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Abstract

Anevolving solution to address hallucination and enhance accu-
racy in large language models (LLMs) is Retrieval-Augmented
Generation (RAG), which involves augmenting LLMs with
information retrieved from an external knowledge source, such
as the web. This paper profiles several RAG execution pipelines
and demystifies the complex interplay between their retrieval
and generation phases. We demonstrate that while exact re-
trieval schemes are expensive, they can reduce inference time
compared to approximate retrieval variants because an exact
retrieval model can send a smaller but more accurate list of
documents to the generative model while maintaining the
same end-to-end accuracy. This observation motivates the
acceleration of the exact nearest neighbor search for RAG.

In this work, we design Intelligent Knowledge Store (IKS),
atype-2 CXL device that implements a scale-out near-memory
acceleration architecture with a novel cache-coherent inter-
face between the host CPU and near-memory accelerators.
IKS offers 18-52x faster exact nearest neighbor search over a
512GB vector database compared with executing the search on
Intel Sapphire Rapids on-chip accelerators. This higher search
performance translates to 2.0-49x lower end-to-end inference
time for representative RAG applications. IKS is inherently a
memory expander; its internal DRAM can be disaggregated
and used for other applications running on the server to prevent
DRAM - which is the most expensive component in today’s
servers — from being stranded.

1 Introduction

State-of-the-art natural language processing systems heavily
rely on large language models (LLMs)—deep Transformer net-
works [95] with hundreds of millions of parameters. There is
much evidence that information presented in the LLM training
corpora is “memorized” in the LLM parameters, forming a
parametric knowledge base that the model depends on for gener-
ating responses. A major challenge with parametric knowledge
is its static nature; it cannot be updated unless the model un-
dergoes retraining or fine-tuning, which is an extremely costly
process. This creates a critical issue, especially when it comes
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Fig. 1. Overview of the Retrieval-Augmented Generation (RAG) pipeline.

to non-stationary domains where fresh content is constantly
being produced [108]. Besides, previous studies have indi-
cated that LLMs exhibit limited memorization for less frequent
entities [33], are susceptible to hallucinations [85], and may
experience temporal degradation [35].

To overcome the challenges presented by LLMs, a potential
solution is to enhance them with non-parametric knowledge,
where the LLM is augmented with information retrieved from
a knowledge source (e.g., text documents). These approaches
have recently gained considerable attention in the machine
learning communities [26, 29, 45, 53, 62, 80, 85], and have
played key roles in some recent breakthrough applications in
the tech industry, such as Google Gemini [92], Microsoft Copi-
lot [88], and OpenAI ChatGPT with Retrieval Plugins [60].
Retrieval-Augmented Generation (RAG) is the term that is
used to refer to systems that adopt this approach in the context
of LLMs.

A RAG application includes two key components: a retrieval
model and an LLM for text generation, called the generative
model. When a query is received, the retrieval model searches
for relevant items (e.g., documents) and the top retrieved items,
together with the input, are sent to the generative model. Current
state-of-the-art retrieval approaches use bi-encoder neural net-
works (called dense retrieval) [34] for learning optimal embed-
ding for queries and documents. Each item is then encoded into
ahigh-dimension vector (called embedding vectors) and stored
in a vector database. Such approaches use K-nearest neighbor
algorithms for retrieving the top “K" items from the vector
database. Figure 1 provides an overview of a RAG application.
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The accuracy of generated output in RAG hinges on the
quality of the retrieved item list. Conducting an Exact Nearest
Neighbors Search (ENNS) to retrieve the precise top K relevant
items involves scanning all the embedding vectors in the vector
database, which is costly in today’s memory bandwidth-limited
systems. For example, in aRAG application with a 50GB (using
a 16-bit floating point representation) vector database running
on an Intel Xeon 4416+ with §xDDR5-4000 memory channels,
and a generative model running on an NVIDIA H100 GPU,
ENNS takes up to 97% of the end-to-end inference time (§3).

One strategy to mitigate the retrieval cost is to employ Ap-
proximate Nearest Neighbor Search (ANNS), and opt for a
faster, but lower-quality search configuration. While lower-
quality retrieval can improve search time, our extensive experi-
ments on Question Answering applications demonstrate that a
lower-quality search scheme should provide significantly more
items to the language model in order to match the end-to-end
RAG accuracy of ENNS or a higher-quality, but slower ANNS
configuration. This virtually negates any benefits gained during
the retrieval phase and even increases the end-to-end inference
time.

In this paper, we extensively profile the execution pipeline
of RAG, demystifying the complex interplay between various
hardware and software configurations in RAG applications [1].
Motivated by the need for high-performance, low-cost, high-
quality search and the limitations of current commodity sys-
tems, we contribute the Intelligent Knowledge Store (IKS),
a cost-optimized, purpose-built CXL memory expander that
functions as a high-performance, high-capacity vector database
accelerator. IKS offloads memory-intensive dot-product opera-
tions in ENNS to a distributed array of low-profile accelerators
placed near LPDDR5X DRAM packages.

IKS implements a novel interface atop the CXL.cache proto-
coltoseamlessly offload exact vector database search operations
to near-memory accelerators. IKS is exposed as a memory
expander that disaggregates its internal DRAM capacity and
shares it with vector database applications and other co-running
applications through CXL.mem and CXL.cache protocols. In-
stead of building a full-fledged vector database accelerator, IKS
co-designs the hardware and software to implement a minimal-
ist scale-out near-memory accelerator architecture. This design
relies on software to map data into the internal IKS DRAM
and scratchpads while performing the final top-K aggregation.

In summary, we make the following contributions:

o We demystify RAG by profiling its execution pipeline.
We explore various hardware, system, and application-
level configurations to assess the performance and ac-
curacy of RAG.

o We demonstrate that RAG requires high-quality re-
trieval to perform effectively; nonetheless, current RAG
applications are bottlenecked by a high-quality retrieval
phase.

e We introduce Intelligent Knowledge Store (IKS), which
is a specialized CXL-based memory expander equipped
with low-profile accelerators for vector database search.
IKS leverages CXL.cache to implement a seamless and
efficient interface between the CPU and near-memory
accelerators.

e We implemented an end-to-end accelerated RAG appli-
cation using IKS. IKS accelerates ENNS for a 512GB
knowledge store by 18-52X, leading to a 2.0-49x% end-
to-end inference speedup for representative RAG appli-
cations.

2 Background

2.1 Information Retrieval in RAG

Recent advancements in RAG indicate superior outcomes
when employing dense retrieval over other methods, for uni-
modal [29, 30, 45] and multi-modal [23, 77, 78] scenarios.
Consequently, our emphasis in this study centers on dense
retrieval models, exploring their efficiency-related aspects.

In the context of dense retrieval, a query encoder, denoted as
E4,andadocumentencoder, denoted as E4, are trained to encode
queries and documents, respectively, and map them into a high-
dimensional vector space. The similarity score between a docu-
ment! d and a query q is calculated as sy =E4(q) -Eq(d), where
Eq(g)e R", E4(d) eR" and h is the hidden dimension of query
and document encoders. Then documents are sorted based on
their similarity scores and top documents are retrieved [34].Ina
real RAG implementation, in an offline phase, all the documents
are encoded into embedding vectors. The embedding vectors
are stored in a vector database for dense retrieval. In the paper,
we refer to the encoded documents as embedding vectors and
the vectors generated by the retriever model as query vectors.

For dense retrieval, two distinct search algorithms are preva-
lent: Exact Nearest Neighbor Search (ENNS) and Approximate
Nearest Neighbor Search (ANNS). ENNS computes the pair-
wise distance matrix between embedding and query vectors,
prioritizing accuracy in similarity measurement. In ANNS,
however, strategies such as Product Quantization (PQ) [32],
Inverted File with Product Quantization (IVFPQ) [10], and Hi-
erarchical Navigable Small World (HNSW) [55], are employed
to trade off search accuracy for higher search efficiency.

2.2 Applications of RAG

RAG has proven beneficial for various tasks in natural lan-
guage processing [40, 48, 108], including dialogue response
generation [6, 11, 13, 85, 93, 94, 98—100], machine transla-
tion [22, 25, 103, 109], grounded question answering [29,
30, 45, 68, 69, 73, 74, 76, 87, 107], abstractive summariza-
tion [62, 67], code generation [24, 53], paraphrase genera-
tion [36, 91], and personalization [41, 75, 79, 80]. Additionally,

IThe term “document” refers to any retrievable item from the knowledge

source.



RAG’s application extends to multi-modal data tasks like cap-
tion generation from images, image generation, and visual
question answering [14, 15, 19, 23,72, 77, 82].

It is noteworthy that commercial LLM systems employing
RAG are typically proprietary, and as such, their implementa-
tions are not openly accessible. Nevertheless, insights into the
implementation of these systems can be gleaned from open-
source releases by research labs within commercial entities.
We adhere to a methodology akin to the approach outlined
by Izacard and Grave [29] and Lewis et al. [45], both of which
are contributions from Meta Al. Our implementations closely
align with the depicted pipeline in Figure 1. Specifically, we
employ a dense document retrieval model as the retriever and
leverage a language model for answer generation, consistent
with the aforementioned work. Additionally, for efficient vector
search capabilities, we utilize the Faiss [31] library, similar to
the aforementioned works.

3 Demystifying RAG

In this section, we profile the end-to-end execution of three rep-
resentative long-form question-answering RAG applications
and quantify both the execution time breakdown and the gen-
eration accuracy of RAG with different hardware and software
configurations: FiDT5, where we use the T5-based Fusion-in-
Decoder [29, 70] as the generative model, as well as L3-8B,
and L3-70B, where we use 4-bit-GGUF-Quantized Llama-3-
8B-Instruct and Llama-3-70B-Instruct [56] as the generative
models, respectively. The knowledge source for all workloads
is Wikipedia, and a trained BERT base (uncased) model is used
to generate embedding vectors for documents. We test with
50GB and 512GB (assuming 16-bit number format) vector
database sizes (corpus size) that store the embedding vectors.
The documents themselves are stored in the CPU memory.

In FiDT5, the documents are presented via the Fusion-
in-Decoder approach, where documents are encoded by the
encoder stage of a T5 model, and these encoded representations
are combined for the decoder stage. In L3-8B and L3-70B,
retrieved documents are presented as plaintext in the prompt.
For more information about the methodology, see Section 6.1.

In the following sections, we discuss both the accuracy of
an end-to-end RAG system and the retrieval model on its own.
Retrieval accuracy is discussed in terms of recall, where ENNS
is considered to be perfect, and the recall score of an ANNS
algorithm is the proportion of relevant documents retrieved
by both ENNS and ANNS algorithm compared to the total
number of relevant documents retrieved by ENNS. Generation
accuracy refers to how well an end-to-end RAG system answers
questions. For details on the evaluation of generation accuracy,
see Section 6.2.

3.1 Tuning RAG Software Parameters

Both the retrieval phase and generation phase of the RAG mod-
els that we use offer support for batching of queries in order to

improve data reuse and to amortize data movement overheads
over several queries. However, batching is not always an option
in practice, particularly in the case of latency-critical appli-
cations. We consider batch sizes of 1 for latency-critical uses
across all applications, and 16 for throughput-optimized appli-
cations. Batch size does not impact generation accuracy and
only affects execution time. An important parameter in RAG is
“K” orthe number of documentsretrieved and fed to the language
model for text generation. Increasing the document count signif-
icantly impacts the generation time. The computation required
for transformer inference scales at least linearly with the input
size [95], and if we concatenate the retrieved documents, we face
significant computation and memory overhead [17, 112]. In par-
ticular, the memory required to store a key-value cache entry for
a single token can be computed as follows: Nyayers X K v-heads X
dhead X Nbytes X 2, Where npyes refers to the size of the number
format [50]. For L3-8B with a 16-bit number format, this is
32x8x128%x2x2=131KkB per token. While exact token counts
depend on the tokenization process, each document (for all
applications) is 100 words long; for L3-8B and L3-70B, this av-
eraged 127 tokens per document across our evaluation dataset.

3.2 [Examining Approximate Search for RAG

An important algorithmic consideration that can impact the
inference time and generation accuracy of RAG is the choice
of retrieval algorithm from the vector database, where we can
use exact nearest neighbor search (ENNS) or approximate
nearest neighbor search (ANNS). The particular algorithm
used for retrieval is implemented by a data structure called an
index, which stores the embedding vectors computed offline,
as described in Section 2.1. For ENNS, an index is a wrapper
around an array of embedding vectors sequentially iterated
over during the search, but for ANNS, the index can be more
complex. For example, HNSW stores embedding vectors in a
graph-based data structure [55].

To evaluate ANNS, we use the state-of-the-art HNSW [55]
ANNS algorithm, and fine-tune the M and efConstruction
parameters to maximize retrieval accuracy without severely
increasing runtime, yielding an index with M of 64 and efCon-
struction of 128. From this, we evaluate two configurations,
ANNS-1 and ANNS-2, which use different efSearch param-
eters: 1024 and 10000. In the context of an end-to-end RAG
system, the trade-off of generation accuracy and runtime was
evaluated for this index for various choices of efSearch. A lower
efSearch provides higher search throughput, but lower gener-
ation accuracy, and a higher efSearch provides lower search
throughput, but higher generation accuracy. Other HNSW and
IVFPQ indexes were tested but provided lower generation
accuracy, or similar runtime to ENNS (or even worse, in some
cases), negating the benefits of approximation.

Generation Accuracy with ANNS vs. ENNS: Figure 2 com-
pares the generation accuracy and throughput of ANNS- and
ENNS-based RAGapplications for FiDT5,L3-8B,and L3-70B.
The figure illustrates that retrieval quality strongly influences
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Fig. 2. Generation accuracy vs. throughput (Queries/sec) of representative
RAG applications for various retrieval algorithms and document counts (K).
The label on the data points is the value of K. A throughput-optimized
configuration is used, with a batch size of 16 for all generative models.

the end-to-end generation accuracy. As shown in Figure 2, with
document count of one, compared to ENNS, the generation
accuracy of ANNS-1 and ANNS-2 drops by 22.6 and 34.0%
for FiDT5, 52.8 and 53.4% for L3-8B, and 51.0 and 51.5% for
L3-70B, respectively. With a document count of 16, a similar
trend in generation accuracy is observed, with ANNS-1 and
ANNS-2 leading to an accuracy reduction of 13.6 and 22%
for FiDT5, 38.4 and 42.2% for L3-8B, and 38.4 and 45.2%
for L3-70B, respectively. Interestingly, the impact of retrieval
quality on generation accuracy appears to be even larger when
using large models that have not been fine-tuned for this task.
Several prior works [9, 110] demonstrate thathyper-parameter
tuning can enhance the retrieval accuracy of ANNS, potentially
matching that of ENNS across various workloads. While we
optimized our HNSW indexes for accuracy and throughput,
these indexes could not match ENNS in end-to-end generation
accuracy while achieving significantly (more than 2x) faster
search. By using a small efSearch value, retrieval speed im-
proves significantly, allowing for the use of alarger value of K to
compensate for the reduced retrieval quality. However, trading
retrieval quality for retrieval speed in this way resulted in lower
generation accuracy and end-to-end throughput compared to a
larger efSearch, where a higher-quality, slower search scheme
permits greater accuracy at lower K values (thus reducing gen-
eration times). For example, ANNS-2 with 16 documents have
3% higher accuracy and 128% higher throughput compared to
ANNS-1 with 128 documents for FiDT5. Further improving re-
trieval quality via exact search gives ENNS-based RAG Pareto-
superiority above sufficiently high accuracy thresholds (~43%,
~27%, and ~ 14% for FiDT5, L3-8B, and L3-70B, respectively)
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Fig. 3. Latency breakdown of FiDT5, L3-8B, L3-70B for various values of K,
corpus sizes. All configurations use batch size 1. Retrieval is ENNS and runs
on CPU, generation runs on a single NVIDIA H100 (SXM) for all generative
models. The value in each bar shows the absolute retrieval time.

as demonstrated in Figure 2. In general, our findings high-
light the potential for reducing generation time by leveraging
high-quality retrieval methods when high accuracy is required.
Scaling of ANNS and ENNS: Previous works [9, 55] identified
the trade-off between retrieval quality and runtime, and chal-
lenges with high-quality ANNS have motivated accelerators
such as ANNA [44] and NDSearch [97]. While lower-quality
ANNS algorithms could possibly provide orders of magnitude
faster nearest neighbor search compared with ENNS, high-
quality ANNS algorithms are shown to provide only a modest
speedup [49, 96]. For example, ANNS-2, which is the best
performing ANNS configuration in Figure 2, offers only a
2.5% speedup compared with ENNS. In fact, all the Pareto
frontier configurations that provide high generation accuracy
in Figure 2 are ENNS. Therefore, in the rest of this section, we
focus on understanding how to optimize and accelerate RAG
applications with ENNS.

3.3 End-to-End RAG Performance with ENNS

In this subsection, we profile time-to-interactive (also known
as time to first token) [89] for the FiDT5, L3-8B, and L3-70B
RAG applications and report latency ratios for the retrieval and



Batch Size 1 16

Corpus Size 50 512 50 512
CPU 1 1 1 1
AMX 1.05 1.02 1.10 1.09
GPU 71 495 114 80.0

Table 1. Speedup of Intel AMX and GPU for ENNS, relative to a CPU baseline.
AMX speedup is flat for very small batch sizes, due to the memory-bound
nature of similarity search. For SOGB and 512GB corpus size, 1 and 7 H100
GPUs are used, respectively.

generation phases. For all experiments, retrieval uses ENNS
and runs on the CPU, while generation runs on a single NVIDIA
H100 GPU. We select CPU as the baseline for ENNS retrieval,
rather than GPU. This decision is made based on the high cost
of using GPU memory

As we discussed in Section 3.2, the generation accuracy of
RAG applications directly depends on the retrieval accuracy.
However, as shownin Figure 3a, utilizing ENNS forretrieval can
quickly become an end-to-end bottleneck in RAG applications,
even for large models. Although it is possible to compensate
for the retrieval accuracy by increasing K (in case of using
ANNS), as shown in Figure 3b, increasing K would increase
the generation time and is costly in terms of time to first token.

The two phases in a RAG pipeline have different character-
istics: ENNS is extremely memory bandwidth-bound, and gen-
eration is relatively compute-bound. Nevertheless, the current
state-of-the-art focus in building Al systems is only on accel-
erating the generation phase [5, 8, 21, 38, 52, 57, 66, 84, 101,
102, 105]. Next, we discuss the feasibility of accelerating high-
quality nearest neighbor search for future RAG applications.

3.4 High-Quality Nearest Neighbor Search Acceleration

Given the sensitivity of RAG generation accuracy, latency, and
throughput to the retrieval quality, it is imperative to focus
exclusively on accelerating the retrieval phase of future RAG
applications. In this subsection, we discuss the feasibility of
accelerating high-quality ANNS and ENNS.

Acceleration of High-Quality ANNS: High-quality ANNS
can be as slow as ENNS [49]. There are prior works aimed at
building hardware accelerators for high quality ANNS [44, 97]
because GPUs are not effective at accelerating key ANNS
algorithms such as IVFPQ and HNSW [31]. Unfortunately,
the complex algorithms and memory access patterns used
for ANNS algorithms also make ANNS accelerators highly
task-specific; for example, ANNA [44] and NDSearch [97] can
only accelerate PQ-based and graph-based ANNS algorithms,
respectively. However, our experimental results, which are in
line with prior findings [96], show that different corpora are
amenable to different ANNS algorithms.

Acceleration of ENNS: ENNS can be accelerated using con-
ventional SIMD processors such as GPUs and Intel AMX
because the algorithm is simple and data-parallel. Table 1 com-
pares the speedup of AMX and GPU against a CPU baseline.
Although GPUs can significantly speed up ENNS, as the corpus
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Fig. 4. Roofline model for ENNS using Batch Size 1 and 16 See Sec.6.1 for
experimental setup.

size increases, the cost of offloading ENNS to GPUs increases
significantly. For example, to fit the S0GB and 512GB corpus
sizes tested in Table 1, we need to use 1 and 7 H100 GPUs,
respectively. One of the key contributors to the cost of GPUs is
the high-bandwidth memory (HBM) used to implement GPU
main memory, which is more than 3X more expensive than
DDR or LPDDR-based memories [58]. Lastly, GPUs provision
huge amounts of compute relative to memory bandwidth?,
meaning that a large GPU die is poorly utilized by the primarily
memory-bound workload of ENNS [28].

3.5 Summary

The analysis presented in this section, using various software
and system configurations for RAG applications, led to the
following takeaways:

o Generation accuracy, time to interactive, and throughput
of RAG applications can be improved by using a slower
but higher-quality retrieval scheme.

e When high-quality retrieval is used, the retrieval phase
accounts for a significant portion of end-to-end runtime,
regardless of whether the search is performed via ENNS
or high-quality ANNS.

e Using GPUs to accelerate ENNS is expensive, and
GPUs are not able to accelerate high-quality ANNS
effectively or affordably.

e New accelerators for ANNS are highly complex and
task-specific due to the unique requirements of ANNS
algorithms, while ENNS relies on a very simple scheme,
making ENNS simpler to accelerate than ANNS.

4 A Case for Near-Memory ENNS Acceleration
ENNS is characterized by the following features:

o ENNS operations exhibit no data re-use for pair-wise
similarity score calculations between corpus vectors
and a query vector.

o ENNS operations consist of simple vector-vector dot-
products coupled with top-K logic.

2NVIDIA H100 80GB provisions 296 Flops/Byte and 592 Int8 Ops/Byte



o ENNS has a regular and predictable memory access
pattern.

o ENNS is highly parallelizable, allowing the corpus to
be distributed across different processors with a simple
aggregation of top-K similarities at the end.

These features make ENNS a prime candidate for near-
memory acceleration due to the following reasons: (1) Deep
cache hierarchies are not beneficial for ENNS and can even
cause slowdown due to the complex cache maintenance and
coherency operations managed by the hardware. This is evident
from the roofline model in Figure 4 as ENNS running on the
CPU cannot saturate the available DRAM bandwidth. (2) The
limited data reuse with huge data set size enables low overhead
software-managed cache coherency implementation between
host CPU and near-memory accelerators. (3) The regular mem-
ory access pattern of ENNS enables coarse-grain virtual to
physical address translation on near-memory accelerators. (4)
ENNS operations can be efficiently offloaded to a distributed ar-
ray of near-memory accelerators that each operate in parallel on
a shard of corpus data with a low-overhead top-K aggregation
phase at the end.

Leveraging these unique features, we design, implement,
and evaluate Intelligent Knowledge Store (IKS), a memory
expander with a scale-out near-memory acceleration architec-
ture, uniquely designed to accelerate vector database search
in future scalable RAG systems. IKS is designed with three re-
quirements in mind: (1) The memory capacity of IKS should be
cost-effective and scalable because the size of vector databases
for RAG applications is several tens or hundreds of gigabytes
and is likely to increase. (2) The near-memory accelerators
should be managed in userspace as the cost of context switches
and kernel overhead would reduce the benefits of offloads. (3)
The near-memory accelerators and host CPU should implement
a shared address space; otherwise, explicit data movements
between the CPU and near-memory accelerator address spaces
will negate the benefits of near-memory offloads; another issue
that GPU acceleration of ENNS suffers from. Moreover, a
partitioned address space requires rewriting the entire vector
database application, as ENNS is just one operation we want to
accelerate near the memory, while other data manipulation op-
erations, such as updates, should be managed by the host CPU.

Wedesigned IKS, atype-2 CXL memory expander/accelerator,
to meet all these requirements. Our rationale for choosing CXL
over DDR-based (or DIMM-based) [7, 39, 65, 111] near-
memory processing architecture is that DIMM-based near-
memory processing (1) requires sophisticated mechanisms to
share the address space between near-memory accelerators and
the host [64], (2) limits per-rank memory capacity and compro-
mises the memory capacity of the host CPU when used as an
accelerator, and (3) has limited compute and thermal capacity.
Instead, IKS relies on asynchronous CXL.mem and CXL.cache
protocols to safely share the address space and independently

scale the local and far memory capacity of the host CPU, imple-
ment alow-overhead interface for offloading from the userspace,
and eliminate the limitations on the compute or thermal capac-
ity of the PCle-attached IKS card. In Section 5, we explain the
architecture of IKS and its interface to the host CPU, and how
we used it to accelerate an end-to-end RAG application.

S Intelligent Knowledge Store
5.1 Overview

Figure 5a provides an overview of the Intelligent Knowledge
Store (IKS) architecture. IKS incorporates a scale-out near-
memory processing architecture with low-profile accelerators
positioned near the memory controllers of LPDDR5X pack-
ages. While IKS can function as a regular memory expander, it
is specifically designed to accelerate ENNS over the embedding
vectors stored in its LPDDRS5X packages.

As shown in Figure 5a, IKS utilizes eight LPDDR5X pack-
ages, each directly connected to a Near-Memory Accelerator
(NMA) that implements both an LPDDR5X memory con-
troller and accelerator logic. Each package contains 512Gb
LPDDRS5X DRAM with eight 16-bit channels, similar to CXL-
PNM [61] and MTIA [20]. One of the key differences between
IKS and CXL-PNM and MTIA is the scale-out near-memory
acceleration architecture. IKS distributes the NMA logic over
multiple chips, each providing high-bandwidth and low-energy
access to its local LPDDR5X package.

Why Scale-Out NMA Architecture? The rationale for such
a scale-out NMA architecture is to keep the area of the NMA
chip in check. Because memory PHY s are only implemented at
the shoreline of a chip [4, 20, 54], to implement 64 LPDDR5X
memory channels, we need a chip with an approximate perime-
ter of 160 mm. This is because each LPDDRS5X channel PHY
approximately occupies a shoreline of 2.5 mm, based on the die
shots of Apple M2 [63] in Snm technology. A square-shaped
chip with a 160 mm perimeter has an area of 1600 mm?, which
is larger than the state-of-the-art lithography reticle limit [3]!
Although we can technically manufacture such a large accel-
erator using chiplets, the area of this huge multi-chip module
would be wasted, as it is much larger than what is needed to
implement the NMA logic, memory controllers, and PCle/CXL
controllers. For context, the area of an H100 GPU is 814 mm?.

Splitting the NMAs into smaller chips increases the aggre-
gate chip shoreline and improves yield. Using one NMA per
LPDDRS5X package requires only eight LPDDR5X memory
channels per NMA, necessitating a minimum chip perimeter
of 20 mm. IKS implements x4 PCle 5.0 to provide a 16 GBps
uplink connecting each NMA to the CXL controller. With this
design, the uplinks to the CXL controller are oversubscribed.
Nevertheless, this oversubscription is neither a bottleneck for
IKS operating in acceleration mode nor for IKS operating in
memory expander mode. In acceleration mode, the bandwidth
of local LPDDRS5X channels is utilized for dot product calcu-
lations, and in memory expander mode, the data is interleaved
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over multiple LPDDRS5X packages and read in parallel over
the multiple x4 PCle uplinks.

IKSis a type 2 CXL device. IKS’s internal memory is exposed
as host-managed device memory where both the CPU and IKS
can cache any addresses within this unified address space (Fig-
ure 5b). IKS leverages the low-latency accesses of CXL.mem
and CXL.cache protocols to implement a novel interface be-
tween the near-memory accelerators and the CPU that: (1)
eliminates the need for DMA setup and buffer management,
and (2) eliminates the overhead of interrupt and polling for
implementing notifications between the CPU and near-memory
accelerators (§5.3).

IKS supports spatial and coarse-grain temporal multi-
tenancy. In spatial multi-tenancy, the IKS driver partitions
embedding vectors that belong to different vector databases
acrossdifferent packages, allowing each NMA to execute ENNS
independently per vector database. For temporal multi-tenancy,
the IKS driver time-multiplexes similarity search in NMAs
among different vector databases that store their embedding
vectors in the same LPDDRXS package. Time multiplexing
takes place at the boundary of a complete similarity search.
Why LPDDR? For IKS, a customized type-2 CXL device that
should support cost-effective high capacity, neither HBM (ex-
pensive) nor DDR (general-purpose) are good options. LPDDR
DRAM packages are integrated as part of system-on-chip de-
signs, resulting in shorter interconnections, faster clocking, and
less power wastage during data transmission. The mostrecentre-
lease of LPDDR, LPDDRS5X, offers a bandwidth of 8533 Mbps
per pin, exceeding that of DDRS, which provides a bandwidth
of 7200 MTps. However, one challenge with using LPDDR
in a datacenter setting is reliability, as LPDDR was originally

designed for mobile systems. Although we could provision an
in-line ECC processing block for error detection and correction,
ENNS similarity searchisresilienttobit flips, and rare bit flips in
ENNS have negligible impact on the end-to-end RAG accuracy.

5.2 Offload Model

The IKS address space is shared with the host CPU. The host
CPU stores embedding vectors with a specific data layout (that
we discuss in Section 5.5) in contiguous physical addresses in
IKS, while the actual documents are stored in the host memory
(either in DDR memory or CXL memory). The CPU runs
the vector database application, which offloads the similarity
calculations (i.e., dot-products between the query vectors and
embedding vectors) using iks_search(query), a blocking
API that does not require a system call or context switch. After
each update operation, the vector database application will
flush CPU caches to ensure that when iks_search(query)
is called, IKS does not contain any stale values.

iks_search(query) hides the complexity of interacting
with IKS hardware from the programmer by writing an offload
context to IKS and initiates an offload by writing into a doorbell
register. The offload context and doorbells are communicated
through memory-mapped regions called context buffers to
the IKS as shown in Figure 5b. An offload context includes
query vectors, vector dimensions, and the base address of
the first embedding vector stored in each LPDDR5X pack-
age. The host process then uses umwait () to block on the
doorbell register (shared between IKS and the host and kept
coherent via the CXL.cache protocol) to implement efficient
notification between the paused CPU process and near-memory
accelerators [106].
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AsIKSusesascale-outnear-memory processing architecture
(§5.1), the embedding vectors are distributed across different
near-memory accelerators’ local DRAM. Therefore, after all
the near-memory accelerators complete the offload, the CPU
process waiting onumwait () will be notified and execute an ag-
gregation routine to construct a single top-K list. This top-K list
isthen used toretrieve the actual top-K documents from the host
memory. The CPU will locate documents based on the physical
addresses of the top-K embedding vectors, as the addresses of
the embedding vectors stored in IKS are known a priori.

5.3 Cache Coherent Interface

IKS leverages the cache-coherent interconnect in CXL.cache
to implement an efficient interface between near-memory ac-
celerators and host processes through shared memory. Figure 6
illustrates the transactions through the CXL.cache interface
between the host and IKS to initiate and conclude an offload.
The host process writes the offload context to the predefined
context buffer address range shared between NMAs and the
host CPU (step 1). Note that the context buffer is cacheable, and
the CPU uses temporal writes to populate the buffers. Next, the
host process writes into a doorbell register, which is mapped to
a cache line shared by NMAs. NMAs poll on the doorbell reg-
ister, and as soon as there is a change, the offload starts (step 4).
Once the host updates the doorbell register, it calls umwait ()
to monitor the register for changes from the IKS side.

Before computation in the NMA can start, the NMA reads
the offload context from the IKS cache (step 5) and the context
written by the host is moved to NMA’s scratchpad. Once the
NMA computation is complete, the NMA updates the context
buffers with the partial list of similarity scores and physical
addresses of the corresponding embedding vectors. Lastly, the
NMA writes into the doorbell register, and the host gets notified
of the completion of the offload through the umwait () and
monitor () mechanisms (step 11).

Our experimental results on a two-socket Sapphire Rapids
CPU show that communicating the offload context through
cache-coherent shared memory provides 1.6 higher through-
put compared with using non-temporal writes that mimic the
PCle MMIO datapath (i.e., CXL.io0). Using a cache-coherent
interconnect to implement the notification mechanism through

the producer/consumer-style doorbell register eliminates the
need for expensive interrupt or polling mechanisms.

5.4 NMA Architecture

As shown in Figure 5c, each NMA implements 64 processing
engines to accommodate similarity score calculations for up to
64 query vectors in parallel. Each processing engine includes
a query scratchpad, dot-product unit, Top-K unit, and Top-K
scratchpad. There is a central control unit in each NMA that
generates memory accesses, controls data movement within the
NMA, and activates processing engines based on the number of
query vectors provided by the host CPU. The network-on-chip
implements a fixed broadcast network from DRAM to all the
processing engines to reuse data when multiple processing en-
gines are active and evaluate similarity scores against different
query vectors.

As shown in Figure 5d, the dot-product unit includes 68
MAC units, each operating at a 1 GHz frequency and providing
68 GFLOPS (16-bit floating point multiply-accumulate opera-
tions) compute throughput; therefore saturating the 136 GBps
memory bandwidth of the LPDDR5X channels. Each MAC
unit evaluates the similarity score between the query (stored in
the query scratchpad) and an embedding vector that is read from
DRAM in VD (Vector Dimension) cycles. All the processing
engines operate on the same data that is read from the DRAM,;
in other words, each processing engine evaluates the similarity
score between different query vectors and the same set of em-
bedding vectors. Therefore, for a batch size of one, only one pro-
cessing engine is utilized, and for a batch size of 64, all the pro-
cessing engines are utilized. This way, we reuse the embedding
vectors that are read from DRAM across different batch sizes.

As illustrated in Figure 5d, within an active dot-product unit,
68 MAC operations are performed in each clock cycle. The
first input of the MAC units is element j of the query vector
in processing engine PE (QV[PE][j]), and the second input is
element j of the embedding vectors i to i+67 read from DRAM.
As mentioned earlier, it takes VD (Vector Dimension) cycles for
a dot-product unit to evaluate the similarity score for a block of
68 embedding vectors. Once the similarity score is evaluated,
it is loaded into a score register (shown in Figure 5d) in the
next clock cycle, and the MAC unit gets busy evaluating a new
similarity score for the next 68 embedding vector block. The
score registers (68 per processing engine) are then streamed
out to the Top-K unit in the next 68 clock cycles.

The Top-K unit maintains an ordered list of the scores by
comparing the incoming similarity scores with the head of the
ordered list. Figure 5e illustrates the Top-K unit. If the value
of the incoming score is larger, it is ignored; otherwise, it is
inserted into the ordered list. Because the vector dimensions
are much larger than 68, the serialized insertion into the ordered
list is overlapped with the similarity score evaluations and is
not on the critical path of the NMA offload.

After all the embedding vectors stored in the DRAM are
evaluated, the control unit signals the end of the offload by
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loading the ordered Top-K list into the Top-K scratchpad and
writing to the doorbell register. The host CPU is then notified
and can read the content of the Top-K scratchpad through the
CXL.cache protocol. Note that both the query scratchpad and
the Top-K scratchpad are mapped to the host memory address
space. In the current incarnation of the NMA, the size of the
query scratchpad (per processing engine) is 2KB, and we keep
an ordered list of 32 scores (i.e., we set K to 32 in the hardware).

5.5 Data Layout Inside DRAM and Query Scratchpad

Figure 7 illustrates the arrangement of embedding vectors
within the DRAM, as well as the organization of query vectors
in each query scratchpad of the processing engines for a batch
size of 64 (i.e., when all the processing engines are active). The
host CPU is required to store the embedding vectors in blocks
of 68 vectors, laid out in the DRAM as shown in Figure 7a.
Because each embedding vector element is 2 bytes (16-bit
floating point), each block is stored in 136 XV D bytes within
DRAM, where VD is the vector dimension. Within a block,
the embedding vectors are stored in column-major order. This
layout allows for efficient batching of corpus vectors, as each
may be read and processed dimension-by-dimension. Conse-
quently, each NMA will access up to 136 bytes per cycle from
the memory controller read queue, comprising one element
from 68 distinct embedding vectors.

As discussed in Section 5.3, the host CPU will fill the query
scratchpads with query vectors before an offload starts. The
query vectors are stored in sequential addresses within the
query scratchpads, as illustrated in Figure 7b.

This proposed data layout inside DRAM and query scratch-
pads simplifies the address generation as well as the network-
on-chip architecture of the NMAs. We modified the memory
allocation scheme in the vector database application to imple-
ment the block data mapping of embedding vectors inside IKS
DRAM as shown in Figure 7a.

Platform Parameter Description
CPU model Intel Xeon 4416+ 16 cores @ 2.00 GHz

L1 Cache 48 kB dcache, 32kB icache

L2 Cache 2MB
CPU L3 Cache 375 MB shared

AVX 2x AVX-512 FMA units (164 GFlop/s/core)
oS Ubuntu 22.04.3
Kernel Linux 5.15.0-88-generic

Memory 512 GB DDR5-4000 across 8 channels (256 GB/s)
AMX - Intel AMX (BFloat16, 500 GFlop/s/core)
IKS - 1.1 TB/s, 69.9 TFlop/s
GPU GPU Model NVIDIA H100 SXM: 3.35 TB/s, 1979 TFlop/s

Table 2. Processing Element Options. Memory configuration for Intel AMX
is the same as for CPU.

6 Experimental Results
6.1 Methodology

To evaluate the performance of the IKS, we developed a sim-
ulator3 and fed ENNS traces into it to obtain the retrieval time
of IKS. The simulator is a cycle-approximate performance
model that utilizes timing parameters from the RTL synthesis,
LPDDRS5X access timing, PCle/CXL timing [47, 83], along
with calculations of real software stack overhead (top-K ag-
gregation and umwait () overhead). It emulates an IKS as
a CXL device running on a remote CPU socket. We imple-
mented the end-to-end RAG application described in Section 3
(i.e., FiDT5, L3-8B, and L3-70B), including the APIs for dis-
tributing queries to the NMA query scratchpad and reducing
partial top-32 lists on the CPU. We ran the experiments on two
servers equipped with Intel Xeon 4th generation CPUs and one
NVIDIA H100 GPU NVIDIA GPUs. The system configuration
is shown in Table 2.

We implemented the RTL design of the Near-Memory Accel-
erator (NMA) used in IKS and synthesized it using Synopsys
Design Compiler targeting TSMC’s 16nm technology node.
This process involved collecting key metrics such as area, power,
and timing to ensure the design meets the optimal criteria for op-
eration at 1 GHz. For other components, we estimated the area
of the memory controllers and PHY s based on die shots from the
Apple M2 chip, which utilizes LPDDRS in a Snm process [2].
Since the area scaling of mixed-signal components is negligi-
ble[27,90], we assumed the same area for the LPDDR5SX PHY's
and memory controllers when scaling to 16nm technology.

We developed a power model by evaluating the energy
consumption of processing operations at the RTL level and
incorporating the energy required for data access to scratchpads
and LPDDR memory. For example, accessing data in SRAM
consumes 39 {J per bit, while LPDDR memory access requires
4 pJ per bit [16]. Since these energy values depend on the
underlying technology node, we scaled them to correspond to
a 16nm technology node for consistency [81].

3https://github.com/architecture-research-group/iks_simulator
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Fig. 8. Inference time breakdown of CPU vs. IKS retrieval for FiDT5, L3-8B, and L3-70B. Generative model runs on GPU.

6.2 Software configuration

Google’s Natural Questions (NQ) dataset [42, 43] is used for
the evaluation of models. Meta’s KILT benchmark [18] divides
these into training (ng-train) and validation (ng-dev) datasets.
For the retrieval phase, we use a BERT base (uncased) model
trained to perform similarity searches between questions and
their supporting documents in ng-train. The document corpus
is constructed as described in [34], and an index is created using
Faiss [31] to perform the similarity search#. Across ENNS and
ANNS, Faiss is used for index management. The only change
made in our evaluation is the use of Intel’s OneMKL BLAS
backend for ENNS for all batch sizes, as this provided better
performance than the default Faiss search scheme, which uses
only BLAS for batch sizes 20 and above.
FiDT5 Application: For testing the accuracy of FiDT5, as
described in [29], the generator is initialized as a pretrained T5-
base model (220 million parameters), then fine-tuned to predict
answers from question-evidence pairs in the ng-train dataset.
To evaluate FiDT5 on the ng-dev dataset, we use the exact
match metric [71], which normalizes answers and compares
them against a list of acceptable answers. For FiDT5, genera-
tion accuracy scores refer to the percentage of nq-dev questions
for which the RAG application generates a correct answer
based on this exact match criterion.
L3-8B and L3-70B Applications: To evaluate L3-8B and
L3-70B on the ng-dev dataset, we guide the model via prompt-
ing and evaluate generation accuracy using a Rouge-L “recall”
metric [51], which scores answer predictions based on the
proportion of the correct answer that is continuously present
in the predicted answer. The model is instructed to give a
short answer and to answer only if it is “completely sure.”
The prompting approach is used over fine-tuning to reflect an
implementation that preserves the generality of the models.
However, the downside of this approach is that evaluation is
limited by prompt adherence, which is why the “recall” metric
is used over precision or F1-Score.

“We adapt the Faiss implementation of ENNS by using Intel MKL as the BLAS
backend and increasing the corpus block size from 1024 to 16384.
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Fig. 9. Comparison of ENNS retrieval time for CPU, AMX, GPU (1, 2, 4, and
8 devices), and IKS (1, and 4 devices) for various corpus sizes. The absence of
bars in specific GPU and IKS configurations indicates that the corpus exceeds
the capacity of the accelerator memory. The Y-axis is in log-scale.

6.3 Effectiveness and Scalability of IKS Retrieval

Figure 9 compares the performance of IKS with CPU, AMX
(idealized, based on speedup for matrix multiplication), and
GPU ENNS retrieval. IKS provisions compute and memory
bandwidth to balance the pipeline at the maximum batch size of
64; as such, performance is almost flat for batch sizes less than
64. As shown, the purposefully built NMA logic for ENNS
enables 1 IKS unit to outperform 1 GPU for a S0GB corpus
for batch sizes 1 and 16 by 2.6x and 4.6, respectively. This
counterintuitive speedup of IKS over GPUs, which theoretically
have both higher FLOPS and memory bandwidth than IKS,
is due to two reasons: (1) top-K tracking and aggregation on
GPUs is not efficient, while IKS includes specialized Top-
K units; and (2) low utilization of the GPU chip translates to
limited memory bandwidth usage, as saturating the entire HBM
memory bandwidth requires many streaming multiprocessors
and tensor cores to issue memory accesses to DRAM in parallel.

To demonstrate the scalability of IKS, we include the re-
trieval time of multi-GPU and multi-IKS setups. Because each
H100 GPU can fit 80GB of embedding vectors, 8 GPUs can
accommodate maximum corpus size of 640GB. However, with
only four IKS devices, we can fit up to a 2TB corpus size. As
shown in Figure 9, with additional GPUs and IKS units, the



Corpus Size 50 GB 512GB
Batch Size 1 64 1 64
Write Query Vector 0.3 us lus 0.3 us 1 us
Dot-Product 4596ms 4596ms  470.6ms  470.6 ms
Partial Top-32 Read 0.7 us 224 us 0.7 us 224 us
Top-K Aggregation 19 us 540 us 23 us 390 us
Total 46.0 ms 46.5ms  470.6ms  471.0ms

Table 3. Breakdown of ENNS latency on IKS.

retrieval time for the same corpus size decreases, demonstrating
the high data-level parallelism of ENNS and the strong scaling
of both GPU and IKS. For example, GPU retrieval time for a
50GB corpus size reduces by 1.9%, 3.6%, and 6.9x with 2, 4,
and 8 GPU devices, respectively, and IKS retrieval time for a
50GB corpus size reduces by 1x and 3.9x with 1 and 4 IKS
units, respectively. Due to the low-overhead IKS-CPU inter-
face, the dominance of similarity search latency in end-to-end
ENNS retrieval, and the highly parallelizable nature of ENNS,
IKS also provides near-perfect weak scaling. For instance, the
retrieval time for a 2TB corpus on 4 IKS units is only 100pus
longer than for a 512GB corpus on 1 IKS unit. However, we
do not evaluate configurations with more than four IKS units,
and the overhead of host-side final top-K aggregation scales
as additional units are added. Additionally, we do not evaluate
deployments of IKS spanning multiple nodes.

Table 3 reports the absolute time breakdown of ENNS re-
trieval on IKS. We break down the retrieval time of IKS into
four components: transfer time of query vectors over the CXL
interconnect to the NMAs, time for performing dot-products
(both computation and DRAM accesses), updating the top-k
score lists in parallel on all NMAs, and time for reducing the
partial top-32 lists into a single one on the CPU. The retrieval
time of IKS does not change with the value of K (with a max-
imum K value of 32). This is because IKS always returns 32
top similarity scores, and it is up to the retriever model to pass
between 1 to 32 of them to the generative model. As shown
in the table, the majority of time is spent on computations and
DRAM accesses, and the overhead of initiating offload over the
cache-coherent interconnect and aggregating top-K documents
on the CPU is negligible.

6.4 End-to-End Performance

Figure 8 compares the end-to-end inference time of FiDT5,
L3-8B, and L3-70B when CPU and IKS are used for ENNS
retrieval for various batch sizes, document counts, and corpus
sizes. As shown, for large corpus sizes or large batch sizes, the
inference time of the RAG applications with CPU retrieval
exceeds several seconds, which is not acceptable for user-facing
question-answering applications. IKS significantly reduces
the ENNS retrieval time for the applications. The end-to-end
inference time speedup provided by IKS ranges between 5.7 to
67x for FiDT5, between 1.8 and 15.5% for L3-8B, and between
1.1 and 9.7x for L3-70B for various batch sizes, corpus sizes,
and document counts.

<O-FiDT5 (ENNS)  -C-FiDT5 (ANNS-2) ~<>-FiD (IKS)

-O-13-8B (ENNS)  -CFL3-8B (ANNS-2) <-L13-8B (IKS)
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Fig. 10. Comparison of accuracy and throughput of FiDT5,L3-8B,and L3-70B
for various configurations. The data labels represent passage count. ANNS-2 is
an HNSW index with M, efConstruction, and efSearch of 64, 128, and 10000,
respectively.

To gain a comprehensive understanding of how the perfor-
mance and accuracy of RAG applications with IKS acceleration
compare across various configurations, Figure 10 depicts the
queries per second and accuracy of FiDT5,L3-8B,and L3-70B
implemented using four different configurations: RAG with
ENNS running on CPU, RAG with ANNS (two configurations)
running on CPU, and RAG with ENNS running on IKS. The
generative model runs on the GPU in all these configurations.
As illustrated in Figure 10, although ANNS-2 configurations
exhibit higher throughput compared to ENNS (running on the
CPU), their accuracy is lower. For RAG applications that use
IKS, retrieval is not a bottleneck, and throughput is significantly
improved, even compared to ANNS, as the same generation
accuracy can be achieved with smaller values of K (i.e., smaller
but more accurate context sent to the generative model).

6.5 Power and Area Analysis

The area of each NMA, which contains 64 processing engines,
each comprising a dot-product unit, a 2K SRAM query scratch-
pad, a top-K unit, and a top-K scratchpad, is approximately
3.4 mm? in the 16nm technology node. Additionally, 14 mm?
is required for the PHY's and memory controllers. However, the
area of the NMA chip is determined by the shoreline because
the 21 mm of shoreline required per NMA (20 mm for the
LPDDR5X PHYs and 1 mm for PCle PHYs §5.1) necessi-
tates that the NMA occupy at least 27.56 mm? in the 16nm
technology node. The NMA can be manufactured using older
technology nodes to reduce costs and prevent area wastage,
as the PHY area (which is mixed-signal) does not scale at the
same rate as SRAM and logic [27, 90].

For a batch size of 1 and vector dimensions of 1024, the pro-
cessing engines, along with the corresponding query scratchpad



accesses, consume approximately 59 mW, while accessing
embedding vectors from LPDDR memory requires 4.35 W. As
a result, the total power consumption of IKS for a batch size
of 11is 35.2 W. With larger batch sizes, data reuse ensures that
the power required for LPDDR access remains constant, but
the power consumption of the processing engines increases
linearly as more engines are activated to handle the additional
workload. For instance, at full utilization with a batch size of
64, the total power consumption increases to 65 W.

6.6 Cost and Power Comparison with GPU

IKS utilizes LPDDR5X memory to store embedding vectors.
While figures for the cost of LPDDRS5X are not yet available,
we assume that HBM is more than 3X more expensive than
LPDDR [58]. Since a single IKS unit includes 6.4x as much
onboard memory as a single NVIDIA H100 GPU, the memory
cost of IKS is expected to be approximately 2.5X greater than
that of a GPU.

For the comparison of compute unit cost, the GPU has a
die area of 826 mm?, while the IKS NMAs total a die area
of 220 mm?. Because the production cost of a chip increases
superlinearly with die area [59], an IKS unit (with 5% larger
memory capacity) is expected to cost a fraction of a GPU.

7 Discussion

IKS provides a cost-effective solution for accelerating ENNS,
where the quality of the search is not dataset-dependent. How-
ever, if the dataset is amenable to clustering, then the accuracy
gap between ENNS and ANNS would reduce, making ANNS
more attractive for retrieval. Moreover, IKS is best-suited to
RAG applications requiring very high recall, and for datasets
difficult to search with existing ANNS schemes with relatively
large batch sizes. For example, modern ANNS schemes cannot
eliminate more than 99% of the search space for the GloVe
dataset [96], so at least 64% of the corpus must be read by an
ANNS that doesn’t offer data re-use across queries; in which
case the overheads of common ANNS schemes reduces per-
formance to below that of ENNS. However, for datasets that
are easier to filter, there is an opportunity for improvement by
incorporating approximation techniques into IKS; however,
this introduces significant challenges as IKS owes much of its
performance to the sequential memory access pattern of ENNS.

One key inefficiency of IKS is that it performs an exhaustive
search over the entire corpus, which consumes energy and satu-
rates memory bandwidth. The high internal memory bandwidth
utilization of ENNS can cause slowdowns for external accesses
by other applications that use IKS as a memory expander, rather
than a vector database accelerator. Exploring early termination
of similarity search [12, 46] could be a natural solution for
reducing the memory bandwidth utilization of ENNS without
compromising search accuracy.

Another inefficiency in the current version of IKS is the low
NMA chip utilization for batch sizes less than 64. The rationale

for overprovisioning NMA compute is that we effectively have
free area on the NMA chip. Note that each NMA chip requires
eight LPDDRS5X memory channels, which demand 20mm of
chip shoreline. Therefore, the minimum NMA chip area is
25mm? (§Section 5.1). Thus, the area on NMA is effectively
free up to a cap of 25mm?. We chose to utilize this “free” area to
overprovision compute so that IKS remains memory-bandwidth
bound for all batch sizes below 64. There are opportunities
for circuit-level techniques, such as clock and power gating,
to power off extra processing engines when the batch size is
below 64. Moreover, dynamic voltage and frequency scaling
can be used to reduce the frequency and voltage of the NMA
chip for batch sizes less than 64, allowing multiple processing
engines to perform similarity searches for each query vector.

8 Related Work

Sim et al. [86] implement a computational CXL memory
solution for near-memory processing and showcased ENNS
acceleration inside the CXL memory. However, this work
implements CXL memory using DDR DRAM, which does
not meet the power and bandwidth requirements for ENNS
on large corpus sizes used in RAG. Additionally, our work
implements a novel interface between host and near-memory
accelerators through CXL.cache. Lee et al. [44] and Wang et al.
[97] present near-data accelerators for PQ- and Graph-based
ANNS, respectively. However, we accelerate ENNS because
different corpora are amenable to different ANNS algorithms,
and the complex algorithms and memory access patterns of
such ANNS schemes also make ANNS accelerators highly
task-specific. Ke et al. [37] propose near-memory acceleration
of DLRM on Samsung AxDIMM. AxDIMM is based on a
DIMM form factor that limits per-rank memory capacity and
compromises the memory capacity of the host CPU when used
as an accelerator (§4). In contrast, IKS does not strand the
internal DRAM space and does not have capacity or compute
throughput limitations.

Concurrent with our work, others have also observed that
low-quality retrieval can lead to both low-quality and slow
generation. Corrective RAG filters out irrelevant documents
from the retrieved list before sending them to the LLM [104],
while Sparse RAG enables LLMs to use only highly relevant
retrieved information [112]. In this work, we used ENNS to
eliminate the risk of low-quality retrieval and reduce the context
size.

9 Conclusion

In this work, we profiled representative RAG applications and
showed that the retrieval phase can be an accuracy, latency, and
throughput bottleneck, highlighting the importance of an exact,
yet high-performance and scalable retrieval scheme for future
RAG applications. We designed, implemented, and evaluated
the Intelligent Knowledge Store (IKS), a CXL-type-2 device for
near-memory acceleration of exact K nearest neighbor search.



The key novelty of IKS is the hardware/software co-design that
enables a scale-out near-memory processing architecture by
leveraging cache-coherent shared memory between the CPU
and near-memory accelerators. IKS offers 18-52x faster exact
nearest neighbor search over a 512 GB vector database com-
pared to executing the search on Intel Sapphire Rapids accelera-
tors, leading to 2.0-49x lower end-to-end RAG inference time.
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