output
aggregation through standard DRAM row access patterns.

In summary, this paper offers the following contributions:
• We present MVDRAM, the first system to realize GeMV

operations for end-to-end low-bit LLM inference using
unmodified DRAM.

• We propose on-the-fly vector encoding, which directly
encodes activation vector values into PUD operation se-
quences, eliminating the overheads associated with pre-
arranging inputs and enabling efficient sparse activation
optimization.

• We introduce horizontal matrix layout, which leverages
the mathematical linearity of matrix-vector multiplication,
enhancing the utilization of PUD’s parallelism and enabling
output aggregation without bit-transposition.

• We implement and evaluate MVDRAM on a real system
with four DDR4 DRAM modules, demonstrating compara-
ble or even better inference speed than the processor-based
implementation for GeMV operations in low-bit (under 4-
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Fig. 1: DRAM organization and PUD operations.

bit) LLM. In particular, MVDRAM achieves up to 7.29×
speedup and 30.5× energy efficiency for low-bit GeMV
operations, and 2.18× and 1.31× throughput improvements,
along with 3.04× and 2.35× energy efficiency, for 2-bit and
4-bit quantized low-bit models, respectively.

MVDRAM represents a shift in how AI computations can
be performed. By transforming DRAM into an LLM accel-
erator through simple memory controller modifications, MV-
DRAM reduces reliance for dedicated accelerators, enabling
low-cost, power-efficient, and scalable AI deployment, even on
mobile and wearable devices. MVDRAM has the potential to
reshape the AI hardware landscape, making high-performance
inference more accessible than ever before.

II. BACKGROUND

A. LLM Inference and Low-Bit GeMV

Large language models (LLMs) consist of multiple
transformer-based decoder layers, with each layer contain-
ing attention mechanisms and feed-forward networks (FFNs).
These components involve various computational operations,
including general matrix-vector multiplication (GeMV), soft-
max, and layer normalization.

Among the computational operations in LLM inference,
GeMV is the main cost of LLM inference [4]–[8], requiring
intensive memory access for key-value cache and single-
batch FFN calculation. This problem is exacerbated by recent
reasoning models [37], which can generate thousands of tokens
during the chain-of-thought process. Due to the low data reuse,
a series of GeMV operations results in significant latency and
energy overheads.

To address the memory bottleneck, low-bit quantization
has become the de facto technique for deploying LLMs.
This technique represents the weights and activations with
a lower number of bits. For instance, the QuaRot [10],
Atom [11] and BCQ [12] introduce 4-bit weight and 4-bit
activation quantization with minimal accuracy loss. Beyond
4-bit quantization, models utilizing 3-bit, 2-bit, and even 1-bit
precision are emerging [13]–[19]. These low-bit quantization
techniques can reduce the memory footprint and computational
complexity [20]. Consequently, recent system innovations shift
traditional data-centric computations toward bit-wise opera-
tions, where low-bit multiplication is implemented as the sum
of partial products for each bit [38]–[40].
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B. DRAM Fundamentals

Dynamic Random Access Memory (DRAM) serves as the
primary memory component in modern computing systems,
providing high-density and cost-effective storage. As shown
in Fig. 1, DRAM is organized in a hierarchical structure.
At the highest level, a DRAM system consists of multiple
channels, each operating independently. Each channel contains
DRAM chips, which are further divided into banks. Banks
contain multiple subarrays, each comprising a row decoder,
sense amplifiers, and a grid of memory cells arranged in rows
(256∼1,024) and columns (65,536). Each memory cell stores
a single bit of data and is connected to a wordline (row) and
a bitline (column), where wordlines activate rows of cells and
bitlines transfer data between cells and sense amplifiers.

The memory controller orchestrates DRAM operations by
issuing a sequence of commands to control data access. The
ACT (Activation) command opens a specific row and copies its
data to the row buffer, while the PRE (Precharge) command
closes the active row and prepares the bank for the next
activation. These commands follow specific timing constraints
to maintain data integrity and reliability during normal DRAM
operations [41].

C. Processing-Using-DRAM

Processing-Using-DRAM (PUD) leverages the inherent ana-
log operational characteristics of DRAM to enable highly
parallel bit-serial computations directly within memory arrays.
Prior research [32]–[36] has demonstrated that commercial
off-the-shelf DRAM can achieve PUD functionality without
hardware modifications by intentionally violating the timing
parameters.

These studies have established two fundamental PUD op-
erations: RowCopy and majority-of-X (MAJX) (Fig. 1). The
RowCopy operation facilitates data movement between dif-
ferent rows within a subarray by issuing a PRE command
followed immediately by an ACT command before bitline
precharging completes, enabling data transfer through the
bitlines. This operation affects all cells along a row simul-
taneously, making it approximately 100 times faster than
processor-mediated data movement [22]. The MAJX operation
performs a majority vote among X cells sharing the same
bitline that are activated simultaneously, implemented in com-
mercial DRAM by issuing ACT, PRE, and ACT commands
in rapid succession without delays. This allows concurrent
activation of 2∼32 rows. MAJX enables bit-serial computations
that leverage the parallelism of subarrays with 65,536 columns,
serving as the fundamental computational unit for PUD.

Fig. 2 illustrates a typical timeline of PUD operations. The
process consists of the following steps: 1 The input data is
arranged on the same bitline to enable parallel computation
across all 65,536 columns. 2 The input data is copied to
computation rows to preserve the original inputs. 3 A MAJ3
operation is performed on the computation rows. 4 Finally,
the result is copied to a designated destination row. This
sequence enables parallel bit-wise computation directly within
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Fig. 2: Data changes in a DRAM segment during a majority-
of-3 operation.

the DRAM array while maintaining data integrity throughout
the process.

1) Full-Adder Calculation: Prior works [24], [42] have
proposed an implementation of full adder logic tailored for
PUD, using MAJX and NOT operations. The implementation
proceeds as follows:

s1 = MAJ(x0, x1, x2),

s0 = MAJ(x0, x1, x2, s̄1, s̄1),

where x0, x1, x2 are the three inputs to the full adder, and s1
and s0 are the carry-out and sum, respectively. While some
PUD works [23] propose circuit-level modification methods
for supporting NOT operations, practical implementations in
unmodified DRAM lack native NOT operations2. To address
this limitation, we adopt a dual-track approach, which is
detailed in Section VII.

2) Multiply-Accumulate Calculation: Prior works [30], [31]
have shown that PUD can achieve high computational through-
put for multiply-accumulate (MAC) operations, which are
fundamental building blocks for GeMV computations. MAC
operations are composed of multiplication and addition. For
multiplication in MAC operations, the calculation is decom-
posed into two steps: generating partial products and then ag-
gregating them. Partial products are generated by multiplying
each bit of one operand with each bit of the other operand,
using bitwise AND operations [32]. Below shows a 2-bit by
2-bit multiplication:

a(1) a(0)

× w(1) w(0)

a(1)w(0) a(0)w(0)

+ a(1)w(1) a(0)w(1)

o(3) o(2) o(1) o(0)

PUD can implement this calculation by executing four bitwise
AND operations and two full-adder operation iteratively. To im-
plement a complete MAC operation, the multiplication result is
further accumulated using additional full-adder stages. These
principles apply for signed arithmetic by properly handling
two’s complement bits [43].

2While prior work [35] has proposed a NOT implementation using un-
modified DRAM, it is still limited to perform NOT within a single subarray,
preventing PUD from implementing Turing-complete logic.
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PUD processes each MAC calculation entirely within a
single column of the DRAM subarray. When handling large-
dimension MAC operations where the volume of data ex-
ceeds the available row count in a subarray (typically around
512 rows), computations must be distributed across multiple
subarrays. In this case, PUD systems compute partial sums
independently within each subarray, which are then retrieved
and aggregated by the processor to produce the final result.

III. MOTIVATION

The combination of PUD techniques and large low-bit
GeMV operations in LLM inference presents an opportunity
to transform on-device DRAM into an additional GeMV
acceleration engine. This approach leverages DRAM as a dual-
purpose asset: it continues to serve as storage for model param-
eters while functioning as a computational resource for GeMV
operations. Moreover, the PUD techniques using unmodified
DRAM eliminates the need for hardware modifications to
existing memory devices.
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Fig. 3: Latency profile comparison of GeMV operation be-
tween processor-based and PUD-based approaches.

However, applying PUD to GeMV operations in LLM
inference introduces too much overhead before and after in-
DRAM computation to be practically used in LLM inference.
These overheads stem from the fundermental challenge of
PUD computation mechanism: the limitation of column-to-
column data movement, which is the inability of PUD to move
data across different columns in a DRAM subarray.

Fig. 3 compares the latency profile of a 32768 × 8192 4-
bit GeMV calculation, whose dimension is typical in mod-
ern LLM inference, between processor-based and PUD ap-
proaches. For clarity, throughout this paper, we use the no-
tation M × N to refer to a GeMV operation involving an
M × N matrix and an input vector of length N , resulting
in an output vector of length M . The figure shows results of
our experimental evaluation using four DDR4-2400 DRAM
modules. The highlighted red portions illustrate the overheads
in latency, capacity, and power consumption associated with
conventional PUD approaches.

Before in-DRAM computation, conventional PUD requires
pre-arranging the input vector in DRAM by M times, which
introduces substantial latency overheads for GeMV operations
in LLM inference. For an M × N GeMV operation, PUD
needs to place M combinations of the common input vector
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Fig. 4: MVDRAM system overview.

and different matrix vectors in DRAM to enable parallel
MAC operations. While matrix values can be pre-loaded
in DRAM before inference, activation vector computation
involves floating-point operations that must be performed on
the processor during inference [30]. Consequently, PUD must
replicate and transfer the processor-generated activation vector
M times, incurring a matrix-size-proportional data transfer
cost.

Conventional PUD generates bit-transposed outputs, lim-
iting the PUD’s parallelism and introducing capacity and
power overheads. Conventional PUD designs employ a vertical
layout that arranges all bits of a data element along the
same bitline to overcome limitations in column-to-column data
movement. This approach assigns one column per computa-
tion, not fully utilizing the 65,536 parallelism of PUD in most
LLM GeMV operations. Besides, PUD operations overwrite
data in all columns of an active row and prevent unused
columns from storing other data, introducing capacity over-
head. Additionally, since DRAM hardware naturally accesses
data row-wise, retrieving these vertically arranged outputs
requires additional bit-transpose processing when transferring
results to the processor, introducing power overheads.

IV. MVDRAM SYSTEM

This section outlines the MVDRAM system, presenting
its key components, novel techniques, execution flow, and
memory organization.

System Architecture: We design MVDRAM on a standard
computing platform comprising a processor and commercial
off-the-shelf DRAM (Fig. 4). The processor, which can be
CPUs, GPUs, FPGAs, or another type of accelerator, manages
the overall system and handles general-purpose computations.
The DRAM serves dual purposes: it stores the model state of
the LLM and executes GeMV computations, leveraging PUD
capabilities. To leverage PUD techniques with real DRAM
modules, MVDRAM demands a memory controller that sup-
ports PUD-specific timing alongside conventional memory
access. Further discussion on MVDRAM’s system integration
and compatibility with other DRAM types is provided in
Section IX.

Key Techniques: MVDRAM overcomes conventional PUD
limitations through two novel techniques: on-the-fly vector en-
coding and horizontal matrix layout. 1) The on-the-fly vector
encoding technique eliminates input pre-arranging overhead by
directly encoding activation vector values into PUD operation
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sequences, leveraging the shared data patterns in GeMV oper-
ations to reduce data movement costs. 2) The horizontal matrix
layout addresses capacity and power inefficiencies by organiz-
ing weight matrices row-wise and exploiting the mathematical
linearity of matrix-vector multiplication, enabling enhanced
parallelization and bit-transposition-free output aggregation.
These techniques are detailed in Section V and Section VI,
respectively.

Execution Flow: MVDRAM executes GeMV operations
through a four-step process: 1 MVDRAM stores weight
matrices in DRAM prior to computation. These pre-loaded
matrices remain in DRAM throughout the inference process.
2 When a GeMV operation is triggered, MVDRAM encodes

the processor-computed activation vector values directly into
DRAM command sequences. 3 The encoded DRAM com-
mand sequences are issued to the DRAM modules through
the PUD interface, executing partial GeMV computations in-
DRAM. 4 After the in-DRAM computation completes, MV-
DRAM aggregates the partial sums generated within DRAM
to produce the final GeMV output vector.

Memory Organization: To implement GeMV operations,
MVDRAM reserves four dedicated regions in the DRAM
subarray: 1) The constant rows comprise two rows reserved for
PUD-based logical operations, one holding all zeros and the
other all ones across all columns. 2) The matrix rows are des-
ignated to hold matrix values. They are referenced as inputs for
PUD operations through RowCopy. 3) The computation rows
store intermediate results of GeMV operations within DRAM.
Its values are repeatedly overwritten during computation. 4)
The output rows holds the final results of the GeMV operations
computed in DRAM. Upon completion, the processor loads
data from this region to obtain the final output.

V. ON-THE-FLY VECTOR ENCODING

A. Challenge

Conventional PUD approaches require pre-arranging input
data before in-DRAM computation. PUD operations execute
through DRAM commands that specify addresses, with each
command affecting all data stored in the specified rows. When
processor-computed values need to be incorporated into PUD
operations, these values must first be transferred from the
processor to DRAM, introducing significant data movement
overhead.

While implementing the entire LLM inference exclusively
within DRAM could eliminate the data transfer overhead,
PUD’s data movement constraints and bit-serial computation
model make it impractical because some operations in LLM
inference, such as softmax and layer normalization, require
access to all input data and floating-point arithmetic. Conse-
quently, in LLM inference, computation is distributed between
DRAM and the processor.

However, arranging the processor-computed input vector for
GeMV operations introduces data transfer costs proportional
to the matrix size. Due to the limited column-to-column data
movement capability of PUD, for an M×N GeMV operation,
PUD needs to place M combinations of the common vector

def gemv(v):

broadcast(v)

execute()

o = aggregate()

return o

⋯

M * Vectors

Commands

Output Vector

Program

⋯

Fig. 5: GeMV execution using conventional PUD.

with different matrix vectors in DRAM to enable parallel
MAC operations (Fig. 5). While matrix values can be pre-
loaded before GeMV execution, processor-computed input
vector must be transferred to DRAM during runtime. This
necessitates replicating and transferring the vector M times,
resulting in data transfer costs proportional to the matrix size
and diminishing the benefits of in-DRAM computation.

B. Insight

GeMV operations share the same input vector across all
parallel MAC operations. The MAC operations in an M ×N
GeMV, which comprise M computations between M unique
matrix vectors and a common input vector, rely on the same
input vector for all computations. This shared data pattern
presents an opportunity to optimize the PUD command se-
quences in two ways: (1) The fixed pattern can be directly
encoded into the PUD operation sequence, eliminating the
need to transfer the vector from the processor to DRAM.
(2) Our method can reduce computational complexity by
skipping operations when activation bits are 0, further opti-
mizing performance for the existing diverse sparse activation
patterns [44]–[46].

C. Method

To eliminate the pre-arranging cost of the input vector, we
propose on-the-fly vector encoding, a technique that embeds
the input vector’s values directly into PUD operations. Unlike
conventional PUD, which issues a fixed command sequence
independent of the input data, this approach dynamically
generates a command sequence based on the input vector. By
issuing this command sequence, MVDRAM can execute the
required GeMV computations in-DRAM without replicating
and transferring the input vectors to DRAM.

The proposed on-the-fly vector encoding specifically targets
the partial product calculations within MAC operations. As
outlined in Section II-C2, PUD implements MAC operations
through a combination of partial product computations and full
adder operations. Each partial product is computed as the AND
operation between a bit of the weight and a bit of the input,
with full adders iteratively applied to aggregate these products.
Our encoding replaces these partial product computations with
RowCopy operations dynamically encoded based on the input
vector’s bit pattern.
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Fig. 6 compares the partial product implementation in
conventional PUD and on-the-fly vector encoding. Typical
PUD realizes the partial product using a MAJ3 operation that
takes two input rows (containing the matrix bit (w) and vector
bit (a)) and a constant zero row as inputs, computing the AND
product within a column [23], [32] (Fig. 6a). In contrast, our
approach leverages selective RowCopy operations dictated by
the vector bit value (Fig. 6b). When the vector bit a = 1,
the row storing the matrix bit is copied to the target row,
resulting in an output of o = 1 only if the matrix bit w = 1.
When a = 0, a constant zero row is copied to the target
row, producing an output of o = 0 regardless of the matrix
bit’s value. By dynamically adjusting the source row in these
RowCopy commands, we implement the partial product without
storing the vector values in DRAM.

To implement on-the-fly vector encoding, the encoding
method operates by scanning each bit of the vector elements
and replacing the corresponding addresses in a pre-prepared
command template. Since the encoding only modifies the
reference addresses of the RowCopy operations, MVDRAM
can prepare the overall command sequence structure for exe-
cuting MAC operations in advance. This approach maintains
a computational complexity of O(n) relative to the vector
length. Once encoded, these PUD command sequences are
sent to the DRAM through the processor’s interface.

D. Bit Sparsity Optimization

Our on-the-fly vector encoding technique further leverages
vector bit sparsity to reduce the number of DRAM operations.
When a vector bit is 0, rather than explicitly copying data from
a constant zero row, MVDRAM can simply skip the operation
entirely. This optimization not only reduces the number of
RowCopy commands but also decreases the subsequent full
adder execution count, leading to significant latency improve-
ments for sparse vectors.

To implement this optimization without increasing runtime
encoding overhead, we prepare multiple command sequence
templates based on potential bit count patterns. During exe-
cution, MVDRAM selects the appropriate template based on
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Fig. 7: Horizontal data access and PUD’s vertical layout where
four 4-bit numbers of (01112, 11012, 01012, 00112) are stored.

the total number of set bits in the input vector, then replaces
only the necessary addresses.

E. Overhead

The dynamic encoding overhead is negligible as long as
command generation throughput exceeds DRAM’s command
processing rate. While a DDR4-2400 DRAM module pro-
cesses approximately one command every 1.5ns, our prelim-
inary evaluation shows that even a single-threaded processor
implementation can generate commands faster. By overlapping
command generation with execution, MVDRAM effectively
masks any overhead from dynamic command generation.

VI. HORIZONTAL MATRIX LAYOUT

A. Challenge

Due to the limitations of data movement between columns,
conventional PUD approaches employ a vertical layout strat-
egy [30]. Unlike the conventional horizontal data layout in
DRAM where all bits of a data element are arranged in the
same row (Fig. 7a), PUD transposes these bits and places them
in the same column (Figure 7b). This vertical arrangement
enables PUD to perform bit shift operations via RowCopy,
facilitating multi-bit computations.

However, this vertical layout, which assigns one column
per computation, degrades the PUD’s parallelism in GeMV
calculations. For most GeMV operations in modern LLMs,
the computational parallelism required is smaller than that
available in PUD, which can process up to 65,536 columns
simultaneously. Besides, since PUD operations affect all data
in the same row, any data in unused columns is destroyed
during computation. Consequently, systems with PUD cannot
effectively utilize these columns for storing other data, leading
to capacity overhead.

Additionally, since DRAM is designed for row-wise data
access, the vertical layout introduces additional power over-
head due to the processor’s bit-transposition. DRAM accesses
data by row through the subarray’s row decoder and sense
amplifiers. Consequently, outputs generated in a vertical layout
require additional bit-transpose processing when transferred to
the processor. The processor must buffer the row-wise read
data and apply bit-transposition processing to obtain the final
PUD outputs. SIMDRAM [30] proposes to add a bit transpose
unit on-chip, reporting up to 91% additional latency overhead.
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B. Bit-Decomposition of MAC

To address the overheads introduced by vertical layout, we
leverage the mathematical linearity inherent in MAC opera-
tions. This linearity allows us to decompose MAC operations
into independent computations that can be performed sepa-
rately and then combined to obtain the original result. Im-
plementing general non-linear computations in PUD typically
requires arranging input data vertically (placing all bits in a
single column) due to limitations in data movement between
columns. In contrast, the linearity of MAC operations presents
an opportunity to distribute computations across different
columns and interpret results row-wise, offering enhanced
parallelism and efficient reconstruction of the final output
without bit-transposition.
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Fig. 8: Bit-decomposition of MAC operation with respect to
the matrix bits.

MVDRAM applies bit-decomposition to MAC operations
with respect to the matrix bits (Fig. 8). In an M ×N GeMV,
M MAC operations between the input vector and each vector
of the matrix are performed, each computing the accumulated
sum of N partial sums. For the m-th MAC result om, this is
expressed as: om =

∑N
i=1 aiwm,i. For matrix element of q-

bit precision, which we denote as wm,n =
∑q−1

i=0 2iw
(i)
m,n, our

bit-decomposition method splits each MAC into q partial sums
(om,0, om,1, . . . , om,q−1). Each partial sum om,i represents the
MAC between the N activations and the i-th bit of the matrix
element. This is expressed as:

om,i =

N∑
j=1

ajw
(i)
m,j .

These partial sums are weighted by their corresponding bit
positions (i.e., 2i) and summed to reconstruct the full MAC
result:

q−1∑
i=0

2iom,i =

q−1∑
i=0

2i
N∑
j=1

ajw
(i)
m,j

=

N∑
j=1

aj

(
q−1∑
i=0

2iw
(i)
m,j

)

=

N∑
j=1

ajwm,j

= om.

The point is that this weighted accumulation naturally aligns
with DRAM’s horizontal access pattern for multi-bit data
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Fig. 9: Column-wise and row-wise interpretations of om.
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Fig. 10: Horizontal matrix layout.

retrieval. For example, computing the value (1011)2 = 11
involves accumulating each bit with its corresponding matrix
element (20+21+23), which is precisely how processors nat-
urally interpret multi-bit values stored horizontally in DRAM.

C. Method

Based on the bit-decomposition of MAC operations, we
propose a horizontal matrix layout that enhances the PUD’s
column utilization and aligns with DRAM’s natural access
patterns. The key insight is that the weighted accumulation
of these independently computed partial sums aligns with
how multi-bit data is naturally retrieved through DRAM’s
horizontal access mechanism. Fig. 9 illustrates the difference
between conventional column-wise access and our row-wise
interpretation of outputs. Fig. 9a shows how the output of
each bit-decomposed MAC operation is stored. When the
output value has r bits, r rows are consumed to store the
bit-decomposed MAC values. This conventional column-wise
access requires bit transposition to reconstruct the final output.
In contrast, Fig. 9b demonstrates how our approach reinterprets
these outputs horizontally. By accessing q-bit values horizon-
tally and performing weighted accumulation with respect to
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② DRAM Modules

① Host PC
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on FPGA

Fig. 11: MVDRAM system setup.

the output bits, MVDRAM can efficiently obtain the final
MAC outputs without explicit bit-transposition operations.

Fig. 10 illustrates the MVDRAM’s mapping of an M ×N
dimensional q-bit matrix and M dimensional r-bit output
vector within a subarray. In the row direction, we store all
bits related to different values along the M dimension of
the matrix. This arrangement utilizes qM columns, enabling
computational parallelism with qM simultaneous operations.
In the column direction, we organize different values along the
N dimension of the matrix, with corresponding bit positions
sharing the same bitline. The output values are expanded and
arranged as q × r bits. By accessing these outputs row-wise
and performing shift accumulation across r rows, processors
can efficiently compute the final output values om without
requiring explicit bit-transposition operations.

D. Advantages

Our horizontal matrix layout offers two key benefits over
conventional PUD implementations: (1) By organizing weight
bits horizontally, we enable qM simultaneous operations in-
stead of just M , better utilizing PUD’s 65,536-column par-
allelism. (2) Outputs align with DRAM’s natural row-wise
access, eliminating bit-transposition operations and allowing
direct interpretation as multi-bit values.

VII. MVDRAM IMPLEMENTATION

Setup: Fig. 11 illustrates the experimental setup of MV-
DRAM. This configuration consists of 1 a host PC, 2
DRAM modules, and 3 a memory controller implemented
on an FPGA. Instead of accessing memory through the
processor’s native memory controller, MVDRAM bypasses it
to directly control the DRAM modules via the FPGA-based
memory controller. This approach allows us to implement the
precise timing parameters required for PUD operations on
commercial DRAM modules. We use DRAM Bender [47], an
open-source memory controller framework, implemented on
a Xilinx Alveo U200 FPGA. We use SK Hynix DDR4-2400
memory modules3 for all MVDRAM experiments to support
reliable PUD operations.

Matrix Partitioning: To handle large-dimension GeMV
operations, we partition the matrix and distribute them across
multiple DRAM modules and subarrays. Within each subarray,
we limit the maximum N dimension to 128 and partition

3We used four DRAM modules HMA851U6CJR6N-UHN0. Through the
characterization of 16 different SK Hynix DRAM modules, we identified this
specific part number as the most reliable one that supports both strict RowCopy
and MAJX operations (up to MAJ15).

TABLE I: # of reliable columns.

DRAM Min. # of reliable columns

Module #1 61,727 (max. 62,826) / 65,536
Module #2 62,300 (max. 62,483) / 65,536
Module #3 54,365 (max. 62,329) / 65,536
Module #4 54,712 (max. 62,925) / 65,536

TABLE II: System platforms.

Platform DRAM Processor

Baseline (CPU) DDR4-2400 (77 GB/s) Intel Core i7-9700K
Baseline (GPU) LPDDR5 (68 GB/s) NVIDIA Jetson Orin Nano
MVDRAM DDR4-2400 (77 GB/s) Intel Core i7-9700K

it across multiple subarrays so that we can accommodate
all rows required for computation within a single subarray.
Additionally, when the product of weight bit-width q and M
exceeds the available column count, we distribute operations
across additional subarrays.

Dual-Track Approach: To address the lack of native NOT
operations in unmodified DRAM, we employ a dual-track
approach [42] that maintains both original and complementary
values throughout computation. For the full adder imple-
mentation, we prepare both inputs and their complements,
compute the carry-out (s1) and sum bit (s0) using MAJ3 and
MAJ5 operations respectively, along with their complements.
This strategy enables complete logical operations using only
RowCopy and MAJX primitives available in unmodified DRAM,
though at the cost of additional row usage which we evaluate
in Section VIII-B.

Reliable MAJX: PUD’s MAJX operations inherently con-
tain errors in some columns of commercial DRAM mod-
ules [32], [36]. To address this reliability challenge, MV-
DRAM employs Frac operations [34] and calibration tech-
niques [48] to increase the number of reliable columns,
which achieves error-free computation. The number of reliable
columns is shown in Table I. For our implementation, we
use only consecutive sequences of q reliable columns when
performing q-bit GeMV operations to ensure error-free com-
putation. While this selection introduces a slight data transfer
overhead for unused columns, the impact on aggregation
latency is minimal (Fig. 3).

VIII. EVALUATION

A. Methodology

Platforms: We evaluate MVDRAM against two baseline
platforms to demonstrate its performance advantages over
conventional processor-based implementations. Table II sum-
marizes the specifications of the three platforms used in our
evaluation. For fair comparison, both the CPU and MVDRAM
implementations use the DDR4-2400 memory modules and
Intel Core i7-9700K processor.

Benchmarks: Our evaluation focuses on two benchmarks:
GeMV operations and LLM inference. For GeMV bench-
marks, we test matrix dimensions used in modern LLMs,
with weight precision from 2-bit to 8-bit. All performance
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measurements represent averages across 1,000 iterations, using
different input values between iterations to prevent cache
optimization effects. We use input vectors with 50% bit
sparsity, which represents a typical distribution in practical
LLM workloads [45], [46]. We use the ggml [49] library to
implement GeMV operations with quantized weights on CPU
and GPU platforms.

For end-to-end LLM inference, we benchmark token
generation throughput across four representative models:
Llama2-7B [50], Llama2-13B [50], Llama3-8B [51], and
Phi-4 [52]. Our end-to-end LLM implementation builds on
llama.cpp [53], where we replace mulmat_op operations
with our MVDRAM implementation. We measure the time
required to generate 256 tokens and compute the average
throughput across 10 repeated runs.

B. Results
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Fig. 12: GeMV latency on different bit-widths.

GeMV: Fig. 12 shows the latency of a 32000×4096 GeMV
operation, which is used in llama2-7B [50], across different
bit precisions. We can observe that MVDRAM achieves up to
7.29× and 8.55× speedup over CPU and GPU, respectively,
when 1-bit vector and 2-bit matrix. For this configuration, CPU
and GPU implementations complete the operation in 1.44 ms
and 1.70 ms respectively. In contrast, MVDRAM completes
the in-DRAM computation in just 0.14 ms and result aggre-
gation (for 32000×384 bits) in 0.05 ms, totaling only 0.19
ms for the entire operation. This performance improvement
stems from MVDRAM’s highly parallel bit operations within
DRAM, outperforming the matrix loading time required by
conventional processors especially for large, low-bit matrix
operations.
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Fig. 13: GeMV latency on different sizes in log scale.

Fig. 13 illustrates the GeMV latency across different matrix
dimensions ranged from 2,048 to 32,768 using 2-bit precision.
At the largest dimensions (M = 32768, N = 32768), we can
observe that MVDRAM achieves 3.38× and 3.74× speedup
compared to CPU and GPU, respectively. This increasing
performance advantage with larger matrix sizes demonstrates
how MVDRAM effectively leverages its high parallelism
across thousands of DRAM columns.
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Fig. 14: GeMV energy consumption.

To measure power consumption, we employed Intel
RAPL [54] for CPU measurements, tegrastats [55] for GPU
power, and CACTI [56] for MVDRAM power estimation. For
fair comparison, we normalized the GPU’s energy consump-
tion by accounting for the difference between LPDDR5 and
DDR4 technologies, replacing the amount of LPDDR5 energy
consumption with equivalent DDR4 energy. Fig. 14 presents
the energy consumption of a 32000× 4096 GeMV operation,
across different bit precisions, with one operand fixed at 2-bit
width. MVDRAM demonstrates consistently superior energy
efficiency across all configurations tested. When vector bit-
width is 1, it can be seen that MVDRAM achieves energy
efficiency improvements of 30.5× and 8.87× compared to
CPU and GPU, respectively. This energy advantage comes
from reducing the data movement between memory and
computation units, which is a significant source of energy
consumption in conventional systems.
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Fig. 15 illustrates the row utilization breakdown per subar-
ray for 4-bit GeMV operations across various N dimensions.
The matrix rows and inverted matrix rows represent the storage
requirements for weight data, while computation rows store in-
termediate results, and output rows contain the final results. As
shown in the figure, the overhead associated with computation
and output rows remains consistently minimal compared to the
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matrix storage requirements, regardless of the dimension size.
This demonstrates that the capacity overhead introduced by
MVDRAM’s in-DRAM computation is negligible relative to
the storage required for the matrix data.
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Fig. 16: Token throughput. GPU results for configurations
exceeding the memory limit (8GB) are omitted.

End-to-End LLM Inference: Fig. 16 illustrates the to-
ken throughput of low-bit LLM inference across different
bit precisions. For 2-bit Llama2-13B, we can observe that
MVDRAM achieves 2.18× and 3.33× higher throughput com-
pared to CPU and GPU implementations, respectively. With
4-bit Llama2-13B, which are currently common in production
environments, MVDRAM still maintains a 1.31× throughput
advantage over CPU implementations. These results highlight
MVDRAM’s effectiveness for current 4-bit quantized models
while suggesting even greater performance benefits for emerg-
ing 2-bit quantization techniques that are expected to become
more prevalent in future LLM deployments.
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Fig. 17: Energy consumption per token. GPU results for
configurations exceeding the memory limit (8GB) are omitted.

Fig. 17 presents the energy consumption per token for
LLM inference across bit precisions. For 2-bit Llama2-13B,
MVDRAM demonstrates energy efficiency improvements of
3.04× and 1.83× compared to CPU and GPU implementa-
tions, respectively. With 4-bit models, MVDRAM maintains a
2.35× energy efficiency advantage over CPU implementations.
These results highlight MVDRAM’s superior energy efficiency
when compared to CPU implementations using the same
DDR4 DRAM technology.

IX. DISCUSSION

System Integration: MVDRAM integrates with existing
systems by requiring no modifications to DRAM while only
needing PUD command support from the processor. This
integration involves enhancing the processor’s memory con-
troller to handle PUD-specific timing controls and providing a
programming interface for applications to access these capabil-
ities. When the program requests to execute RowCopy or MAJX

operations through the interface, the memory controller will is-
sue DRAM commands with specialized timing to perform the
operations. Both key techniques of MVDRAM, on-the-fly vec-
tor encoding and horizontal matrix layout, can be implemented
following this design. Prior works [30], [31] have proposed
similar approaches with memory controller extensions and
ISA-based programming interfaces. These implementations
demonstrate that the on-chip circuit area overhead, including
their dedicated computation units, remains below 1% of the
total chip area.

Applicability to Other DRAM Technologies: While PUD
operations have been experimentally verified only on DDR3
and DDR4 memory modules [32]–[36], we expect that ex-
posing PUD functionality in other DRAM standards would
require only minimal modifications without subarray circuit
changes. Within the same memory vendor, the core subarray
circuitry, which PUD directly leverages, remains largely con-
sistent across different DRAM technologies, including DDR,
LPDDR, and even HBM [57]. This architectural consistency
stems from manufacturers’ emphasis on maintaining proven
subarray designs, which represent the most performance-
critical and density-sensitive components of memory chips.
Based on this observation, we anticipate that the PUD op-
erations demonstrated in DDR3 and DDR4 can be achieved
in these alternative DRAM architectures without requiring
technically challenging and costly subarray circuit modifica-
tions. This suggests that MVDRAM’s approach could poten-
tially extend beyond current DDR4 implementations to future
memory technologies and form factors, further expanding its
applicability in diverse computing environments.

Reliability: Due to the analog nature of PUD operations,
MVDRAM computations are susceptible to environmental
factors including temperature variations, voltage fluctuations,
and device aging. However, prior research [36] has evaluated
the resilience of PUD’s fundamental RowCopy and MAJX
operations against various environmental factors. For tem-
perature variations, experiments show only a 0.07% average
decrease in reliable column count for simultaneous many-row
activation when temperature increases from 50 °C to 90 °C.
Similarly, underscaling voltage from 2.5 V to 2.1 V results
in at most a 0.41% decrease in reliable column count. These
results indicate that MVDRAM’s PUD operations are robust
to environmental factors, ensuring reliable column count even
under dynamic conditions.

X. RELATED WORK

To the best of our knowledge, MVDRAM is the first system
to accelerate GeMV operations for low-bit LLM inference
using unmodified DRAM. In this section, we discuss some
of the closely related work.

PUD with Unmodified DRAM: Several prior works [32]–
[36] have demonstrated the PUD functionality on commercial
DRAM modules without hardware modifications. Comput-
eDRAM [32] first experimentally verified the fundamental
RowCopy and MAJX operations on commercial DDR3 DRAM
modules without hardware modifications. Subsequent works
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have expanded the capabilities of PUD operations, including
intermediate value storage [34], true random number genera-
tion [33], and further expanded boolean logic operations [35],
[36]. However, these prior works have primarily demonstrated
only a limited set of primitive operations. In contrast, our
work builds upon these fundamental operations to demon-
strate application-level practicality by implementing complete
GeMV functionality for low-bit LLM acceleration.

PUD with Modified DRAM: While several works [22]–[31]
have proposed modifications to DRAM hardware to enhance
PUD’s computational capabilities, MVDRAM addresses func-
tional limitations through processor-DRAM co-design rather
than circuit modifications. Modifying DRAM subarray cir-
cuits presents significant technical and cost challenges due to
nanoscale manufacturing processes, extremely dense designs,
stringent performance requirements, and extensive validation
needed for mass production [58], [59]. Some research ef-
forts [22]–[25] have proposed minimal circuit modifications to
enhance DRAM’s computational capabilities, such as support-
ing NOT operations or enabling data movement between sub-
arrays. Other proposals [26]–[29] introduce more substantial
modifications, which would further complicate manufacturing
processes and increase costs.

SIMDRAM [30] and MIMDRAM [31] have proposed
PUD frameworks and evaluated matrix operations using these
frameworks, involving various modifications to DRAM and
specialized processing units on-chip. Their evaluations primar-
ily focus on the latency of matrix multiplication kernels in
isolation. In contrast, our work addresses end-to-end acceler-
ation within an inference pipeline through processor-DRAM
coordination while working within the constraints of existing
commercial DRAM.

Processing-near-DRAM: Processing-near-DRAM (PnD)
approaches add computing logic near memory arrays, which
are classified as a type of Processing-in-Memory (PIM) [21].
Commercial prototypes have been manufactured by major
DRAM vendors [60], [61], while UPMEM has released com-
mercially available PnD solutions [62]. Several works [4]–[8],
[63], [64] have proposed methods to accelerate LLM inference
using these PnD architectures. While these approaches enable
heterogeneous computing capabilities within memory systems,
they generally exhibit lower area and power efficiency com-
pared to PUD techniques, as they require dedicated processing
units.

XI. CONCLUSION

This paper presented MVDRAM, the first system to realize
matrix-vector multiplication for end-to-end low-bit LLM in-
ference using unmodified DRAM. Through on-the-fly vector
encoding and horizontal matrix layout, MVDRAM eliminates
the overheads introduced by the PUD’s fundamental limitation
of column-to-column data movement. Our evaluation on real
DDR4 DRAM modules demonstrated up to 7.29× speedup
and 30.5× energy efficiency for low-bit GeMV operations,
with 2.18× throughput and 3.04× energy efficiency improve-
ments for low-bit quantized models. MVDRAM demonstrates

that standard DRAM can serve not only as model storage but
also as an inference accelerator. This dual-purpose approach
has profound implications for resource-constrained devices, as
it enables high-performance LLM inference without requiring
specialized accelerators.
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