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Abstract

A Retrieval-Augmented Language Model (RALM) augments
a large language model (LLM) by retrieving context-specific
knowledge from an external database via vector search. This
strategy facilitates impressive text generation quality even
with smaller models, thus reducing computational demands
by orders of magnitude. However, RALMs introduce unique
system design challenges due to (a) the diverse workload
characteristics between LLM inference and retrieval and (b)
the various system requirements and bottlenecks for differ-
ent RALM configurations including model sizes, database
sizes, and retrieval frequencies. We propose Chameleon, a het-
erogeneous accelerator system integrating both LLM and re-
trieval accelerators in a disaggregated architecture. The het-
erogeneity ensures efficient serving for both LLM inference
and retrieval, while the disaggregation allows independent
scaling of LLM and retrieval of accelerators to fulfill diverse
RALM requirements. Our Chameleon prototype implements
retrieval accelerators on FPGAs and assigns LLM inference
to GPUs, with a CPU server orchestrating these accelerators
over the network. Compared to CPU-based and CPU-GPU
vector search systems, Chameleon’s retrieval accelerators
achieve up to 23.72x speedup and 26.2X energy efficiency.
Evaluated on various RALMs, Chameleon exhibits up to
2.16X reduction in latency and 3.18X speedup in through-
put compared to the hybrid CPU-GPU architecture. These
promising results pave the way for adopting accelerator het-
erogeneity and disaggregation into future RALM systems.

1 Introduction

The recent advances in generative large language models
(LLMs) are attributable to the surging number of model pa-
rameters trained on massive datasets [12, 21, 86, 96]. The
intuition behind the scaling-up approach is to leverage more
model parameters to learn and encapsulate textual knowl-
edge, thus offering more precise and informed responses.
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Figure 1. A retrieval-augmented language model (RALM).

However, improving LLM quality by scaling up models
leads to three major problems. Firstly, the increased com-
putational demands result in higher inference costs [9, 12].
Secondly, updating knowledge in the LLM is inflexible: the
latest information, like recent news, is not incorporated with-
out additional training, and removing harmful or sensitive
data, such as personal information mistakenly included in
the training set [13, 100], can be difficult, often requiring
the model to be retrained from scratch [11, 14]. Finally, the
reliability of LLMs is still a matter of concern, as they may
produce non-factual content [69, 72] without adequately
learning or applying knowledge pertinent to the context.

Retrieval-Augmented Language Models (RALMs) effectively
addresses the aforementioned problems. In RALM, the LLM
focuses on learning linguistic structures, while context-specific
knowledge is incorporated during inference. Figure 1 overviews
the RALM architecture. The external knowledge database en-
codes textual knowledge into vectors using LLMs and stores
them in a vector database. During inference, the knowledge
retriever identifies relevant knowledge in the database via
vector search, which assesses relevance by computing the



similarity between the context vector and the database vec-
tors. Since knowledge is primarily retrieved rather than en-
coded in the LLM’s parameters, RALMs, even with LLMs
of one to two orders of magnitude fewer parameters, can
achieve superior or comparable performance to conven-
tional LLMs on various natural language processing (NLP)
tasks [34, 43, 57-59, 68, 69], thus significantly lowering the
compute costs during inference. Additionally, knowledge
editing can be achieved by simply updating the database,
without retraining the LLM. Moreover, RALMs can produce
tailored sequences by accessing private knowledge databases
without including the private data in the LLM’s training cor-
pus, a strategy recently employed by OpenAl [2, 3].

Despite its advantages, efficient RALM inference presents
two challenges. First, the workload characteristics of the
LLM and the retriever are distinct. While the LLM inference
primarily relies on rapid tensor operations, the retrieval sys-
tem — often utilizing fast search algorithms like Product
Quantization (PQ) [47] — demands both substantial mem-
ory capacity for the vector database and fast processing of
quantized database vectors during query time. Unfortunately,
neither GPUs nor CPUs are ideal for large-scale vector search.
GPUs can be cost-prohibitive for vector search at scale due
to the limited memory capacity per device. Moreover, the
GPU architecture is not tailored for vector search, thus the
effective throughput for scanning quantized database vec-
tors is significantly lower than the GPU memory bandwidth.
Although CPUs can be coupled with abundant DRAM, they
are too slow to evaluate distances between query vectors
and quantized database vectors, given the intensive cache ac-
cesses and instruction dependencies during a search. Second,
the diverse range of RALM configurations leads to shifting
system requirements and bottlenecks. Various model sizes,
database sizes, and retrieval frequencies can be used in a
RALM, each introducing unique requirements for LLM in-
ference performance, retrieval performance, and memory
capacity needed for the database.

We envision a high-performance and efficient RALM sys-
tem to adhere to two key design principles. According to
Amdahl’s law, performance gains achieved by accelerating
one of the RALM components, whether LLM inference or vec-
tor search, are limited by the proportion of execution time of
that component. Thus, the first design principle we propose
is to incorporate heterogeneous accelerators tailored for both
RALM components rather than only employing inference
accelerators such as GPUs. Secondly, the heterogeneous ac-
celerators should be disaggregated to support diverse RALM
demands efficiently, in contrast to a monolithic approach
where a fixed number of LLM and retrieval accelerators
reside on the same server. The rationale is twofold: (a) per-
formance bottlenecks vary between different RALMs, with
some demanding frequent retrieval from large databases,
while others are mainly limited by the LLM inference per-
formance, thus requiring a model-specific optimal balance

between the two types of accelerators; and (b) a huge vector
database may necessitate more retrieval accelerators than a
single server can accommodate.

To materialize this vision, we propose Chameleon, a hetero-
geneous and disaggregated accelerator system for efficient,
flexible, and high-performance RALM inference. Chameleon
consists of three primary components. Firstly, ChamVS is a
distributed and accelerated vector search engine. It consists
of several disaggregated memory nodes, each containing
a shard of quantized database vectors in DRAM, a near-
memory retrieval accelerator prototyped on FPGA, and a
hardware TCP/IP stack. Secondly, ChamLM is a multi-GPU
LLM inference engine. It produces query vectors and gen-
erates texts using the retrieved information. Lastly, a CPU
coordinator server orchestrates the network communication
between the retrieval and LLM accelerators.

We evaluate Chameleon with different LLM architectures,
LLM sizes, database sizes, and retrieval frequencies. For large-
scale vector search, ChamVS achieves up to 23.72x latency
reduction compared to the state-of-the-art CPU-based sys-
tems while consuming 5.8~26.2X less energy per query. For
RALM inference, Chameleon achieves up to 2.16Xx speedup
in latency and 3.18X% increase in throughput compared to the
hybrid CPU-GPU architecture. We further illustrate that the
optimal balance between the two types of accelerators varies
significantly across different RALMs, making disaggregation
essential for achieving both flexibility and high accelerator
utilization rates. The impressive performance and flexibil-
ity of Chameleon encourage future RALM systems to adopt
such a heterogeneous and disaggregated design.

Contributions:

e We present Chameleon, an efficient RALM inference
system that combines two proposed design principles:
accelerator heterogeneity and disaggregation.

e We design and implement ChamVS, a distributed en-
gine for large-scale vector search, which includes:

— Disaggregated memory nodes accelerated by near-
memory vector search processors.

— A novel hardware design for fast top-K selection
while consuming minimal hardware resources.

— A GPU-based index scanner to prune search space.

e We evaluate Chameleon on various RALMs and show-
case its remarkable performance and efficiency.

2 Background and Motivation

2.1 Retrieval-Augmented Language Models

A RALM combines a transformer-based LLM [23, 85, 87]
with an external knowledge database. During inference, in-
formation relevant to the current context is retrieved from
the database and utilized by the LLM to predict subsequent
tokens. We classify RALMs by the content they retrieve:



The first category of RALMs retrieves text chunks con-
taining multiple tokens related to the current context. Pop-
ular examples of this category employ the encoder-decoder
transformer architecture [10, 43, 69], as the decoder-only
models are less flexible in integrating text chunks [88]. The
encoder-decoder model comprises two primary components:
an encoder, responsible for processing retrieved texts, and a
decoder, which produces output tokens. During inference,
initial states, such as a user’s prompt, are vectorized to re-
trieve context-related knowledge, i.e., text chunks in the
database with similar vector representations [10, 44, 69]. The
retrieved text chunks are then concatenated and processed
by the encoder, and their latent knowledge representations
are conveyed to the decoder via the cross-attention mecha-
nism [98], leading to the generation of output tokens. When
generating long sequences, however, the generated content
may gradually diverge from the initially retrieved contents.
Thus, instead of initiating retrieval only once at the begin-
ning [43, 69, 91], an effective strategy is to perform multiple
retrievals during text generation to improve token genera-
tion quality [88], for instance, at a regular interval of every
64 generated tokens [10].

The second category of RALMS retrieves only the next
token of each similar context in the database. These RALMs
employ a decoder-only model [6, 58, 78]. At each step of token
generation (retrieval interval is one), the last layer’s hidden
state serves as the query to retrieve similar contexts and the
next token of each similar context [58, 78, 103]. The next
token of the current context is then predicted by interpolat-
ing the next-token probability distribution predicted by the
model with that of the retrieved content [57, 58].

From a performance standpoint, the two categories dif-
fer in two aspects. Firstly, regarding retrievals, the latter
category retrieves every step of token generation (higher
retrieval cost), while the former category may either employ
multiple-token intervals or retrieve just once at the begin-
ning per sequence. Secondly, in terms of computation, the
former category, which often adopts the encoder-decoder
architecture, introduces the cost of encoder inference per
retrieval step and cross-attentions between decoder and en-
coder every token generation step (higher computational
cost), while the latter category, with a decoder model, only
requires an extra interpolation of the next token’s probability
distribution, introducing minimal computational overhead.

2.2 Large-Scale Vector Search

A vector search takes a D-dimensional query vector x as in-
put and retrieves K similar vector(s) from a database Y, pop-
ulated with many D-dimensional vectors, based on metrics
like L2 distances. While the nearest neighbor search retrieves
the exact K closest vectors, linearly scanning through a large
vector set can be prohibitively expensive. Thus, real-world
vector search systems adopt approximate nearest neighbor
(ANN) search that trades accuracy for much higher system

Table 1. Definitions of important symbols in IVF-PQ.

Symbol Definition
x A query vector.
y A database vector.
m The sub-space number of product quantization.
nlist The number of clusters in the IVF index.
nprobe The number of IVF lists to scan per query.
K The number of nearest neighbors to return.
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Figure 2. Product quantization (PQ) for vector search.

performance. The quality of an ANN search is measured by
the recall at K (R@K), which denotes the overlap percentage
between the exact K nearest neighbors and the K returned
by the ANN. In the subsequent sections, we will use the
terms vector search and ANN search interchangeably.

IVF-PQ is currently the most popular vector search al-
gorithm in RALMs [10, 43, 58, 69] thanks to its great per-
formance in large-scale ANN search [32, 47, 52]. IVF-PQ
combines (a) an inverted-file (IVF) index to prune the search
space and (b) product quantization (PQ) to compress data-
base vectors and reduce the computational demands during
the search process. Table 1 shows key parameters in IVF-PQ.

Inverted-File (IVF) Index. An IVF index divides a vector
dataset Y into many (nlist) disjoint subsets, typically using
clustering algorithms like K-means. Each of these subsets is
termed an IVF list. At query time, the IVF index is scanned,
and only a select few (nprobe) IVF lists whose cluster cen-
troids are close to the query vector are scanned, such that
the search space is effectively pruned.

Product Quantization (PQ). PQ reduces memory usage
and computational requirements of vector search by com-
pressing each database vector into m-byte PQ codes. The
training and searching workflow of PQ is shown in Figure 2.

To quantize database vectors, all database vectors are par-
titioned evenly into m sub-vectors (@). Each sub-vector pos-
sesses a dimensionality of D* = %, typically ranging from 4



to 16 in practice. A clustering algorithm is performed in each
sub-space (2) and results in a list of centroids ¢, allowing
each database sub-vector to be approximated by its nearest
centroid. Typically, the number of clusters per sub-space is
set as M = 256, such that a cluster ID can be represented
with one byte. Thus, once the cluster centroids are stored,
each database vector can be represented by m-byte PQ codes.
During the search process, a query vector will be com-
pared against the quantized database vectors. The distance
computation can be formulated as ci(x, y) = d(x,c(y)) =
> d(xi, ci(y;)), where d (x,y) is the approximate distance
between a query vector x and a quantized database vector y,
and c(y) is the reconstructed database vector using the PQ
codes and the cluster centroid vectors per sub-space. To cal-
culate d(x, y), the query vector is divided into m sub-vectors
(x;) @ and compared against the reconstructed quantized
sub-database-vectors c¢;(y;). To speed up distance compu-
tations with many database vectors, it would be beneficial
to construct a distance lookup table (5) that can be reused
within a query, encompassing all combinations between a
sub-query-vector and a cluster centroid within the same sub-
space. With this table, the value of d(x;, ¢;(y;)) can be swiftly
retrieved by looking up the table with the PQ code as the
address (6), leading to improved computational efficiency.

2.3 Motivation: Efficient RALM Inference

An efficient RALM inference engine should meet the follow-
ing system requirements:

e Both the LLM inference and the large-scale vector
search components should be fast and resource-efficient.

o The system should be flexible enough to accommodate
diverse RALM configurations, spanning various com-
binations of (a) transformer architectures, (b) model
sizes, (c) database sizes, and (d) retrieval frequencies.

However, little effort has been devoted to developing ef-
ficient RALM systems that meet the above requirements.
This is likely because RALM has been an emerging topic
within the machine learning community. Specifically, the
current RALM systems employed in machine learning re-
search [10, 43, 44, 58, 69] exhibit the following shortcomings:

First, each research RALM system focuses on being able
to run one or a small number of RALM models, paying little
attention to performance, resource efficiency, and system
adaptability for diverse RALM configurations.

Second, while hardware accelerators for LLMs, such as
GPUs, are advancing rapidly, less attention has been paid to
the retrieval aspect, which, as our evaluations will demon-
strate, can become the performance bottleneck in RALM
inference because neither CPUs nor GPUs are the ideal pro-
cessors to search on such a vast volume of vector data.

On the one hand, CPUs are slow in scanning PQ codes
during query time (6). This inefficiency arises due to the fre-
quent cache accesses (for each byte of PQ code, load the code

and use it as an address to load a distance) and the instruc-
tion dependencies between operations (distance lookups de-
pend on PQ codes and distance accumulations depend on
the lookup values). Even utilizing the state-of-the-art SIMD-
optimized CPU implementation [1], the throughput peaks at
roughly 1 GB/s per core when scanning PQ codes (1.2 GB/s
on Intel(R) Xeon(R) Platinum 8259CL @ 2.50GHz). Within a
core-memory-balanced server, the PQ code scanning process
significantly underutilizes the available memory bandwidth,
as about 16 cores are required to saturate the bandwidth of
a single memory channel (around 20 GB/s).

On the other hand, GPUs present two primary limitations
for large-scale vector search. Firstly, the limited memory
capacity of individual GPUs makes large-scale searches on
GPU clusters cost-prohibitive. For instance, accommodating
only 1 TB of PQ codes would necessitate at least 16 NVIDIA
A100 GPUs, each with 80 GB of memory, given that a portion
of memory should be reserved for intermediate states during
the search. These GPUs cost 300K USD in total® excluding the
host servers. Although an alternative solution is to adopt a
hybrid CPU-GPU architecture where the GPU fetches vectors
from CPU’s memory, the inter-processor bandwidth is way
lower than the GPU memory bandwidth. Even for NVIDIA
Grace Hopper, with the latest high-performance CPU-GPU
interconnect, the single-direction bandwidth of 450 GB/s is
only 15% of the GPU’s bandwidth. Secondly, the throughput
for PQ code scanning on GPUs is considerably lower than
the GPU’s bandwidth, only around 50% of the bandwidth
even with large batch sizes (evaluated on NVIDIA V100),
due to the multiple passes of memory accesses to write and
read intermediate results at each search step [52]. Thirdly,
the many cores in GPUs are underutilized due to the low
computational intensity of scanning PQ codes, but they still
incur static power consumption.

3 Chameleon: System Overview

We present Chameleon, a heterogeneous and disaggregated

accelerator system for efficient, flexible, and high-performance
RALM inference. Chameleon addresses the system chal-

lenges in RALMs in the following ways:

o Chameleon employs heterogeneous hardware to accel-
erate both LLM inference and vector search efficiently.

e Chameleon disaggregates the accelerators, enabling
independent scaling for each type of hardware, thus
supporting various RALM configurations efficiently.

e Chameleon’s modular design allows flexible hardware
upgrades in the future, such as integrating more pow-
erful LLM inference accelerators or ASIC-based ChamV$S
retrieval accelerators.

Figure 3 overviews the Chameleon architecture, which
primarily consists of the following components.

Price on amazon.com as of October 2023.
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Figure 3. Chameleon is a heterogeneous and disaggregated accelerator system for efficient RALM inference.

Firstly, ChamLM is a multi-GPU LLM inference engine, as
shown on the right side of Figure 3. Each GPU is managed
by an independent GPU process. These processes can reside
on either the same or different servers. As introduced in
Section 2.1, even small LLMs, typically fit within a single
GPU, can achieve high-quality generation when integrated
with retrieval [10, 69]. Consequently, ChamLM assigns each
GPU a copy of the entire LLM, while larger models in the
future can be implemented by simply extending ChamLM to
support model parallelism across GPUs.

Secondly, ChamVS is a distributed accelerator engine for
low-latency vector search. On the one hand, ChamVS.idx is
a GPU-based IVF index scanner colocated with the ChamLM
GPUs (right side of Figure 3). While the index scan can be
executed on CPUs or FPGAs, GPUs are generally more fa-
vorable for handling such an embarrassingly parallel work-
load due to their superior memory bandwidth and compu-
tational capability. Given that GPUs are already integrated
into Chameleon, no additional devices are required. The
only overhead is a minimal increase in GPU memory usage,
because the index sizes, typically under one GB, are small
enough compared to the vast memory footprints of the data-
base vectors. On the other hand, ChamVS.mem is responsible
for querying quantized database vectors. ChamVS.mem con-
tains one or multiple disaggregated memory nodes, each
with a partition of the database vectors and a near-memory
retrieval accelerator prototyped on FPGA for query process-
ing (left side of Figure 3).

Thirdly, a CPU server manages the lightweight communi-
cation between the GPUs and FPGAs. After receiving search
requests from the GPU processes, it dispatches them to the
FPGA-based disaggregated memory nodes, aggregates the
per-partition results returned by the FPGAs, converts the K
nearest neighbor vector IDs into their corresponding texts,
and sends the retrieved tokens back to the GPUs. Since each

query only requires less than ten KBs of network data trans-
fer, the communication latency is negligible compared to
vector search and LLM inference.

Token generation workflow. For each token generation
step, the procedure diverges depending on whether the re-
trieval is invoked. Without retrieval, the GPUs infer the next
token as in regular LLMs. With retrieval, the first step is to
generate a contextual query vector @, either by using the
hidden state of the current context [57, 58] or encoding the
query tokens through another model [10]. Following this,
the IVF index residing on the same GPU is scanned to se-
lect the nprobe most relevant IVF lists @. The query vector
and the list IDs are then transmitted to the GPU coordinator
process running on the CPU node via the network @). After
recording the association between queries and GPU IDs, the
query and list IDs are forwarded to the FPGA coordination
process @, which broadcasts them to the FPGA-based dis-
aggregated memory nodes @. The ChamVS near-memory
processor on each node then uses the query vectors to con-
struct distance lookup tables for each IVF list, computes the
distances between the query and quantized database vec-
tors, and collects the K nearest neighbors @. Subsequently,
the result vector IDs and distances from all memory nodes
are sent back to the CPU server @, which aggregates the
results @ and returns the tokens of the nearest neighbors to
the originating GPU @. Finally, the GPU predicts the next
token based on both the context and the retrieved tokens @

4 ChamVS Near-Memory Accelerator

ChamVS enables high-performance, large-scale vector search
by pairing each disaggregated memory node with a near-
memory accelerator. Figure 4 shows the architecture design
of the retrieval accelerator, applicable to not only FPGAs
but also future ASICs. The accelerator comprises a distance
lookup table construction unit, several PQ decoding units
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for distance evaluation between query vectors and quan-
tized database vectors, a group of systolic priority queues for
parallel K-selection, and multiple memory channels. In this
section, we mainly elaborate on the PQ decoding units and
the K-selection circuit, omitting the distance lookup table
construction unit since it simply calculates L2 distances.

4.1 PQ Decoding Units

A PQ decoding unit reads quantized database vectors (PQ
codes) from DRAM and computes the corresponding L2 dis-
tances to query vectors using a distance lookup table.

Figure 5 presents the design of a single PQ decoding
unit, which can produce a result distance every clock
cycle. We adopt a design with operator and pipeline paral-
lelisms similar to [50, 65]. For each IVF list to scan, the unit
first stores the input distance lookup table in BRAM (on-chip
SRAM in FPGAs). The shape of the lookup table is mx 256 for
the typical 8-bit PQ codes (28 = 256), where m is the number
of bytes per quantized vector. Different table columns are
stored in separate BRAM slices, facilitating parallel distance
lookups. Subsequently, the database PQ codes are loaded
from DRAM and streamed to the PQ decoding unit via an
m-byte-wide FIFO, with each byte serving as an address to
retrieve a value from the corresponding column of the table.
Upon completion of the m parallel table lookup operations,
an adder tree sums up the values to produce the approximate
distance between the query vector and the quantized data-
base vector. The lookup and addition processes are pipelined
such that the unit can consistently process m bytes of PQ
codes and yield a result each clock cycle.

Multiple PQ decoding units operate in parallel to fully uti-
lize the memory bandwidth, as shown in Figure 4 €. When
scanning a cluster of vectors, all units share the same dis-
tance lookup table, as each cluster is equally distributed
across all memory channels. The units are arranged in a one-
dimensional array, enabling each unit to forward the table to
the subsequent one. This arrangement avoids a broadcasting
topology, thus mitigating potential wire routing issues.

m-byte PQ codes
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Figure 5. The architecture design of a PQ decoding unit.

Summary: The parallelism both across and within PQ
decoding units enables rapid distance computations
between query vectors and quantized database vectors.

4.2 Efficient K-Selection Module

Designing an efficient K-selection microarchitecture within
ChamVS.mem is challenging, as each PQ decoding unit gen-
erates one distance every clock cycle, requiring the K-selection
module to manage multiple incoming elements per cycle.
In this section, we begin by examining the register-array-
based systolic priority queue, a building block for the K-
selection module. However, instantiating many systolic pri-
ority queues of length K to satisfy throughput requirements
proves too costly due to prohibitively high hardware resource
consumption. Consequently, we propose the approximate
hierarchical priority queue, a high-throughput, resource-
efficient design for parallel K-selection on hardware.

4.2.1 Primitive: Systolic Priority Queue. Figure 6 shows
the systolic priority queue [41, 66] for high-throughput input
ingestion. It comprises a register array interconnected by
compare-swap units, repeating a two-cycle procedure for
each input. During an odd cycle, the leftmost node is replaced
with the minimum value between the existing leftmost value
and the input, followed by the compare-and-swap operations
of all even entries in the array with their corresponding odd
neighbors. In the subsequent cycle, the compare-and-swap
operation is applied between odd and even entries. Through-
out this process, the smallest element is gradually swapped to
the rightmost position in the queue. The hardware resource
consumption of such a priority queue scales linearly with its
length, as both the number of registers and compare-swap
units are proportional to the queue size.

A natural approach to implement K-selection in ChamV$§
is to instantiate a group of systolic priority queues in a hier-
archical structure, as shown in Figure 4 @@. Since a systolic
priority queue can only ingest one input every two cycles,
two queues, termed as level-one (L1) queues, should be paired
with one PQ decoding unit, as it can produce one output per
cycle. For each query, each L1 queue collects a subset of the K
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Figure 6. The systolic priority queue architecture.

nearest neighbors, and the level-two (L2) queue subsequently
selects the final K results.

Unfortunately, a straightforward implementation of the hi-
erarchical priority queue can consume an excessive amount
of hardware resources, making the solution unaffordable
even on high-end FPGAs. For example, a 100-element prior-
ity queue would utilize around 2.5% of lookup tables (LUTs)
on the Alveo U250, one of AMD’s largest FPGA models.
Given 32 instantiated PQ decoding units, the accelerator
would necessitate 64 L1 queues to match the throughput
of the decoding units, an amount that already exceeds the
total LUT resources available on the FPGA. Consequently,
it becomes imperative to devise a more resource-efficient
approach for K-selection.

4.2.2 Approximate Hierarchical Priority Queue. We
propose the approximate hierarchical priority queue
architecture for high-performance and resource-efficient
K-selection. Recognizing that the approximate nearest neigh-
bor search inherently does not yield exact results, we relax
the K-selection objective from selecting the K smallest dis-
tances in all queries to collecting precise results in the vast
majority of cases, such as in 99% of the queries.

The intuition behind the approximate K-selection design
is simple: it is unlikely that all the K results are produced by
a single PQ decoding unit. For example, given 16 level-one
queues with K = 100, the average number of the top 100 re-
sults in a queue is 100/16 = 6.25. More specifically, the prob-
ability that one queue holds k of the K nearest neighbors can
be formulated as p(k) = CI’g () s (1 - —L— K-k,

UM queue UM queue
where CIk< represents the number of combinations selecting
k out of K items. The cumulative probability that a queue
contains no more than k of the K results can be calculated by
P(k) = Z?:o p(i). The probability distribution of p and P are
visualized by the red bars and the blue curve in Figure 7, re-
spectively. The figure demonstrates that it is highly unlikely
that a queue holds more than 20 out of the K=100 results;
thus, the length of the L1 priority queue can be truncated to
20 while producing almost the same results.

Our design aims to reduce the size of the L1 queues while
ensuring that the results for 99% of queries remain identical
to those obtained with an exact K-selection module. Specifi-
cally, for 99% of the queries, none of the L1 queues will omit
any result that is supposed to be returned to the user.

Figure 8 shows the resource savings achieved by applying
the approximate hierarchical priority queue. As the number
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Figure 7. The probability distribution that one out of the 16
L1 priority queues holds k out of the 100 nearest neighbors.
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Figure 8. The proposed approximate hierarchical priority
queue can save hardware resources by an order of magnitude.

of L1 queues increases, the queue sizes can be reduced by
an order of magnitude while still retaining 99% of identical
results. As the resource consumption of a queue is almost
proportional to its length, such a reduction in size leads to a
corresponding decrease in hardware resource consumption.

Summary: The approximate hierarchical priority
queue architecture, by reducing each queue’s size, can
match the high throughput of PQ decoding units and
significantly lower hardware resource consumption.

4.3 Memory Management

ChamVS.mem directly manages the physical address space
to avoid memory virtualization overheads. Specifically, the
PQ codes and vector IDs are in DRAM, while the metadata is
loaded into BRAM during system initialization. The metadata
includes (a) an address lookup table recording the starting
physical address of PQ codes and vector IDs of each cluster
and (b) the centroid vectors of the product quantizer.

ChamVS evenly distributes query workloads across mem-
ory nodes and channels. A large vector dataset is first seg-
mented into equal-sized partitions for each memory node.
Assuming a similar data distribution across partitions, each
node would hold a comparable number of vectors per IVF
list, leading to balanced query workloads per node. Further,
within each memory node, each IVF list is evenly distributed
among all memory channels, thereby achieving workload
balance across these channels as well.

Summary: ChamVS’s memory management mech-
anism avoids virtualization overheads and balances
workloads across memory nodes and channels.




Table 2. Various RALM configurations in the evaluation.

Dim. Layers Heads Param. Interval K
Dec-S 512 24 8 101M 1 100
Dec-L 1024 96 16 1259M 1 100
EncDec-S 512 2,24 8 158M  8/64/512 10
EncDec-L 1024 2,96 16 1738M  8/64/512 10

5 Implementation

Chameleon is implemented in 11K lines of code in total, in-
cluding 3K lines of Vitis HLS C/C++ for the near-memory
accelerator, 1.4K lines of C++ for the CPU coordination pro-
grams between GPUs and FPGAs, 3.5K lines of Python for
the LM inference engine with the retrieval interface, and
3.2K lines of Python for various experiments and tests.

ChamLM. Referring to existing RALM research projects [57,
58], we build ChamLM on top of Fairseq [81], a language
model toolkit based on PyTorch [82] that allows flexible in-
stantiation of different LLM architectures and parameters.
ChamLM extends Fairseq to support functionalities such
as multi-GPU inference, initiating retrieval requests, inte-
grating the retrieved tokens into the models, and TCP/IP
network communication between the vector search engines
and different GPU processes.

ChamVS. For ChamVS.idx, we use Faiss [52] to support
such efficient index scan on both CPUs and GPUs. We de-
velop the ChamVS near-memory accelerator using Vitis
HLS 2021.2 in C/C++ and integrate an open-source FPGA
TCP/IP network stack [37] that connects to the accelerator
kernel. The coordinator process between ChamVS.idx and
ChamVS.mem for query broadcasting and result aggregation
is implemented using C/C++ and the socket library.

6 Evaluation

We evaluate Chameleon to answer the following questions:

1. How much performance and energy benefits can ChamV$

attain in large-scale vector search? (§ 6.2)
2. How does Chameleon perform across different RALMs
by introducing heterogeneous accelerators? (§ 6.3)
3. Is accelerator disaggregation necessary? (§ 6.3)

6.1 Experimental Setup

LLMs. We evaluate RALM models of similar sizes to those in
existing RALM research [10, 43, 73, 91, 104], from 100 million
to more than one billion parameters. For each decoder-only
(Dec) and encoder-decoder (EncDec) RALM, we experiment
with a smaller model (S) and a larger model (L). Table 2
summarizes the four RALMs for evaluation, including in-
put dimensionalities, numbers of layers and attention heads,
model sizes, retrieval intervals, and neighbor numbers. For
encoder-decoder models, we follow [10] to use a two-layer

Table 3. The vector datasets used in the evaluation.

Deep SIFT SYN-512 SYN-1024
#vec 1E+9 1E+9 1E+9 1E+9
D 96 128 512 1,024
m 16 16 32 64
nlist 32,768 32,768 32,768 32,768
Raw vectors (GB) 384 512 2,048 4,096
PQ and vec ID (GB) 24 24 40 72

shallow encoder and a deeper decoder, and set different re-
trieval intervals. For all the models, we use a vocabulary size
of 50K and let them generate 512 tokens per sequence.
Vector datasets. For large-scale vector search, we use
two real-world datasets and two synthetic datasets as sum-
marized in Table 3. Specifically, the SIFT and Deep datasets
are the most popular benchmarks for billion-scale ANN, each
with 10K query vectors. Due to the lack of openly available
vector datasets for RALM, we create two synthetic datasets
by replicating each SIFT vector to the models’ dimensionali-
ties (512 and 1024), such that they can also be used in RALM
inference experiments. As a common practice, we set nlist,
the number of clusters in the IVF index, to approximately the
square root of the number of dataset vectors (nlist=32K). We
set nprobe as 32 to scan 0.1% of database vectors per query,
for which high recall can be achieved on both real-world
datasets (93% on Deep and 94% on SIFT for 100 nearest neigh-
bors). We quantize the SIFT and Deep datasets to 16-byte PQ
codes, while the two synthetic datasets adopt 32 and 64-byte
PQ codes, respectively, due to their higher dimensionalities.
Software. For vector search, we use Faiss [1] (v1.7.2) devel-
oped by Meta as the baseline software. Faiss is currently the
most popular PQ-based ANN library, known for its highly
optimized implementations for both CPUs and GPUs. For
LLM inference, we extend Fairseq [81] as introduced in § 5.
Hardware. We instantiate the ChamVS near-memory
accelerator on AMD Alveo U250 FPGAs (16 nm) equipped
with 64 GB of DDR4 memory (4 channels x 16 GB) and set
the accelerator frequency to 140 MHz. For a fair comparison,
each ChamVS memory node is compared to a CPU-based
vector search system with equivalent memory capacity (64
GB) and an 8-core AMD EPYC 7313 processor (7 nm) with
a base frequency of 3.0 GHz and a max turbo frequency of
3.7 GHz. We evaluate NVIDIA RTX 3090 GPUs (8nm) with
24 GB GDDR6X memory. As we will show later, ChamVS§
can achieve better performance and energy efficiency even if
instantiated on FPGAs manufactured in an older technology.

6.2 Vector Search on ChamVS$

Performance. We compare ChamVS with baseline systems
on four large-scale vector datasets, each using four different
configurations: searching solely on CPU (CPU), scanning
the IVF index on GPU and the PQ codes on CPU (CPU-
GPU), scanning the index on CPU and the PQ codes on FPGA
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Figure 9. ChamVS achieves significantly lower vector search latency than CPUs and GPUs.

(FPGA-CPU), and scanning the index on GPU and the PQ
codes on FPGA (FPGA-GPU). To report the best baseline per-
formance, the CPU and CPU-GPU systems are monolithic,
while the FPGA-CPU and FPGA-GPU systems are disaggre-
gated over the network. Figure 9 shows the vector search
latency distributions of different batch sizes using the four
solutions. Each white dot in the violin plots denotes a me-
dian latency. The number of CPU cores and the number of
accelerators used are listed in the plot legends. We make two
primary observations from the experiments:

Firstly, the near-memory accelerator in ChamVS results in
significantly lower vector search latency compared to the CPU
baseline. Across different datasets and batch sizes (Figure 9),
the FPGA-CPU solution achieves 1.36~6.13X speedup com-
pared to the CPU baseline, and the FPGA-GPU solution
shows even higher speedup (2.25~23.72%). This is because
the ChamVS near memory accelerator can (a) decode PQ
codes in parallel, (b) pipeline the decoding, distance calcula-
tion, and K-selection, such that each quantized vector can
be processed by the pipeline with an initiation interval of a
single clock cycle. Such specialization leads to significantly
better performance compared to CPUs in scanning PQ code
and selecting the K nearest neighbors.

Secondly, scanning the IVF index on GPU allows further
latency improvements compared to the FPGA-CPU solution.
The FPGA-GPU solution does not require additional GPUs
as they are inherently available in RALM systems. As shown
in Figure 9, the FPGA-GPU approach achieves 1.04~3.87x
speedup compared to the FPGA-CPU solution. This is be-
cause the IVF index scan procedure can easily leverage the
massively parallelism and the high memory bandwidth of
GPUs: the query vectors are compared against all index cen-
troid vectors, and the nprobe closest centroids are selected. In
contrast, the hybrid CPU-GPU solution shows little or even
negative improvements compared to the CPU-only solution
(0.91~1.42X), because the search performance is limited by
the slow PQ code scan process on CPU.

Scalability. We extrapolate query latency beyond the
limited number of accelerators available in our evaluation.

2 100+
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Figure 10. The query latencies for scale-out search.

Table 4. Resource consumptions of the retrieval accelerator.

Dataset LUT FF BRAM URAM DSP
SIFT 253% 16.2% 13.7% 4.4% 12.2%
Deep 23.7% 15.4% 13.0% 4.4% 10.4%
SYN-512 23.2% 15.5% 23.2% 4.4% 8.4%

SYN-1024 28.0% 19.0% 35.7%  4.4% 11.9%

Considering the one-GPU and N-FPGA setup, we estimate
the latency distribution by summing up accelerator and net-
work latencies. Each query latency number is the maximum
of N randomly sampled latency numbers from the 1-FPGA
setup. For network latency, we assume a 100 Gbps band-
width for the CPU server and apply the LogGP model [4, 22],
which assumes a tree topology for broadcast and reduce com-
munications, setting the latency between two endpoints as
10.0 s (a conservative number compared to 6.0 us reported
in [38, 39]). Figure 10 presents the median and the 99th per-
centile latencies for different batch sizes on the SYN-512
dataset. The tail latencies remain almost identical to those
in the one-node setup due to the negligible network latency
compared to the query. As for the median latencies, there
is only a 7.9% increase for a batch size of 64, while for the
case without batching, the latency increases by 54.5% as the
accelerator latency is determined by the slowest one.
Resource and energy consumption. For the FPGA-
based near-memory accelerator, we report the resource and
energy consumption using Vivado. For CPUs and GPUs, we
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8CPU-1GPU 1FPGA-1GPU Dec-S, Interval=1
m
E
> 40
Q
c
3
© 20
- T T T T T T T T
0 100 200 300 400 500 102 107!
Time (token) steps Prob. density
8CPU-1GPU 1FPGA-1GPU EncDec-S, Interval=8
m
E 601
3
c 40+
1
2
S 204
0 100 200 300 400 500 1072 1071
Time (token) steps Prob. density
8CPU-1GPU 1FPGA-1GPU
—~ 4000
58 3121.4 3162.5
39 2468.9 21889 T =
£~ =
S 2 2000 17192
o
Eg 609.1 9414
[=°] 191.8  —
T o0 = T T T
Dec-S EncDec-S EncDec-S EncDec-S
Interval=1 Interval=8 Interval=64 Interval=512

16CPU-1GPU 2FPGA-1GPU
=T 07 120.7
3% = 95.9 97.3 100.4 100.7 101.3
£~ 100 A 834 Z - -
Se 51.5 =
29 s0q =
FS
] T T T T
Dec-L EncDec-L EncDec-L EncDec-L
Interval=1 Interval=8 Interval=64 Interval=512

Figure 12. RALM inference throughput given different LLM configurations and retrieval intervals.

measure their energy consumption using Intel RAPL and
NVIDIA System Management Interface, respectively.

The ChamVS near-memory accelerator consumes few FPGA
resources. The AMD Alveo U250 FPGA contains 1.4M Lookup-
Tables (LUTs), 2.9M Flip-Flops (FFs), 2.1K Block-RAM (BRAM),
1.3K Ultra-RAM (URAM), and 12K Digital Signal Processors
(DSPs), and four memory channels. As shown in Table 4,
the accelerator only consumes around 20% of the hardware
resources. Considering its low hardware resource consump-
tion, one could implement the accelerator on an FPGA with
more memory channels to further improve performance and
cost efficiency. For example, increasing the number of mem-
ory channels from four (as in U250) to twelve would lead to
around 3X higher PQ-code scan performance.

ChamVS achieves 5.8~26.2x energy efficiency compared to
the CPU. Table 5 summarizes the average energy consump-
tion (in mJ) of different systems to serve a single query across
different batch sizes. For ChamVS, we report the energy per
query by measuring the power consumption times latency
for scanning index on GPU and scanning PQ codes on FPGAs,
respectively, and summing the two parts up.

6.3 End-to-end RALM Inference on Chameleon

In this section, we evaluate RALM inference performance on
Chameleon with different model configurations and retrieval
intervals. We use the SYN-512 and SYN-1024 datasets for the
smaller and larger models, respectively.

10

Table 5. Average energy consumption per query (in mJ) on
ChamVS and CPUs using various batch sizes (1~16).

CPU ChamVS (FPGA + GPU)

b=1 b=4 b=16 b=1 b=4 b=16

SIFT 950.3 434.0 143.3 53.6 28.2 21.5
Deep 929.5 4129 1419 523 26.9 205
SYN-512 1734.9 9578 3725 95.6 55.0 411
SYN-1024  4459.9 23150 9185 1701 1078 852

Performance. We evaluate system performance when
generating a 512-token sequence using a single GPU for LLM
inference, and each experiment is conducted three times. For
the latency evaluation, we disable batching, while for the
throughput evaluation, we set the batch size as the maximum
allowed given the GPU’s memory capacity (batch size = 64
for Dec-S and EncDec-S; 8 for Dec-L and EncDec-L) and
assume that all sequences in the batch will finish generating
512 consecutive tokens, given that early termination for a
subset of sequences can be easily addressed via preemptive
scheduling [63]. For vector search in RALM, we use the
FPGA-GPU solution for ChamVS and the CPU-only solution
as the baseline, since the CPU-GPU vector search engine can
be even slower using small batches.

Chameleon significantly outperforms the CPU-GPU base-
line system in latency for inference steps involving vector
search. Figure 11 compares the RALM inference latency
between Chameleon (FPGA-GPU) and the baseline system



(CPU-GPU). The left column shows the small models (Dec-
S and EncDec-S), while the right column shows the large
models. Each row uses the same retrieval interval (one and
eight). For each plot, the left subplot shows the latency over
token generation steps, while the right one depicts the la-
tency distribution. While the LLM inference is still executed
on the GPU, the FPGA-GPU retrieval engine significantly
reduces the latency at the token generation steps requiring
retrieval. Specifically, the speedup provided by Chameleon at
retrieval-based inference steps (retrieval + inference) ranges
from 1.94~4.11X%, 1.71~3.02X, 1.76~3.41X%, and 1.29~2.13X
for Dec-S, EncDec-S, Dec-L, and EncDec-L, respectively.

Chameleon achieves up to 3.18x throughput compared to
the CPU-GPU baseline system. As shown in Figure 12, the
lower the retrieval interval, the higher throughput advantage
Chameleon can offer, with the speedup being 3.18x and
2.34x for Dec-S and Dec-L that require retrieval per token
generation (interval = 1). Chameleon attains greater speedup
in batched inference than single-sequence inference as in the
latency experiments. This is because, as the batch size grows,
the latency increase for LLM inference is not as significant
as that of vector search, due to the many-core parallelism
offered by the GPU during LLM inference. Thus, the speedup
observed in batched inference is closer to that of vector
search than in single-sequence inference.

The need for resource disaggregation. Given the broad
range of configurations in RALMs — such as different model
sizes, retrieval intervals, and database sizes — it is likely
that either the LLM inference or vector search engine will
be underutilized if the hardware resource ratio is not care-
fully configured. Based on the evaluated batched inference
throughput, Figure 13 shows that the number of GPUs re-
quired to saturate the ChamVS vector search engine can
vary dramatically, ranging from 0.2 to 442. This makes a
monolithic design approach, which entails installing a fixed
number of accelerators on a single server, both inflexible and
sometimes impractical (a single server cannot accommodate
442 accelerators). Chameleon’s disaggregated architecture
addresses this issue by allowing for flexible combinations
of hardware resources over the network, thereby enhancing
overall accelerator utilization.

In the future, ChamVS$ and ChamLM could be offered as dis-
tinct cloud services. This approach facilitates resource sharing
among many users, thereby improving resource utilization
by dynamically allocating appropriate numbers of accelera-
tors based on real-time service demands.

7 Related Work

To the best of our knowledge, Chameleon represents the first
endeavor to improve RALM inference performance from a
systems perspective, addressing associated challenges via a
heterogeneous and disaggregated accelerator architecture.
We proceed to introduce research on related topics below.
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Figure 13. The optimal accelerator ratio varies significantly
for different RALM configurations.

Resource disaggregation. Resource disaggregation has
become increasingly popular in data centers. CPUs, memory,
storage, and accelerators are connected through a high-speed
network [25], such that they can be combined according to
system needs without overprovisioning any type of the re-
sources [27, 56, 74, 75]. The flexible introduction of extra
resources, such as remote memory, helps in system perfor-
mance compared to servers with monolithic designs [7, 108].

Near data processing. Various literature has proposed
to offload some computation workloads to a processor near
or within memory or storage to reduce expensive data move-
ments [24, 60, 76, 80, 90, 92, 95, 97]. Typical use cases include
database systems [24, 51], big data processing [33, 53, 54], rec-
ommender systems [48, 49, 102], time series processing [26],
and genome sequence analysis [77]. The processors near
the data can be regular CPUs [5], vector processors [83],
reconfigurable hardware [30, 61], or ASICs [77].

Al accelerators. GPUs are commonly used for deep learn-
ing acceleration nowsdays [20, 42, 99]. Alternative special-
ized architectures have also been implemented on FPGAs [8,
28,79, 84, 94, 110] and ASICs [31, 35, 55, 62, 93, 109]. These
accelerators are often co-designed with algorithm relaxations
such as neural network pruning and quantization [29, 36,
70, 71]. Compiler-based solutions are also necessary to re-
duce the programming effort to map tensor programs to the
various hardware backends [16, 64]

Vector search on modern hardware. Exact nearest
neighbor search can be accelerated not only on GPUs but
also TPUs [19] and FPGAs [105]. For ANN search, the most
popular GPU-accelerated library so far is Faiss [52], and
there are several academic GPU implementations [17, 18,
101]. Lee et al. [65] study ASIC designs for IVF-PQ, and
the simulation-based evaluation shows significant speedup
over GPUs. A couple of works [50, 107] implement IVF-PQ
on an FPGA, but their designs are constrained by either
the limited HBM capacity or the slow CPU-FPGA intercon-
nect. In contrast, Chameleon disaggregates IVF-PQ, with
the index on GPUs and PQ codes on FPGA-based memory
nodes, and employs the innovative hardware priority queue
design to achieve high performance with little hardware re-
sources.While graph-based vector search accelerators can
achieve low latency [106], the memory footprint of graphs
is too high at scale, requiring up to one TB of memory for



only one billion SIFT vectors, in contrast to 24 GB in our
case. Apart from accelerator-based solutions, researchers
also study modern storage for vector search. Hu et al. [40]
propose to push down vector distance evaluation to NAND
flash to reduce data movement. Ren et al. [89] suggest storing
vectors in non-volatile memory to scale up graph-based ANN,
while on-disk ANN has to be careful with I/O cost [15, 46, 67].
The emerging CXL technology has introduced another level
of memory hierarchy as an option for ANN search [45].

8 Conclusion

Retrieval-augmented language models offer compelling ad-
vantages but also present unique system design challenges.
To address these problems, we present Chameleon, an effi-
cient RALM inference engine that integrates two proposed
system design principles: accelerator heterogeneity and ac-
celerator disaggregation. Our Chameleon prototype achieves
up to 3.18x speedup in throughput compared to the state-of-
the-art systems, paving the way for adopting the proposed
design principles in future-generation RALM systems.
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