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Abstract 
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Chair of the Supervisory Committee: 
Simon Peter 

Paul G. Allen School of Computer Science & Engineering 

Modern memory-intensive workloads move terabytes of data through hierarchies of inter-

connects whose bandwidth and latencies have failed to scale with compute. The result is 

that there is no longer a singular memory wall between compute and memory, but layers 

of connections, each a potential bottleneck. Caches, memory bus width, and inter-device 

interconnects all have an impact on the performance that applications observe. 

This dissertation posits that overcoming these limitations requires identifying key applica-

tion characteristics that enable bottleneck mitigation. We identify and organize mitigations 

into three types: (1) avoiding data movement across certain layers by eliding extraneous or 

redundant data movement, (2) hiding data movement by overlapping transfers with comple-

mentary work, and (3) reducing the amount of data moved by exploiting structure present 

within the data itself. This characterization identifies the application properties that enable 

intervention, while directly informing us on how the mitigation should be designed. 

We discuss three systems—(MC)2, POD-Attention, and Invariant Bit Packing (IBP)—that 

demonstrate these concepts. Each system targets a different bottleneck component, taking 

advantage of application properties that enable the mitigation. They provide simple inte-

gration while retaining application correctness. 

(MC)2 targets bottlenecks with CPU memory access latencies, exploiting the observation 



that many workloads copy data that they never fully access. It extends the CPU memory 

controller to lazily track requested copies. Laziness allows us to avoid copying data that is 

not accessed, while implementation at the memory controller targets the largest source of 

copy overhead—stalls on cache misses. 

POD-Attention targets the GPU memory bandwidth bottleneck in LLM inference, taking 

advantage of the complementary resource profiles of the two phases of LLM inference, prefill 

and decode. It fuses compute-bound prefill and memory-bound decode so that they exe-

cute concurrently—the prefill operations occupy the compute units while decode operations 

saturate the memory pipeline, hiding memory stalls behind concurrent compute. 

IBP targets the PCIe interconnect bandwidth bottleneck between CPU and GPU memory 

that occurs in large-scale ML frameworks, taking advantage of low-entropy bit patterns 

present across ML tensors. It strips these bits before PCIe transfer and reconstructs the 

original tensors within the GPU, reducing data transfer volume without loss of information. 

These systems achieve substantial benefits across a wide variety of workloads. (MC)2 

targets databases and operating system primitives showing up to 78% higher throughput 

for database transactions and 250× lower latency on huge page copy-on-write faults. POD-

Attention enhances LLM inference providing up to 59% faster LLM attention operations. 

IBP improves ML offloading, providing on average 74% faster GNN training, 180% faster 

DLRM embedding lookups, and 24% faster offloaded LLM inference. 
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GLOSSARY 

Compute 

CPU (Central Processing Unit): The main processor in a system. Runs the operating system 

and distributes work to other accelerators. 

ISA (Instruction Set Architecture): The set of instructions a processor can execute, defining 

the interface between software and hardware. 

RFO (Read-For-Ownership): A cache coherence operation that reads a cacheline with the 

intent to modify it, acquiring exclusive ownership of the line. 

ROB (Reorder Buffer): CPU hardware component that enables out-of-order execution by 

holding instructions that are still in-flight. Instructions in the ROB are completed and 

removed in program order. 

FLOPS (Floating point Operations Per Second): A unit of throughput, typically used to 

indicate the maximum processor throughput. 

GPU architecture 

GPU (Graphics Processing Unit): A specialized processor designed for parallel computation. 

Originally for graphics rendering, but now widely used for general-purpose parallel workloads 

such as AI or scientific simulations. 

Tensor Core: Specialized cores within a GPU that perform matrix-matrix multiplications 

with very high throughput. 

SM (Streaming Multiprocessor): The basic deployment unit of an NVIDIA GPU, containing 

tensor cores, integer and floating-point execution units, a register file, an L1 cache, and 

shared memory. Modern GPUs contain around a hundred SMs. 

x 



Warp: A group of 32 GPU threads that execute in lockstep within an SM. 

CTA (Cooperative Thread Array): A group of GPU warps that share the L1 cache and 

shared memory. All warps in a CTA execute within a single SM. 

Kernel: A function executed on the GPU, launched from the host CPU with a specified 

number of CTAs and shared memory. Not to be confused with OS kernel. In this document, 

kernel usually refers to a GPU kernel. 

UVM (Unified Virtual Memory): A CUDA feature providing a single address space across 

CPU and GPU memory, letting the GPU kernel access CPU memory directly, without the 

CPU’s involvement. 

Coalesced memory access: A GPU memory access where neighboring threads in a warp 

access contiguous memory addresses, allowing the hardware to combine them into a single 

wider transaction. 

Wave: A set of CTAs running concurrently on the GPU. 

Wave quantization: Underutilization that occurs when the number of deployed CTAs is 

not a multiple of the number the SMs can hold concurrently, leaving some SMs idle in the 

final wave. 

Memory 

DRAM (Dynamic Random Access Memory): A type of volatile memory used as main 

memory in most computer systems. 

SRAM (Static Random Access Memory): A faster, more expensive type of volatile memory, 

typically used for caches. 

HBM (High Bandwidth Memory): A stacked DRAM technology providing high bandwidth 

and low power consumption, commonly used as GPU memory. 

DMA (Direct Memory Access): A feature that allows hardware (e.g., GPU or disk) to 

transfer data between memory regions without involving the CPU. 

xi 



DMA engine: A hardware component that uses DMA to copy data between memory 

regions without involving the CPU. 

Cacheline: The unit of data transfer between a cache and main memory, typically 64 bytes 

for x86 CPUs and 128 bytes for NVIDIA GPUs. 

LLC (Last-Level Cache): The cache level closest to main memory, typically shared across 

all CPU cores. 

TLB (Translation Lookaside Buffer): A memory cache that stores recent virtual-to-physical 

address translations to accelerate memory access. 

Huge Page: A larger-than-default memory page (e.g., 2MB instead of 4KB on x86) that 

reduces TLB misses for applications with large working sets. 

COW (Copy-on-Write): A memory management technique where a page is shared between 

processes until one of them writes to it, at which point a copy is made. 

RMW (Read-Modify-Write): A memory operation that reads a value, modifies it, and writes 

the result back as a single logical operation. 

MC (Memory Controller): The hardware component that manages the DRAM, transferring 

data to/from the CPU. 

Memcpy (Memory Copy): A standard library function that copies a block of memory from 

a source to a destination buffer, where the buffers do not overlap. Depending on context, it 

may also generically refer to copies between two non-overlapping buffers, e.g., OS memcpy. 

Interconnects 

PCIe (Peripheral Component Interconnect Express): A high-speed serial bus standard that 

connects peripheral devices such as GPUs and storage devices to the CPU. 

NVLink: A high-bandwidth interconnect by NVIDIA for GPU-to-GPU communication. 

CXL (Compute Express Link): An open standard interconnect for cache-coherent CPU-to-

device and CPU-to-memory connections. 
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InfiniBand: A high-bandwidth interconnect used for networking within a data center. 

Databases 

MVCC (Multi-Version Concurrency Control): A database transaction technique that main-

tains multiple versions of data to allow concurrent reads and writes without locking. 

Tuple: A row in a relational database table. 

OLTP (Online Transaction Processing): A workload pattern of concurrent transactions on 

a database, typical of business applications like order processing or inventory management. 

Consists of reading or modifying data. 

TPC-C: An industry-standard benchmark for OLTP systems. 

Machine learning (ML) 

LLM (Large Language Model): A neural network trained on large text corpora to process 

natural language. 

GNN (Graph Neural Network): A class of neural networks that operate on graph-structured 

data, learning representations of nodes and edges. 

DLRM (Deep Learning Recommendation Model): A class of neural networks used for pre-

dicting user preferences, characterized by large embedding tables for categorical features. 

Tensor: A multi-dimensional array, a fundamental data unit in ML frameworks. 

Token: A discrete unit of text, typically a word or sub-word, represented as a numerical ID 

processed by the LLM. In some contexts it also refers to the unit of tensors that the LLM 

operates on. 

Tokenization: The process of converting text into a sequence of numerical tokens for input 

to a language model. 

Attention: A core operation in transformer-based models that computes the relative im-

portance of each token with respect to every other token. 
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Prefill: The first phase of LLM inference, where the model processes the input prompt to 

produce the first output token. Compute-bound. 

Decode: The second phase of LLM inference, where the model generates output tokens one 

at a time. Memory-bound. 

KV cache (Key-Value Cache): The storage of intermediate key and value tensors computed 

during LLM attention, reused across decode iterations to avoid recomputation. 

QSL (Query Sequence Length): The number of input query tokens in a request processed 

during attention; small for decode (1–8), large for prefill. 

GQA (Group Query Attention): An attention variant where each key/value head is shared 

across a group of query heads, reducing KV cache size relative to earlier multi-head attention. 

TTFT (Time To First Token): The latency to produce the first output token of an LLM 

request i.e., the prefill latency. 

TBT (Time Between Tokens): The latency between successive output tokens during decode. 

FFN (Feed-Forward Network): The linear (matrix-matrix) layers of a transformer block, 

distinct from attention. 

Hybrid Batching: A scheduling technique that combines prefill and decode requests in the 

same batch to share model weights and improve overall throughput. 

Embedding Table: A lookup table that maps categorical inputs to dense tensor represen-

tations, used in recommendation models. 

Offloading: A technique that stores ML model data (weights, activations, KV cache) in 

larger CPU memory and transfers it to the GPU on demand. 

Compression 

Lossless Compression: Compression where the exact original data can be reconstructed. 

Lossy Compression: Compression that achieves higher compression ratios by allowing 

some loss of information. 
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Quantization: A lossy compression technique that reduces the precision of numerical values 

to reduce memory footprint, data movement, and/or computation. 

Bit Packing: A compression technique that removes redundant bits (e.g., leading zeros) 

from data items to reduce their storage size. 

Space Savings: The percentage reduction in data size achieved by compression. Higher is 

better. � �
Compressed Size Space savings (%) = 1 − × 100

Uncompressed Size 

Compression Ratio: The ratio of uncompressed data size to compressed data size. Higher 

is better. 
Uncompressed Size Compression ratio = 
Compressed Size 

Thesis-specific terms 

(MC)2 (Memory Copy at the Memory Controller): The lazy copy system presented in Chap-

ter 3. 

POD-Attention: The fused prefill-decode attention kernel presented in Chapter 4. 

IBP (Invariant Bit Packing): The lossless compression scheme presented in Chapter 5. 

CTT (Copy Tracking Table): The SRAM structure added to the memory controller in (MC)2 

to track prospective copies. 

BPQ (Bounce Pending Queue): The structure added to the memory controller in (MC)2 to 

hold writes to source buffers during lazy copy execution. 

MCLAZY: The ISA instruction introduced by (MC)2 to issue a lazy memory copy. 

MCFREE: The ISA instruction introduced by (MC)2 to hint that a destination buffer is 

no longer in use. 

SM-aware CTA scheduling: The in-GPU scheduler that decides whether to perform 

prefill or decode during kernel runtime based on the SM that the CTA was scheduled onto. 

xv 
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Chapter 1 

INTRODUCTION 

Modern applications—like databases or machine learning—process data at the scale of 

hundreds of gigabytes to terabytes, moving this data through a vast hierarchy of inter-

connects and buffers including caches, on-chip networks, and PCIe interconnects. Despite 

computational throughput tripling roughly every two years, the bandwidth and latency of 

the memory and interconnects supporting it has not kept pace [7, 8]. As a result, data 

movement, and not computational throughput, often determines application performance. 

Cache misses, execution serialization, and resource interference all exacerbate bottlenecks in 

the hierarchy, inducing latency spikes, throughput reductions, and stalls on the critical path. 

The bottleneck layer in the hierarchy dictates the performance that applications ob-

serve. DRAM bandwidth and latency limitations cause copy-heavy workloads to stall wait-

ing for reads. For example, in databases using multi-version concurrency control (MVCC) 

for transactional isolation [9, 10], copy operations consume up to 68% of CPU cycles for 

write-heavy transactions due to stalls [11]. Similarly, GPU memory bandwidth limitations 

restrict throughput for long-context Large Language Model (LLM) inference. Here, over 

60% of time is spent on attention operations [12, 13]. This is split between a compute-bound 

phase that leaves memory bandwidth largely idle, followed by a memory-bound phase that 

leaves compute idle. Limitations in PCIe bandwidth cause problems for offloading-based 

ML systems [14, 15, 16], which keep data that exceeds GPU memory capacity within CPU 

memory. PCIe transfers from CPU memory can consume up to 70% of execution time for 

offloading [17, 18, 15], where the GPU is stalled waiting for data to arrive. 

This dissertation prescribes three complementary techniques that address bottlenecks 

across the hierarchy. This taxonomy both identifies application properties that enable mit-
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igation and informs us of how to take advantage of them. We avoid data movement when 

it is unnecessary, hide movement overhead by overlapping with complementary work, and 

reduce the amount of data moved by taking advantage of structure within the data itself. 

We present three systems: (MC)2 [11], POD-Attention [12], and IBP [17], that apply these 

techniques to different bottlenecks, achieving substantial speedups for databases, operating 

system primitives, and machine learning without mandating application redesign. 

Avoiding: This technique requires identifying unnecessary data movement within applica-

tions, then providing an alternate path that retains the properties provided by the movement 

without its overhead. For example, in MVCC databases, transactional isolation is guaran-

teed by copying the tuple(s) for each transaction intending to modify it [10]. This gives each 

write transaction a private buffer that it can modify as needed without risk of interference 

from concurrent transactions. However, these buffers are frequently only partially accessed, 

as transactions modify only a subset of the tuple, but the entire tuple must still be copied for 

correctness. We observe similar patterns in serialization libraries, IO buffers, and copy-on-

write fault handling, where copying is used for isolation, and not because the copied buffer is 

actually consumed. Simply removing these copies would harm application correctness. We 

find that the primary source of overhead during copying is cache misses. Cached data is 

fetched and moved quickly, while uncached data requires accessing memory, which is over an 

order of magnitude slower. These memory access instructions fill the CPU’s reorder buffer 

leading to stalled cycles, where the CPU is stuck waiting for accesses to complete. 

To avoid copy overheads while preserving its isolation benefits, we propose lazily copy-

ing at the memory controller, i.e., (MC)2 . (MC)2 leverages the insight that the memory 

controller observes every read operation that misses the cache, allowing it to track and defer 

copies until data is actually read. Rather than eagerly copying, (MC)2 simply tracks the 

source-destination pair. If the destination is read or source written the copy is performed, 

otherwise it is elided. We guarantee that the CPU always sees copied data correctly, preserv-

ing application semantics while only paying the copy overhead for used data. (MC)2 operates 
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at a cacheline granularity, speeding up copies on the order of hundreds of bytes, prevalent 

across workloads. (MC)2 achieves up to 78% higher throughput for MVCC databases, 43% 

faster Protobuf processing, and 250× lower latency for huge page copy-on-write faults. 

Hiding: For this technique, we must identify complementary work that can be done along-

side the data movement, hiding the movement overhead in the critical path. LLM inference 

consists of two phases with complementary resource usage: a compute-bound prefill phase 

that processes the input prompt, followed by a memory-bound decode phase that generates 

output tokens one at a time [19]. Prefill performs large matrix-matrix operations, saturating 

GPU compute while leaving memory bandwidth mostly idle. Decode operates on a single 

token, performing memory-bound matrix-vector operations that demand high bandwidth 

while leaving compute mostly idle. Existing systems batch prefill and decode together for 

linear operations (feedforward network), but compute attention serially for each phase using 

functions optimized for either compute or bandwidth utilization. As context lengths grow, 

attention overheads dominate, with 60% of the inference time being attention at 16K tokens. 

By overlapping the two operations, we improve both the compute and memory bandwidth 

utilization—hiding the memory stalls of decode attention behind concurrent compute of 

prefill attention. The critical challenge is managing co-location: for peak speedup, both 

operations must run within the same GPU streaming multiprocessor (SM), since each SM 

has its own compute units and memory pipeline. With POD-Attention, we guarantee co-

location through SM-aware CTA scheduling. When groups of threads launch, a hardware 

register is read to determine which SM they were scheduled on. They then dynamically 

decide whether to perform prefill or decode based on what is already running on the same 

SM. POD-Attention provides up to 59% faster LLM attention and improves end-to-end LLM 

inference throughput by up to 22% over state-of-the-art. 

Reducing: This technique involves identifying patterns within data being moved, then 

exploiting them to reduce the volume of data transferred. Machine learning frameworks fre-
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quently operate on datasets that exceed GPU memory capacity, e.g., graph neural networks 

(GNNs) [20, 21] operate on terabyte-scale graphs, recommendation models (DLRM) deal 

with billions of embeddings [22], and LLMs operate over million-token contexts [23]. ML 

frameworks address this capacity limitation with offloading, where the significantly larger 

CPU memory is used to store data, transferring to the GPU on demand. This shifts the 

bottleneck from GPU memory capacity to PCIe interconnect bandwidth, as every access to 

offloaded data must traverse the interconnect. 

Many of these frameworks already rely on avoiding and hiding data movement with 

caching and parallel processing respectively [16, 23]. Frameworks maintain a software cache 

in GPU memory for frequently accessed tensors, avoiding repeatedly fetching them from 

across the PCIe. They overlap the PCIe fetches by computing on the tensors already in 

GPU memory. Despite using these mitigations, we find that GPU compute still stalls while 

waiting for transfers, consuming up to 70% of execution time [17]. 

A natural solution is to reduce the amount of data being transferred. Compression is a 

promising candidate—transferring compressed data to the GPU then decompressing before 

use. Lossy compression comes with risks of information loss and unpredictable behavior [24], 

and so, we restrict our view to lossless compression, where no accuracy risks arise. We find 

that existing lossless algorithms are slower than transferring the original data, as the decom-

pression overhead and metadata sizes outweigh any benefits in traffic reduction. An ideal 

algorithm would minimize compression metadata while keeping decompression cheap. For 

this, we analyze ML datasets to identify features that allow us to provide this decompression. 

We observe that ML data frequently has low-entropy bit patterns that repeat across 

tensors. The exponent and sign bits of floating-point values often have similar values when 

drawn from the same dataset. IBP identifies these invariant bits, stores them once in a small 

metadata structure (on the order of kilobytes) within the GPU, then strips them from the 

tensors. Decompression uses cheap bit shift operations coupled with asynchronous memory 

accesses, eschewing dictionary lookups or heavyweight code tables used by conventional 

compression. IBP accelerates GNN training by 74%, DLRM embedding lookups by 180%, 
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and LLM inference by 24% on average, while avoiding any loss of information. 

Composability of techniques: Classifying data movement mitigations into avoiding, 

hiding, and reducing provides a clear link between application properties and mitigation 

strategies. The framework is composable rather than divisive—systems are not constrained 

to a single technique. While each system in this thesis is dominated by one technique, they 

also draw on others wherever applicable. (MC)2’s primary technique is avoiding, eliding 

redundant copies whose destinations are never accessed. It also performs hiding, as the 

memory controller overlaps data copying with CPU computation. POD-Attention’s primary 

technique is hiding—overlapping LLM phases with complementary resource requirements. 

By improving GPU utilization, POD-Attention also allowed us to reduce data replication 

other attention kernels use to increase GPU utilization [25], consequently avoiding the extra 

memory accesses needed for replication. Finally, IBP’s primary technique is reducing, but it 

also uses asynchronous memory accesses to hide the overhead of decompression. 

Our taxonomy provides a lens to spot performance opportunities, instead of partitioning 

systems into disjoint categories. High-performance systems should apply multiple techniques 

to address bottlenecks across layers. 

1.1 Thesis statement 

Avoiding, hiding, and reducing data movement provides a clear framework for 

mitigating the impact of data movement in memory-intensive applications, tar-

geting bottleneck layers in the memory hierarchy through mitigations that exploit 

specific application characteristics. Data movement should be avoided when ap-

plications request it unnecessarily. When data movement cannot be avoided, its 

overhead should be hidden by overlapping with other useful work. Finally, the 

amount of data moved should be reduced when the structure of data permits it. 

This thesis presents three systems that apply these techniques to different hardware 

components, achieving latency reduction and throughput improvement. (MC)2 extends the 
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memory controller, tracking copies and deferring them until data is actually accessed. It 

avoids the copy entirely when destinations are not accessed, accelerating MVCC databases, 

interprocess communication, and operating system primitives. POD-Attention operates on 

the GPU streaming multiprocessor (SM), overlapping compute-bound and memory-bound 

phases of LLM inference through SM-aware scheduling that guarantees fine-grained co-

location. IBP targets the PCIe interconnect, losslessly compressing ML tensors by taking 

advantage of low-entropy, invariant bits present within them. Decompression within the GPU 

uses cheap bit shift operations and asynchronous memory accesses, accelerating GNN train-

ing, DLRM table lookups, and LLM inference. All three systems—(MC)2 , POD-Attention, 

and IBP—are designed to integrate well with existing applications, minimizing the code 

changes required for deployment. 

1.2 Summary of contributions 

We make the following contributions: 

• We analyze data movement bottlenecks present across multiple domains: memcpy 

consumes up to 68% of cycles in serialization-heavy workloads, causing the CPU to be 

stalled by transfers from memory. PCIe transfers consume up to 70% of ML offloading 

execution time, causing the GPU to stall. 

• We present (MC)2 , a memory controller extension that supports a lazy memory copy 

operation. It ensures data appears as copied to the CPU, guaranteeing correctness, 

but avoids the actual copy when data isn’t accessed. Placing this mechanism at the 

memory controller allows it to eliminate the major source of overhead in memcpy 

operations, the memory access overhead of cache misses. (MC)2 achieves 43% faster 

Protobuf processing, up to 78% higher database throughput, and 250× lower latency 

for huge-page copy-on-write faults. 

• We demonstrate POD-Attention, a hybrid GPU attention kernel that combines compute-
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heavy prefill and bandwidth-bound decode requests into a single kernel. Both opera-

tions execute concurrently within the same GPU streaming multiprocessor. This allows 

POD-Attention to hide memory stalls from decode behind concurrent prefill compute, 

accelerating attention by up to 59%, and improving end-to-end inference throughput 

by up to 22% over the state-of-the-art. 

• We present IBP, a lossless GPU-optimized compression algorithm, that exploits low-

entropy, invariant bits present across ML tensors, such as the exponent bits of floating-

point data. IBP stores these bits in a small metadata structure within the GPU mem-

ory (on the order of kilobytes), and removes them to compress the tensors, reducing 

the amount of data moved. IBP accelerates GNN training by 74%, DLRM embedding 

lookups by 180%, and LLM inference by 24% on average. 

All of our code is open source: 

(MC)2: https://github.com/AKKamath/MCSquare-ISCA24 

POD-Attention: https://github.com/microsoft/vattention/tree/main/pod_attn 

IBP: https://github.com/AKKamath/InvariantBitPacking 

POD-Attention has also been integrated into the open-source library FlashInfer [26] and 

is being integrated into the SGLang [27] framework. Both are widely used in production 

LLM deployments, and the work has garnered significant interest from industry. 

1.3 Published works 

• Aditya K Kamath, Simon Peter. 2024. (MC)2: Lazy MemCopy at the Memory 

Controller. In 2024 ACM/IEEE 51st Annual International Symposium on Computer 

Architecture (ISCA ‘24) DOI: 10.1109/ISCA59077.2024.00084 

• Aditya K Kamath, Ramya Prabhu, Jayashree Mohan, Simon Peter, Ramachandran 

Ramjee, Ashish Panwar. 2025. POD-Attention: Unlocking Full Prefill-Decode 

Overlap for Faster LLM Inference. In Proceedings of the 30th ACM International 

https://github.com/AKKamath/MCSquare-ISCA24
https://github.com/microsoft/vattention/tree/main/pod_attn
https://github.com/AKKamath/InvariantBitPacking
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Conference on Architectural Support for Programming Languages and Operating Sys-

tems (ASPLOS ‘25) DOI: 10.1145/3676641.3715996 

• Aditya K Kamath, Arvind Krishnamurthy, Marco Canini, Simon Peter. 2026. Re-

ducing the GPU Memory Bottleneck with Lossless Compression for ML. In 

Proceedings of the 21st ACM European Conference on Computer Systems (EuroSys 

‘26) DOI: 10.1145/3767295.3803595 

1.4 Outline 

This thesis is laid out as follows. Chapter 2 examines how compute has vastly outpaced the 

latency and bandwidth of other interfaces, such as memory and interconnects, and provides 

a background on work done to manage this scaling. Chapter 3 then discusses (MC)2 and 

how it avoids data movement for database and operating systems. Chapter 4 discusses POD-

Attention, which hides data movement by overlapping compute-heavy prefill with bandwidth-

heavy decode to improve LLM throughput and reduce inference latency. Chapter 5 goes over 

IBP, which reduces the amount of data transferred across the PCIe, improving offloading-

based machine learning workloads like GNNs, DLRMs, and LLMs. Chapter 6 then discusses 

future directions for exploration. Finally, Chapter 7 concludes this thesis. 
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Chapter 2 

BACKGROUND AND MOTIVATION 

2.1 The rise of compute 

Historically, computational throughput has been the dominant metric for improvement in 

computer hardware [28, 29]. In the 1990s and early 2000s, gains were largely driven by 

increased frequency scaling. After Dennard scaling [30] ended and multi-core architectures 

emerged, parallelism and scale-out became the source of compute growth. Newer architec-

tures like GPUs and TPUs delivered orders of magnitude more compute through simplified 

execution units and vast parallelism, enabling applications like machine learning or scientific 

simulations to become tractable at scale [31, 32, 33]. 

However, this historic growth in compute comes with a widening gap between processor 

throughput and the rate at which data can be moved through the system. While compute 

throughput scales with transistor density, data movement is constrained by other factors. 

Physical distance between the compute and memory alongside bus widths impact the rate 

at which data can be moved. These constraints scale slowly, leaving structural limitations 

that persist across generations. 

2.2 The throughput chasm 

The term Memory Wall was coined in 1994 to denote the gap between CPU compute and 

DRAM [34]. The term has since become ubiquitous in descriptions of data movement bot-

tlenecks. This wall has not narrowed in the decades since—instead, multiple walls have 

emerged across the layers of a system. 

To concretize the gaps between compute, memory, and interconnects, we examine the 

performance of server-class NVIDIA GPUs and supporting components across generations 



10 

0x
2x
4x
6x
8x

10x
12x
14x
16x
18x
20x

V100 (2017) A100 (2019) H100 (2022) B200 (2024)

Im
pr

ov
em

en
t

GPU generation

GPU TFLOPS GPU BW NVLink BW PCIe BW

Figure 2.1: Improvement in GPU performance across generations [1, 2, 3, 4] 

shown in Figure 2.1. From V100 (2017) to the latest B200 (2024), GPU compute through-

put has increased by 18× over seven years, while on-package GPU memory bandwidth has 

increased only 9×. Inter-device interconnects have scaled even more slowly: NVLink, the 

dominant GPU-to-GPU interconnect, has improved by 6×, and PCIe, the standard CPU-

GPU interconnect, by only 4×. Similar trends have been observed with CPUs as well [8, 7]. 

The result is a layered hierarchy, with each successive layer scaling slower than the layer 

above it. Compute scales the fastest, while memory bandwidth lags. Interconnects compound 

the problem, scaling slower than both. As workload sizes grow, the bottleneck moves to the 

slowest layer that the data has to traverse. The same compute that enables processing larger 

workloads also causes different layers of the hierarchy to manifest as performance constraints. 

Different workloads interact with this hierarchy differently. This thesis looks at three 

specific bottleneck components for multiple workloads: CPU memory, GPU memory, and 

the PCIe interconnect. For each, we design techniques to address the bottleneck for that 

layer, exploiting application characteristics to enable the mitigation. 
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2.3 Existing approaches 

Data movement mitigations have been heavily explored by prior literature. We now briefly 

go over how prior systems have made use of avoiding, hiding and reducing data movement. 

2.3.1 Avoiding 

Avoiding data movement requires identifying movement that isn’t strictly necessary, and 

providing alternative methods that preserve the guarantees provided (e.g., data isolation). 

Zero-copy frameworks provide APIs that reduce or eliminate copies between the OS and 

application memory [35, 36, 37, 38]. Making use of them typically requires rewriting ap-

plication code to call the new APIs. Operating systems like Linux use copy-on-write [39] 

during fork() to avoid copying pages until they are written to, eliminating copies for pages 

that remain unmodified. 

Hardware [40, 41] and software [42, 20, 43] caching are popular methods of avoiding data 

movement: frequently accessed data is identified and kept closer to the processor, avoiding 

repeated transfers. Near-memory-processing (NMP) and processing-in-memory (PIM) are 

gaining prominence, where the compute is moved to the data instead of vice-versa, avoiding 

large data transfers through limited links and exploiting the high internal bandwidth of 

memory modules [44, 45, 46, 47]. 

2.3.2 Hiding 

Hiding overlaps data movement with other concurrent operations (typically compute) so that 

transfer overhead is removed from the critical path. This typically relies on hardware sup-

port for asynchronous data movement. Prefetching loads data before it is needed, allowing 

the access to be overlapped with ongoing operations. This can be done both through hard-

ware [48, 49, 50] as well as software [51, 52, 53, 54]. Asynchronous memory accesses, through 

hardware like Direct Memory Access engines [55], allow data copies to be initiated ahead 

of time, with a synchronization later in the program to ensure the copy completed [56, 57]. 
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Hyperthreading is a form of latency hiding, where memory stalls of one thread are hidden by 

quickly switching execution to a different thread. In the GPU realm, streams and concurrent 

kernel execution are popular ways to manage operation overlap, which provides program-

mers with an explicit way to specify operation dependencies [58]. Compute-communication 

overlap is a popular form of hiding where compute is broken into batches then overlapped 

with network transfers [59, 60, 61]. 

2.3.3 Reducing 

Reducing data movement involves identifying patterns in data that can be exploited to reduce 

the volume of data transferred. For ML, quantization reduces tensor precision (e.g., FP32 to 

FP8) shrinking the volume of data moved at the cost of accuracy [62, 63, 64, 65, 66]. Model 

pruning and sparsification [67, 68] have also been proposed to reduce the volume of data by 

removing low impact weights. For storage and networking, lossless compression has been 

deployed to reduce the amount of data moved across interconnects [69, 70]. In hardware, 

cache compression has been proposed to increase effective cache capacity, reducing the data 

that needs to be fetched from memory [71]. 

2.4 Conclusion 

Historically, computational throughput has outpaced advances in both memory and inter-

connect performance. This leads to a widening gap that creates application bottlenecks at 

different components. Systems and architecture research has tried to manage these bottle-

necks using the techniques of avoiding, hiding, and reducing data movement. Each technique 

takes advantage of specific workload properties that enable them. 
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Chapter 3 

(MC)2: LAZY MEMCOPY AT THE MEMORY CONTROLLER 

This chapter discusses (MC)2 , which uses the avoiding technique for data movement 

mitigation, eliminating memory copies that applications request but do not fully access1 . 

We extend the memory controller to track copies lazily, deferring the copy until either the 

source buffer is written to or the destination buffer is read, allowing us to elide copies to 

cachelines that are not accessed. This addresses the bottleneck caused by cache misses during 

copying, where the CPU is stalled waiting for data from memory. 

Data copying has a significant impact on the execution latency and overhead of modern 

applications. Profiling of Google’s datacenters shows that more than 5% of all CPU cycles are 

consumed by memory copy (memcpy / memmove) operations [72, 73], a substantial overhead 

at that scale. Additionally, waiting for copy completion adds “killer microseconds” [74] to 

application processing which can’t be hidden by classical means like out-of-order processing. 

Most CPU cycles for memcpy are spent stalled, waiting for data from memory. 

Memory access latency is not expected to improve in the future due to the classic “memory 

wall” problem, where technological advances improve clock speeds for CPUs, while memory 

latencies remain largely stagnant [75]. DDR5 improves memory bandwidth by up to 2× over 

DDR4 at the cost of memory access latency [76]. Memory latencies are expected to worsen 

as cloud providers add high capacity memories at the expense of latency [77, 78, 79, 80]. 

The common use case of data copying is for managing temporary buffers. Temporary 

buffers are widely used due to the strong isolation and ownership guarantees that they 

provide. Data that needs to be shared by multiple components of an application can be copied 

into temporary buffers, giving each component its own local copy. These components can 

1This chapter contains text and figures from the original IEEE publication © 2024 IEEE [11]. 
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then access and modify data in the buffer without risk of interference by other components. 

This simplifies program logic, as multiple components of an application do not need to 

synchronize for local buffer access. In many of these cases, the utility is so great that copies 

into temporary buffers are used even if not all of the copied data is modified or even accessed. 

3.1 Motivation 

To concretize our discussion, we look at some cases where data copies provide great utility. 

Serialization. This is an operation where data structures are converted into a format that 

can be easily transferred between processes. For example, Google’s Protobuf [81] is a popular 

library used for language-agnostic serialization. The process of serialization involves taking 

a data structure and converting it into a stream of bytes. For this, a buffer is allocated and 

the data structure is processed and copied into the buffer. The buffer is then sent to another 

process, where it is deserialized, i.e., converted back into data structure form. 

Many works in the field of ML [14, 82, 83] have noted that copy overheads incurred during 

serialization have made multiprocessing in Python infeasible. Prior work [84] proposes an 

accelerator for Protobuf due to high serialization/deserialization overheads, including copies. 

IO buffers. Prior work [38] has noted that IO-intensive applications and the operating 

system IO stack often make several redundant data copies. Applications like MongoDB make 

use of copied buffers to pass data between independent subsystems. These subsystems can 

modify the data for their specific purpose without having to worry about other subsystems 

modifying or freeing the buffer, e.g., one subsystem may log data while another inserts it into 

a hash table. These copies could have been avoided by keeping track of buffer ownership, 

but this involves complicated, fine-grained memory management and book-keeping to ensure 

buffers are not freed or modified before subsystems have finished reading. 

Multi-version concurrency control (MVCC). Traditional methods of isolation in databases 

involve the use of locks to ensure that data being modified is not simultaneously read. How-

ever, in cases of high contention, this leads to high wait times between readers and writers. 

To avoid this, in MVCC [10] databases, writers instead create copies of tables or tuples being 



15 

C
op

y 
ov

er
he

ad

0%

25%

50%

75%

100%

Protobuf MongoDB inserts Cicada writes Fork + COW fault

Figure 3.1: Many uses of copying have significant overhead. © 2024 IEEE 

written to and only modify their local copy. At commit, these copies are integrated into the 

main database. Concurrent readers can read data from the main database without worrying 

about reading partially modified data. However, this comes at the tradeoff that writers may 

end up copying data that ends up not being modified. 

These use cases for temporary buffers exhibit high copy overhead. Figure 3.1 shows the 

copy overhead for four such cases which we obtained by running applications on an Intel 

Skylake server, measuring CPU cycles attributed to memory copy using Linux perf [85]. We 

see that copy overhead in terms of cycles spent in memcpy can be up to 68%. 

Protobuf is a workload from Google’s Fleetbench suite [86] that executes protocol buffer [81] 

operations based on traces from Google’s servers. MongoDB [87] is a popular NoSQL server 

that prior work [38] has shown exhibits redundant copy operations to manage IO buffers. 

Cicada [88] is an MVCC relational database that makes use of copies during write operations 

for transactional isolation. Finally, fork [39] is a common system call used to create a child 

process, which creates a copy of the parent page table, marking all pages as copy-on-write 

(COW). When a page is modified, a page fault is triggered and the page is copied. Fig-

ure 3.1 shows a significant portion of this page fault handling is spent on copying data for 

4KB pages. For 2MB huge pages, this overhead can reach 99%. 

Virtual snapshotting [89, 90] is a technique used by in-memory databases that takes 

advantage of this feature to take consistent snapshots of the database. This is done by 
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launching a new process whenever a snapshot is needed. The new process then has a virtual 

copy of the entire in-memory database. While extremely useful, this technique can have 

high copy overheads in the critical path. For this reason, databases like Redis advocate 

against the use of huge pages [91], despite the performance benefits of huge pages, as the 

copy overhead causes unavoidable latency spikes. 

To break down the sources of this copy overhead, we took a deeper look at different 

perf metrics when running Protobuf, shown in Figure 3.2. Around 25% of the data accesses 

during copying end up missing the cache. These accesses then have to retrieve the data from 

memory. 90% of the time, there is an instruction in the CPU waiting for a memory access 

(Mem miss cycles). These instructions reserve a slot in the CPU’s reorder buffer (ROB), 

that could block further instructions from entering. 60% of the time, the CPU is completely 

stalled (Mem miss stall cycles) as the ROB is full and cannot service further instructions. 

This highlights the source of the copy overheads faced by applications. Copy operations 

issue reads and writes to move data. Data which is cached can be moved quickly, while cache 

misses end up composing the majority of the time that the copy operation takes. To remedy 

this situation, we must focus on improving movement for data being serviced from memory 

during copy operations. 

When we analyzed these applications deeper, we found that in many of these cases only a 

fraction of each copy is accessed, making the remainder of the copy redundant. For example, 
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in Cicada [88], when an attribute of a record is modified, the entire record must be copied 

for transactional isolation, whereas the amount of data being modified may only be a small 

fraction of the record that was copied. 

To alleviate this overhead, our proposal relies on lazy execution of each memory copy. 

Laziness is a common technique used across different domains in computer science. When an 

expensive operation is requested, laziness delays the operation until time of use. For example, 

functional languages [92] use it to allow declaration of infinitely sized data structures that 

consume limited memory—only upon data access are the operations resolved and memory is 

allocated. Operating systems use copy-on-write [39] to avoid performing copies until pages 

are modified. Laziness provides the advantage that penalties are paid only upon use. 

Recent advances in memory and processing logic have allowed compute logic to be placed 

near memory modules, such as within the memory controller [44]. Prior work has taken 

advantage of this to integrate tasks such as encryption [93], data address remapping [94], 

or logging [95] within the memory controller. As all memory accesses are marshaled by the 

memory controller, we believe it is the ideal place to improve data copying mechanisms. 

3.2 Background 

In this section, we shall briefly cover how data copying is performed, as well as look at how 

related systems try to handle this issue. 

3.2.1 CPU architecture 

To understand how the memory system affects copy overhead, we briefly cover the typical 

hardware architecture of a memory system. This system consists of a set of CPU cores, each 

with their own private cache and a shared last-level cache (LLC). The system also contains 

a set of memory modules with memory controllers responsible for issuing operations to these 

modules. An interconnect connects the memory controllers to the CPU cores via the caches. 

For memory read operations, the system first probes the CPU’s private cache and the 

shared LLC to locate the requested data. If unsuccessful, the system transmits the access via 
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the memory interconnect to the appropriate memory controller. This controller then sends 

a request to the memory module and, upon retrieval, forwards the data to the core through 

the caches. In contrast, write operations typically involve a direct write to the cache, with 

the data eventually reaching the memory through subsequent cache evictions. 

In this architecture, the access latency becomes progressively worse as the distance from 

the CPU core increases. The typical range of memory access latencies can span up to 3 orders 

of magnitude, from a few nanoseconds for an L1 cache access to hundreds of nanoseconds for 

DRAM. Reads to the source buffer that miss in the cache have the biggest effect on memcpy 

overhead, stalling the CPU. 

3.2.2 How copies are performed 

Memory copies are used to transfer a given size of data from a source buffer to a destination 

buffer. These buffers do not overlap. There are four principal operations involved: load, 

store, test, and loop. The load fetches data from the source buffer, and the store places 

it into the destination buffer. The test operation checks whether the current copied size 

matches the provided size. If not, the loop operation restarts the process for the next 

iteration. SIMD instructions are leveraged if available [96, 97] until the entire buffer has 

been transferred. While modern CPUs support out-of-order and speculative execution which 

extract parallelism across iterations of copying, other work [98] has found that this is limited. 

As the number of copy iterations increases, the reorder buffer quickly fills, forcing further 

iterations to wait. This brings memory access latencies into the critical path for the copy. 

3.2.3 Related work 

A variety of techniques have been proposed in literature to reduce this overhead. The closest 

line of work proposes a memcpy accelerator within the cache [99, 100, 101, 102]. This 

accelerator adds a mapping table within the cache that remaps destination buffer requests 

to the source buffer. However, the performance of this accelerator is contingent on the source 

data being present in the cache. Otherwise, it is still fetched from memory. A tangential line 
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of work explores in-DRAM copying [45, 103, 104]. These take advantage of high-bandwidth 

internal links present in DRAM to perform copy operations fully within the DRAM module, 

without needing to move data across the memory interconnect. These proposals require the 

source and destination buffers to be present within the same DRAM module. 

Alternative proposals present copy engines to improve bandwidth and reduce CPU data 

movement overhead [105, 57, 98, 106, 55, 107]. However, many of these have high initial-

ization overhead, making them impractical for kilobyte-sized copies. We also view these 

proposals as addressing an orthogonal problem to ours. (MC)2 avoids unnecessary data 

movement, removing copy overheads from the critical path. 

Many proposals target copy overheads in specific application domains. Demikernel [108] 

adds zero-copy APIs to IO stacks, along with programming-language-based object ownership 

tracking features. Several works target reducing copy overheads during serialization [36, 84, 

109, 35]. zIO [38] eliminates redundant memory copies present in IO-based application and 

OS operations. Contrary to these, we seek to provide a general-purpose solution that can be 

applied across different application domains. 

3.3 (MC)2: Lazy Memcopy at the Memory Controller 

We propose performing Memory Copies lazily at the Memory Controller, i.e., (MC)2 . (MC)2 

augments the memory controller to allow programmers to issue a lazy memcpy operation on 

a source and destination buffer. When any CPU or cache writes to the source buffer or reads 

from the destination buffer, the memory controller performs the copy lazily. At all times, 

data appears to the program as if it had been copied eagerly. (MC)2 allows applications to 

avoid the latency of copying in the critical path while only exhibiting overheads for copied 

data that ends up accessed. (MC)2 also provides the CPU further opportunities to hide copy 

latencies through prefetching, accelerating copies even in cases where most data is accessed. 

In this way, (MC)2 also demonstrates the hiding mitigation technique, overlapping the data 

copy with concurrent CPU computation. 

(MC)2’s primary goal is to eliminate copy overheads in the critical path, while ensuring 
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data consistency. Figure 3.3 contains all the modifications and features (MC)2 introduces to 

accomplish these goals. The left side shows the additions we make to the memory controller 

(shown in purple), while the right side shows the two new ISA instructions we introduce 

along with the software support that we provide. We refer to a copy that the processor has 

requested, but not yet serviced, as a prospective copy. We use the term lazy copy to refer 

to the process of finally moving the data from source to destination, triggered on an access 

that requires the copy be performed. 

We now cover the hardware changes for (MC)2 , look at its software interface, then look 

at how memcpy operations are transparently replaced with their lazy alternative. 

3.3.1 Memory controller design 

We start by making changes to the memory controller (MC) to support lazy copies. 

3.3.1.1 Copy tracking table (CTT) 

We add a copy tracking table (CTT) to each MC that tracks prospective copies. The 

CTT is an SRAM-based module that performs lookups using the physical address of a 

memory access. These lookups are in parallel with the memory access, avoiding overheads 
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on the critical path. The CTT ensures that reads to destination buffers are correctly routed 

(bounced) to corresponding source buffers. The source and destination buffers may span 

multiple memory modules, so we ensure that CTTs across MCs are consistent. This is done by 

snooping the interconnect for broadcast messages informing the MCs of table modifications. 

Table entries. Each entry in the CTT occupies 16 bytes consisting of a 52-bit source 

physical address, 52-bit destination physical address, 21-bit size, an active bit (as shown in 

Figure 3.3) and 2 unused bits. Addresses are tracked with 52 bits as this is the upper limit 

of physical address sizes that most systems support [110, 111]. A 21-bit size allows a single 

entry in the CTT to track a lazy copy of up to 2MB, the size of a huge page. Many copied 

buffers do not exceed this size. Further, memory fragmentation causes larger physically 

contiguous regions to be rare [112], making larger tracking granularities unnecessary. 

Table logic. The CTT contains logic to ensure that tracked destination buffers do not 

overlap. Specifically, if an existing entry contains (part of) a destination buffer that a new 

operation is inserting, the existing entry is removed (or resized) so that the new and existing 

entries’ destination buffers do not overlap. This corresponds to the case where data is copied 

to a buffer and then new data is copied to the same buffer. Every destination buffer thus 

has a unique source buffer. 

In addition, when a new entry is inserted into the CTT, we check whether any part of 

the source buffer of the new entry was a destination buffer in an existing entry. If so, we 

split the new entry, with the overlapping part using the source buffer of the existing entry. 

For example, a lazy copy operation is initiated with buffer A being copied to buffer B (copy 

1), then buffer B being copied to buffer C (copy 2). The entry in the CTT for copy 2 will 

show A being copied to C. This avoids chains of copies, simplifying dependence tracking. 

The CTT merges multiple lazy memcpy operations to a single entry when it finds copies 

with contiguous source and destination buffers. This occurs when multiple copies are to 

logically separate entities within the same buffer, e.g., element-by-element copies of an array. 

Required table storage. We allocate 2,048 entries in each CTT to allow it to track a 

large number of active copies. The CTT access latency is negligible compared to the DRAM 
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access latency, avoiding overheads in the critical path. Altogether, the CTT uses 2,048×16B 

or 32KB of SRAM. 

Avoiding CTT overflow. If the CPU continuously issues lazy copy operations, the CTT 

can fill up. To avoid this, copies are performed by the MC asynchronously, with entries freed 

on copy completion. The tradeoff is that asynchronous copies lead to increased memory 

bandwidth utilization and reduce the potential of avoiding redundant copies. Conversely, 

waiting until the CTT is full before copying causes CPU stalls as it waits for free entries. 

To strike a balance, (MC)2 starts copying when the CTT becomes 50% full. For this, the 

MC identifies entries with the smallest size and creates read requests for their source buffers. 

Once the read is complete, the data is written to the destination buffer and the entry is then 

removed from the table. For large servers capable of issuing sizeable bursts of copies, the 

CTT frees multiple entries in parallel, leveraging the increased bandwidth of these servers. 

This requires only a few bytes for counters to keep track of the number of entries being freed. 

3.3.2 Bounce pending queue (BPQ) 

Before data in the source buffer can be modified, we must first ensure that data is copied 

to the destination buffer(s) for correctness. To manage pending writes to source buffers, we 

extend each MC’s existing write pending queue with a bounce pending queue (BPQ). The 

BPQ holds the cacheline(s) containing a corresponding write to a source buffer while the 

lazy copy to destination is performed. If the number of writes to source buffers exceeds the 

BPQ size, further writes are stalled by the MC, creating back-pressure on the caches. We 

find that a small BPQ of 8 entries was sufficient to absorb bursts of source buffer writes. 

3.3.3 (MC)2 functionality 

We now look at how (MC)2 interacts with the CPU and memory system and how data 

consistency is preserved while lazily copying. 

Requesting a prospective memcpy involves 3 main steps, shown in Figure 3.4. The source 

buffer is shown in maroon and the destination buffer is shown in purple. 
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1 The CPU issues MCLAZY, creating a packet containing the source buffer address, 

destination buffer address, and copy size. It sends this packet to the caches. 

2 Once the packet reaches the caches it triggers writebacks for all the cachelines con-

tained in the source buffer, and invalidates the cachelines contained in the destination buffer. 

The caches’ FIFO write buffer ensures that the writebacks reach the MC before the MCLAZY 

packet. This guarantees that further MC-observed writes were issued after the lazy copy op-

eration, necessary for memory consistency. 

3 The packet is then broadcast across the memory interconnect, and all the MCs insert 

a new entry containing the details of the lazy copy into the CTT. 

3.3.3.1 Memory accesses 

The CTT is consulted for every MC-observed memory access. If the memory access is to 

one of the tracked source or destination buffers, (MC)2 needs to handle it. There are four 

such types of memory accesses. Namely, reads from destination, reads from source, writes 

to destination, and writes to source buffers. We discuss each one in detail. 

Read from source. As these accesses do not modify data and the source is up-to-date in 
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memory, they proceed without interference. 

Write to destination. If a write to a destination buffer reaches the MC, we no longer 

need to track it in the CTT, as the memory will now contain fresh data. The MC removes 

the entry from the CTT (or splits the entry if it spans multiple cachelines). It broadcasts a 

message on the interconnect for the other MCs to update their CTTs. 

Read from destination. As this accesses a prospective copy, the data in the destination 

buffer in memory is stale. Retrieving the correct data involves 3 steps, shown in Figure 3.5: 

1 The MC fetches the appropriate source buffer address corresponding to the destination 

address from the CTT. 

2 It bounces the request, which involves redirecting the request to the MC containing 

the source, in case the source is within another memory controller. This MC then reads the 

respective source cacheline from memory, storing the data in the destination response. 

3 This packet is sent back to the core as if it was read from the destination. As we now 

have the up-to-date version of the destination cacheline, a copy of this packet is also sent as 

a write to the MC containing the destination buffer, eventually removing the corresponding 

entry from the CTT. This prevents future accesses to the same cacheline from experiencing 
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further overheads from bouncing. 

Write to source. If a write to a source buffer cacheline reaches the MC, we need to execute 

a lazy copy. To do so, the write is first held in the BPQ and a read to the same source 

cacheline is generated and sent to memory. Once the source cacheline is obtained from 

memory, the MC generates packets for each destination cacheline that has a prospective 

copy with the source. The data read from the source cacheline is copied into these packets. 

The completed destination cachelines are then written to memory and corresponding CTT 

entries are removed (or resized). Once complete, the BPQ entries are written to memory. 

Unaligned copies. If source and destination copy buffers are not cacheline-aligned with 

each other, a lazy copy to a destination cacheline may require data from multiple source 

cachelines. This results in multiple bounces to fetch the entire destination cacheline. For 

example, if a prospective copy was from physical address 100 (source) to address 512 (des-

tination), we require two bounces to reconstruct the destination; the first access to address 

[64 - 127] and the second to [128 - 191], which may lie in separate memory modules. 

Reducing bandwidth contention. When a destination buffer is read, a copy of the 

reconstructed cacheline is sent as a write to memory. To avoid contending on memory 

bandwidth, if the WPQ of the destination MC is more than 75% full, it rejects the write 

to prioritize the memory bandwidth for accesses from the caches. Otherwise, it writes the 

destination to memory and removes (or resizes) the corresponding CTT entry. Further reads 

to this destination cacheline are serviced from memory as normal. 

3.3.4 ISA design 

We provide two new instructions for programmers to take advantage of lazy memcpy, shown 

on the right in Figure 3.3. 

Lazy copy. MCLAZY enables the lazy memcpy. It takes three register operands. The first 

register contains the virtual address of the destination buffer, the second register contains 

the virtual address of the source buffer, while the last register contains the lazy memcpy 

size. The destination buffer cachelines encompassed by the operation are invalidated while 
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the source buffer cachelines are written back from the cache. 

Alignment requirements. The destination address must be cacheline-aligned and the 

value contained in Rsize must be a multiple of the cacheline size. This simplifies the MC 

logic, as destination cachelines are guaranteed to be lazily copied in their entirety, and avoids 

partial cacheline invalidations for the destination buffer. We shall see how a software wrapper 

hides these requirements. 

The source and destination must each be contiguous in physical memory. For user-space 

applications with buffers spanning multiple pages, the instruction must be called separately 

for each page. The instruction requires at most two address translations, one for the source 

and one for the destination. 

Instruction parallelism. MCLAZY exhibits memory consistency similar to CLFLUSHOPT and 

CLWB [113]. This means that separate invocations of the instruction proceed in parallel, 

without serialization required for stores in the x86-TSO memory model [114]. To enforce 

ordering with future operations, an MFENCE or SFENCE operation must be called. 

Freeing. Finally, we provide an MCFREE operation that takes two operands: an address 

register and a size register. MCFREE sends a hint to the MC that the buffer defined by the 

address and size registers is no longer useful and can be freed. The MC can remove all 

entries in the CTT where the destination buffer is contained in the freed buffer. Data in 

the freed buffer needs to be reinitialized before reuse, i.e., a read operation to a freed buffer 

following an MCFREE call is undefined. This instruction can be called within functions like 

munmap where the buffer is guaranteed to no longer be used. 

3.3.5 Software design 

C/C++ function. To remove constraints on the programmer, we provide a C/C++ library 

function memcpy_lazy that has the same semantics as a standard memcpy call. Internally, 

this function calls MCLAZY for each page in the buffers and ensures that the destination is 

cacheline-aligned. 

The pseudocode for this function is shown in Figure 3.6. Here, CL_SIZE refers to the 



27 

1 def memcpy_lazy(dest, src, size): 
2 # Cacheline align dest 
3 left_fringe = ALIGN_REM(dest, CL_SIZE) 
4 memcpy(dest, src, left_fringe) 
5 dest += left_fringe 
6 src += left_fringe 
7 size -= left_fringe 
8 while size > 0: 
9 # Calculate remaining size in page 

10 src_off = ALIGN_REM(src, PAGE_SIZE) 
11 dest_off = ALIGN_REM(dest, PAGE_SIZE) 
12 # Pick minimum size left as lazy copy size 
13 copy_size = min(min(src_off, dest_off), size) 
14 if copy_size < CL_SIZE: 
15 memcpy(dest, src, copy_size) 
16 else: 
17 # Make copy_size a multiple of CL_SIZE 
18 copy_size &= ~(CL_SIZE - 1) 
19 MCLAZY(dest, src, copy_size) 
20 dest += copy_size 
21 src += copy_size 
22 size -= copy_size 
23 mfence() 

Figure 3.6: Lazy memcpy function pseudocode. 

cacheline size, while the macro ALIGN_REM returns the number of bytes required to align 

a given address to a given alignment size. First, we identify the number of bytes needed to 

be added to the dest address to cacheline-align it (line 3). We then copy these bytes from 

the source to destination (line 4). The destination is now cacheline aligned. We then identify 

the number of bytes remaining in the source and destination pages (lines 10 - 11) and pick 

the smaller one (line 13). This ensures that the copy is being performed on a single page 

for both the source and destination. If this is smaller than the cacheline size, we manually 

memcpy it (line 15). Otherwise, we make the copy size a multiple of the cacheline size and 

call MCLAZY for it (lines 18 - 19). We then repeat the process until the entire copy is complete. 

We finally issue an mfence call to order the prospective copies with future memory accesses 

(line 23). The read and write operations of a standard memcpy are replaced by a MCLAZY call 

per copied buffer page, enabling our lazy memcpy goal. 

Memcpy interposition. We provide an additional interposer library (copy_interpose.so) 

that converts memcpy calls to lazy memcpy calls for legacy applications. This removes the 

https://copy_interpose.so
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need to rewrite code to take advantage of (MC)2 . 

3.3.6 Data protection and correctness 

We now look at (MC)2’s data protection and correctness guarantees. For concreteness, we 

assume the x86 CPU architecture and x86-TSO memory model [114], although (MC)2 may 

be applied to other models with minor modifications. 

Protection. As (MC)2 deals with only physical addresses, regular address translation 

occurs within the CPU where page protection bits are checked. If a process tries to copy 

data it does not have access to, the MMU raises a page fault. On unmapping pages, the 

operating systems zeroes out the newly freed pages before providing them to new processes. 
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This reaches the MC as writes, removing entries from the CTT—avoiding data leaks from 

occurring between processes. This ensures that (MC)2 does not expose data protection risks. 

Memory consistency. (MC)2 must ensure that reads and writes to source and destina-

tion buffers preserve memory consistency. In (MC)2 , each destination cacheline behaves 

independently. This destination cacheline is a prospective copy of a single source cacheline 

if they are cacheline-aligned. In cases of misalignment, the destination is split across two 

source cachelines. To examine the interaction of memory accesses with (MC)2 , we use a 

state transition diagram (Figure 3.7). States 1 - 4 cover the transitions for when source 

and destination are cacheline-aligned. When misaligned, we have additional states 5 - 6 . 

Assume that S1, S2 and D are each cachelines, with S1 and S2 being contiguous physical 

addresses. Part of S1 and S2 are prospective copies to the destination cacheline D, meaning 

part of D’s data lies in S1 and part in S2, as seen in the top of Figure 3.7. Note that S1, 

S2, and D may all lie in different memory modules. The different states in the transition 

diagram show the different possible states of the BPQ and CTT. State transitions are caused 

by memory accesses from the CPU [in black] or (MC)2 [in red]. To understand how (MC)2 

guarantees memory consistency, we shall now go through each state of the diagram and 

analyze all the interactions and transitions to see how the system reacts in each case. 

1 We start with an empty CTT and BPQ. In this state, (MC)2 has no impact. On receiving 

a prospective copy, we transition to state 

2 In this state, the CTT contains an entry noting that S1 and S2 have been lazily copied to 

D. Writing to D removes the entry from the CTT and transitions us back to state 1 , while 

reading S1 or S2 has no impact. Performing another prospective copy with destination D 

retains us in the same state, with the CTT entry being modified to contain the new source(s). 

On writing to either S1 or S2 (denoted by Si), we move to state 3 , where the write is kept 

in the BPQ. 

This is a transitional state, where a bounce packet is generated which reads S1 and S2 

from memory (and not the BPQ) and then writes to cacheline D. On completion of the 

write, we move to state 4 , denoted by the “Bounce D” transition. A similar transition 

2 . 

3 
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occurs when the CPU directly writes to D. Reads and writes to Si issued by the CPU are 

merged and serviced directly from the BPQ. On a write to Sj (j != i) we move to state 

4 This is also a transitional state. D is removed from the CTT as its data has been retrieved 

and written to memory, i.e., the lazy memcpy is complete. Reads and writes to D are serviced 

normally by the memory as the CTT does not contain an entry for it. The BPQ writes Si to 

memory to move back to stable state 1 . If Si is a common source for multiple prospective 

copy destinations, e.g., D1, D2, D3..., the BPQ must wait until all entries with Si as source 

are removed from the CTT before writing Si to memory. 

5 This is also a transitional state, where both S1 and S2 are kept in the BPQ (denoted by 

Si and Sj). Similar to state 3 , all reads and writes to S1 and S2 from the CPU are serviced 

by the BPQ, while the bounce packet for D reads directly from memory. Writing to D or 

completion of the bounce operation moves us to state 

6 Similar to state 4 , D is removed from the CTT. S1 and S2 are written back to memory 

to move back to state 1 . It may occur that S1 and S2 lie in different memory modules 

operated by different MCs, with both independently generating identical bounce requests for 

D. One may complete, while the other is still pending. For this, bounce requests for D are 

dropped on reaching this state. 

In all the transitional states where the BPQ contains either S1 or S2 ( 3 - 6 ), prospective 

copies involving S1 or S2 are stalled until S1 and S2 have been written back to memory. 

3.4 Evaluation methodology 

We simulate the performance of (MC)2 by extending GEM5-v22.1 [115], a cycle-level CPU 

simulator. Table 3.1 gives the configuration details of our simulation. Our system resembles 

a scaled-down server node. 

We also used CACTI 7.0 [116], a tool that calculates cache specifications based on pro-

vided parameters, to obtain the CTT access latency and area. For our configuration, with a 

22 nm transistor size, we find that the CTT area is 0.14 mm2 which is negligible compared 

to I/O die areas of 100 mm2 [117]. The bank leakage power is 33.8 mW. The CTT latency is 

5 . 

6 . 
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Table 3.1: Simulated configuration. © 2024 IEEE 

Hardware 

CPUs 8 Clock speed 4 GHz 

Private L1 cache 

64 KB/CPU, 
Stride 

prefetcher 

Shared L2 cache 
2 MB, Stride 

prefetcher 

DRAM size 3 GB DRAM channels 2 

DRAM config. DDR4 BPQ size 8 entries 

CTT entries 2,048 CTT latency 0.79 ns 

Software 

OS kernel Linux 5.7.0 Distribution Ubuntu 20.04 

0.79 ns, significantly lower than typical DRAM access latencies (15 - 90 ns [76]). The CTT 

latency is incurred when the destination of a prospective copy is read. The entry in the CTT 

is looked up and the ongoing access is preempted, incurring the CTT latency. The packet is 

then bounced towards the source. 

Throughout our evaluation we make use of our C wrapper function memcpy_lazy. To 

accurately model the performance of cacheline writebacks required by MCLAZY, this function 

calls the CLWB instruction [113] for each cacheline that needs to be written back. It also 

cacheline-aligns the provided destination, calling memcpy for unaligned fringes. 

Baselines. We compare our approach to a baseline memcpy operation. We also compare 

against zIO [38], a state-of-the-art approach for OS-assisted zero-copy IO. zIO elides memcpy 

operations and tracks the copies in a skiplist. The page table entries are marked as copy-

on-access using userfaultfd [118]. On a page fault, zIO allocates physical memory for the 

destination buffer and performs the copy. We modify zIO to perform elision on all memcpy 

calls instead of just IO-based copies. 

3.5 Evaluation 

We evaluate (MC)2 and tease out the performance implications of the lazy memcpy tech-

nique through a set of microbenchmarks. We then look at the full-system performance of 
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(MC)2 through benchmarks and applications consisting of Google’s Protobuf, MongoDB, 

and Cicada. We also analyze the impact of (MC)2 on Linux huge page faults. We conclude 

by examining (MC)2’s sensitivity to different configuration parameters. 

Our evaluation answers the following questions: 

1. How much lower is (MC)2’s copy overhead in the critical path? (§3.5.1) 

2. What is the impact of lazily copying data upon access? (§3.5.2) 

3. What benefit does (MC)2 provide to applications? (§3.5.3) 

3.5.1 Copy latency 

We examine copy latency of (MC)2 by performing memcpy operations on various sizes of 

data regions prefaulted into memory. 

Figure 3.8 shows the latency for zIO memcpy elision and (MC)2 lazy memcpy compared 

to a baseline of native memcpy (lower is better). (MC)2 enables cacheline-sized lazy copies, 

with speedups for copies 1KB and larger. It has a significantly lower overhead than zIO for 

smaller copies, and is 55% to 11× faster than memcpy for copies of a kilobyte and larger. As 

zIO relies on page table copy-on-access for elision, it requires copy sizes of at least a page to 

be able to perform elision. The overhead of unmapping pages and issuing TLB shootdowns 

ends up degrading performance for smaller copy sizes, with zIO performing worse than native 

memcpy for 16KB copies. zIO’s cost becomes justified for copy sizes of 64KB or larger, with 

a speedup of 23× over memcpy at 4MB. Despite this, we shall see that when the destination 

buffer is accessed, zIO suffers mis-speculation penalties, degrading the overall performance. 

We also analyze the performance of memcpy when the source buffer has already been 

touched before the operation, leading to data being cached (Touched memcpy). This is the 

best possible performance, as the buffer is already in the cache if it fits. We see that this 

outperforms (MC)2 for smaller sizes, however, for 16KB and above (MC)2 is able to provide 
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Figure 3.8: Copy latency for native memcpy, zIO and (MC)2 . © 2024 IEEE 

a similar memcpy latency. This shows that (MC)2 can be used to provide copy latencies 

similar to cached copies, regardless of whether the data is present in the cache. 

(MC)2 lazily copies data when either the destination buffer is read or the source is 

written. This can lead to overheads in the critical path when the destination is read. We 

analyzed this alongside optimizations and hardware features that reduce this impact. 

3.5.2 Data access latency 

In Figure 3.9 we measure the time taken to copy a 4MB buffer, followed by reading the 

destination sequentially. This imitates a streaming access pattern frequently found in work-

loads like serialization. Recall that (MC)2 causes reads to the destination to bounce. We 

misaligned the data so that this bouncing has the highest penalty of two bounces. 

Initially, zIO is 70% faster than (MC)2 when no data is accessed. However, as the buffer 

gets accessed, this flips, as zIO is forced to handle page faults due to its copy-on-access 

mechanism for copy elision. When at least half of the dataset is accessed, zIO’s overhead 

causes it to perform worse than memcpy. Conversely, (MC)2 always outperforms native 

memcpy, with a worst case of 80% of the runtime of memcpy. 
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Figure 3.9: Normalized runtime for sequential accesses of destination buffer. © 2024 IEEE 

Hardware prefetchers are able to predict the sequential access pattern, generating accesses 

to the destination before the CPU requests them. This hides the latency of bouncing, 

which enables the speedup of (MC)2 relative to memcpy. When the hardware prefetcher is 

turned off, we see (MC)2 performs up to 21% worse than memcpy. This is how (MC)2 also 

demonstrates the hiding mitigation for data movement. 

For random accesses, we perform a pointer-chasing experiment, whose results are shown 

in Figure 3.10. zIO suffers frequent page faults, peaking with 2.1× runtime at 12.5% of buffer 

access. When more of the previously faulted pages are re-accessed, this overhead starts to 

reduce to 1.3× that of memcpy. 

On the other hand, (MC)2 has only 92% of the runtime of memcpy, as accessing a 

destination cacheline for the first time causes the copy to be performed, but on every further 

access to the same cacheline, the access proceeds as normal. If the buffers were cacheline-

aligned, then (MC)2 performs at a worst case runtime of 88% of memcpy. 

3.5.3 Application workload evaluation 

We now look at how (MC)2 performs on real application workloads. 
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Google Protobuf. To evaluate the effectiveness of (MC)2 on a practical workload, we ran 

the Protobuf workload provided in the Google Fleetbench [86] benchmark suite. Fleetbench 

consists of workloads dedicated to common “hot” library functions using traces obtained 

from production servers. Google’s Protobuf library [81], which provides a language-agnostic 

framework for data serialization, is a major workload in Fleetbench. The Protobuf workload 

calls different Protobuf functions with message sizes obtained from server traces. We accel-

Runtime (ms)
0 20 40 60 80

Baseline zIO (MC)^2

Figure 3.11: Runtime of Protobuf. © 2024 IEEE 
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Figure 3.12: MongoDB average insertion latency. © 2024 IEEE 

erate this workload with (MC)2 using the library interposer to redirect memcpy calls 1KB 

and larger to our lazy_memcpy function. 

In Figure 3.11 we see the runtime obtained for the baseline Protobuf workload compared 

to the runtimes of the workload with zIO and (MC)2 . We find that all memcpy operations 

were below page size preventing zIO from performing any elision. (MC)2 provides 43% 

speedup over memcpy by eliding the copies during serialization that do not end up accessed. 

MongoDB. We examine (MC)2’s effectiveness in avoiding redundant copies in IO buffers 

by running MongoDB [87] with (MC)2 and zIO’s MongoDB copy elision interposer [119]. We 

replicate the experiment performed by Stamler et. al. [38], where a client runs the YCSB [120] 

load phase with 100KB fields and 10 fields per insertion. The load phase performs 100% 

inserts in a uniform random distribution. We scale down the number of insertions to 50 

to make the simulation time feasible. We run this workload 3 times and report the average 

insertion latency in Figure 3.12. (MC)2 speeds up insertions by 15.5%, while zIO slows down 

insertions by 9.7% due to frequent accesses to copied data. 

For large copy sizes, zIO is supposed to provide better copy latencies than (MC)2 (§3.5.1). 

Despite this, (MC)2 provides better performance than zIO as it does not have the page fault 

penalties that zIO experiences when prospective copies are accessed. MongoDB copies data 

into an in-memory B-tree used for indexing and into a log during transaction commit. During 
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Figure 3.13: Read-modify-write MVCC database throughput. © 2024 IEEE 

this process, it accesses copied data. For zIO, this triggers a page fault, forcing it to perform 

a copy on the accessed page, which (MC)2 avoids. 

Multi-version concurrency control. Multi-version concurrency control (MVCC) [10] is 

a popular database transactional consistency technique. With MVCC, write transactions 

that modify data first create a local copy of the tuples being modified. Only the local copies 

are modified, creating a new version of the data upon commit. These new versions are 

hooked back into the main database, discarding the old data. This allows concurrent read 

transactions to read consistent data from the main database without requiring locks. 

Transactions often only update a small portion of a tuple, incurring unnecessary copy 

overhead. For example, TPC-C, an industry-standard OLTP benchmark, has frequent op-

erations that update a single tuple attribute (e.g., decrementing the quantity of stock of an 

item [121]) which updates only 1–2% of the tuple. Tracking at a sub-tuple granularity drasti-

cally increases the complexity of version management and is thus avoided by databases [10]. 

(MC)2 allows MVCC databases to utilize tuple-wise copying, while paying the copy 

penalty only for the portions updated. To demonstrate this, we enhance the Cicada MVCC 

database [88] with (MC)2 . We perform repeated operations on a table with 8KB-sized 

rows, modifying different fractions of the tuples and measuring throughput. The operations 

are split in a 50:50 ratio between reads and updates, typical of write-intensive database 

workloads [120]. We ran this experiment with one and eight threads performing transactions 

to analyze performance when latency-bound and bandwidth-bound respectively. 
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Figure 3.14: Write-only MVCC database throughput. © 2024 IEEE 

Figure 3.13 shows the transaction throughput of baseline Cicada compared to (MC)2 

when the updates are read-modify-write (RMW) operations. The baseline reads data from 

memory during memcpy then performs the RMW locally in the cache. (MC)2 avoids the 

memory read during memcpy, and only reads from memory the fraction of data being up-

dated during the RMW operation. For updates that modify less than 25% of the tuple, 

(MC)2 provides up to 78% higher throughput. For higher fraction of updates with one 

thread, the memory read penalty of (MC)2 outpaces the copy speedup. With eight threads 

the transactions are memory bandwidth-bound, and as (MC)2 reduces memory accesses it 

consistently provides performance improvement for update fractions less than 100%. 

Figure 3.14 shows the transaction throughput when the update operations are write-only. 

The throughput mimics that of RMW because cache write misses issue read-for-ownership 

(RFO) [113] that reads data from memory before writing to the cache, incurring (MC)2’s 

read penalty. If the store operations are replaced by non-temporal stores [113] (uncached 

stores that avoid RFO), we see that (MC)2 provides a higher throughput with one thread 

than the baseline for all write fractions. Similar to the previous case, for 8 threads the 

application becomes memory bandwidth bound, leading to performance improvements until 

the entire tuple is modified. We were unable to compare to zIO as Cicada allocates memory 

using MAP_SHARED, which zIO does not support. 

Concurrent snapshots with huge pages. In-memory databases make use of virtual 

memory snapshotting [89] to take concurrent database snapshots. They leverage the fork 
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system call to create a virtual memory snapshot in a child process. To minimize overhead, 

fork does not copy memory to create the snapshot. Instead, the parent and child map the 

same memory as copy-on-write, copying memory pages lazily on writes [39]. 

With their large datasets, in-memory databases would like to use huge page mappings to 

minimize TLB misses. However, despite the use of huge pages reducing the direct overhead 

of fork by over an order of magnitude due to smaller copied page tables [122], huge page 

copy-on-write faults require larger 2MB copies, causing significant latency spikes. For this 

reason, many in-memory databases advise against huge pages [91, 123]. 

To demonstrate how (MC)2 can mitigate this issue, we modify the Linux kernel’s huge 

page copy function to use MCLAZY instead of copying the huge page immediately. We run 

a program that initializes a 64MB memory region using huge pages, calls fork, and then 

updates random 8-byte elements in the 64MB region. We measure the latency of each update 

using the RDTSC [113] instruction. 

Figure 3.15 shows the latencies of the first 100 accesses, where Native is the unmodified 

Linux kernel, and (MC)2 uses our modified kernel. The native kernel experiences latency 

spikes up to 455× during page faults. (MC)2 experiences spikes at most 2× with worst-case 
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latencies 250× lower than native. This demonstrates how (MC)2 reduces latency spikes 

caused by huge page copy-on-write faults by over two orders of magnitude, while retaining 

the benefits of huge page mappings. 

3.6 Performance tradeoff discussion 

While (MC)2 provides the same semantics as the standard memcpy and aims to accelerate 

it, there are performance tradeoffs. We discuss them in this section. 

Cached source buffers may harm performance. When the source buffer is already 

present in the cache, the overhead of copying is low as the CPU fetches data from the cache 

instead of memory. Replacing these copies with (MC)2 could harm performance. Despite 

this, we saw in subsection 3.5.1 that the latency of (MC)2 is not significantly worse than a 

cached copy in most cases. 

Reduced cache pollution. Cache pollution is a common problem associated with buffer 

copies [124, 55], where the destination of the copy is not immediately accessed after the copy. 

As (MC)2 explicitly invalidates destination buffers from the cache, it avoids this problem. 

Copy-and-access may harm performance. If a destination buffer is immediately ac-

cessed after a prospective copy, (MC)2 could reduce performance, as the destination buffer’s 

cache lines have been invalidated. We saw in section 3.5 that prefetching eliminates this 

performance impact in many cases. 

Memory footprint. Prior work, such as zIO [38], performed copy elision by unmapping des-

tination pages and marking them copy-on-access, reducing the memory footprint for copies 

with unaccessed destination buffers. (MC)2 does not reduce memory footprint, as both 

source and destination buffers must be physically allocated by the OS before lazy copying. 

This allows (MC)2 to remain transparent to the OS and support lazy copies at sub-page 

granularity, avoiding hardware interrupts and page faults on access to destination buffers. 

For an application like Protobuf, we found that zIO provided no memory footprint reduction 

due to sub-page sized copies. For MongoDB, we found only a modest 6 – 8% reduction in 

memory, caused by copied data frequently being accessed. 
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3.7 Conclusion 

(MC)2 embodies the avoiding data movement mitigation technique by supporting a lazy 

copy operation that avoids overheads for copied data that is not accessed, providing benefits 

across a variety of applications. We place (MC)2 at the memory controller allowing it 

visibility into all memory accesses that miss the caches—typically the largest source of copy 

overhead. We demonstrate improvements across a diverse set of workloads such as Protobuf, 

MongoDB insertions, Cicada writes, and huge page copy-on-write faults. In the next chapter 

we shall discuss POD-Attention, which addresses the GPU memory bandwidth bottleneck 

during LLM inference through a different method: hiding memory access overheads behind 

concurrent computation. 
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Chapter 4 

POD-ATTENTION: UNLOCKING FULL PREFILL-DECODE 
OVERLAP FOR FASTER LLM INFERENCE 

In this chapter we discuss POD-Attention, which demonstrates the hiding technique by 

overlapping compute-bound and memory-bound phases of LLM inference. We apply SM-

aware CTA scheduling, which guarantees that the two operations are co-located within each 

GPU streaming multiprocessor (SM). This ensures that both the compute and memory units 

present within each SM get utilized concurrently by the two complementary phases. 

The infrastructure for serving large language models (LLMs) is ever-expanding to meet 

growing demands [125, 126]. Large-scale service providers depend on expensive high-end 

GPUs to meet peak demand or latency targets [127]. Optimizing LLM serving systems has 

become crucial [128, 129, 130, 131, 58, 132, 133], with the overall efficiency of a deployment 

being dependent on how well GPU resources are utilized. 

From a resource utilization perspective, LLM inference is challenging because different 

phases require different resources at different times [19, 130, 58, 134]. LLM inference involves 

two distinct phases: (1) prefill, where the LLM takes the user input and processes it, and (2) 

decode, where the model generates outputs token-by-token. A major overhead of inference 

is attention [135, 13, 136], which is used to weigh the relative importance of the tokens. 

Prefill attention operates on large input matrices and is compute-bound. Decode generates 

individual tokens, converted to vectors or small matrices, with minimal data reuse [137] and 

is thus memory bandwidth-bound. Serving LLMs efficiently requires both high compute and 

high memory bandwidth. An ideal system would strive to maximize the utilization of both 

compute and memory. However, doing so is non-trivial because for a given request, the prefill 

and decode phases occur at different times. 
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Figure 4.1: State-of-the-art FlashAttention kernels utilize either compute or memory (Model: 
Llama-3-8B on 2 A100 GPUs). 

Modern LLM inference systems make use of hybrid batching [130], which combine prefills 

and decodes of different requests into mixed batches to improve the overall throughput by 

reusing the same model weights for both. Hybrid batching also helps reduce tail latency: to 

limit the runtime of each iteration, the scheduler divides long input prompts (prefill inputs) 

into multiple smaller chunks, then combines ongoing decodes with a new prefill chunk every 

iteration [130, 138]. As such, use of hybrid batching is common in various LLM serving 

systems today [129, 58, 130, 128, 138]. 

While prior work has focused on optimizing the linear operations [130, 128, 138], they do 

not optimize the attention computation of a hybrid batch. This is reasonable for a system 

that primarily deals with small context lengths since linear operations dominate run time 

in this setting [128, 58]. In contrast, as the context length increases, attention computation 

becomes the primary performance bottleneck. 

Recent work has optimized attention computation [135, 25, 137, 13], but current solutions 

address prefill and decode operations separately—maximizing compute utilization for prefills 

and bandwidth utilization for decodes, as shown in Figure 4.1. In this chapter, we show that 

such an approach is suboptimal as it leaves critical GPU resources underutilized during 

different parts of computation. For example, Figure 4.1 illustrates that memory bandwidth 

utilization of the prefill attention kernel is often below 5%, while compute utilization of the 
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decode attention kernel is under 10%. The effect of using independently optimized kernels 

is particularly noticeable with hybrid batching because prefill and decode kernels execute 

immediately one after the other. 

To improve the efficiency of hybrid batching, we present POD-Attention—the first GPU 

kernel that efficiently batches the computation of prefill and decode attention. Existing tech-

niques do not provide adequate performance in fusing attention computation due to various 

limitations such as straggler threads, synchronization barriers and lack of guaranteed co-

location of different Cooperative Thread Arrays (CTAs) on GPU Streaming Multiprocessors 

(SMs). Instead, our kernel maximizes both compute and memory bandwidth utilization by 

carefully splitting the GPU’s resources at a fine granularity to co-locate batches of prefills 

and decodes within the same SM. This allows compute-heavy prefill operations to hide the 

latency of bandwidth-hungry decode, improving overall throughput. Unfortunately, guaran-

teeing SM co-location is not a trivial task. Scheduling of kernels on SMs is handled by the 

GPU driver and hardware, not by the programmer. 

To achieve this, we introduce a software-based CTA scheduling scheme within the GPU 

to appropriately co-locate the prefill and decode CTAs. In addition, we tune the prefill and 

decode functions, reduce register pressure, and appropriately select tile sizes for both opera-

tions to minimize interference caused by this new co-location. POD-Attention significantly 

accelerates attention computation by utilizing both compute and memory resources as per 

the requirement of a given batch of requests. 

Evaluation on A100 GPUs indicate that this kernel provides up to 59% latency im-

provement over state-of-the-art attention kernels like FlashAttention-2 [139], FlashDecod-

ing [25], and FlashInfer [26]. We’ve integrated this kernel into the vLLM serving stack, 

seeing improvements of up to 27% in end-to-end LLM inference throughput over vLLM for 

the LLaMa-3-8B [140] and Yi-6B [141] models. 
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4.1 Motivation 

Attention computation for prefill and decode is typically serialized in hybrid-batching sys-

tems, as requests operate on discrete data items (key-value entries). Separate prefill-optimized 

and decode-optimized GPU kernels are used which provide better performance than running 

both using either kernel [13, 26]. 

Despite each individual attention kernel saturating specific GPU resources, the GPU’s 

compute and memory bandwidth are still significantly underutilized, shown in Figure 4.1. 

As the context length (size of input prompt and output) of LLMs increases, the attention 

operations start dominating the latency of inference, by up to 60% as shown in Figure 4.2. 

Prefills only use ∼ 5% of available memory bandwidth, while decodes only consume ∼ 10% 

of compute. Note that prefill and decode attention are computed immediately one after the 

other in hybrid batches. Therefore, when independently optimized attention kernels are used, 

GPU execution goes through periods of high demand of a resource followed by low utilization 

of the same resource. For example, the prefill kernel requires high compute but compute is 

(mostly) idle when the decode kernel executes. We ask the question: is it possible to saturate 

both resources concurrently to improve throughput? 
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4.2 Background and related work 

We shall briefly cover the GPU’s execution hierarchy and basics of LLM inference, necessary 

to appreciate this work, then cover related work. 

4.2.1 GPU execution model 

The GPU’s hardware is arranged in a hierarchy that supports execution at a scale of hundreds 

of thousands of parallel threads, depicted in Figure 4.3 [142]. The main processor unit 

of a GPU is a Streaming Multiprocessor (SM), with modern GPUs containing around a 

hundred SMs. Each SM has an L1 cache and shared memory along with tensor cores for 

accelerated general matrix multiplication (GEMM) and execution units for integer/floating 

point operations. The shared memory is a user-addressable partition of the L1 cache. The 

GPU memory is accessed by SMs through the shared L2 cache. 

GPU programming languages expose a hierarchy of threads that mimic the hardware 

hierarchy. The smallest unit of execution is a thread, while a group of 32 threads make up 

a warp, which typically execute in lockstep. To maximize throughput, GPU programmers 

ensure that threads within a warp execute the same code path. A Cooperative Thread Array 

(CTA) [143] is a group of warps that share the L1 cache and shared memory. All warps in 

a CTA are guaranteed to execute within a single SM. 

Users launch GPU kernels, or GPU-executed functions, specifying the number of threads 

in the CTA, the number of CTAs in the kernel, as well as the required shared memory per 

CTA. This launch is then queued in a stream; operations within a stream are serialized but 

different streams can execute in parallel in any order. The CTA scheduler selects CTAs from 

streams and assigns them to SMs when sufficient execution resources (e.g., threads, shared 

memory and registers) are available within the SM. 

Central to the GPU’s massive throughput is the fast, cycle-level warp scheduler baked into 

the hardware. Every clock cycle, the warp scheduler dispatches eligible warps for execution. 

A warp is eligible if its threads aren’t stalled (e.g., waiting for memory access) and the 
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Figure 4.3: GPU execution model. 

resource required for its current instruction (e.g. tensor core) is idle. This allows each SM 

to context switch at every clock cycle, effectively utilizing all its execution resources. 

4.2.2 LLM inference 

LLMs process text converted to the form of tensors by model tokenizers. The fundamental 

unit of text (roughly a word) converted to tensor form is referred to as a token. The two 

major operations of LLM inference are feedforward networks, consisting of matrix-matrix 

multiplications between tokens and the model weights, as well as attention, consisting of 

sequence-level operations between each token and every other token in the request. 

Inference undergoes two distinct phases, prefill and decode. Prefill involves reading the 

user’s prompt to produce the first output token, whose latency is referred to as the time-to-

first-token (TTFT). This newly generated token is then fed back into the model, starting the 

decode phase, which continuously generates output tokens one at a time in an autoregressive 

fashion. The latency to generate each output token is called the time-between-tokens (TBT). 

The prefill phase operates on a large number of tokens at once, and so is highly paral-

lelizable and compute bound. Decode operates on a token at a time, and so is more limited 
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in parallelism and memory bound. Decode relies on batch processing to make adequate use 

of the parallelism provided by GPUs. 

Hybrid batching [144] is used to balance compute and memory bandwidth usage. A 

portion of a request’s prefill is combined with a batch of other requests’ decodes. This reuses 

the model weights for the batch of requests for feedforward networks, improving performance. 

Unfortunately, the attention calculation of LLM inference operates on discrete sequence-level 

inputs that differ across requests. Here, hybrid batching does not provide data reuse. 

State-of-the-art attention libraries like FlashAttention [135] and FlashInfer [26] use spe-

cialized execution for prefill and decode, attempting to maximize the compute or bandwidth 

utilization respectively. Hybrid batching systems serially execute these GPU kernels on the 

prefill and decode inputs separately, then combine them for further computation. This leads 

to inference switching between high compute and low bandwidth usage for prefill attention 

followed by high bandwidth and low compute usage for decode attention. 

Our work involves computing prefill and decode attention simultaneously to maximize 

the utilization of both compute and memory bandwidth, and reduce the overall latency of 

hybrid-batch attention. For the rest of this chapter, when we refer to prefill or decode, we 

specifically mean the attention component of the phase, unless otherwise mentioned. 

4.2.3 Related work 

Optimizing Attention Computation. Flash-Attention [135] introduced the first special-

ized implementation of attention, fusing all its operations into a single kernel with tile-based 

computation. FA-2 [139] improved it further with better work partitioning and load bal-

ancing. FA-3 [145] improved prefill attention for NVIDIA Hopper GPUs by making use 

of warp specialization [146] and newer asynchronous tensor operations. FlashDecoding [25] 

accelerates decode attention by splitting computation along the KV dimension. FlashDe-

coding++ [137] uses asynchronized softmax, double-buffered flat GEMM optimizations, and 

dataflow-based hardware resource adaptation to accelerate decode. LeanAttention [13] fol-

lows Stream-K reduction [147] of tiled calculation to enable better load distribution across 
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SMs for decodes. FlashInfer [26] introduced shared-prefix based optimized attention kernels. 

Compared to these works that separately handle prefill and decode attention, POD-Attention 

jointly optimizes and fuses them into a single kernel. 

Operation Fusion. Kernel fusion is a commonly used technique for improving GPU perfor-

mance. Elastic kernels [148] proposes restricting resources to enable running multiple kernels 

concurrently. However, this method provides no guarantee of intra-SM co-location. To over-

come this, ISPA [149] deploys a predetermined number of CTAs for each kernel, less than the 

number of CTAs that can run concurrently on the GPU. Significant a priori profiling is used 

to determine the appropriate CTA sizes to allow for both kernels to execute concurrently. 

This can be tedious for attention kernels with dynamically changing input sizes, and makes 

load balancing between the prefill and decode operations difficult, as one operation complet-

ing early leaves the GPU underutilized. HFuse [150] fuses kernels in warp-parallel fashion, 

providing source-to-source compilation tools to fuse kernels. SM-centric scheduling [151] uses 

the SM counter to assign work to CTAs, which POD-Attention leverages. 

Optimizing LLM Inference. Optimizing LLM serving systems is an active area of research 

[130, 138, 127, 152, 153, 129, 128, 154, 155, 132, 156]. Orca [128] introduced iteration-level 

scheduling to eliminate compute fragmentation when requests of different lengths are batched 

together. PagedAttention [129] and vAttention [157] proposed different techniques for dy-

namic memory management for LLM inference. Sarathi-Serve [130] leverages chunked prefills 

to enable stall-free batching. In contrast, Splitwise [127], DistServe [131] and TetriInfer [158] 

disaggregate the prefill and decode phases onto different GPU nodes to avoid interference 

between these phases. Various recent works have also proposed overlapping compute with 

communication to improve resource utilization [159, 160, 161]. 

Similar to POD-Attention, NanoFlow [58] also targets improving intra-device resource 

utilization, by dividing a batch into smaller operation-level nano-batches and scheduling 

them in a way that overlaps operations with complementary resource profiles via CUDA 

streams. In contrast, POD-Attention tries to maximize resource-utilization within a given 

batch by fusing prefill and decode attention computation. 
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4.3 Concurrent GPU execution 

In this section, we focus on GPU methods for concurrent execution, e.g., running kernels in 

parallel or fusing their operations into a single kernel. We both qualitatively and quantita-

tively analyze them, noting their performance and highlighting key limitations that motivate 

us to develop a specialized attention kernel. Every level of the execution hierarchy in a GPU 

offers potential for concurrent execution (see Table 4.1). For optimal overlap, we require that 

the two operations have SM-level co-location, i.e., every SM must contain both operations 

so that the warp scheduler can overlap their warp execution and saturate resources. 

1. Kernel-parallel. Streams can potentially execute different GPU kernels concurrently. 

This approach is easy to implement as it only requires submitting existing kernels to 

different streams. The CTA scheduler then assigns the CTAs from the two kernels to 

the GPU, with the knowledge that these kernels in the two separate streams can run 

in parallel. All other approaches require fusing different operations into a single kernel. 

Unfortunately, streams alone guarantees neither concurrency nor SM-level co-location 

of different operations [148, 149], as the opaque CTA scheduler handles assignment of 

CTAs to SMs with no guarantees that an SM will contain CTAs from both kernels. 

2. CTA-parallel. In this scheme, the two kernels are fused, and the CTAs in the com-

bined kernel are divided across the two operations in a predetermined manner. CTA-

parallel enables better load-balancing: when one CTA finishes execution, the GPU 

scheduler deploys the next CTA to the SM. However, similar to streams, CTA-parallel 

does not guarantee SM-level co-location. 

3. Warp-parallel. Here, warps within each CTA are split across operations, as pro-

posed in HFuse [150]. This approach guarantees SM-level co-location since every CTA 

contains warps from both operations and all warps in a CTA are guaranteed to re-

side within the same SM. Unfortunately, warp-parallel fusion suffers from the straggler 
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Table 4.1: Methods of concurrently executing or fusing operations along different levels of 
the GPU hierarchy (GC=guarantees op co-location, WQ=reduces wave quantization). 

Execution method GC WQ Notes 

Kernel-parallel 
(Streams [148]) 

× X Easiest to implement 

CTA-parallel × X Easy load balancing 
Warp-parallel (e.g., 
HFuse [150]) 

X × Suffers from straggler problem 

Intra-thread [162, 163] X × Cannot overlap with CTA barriers 
SM-aware CTA (Ours) X X Minimizes operation interference 

problem: an entire CTA must complete execution before it can be replaced by an-

other one; if one or more of its threads or warps lag behind others, the next CTA is 

delayed. While fusing the prefill and decode attention computation, the fused kernel 

requires extensive tuning to deal with a large input space of varying batch sizes and 

context lengths e.g., some hybrid batches may be prefill heavy and others may be de-

code heavy. Therefore, a fused prefill-decode attention kernel is particularly vulnerable 

to the straggler effect with warp-parallel fusion, e.g., decode warps within the CTA 

may finish early, while prefill warps lag behind. This leads to the CTA hogging SM 

resources that it doesn’t use. 

4. Intra-thread. In intra-thread fusion, each thread alternates between executing in-

structions from different operations [162, 163]. In simple cases, this strategy provides 

the maximum opportunity to overlap the different operations. However, attention 

kernels use CTA-level synchronization barriers to coordinate fetching data into shared 

memory. These barriers limit intra-thread fusion as instructions before a barrier cannot 

be overlapped with those after the barrier, leading the operations to be serialized. 

We now quantitatively analyze the performance of different methods. For complex ker-

nels, such as attention, efficiently implementing fine-grained fusion schemes is non-trivial 
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Figure 4.4: Per layer attention runtime of 32 hybrid batches corresponding to chunked prefills 
of a request of 16K tokens (chunk size: 512, model: Yi-6B, d_bs: decode batch size). 

and prone to errors, and no readily available implementations exist for CTA-parallel and 

intra-thread fused attention. Therefore, we analyze kernel-parallel and warp-parallel fusion 

on attention kernels, then analyze the performance of other fusion methods with a simple 

microbenchmark. 

4.3.1 Analysis of attention fusion 

For kernel-parallel execution, shown as FA_Streams in Figure 4.4, we run FA’s prefill and 

decode kernels on two different CUDA streams. For warp-parallel execution (FA_HFuse), 

we fuse FA’s kernels using the toolchain provided by HFuse [150]. Figure 4.4 compares their 

performance against serial execution of FA’s prefill and decode attention kernels (FA_Serial). 

Our experiment shows the per-layer attention computation time of Yi-6B for 32 chunks of a 

16K prompt (chunk size 512), each co-scheduled with decodes of 16K context length each. 

Note that if the number of CTAs in a kernel is not divisible by the number of GPU SMs, 

some of the SMs in the last wave of scheduling can remain idle—a phenomenon known as 

wave quantization [164, 147]. In the worst case, a marginal increase in work can double the 
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latency of a kernel due to wave quantization. Therefore, to fully understand the benefit of 

concurrent execution, we evaluate performance without (left figure) and with (right figure) 

wave quantization. Each decode request uses 4 CTAs (one CTA per KV head). Hence a 

decode batch size of 54 uses 216 CTAs having no wave quantization on our NVIDIA A100 

GPU (108 SMs). In contrast, a batch size of 55 uses 220 CTAs leaving 4 quantized CTAs. 

FA_Streams provides some speedup over FA_Serial and its gains are higher (up to 

20%) when serial execution suffers from wave quantization. This is because streams run 

kernels in parallel to fill GPU SMs that would otherwise remain idle. This effect can be 

seen in Figure 4.4 where FA_Streams take roughly the same amount of time for both batch 

sizes, while the time taken by FA_Serial increases at batch size 55. In particular, decode 

time increases by more than 25% in FA_Serial when batch size goes from 54 to 55 which 

increases the total attention time of prefill and decode by up to 17%. FA_HFuse outperforms 

FA_Streams in some cases but its performance degrades quickly due to straggler effect in 

the later prefill-dominated chunks. This happens because the prefill cost increases with each 

successive chunk but decode cost is same in all hybrid batches. Overall, FA_Streams and 

FA_HFuse both perform better than FA_Serial but still leave significant performance on 

the table, as shown by POD-Attention which outperforms both methods by a significant 

margin. 

4.3.2 Analysis of fusion using a microbenchmark 

To analyze the other methods of fusion, we construct a microbenchmark consisting of a 

compute-bound kernel that iteratively multiplies array elements with a scalar, and a memory-

bound kernel that repeatedly adds elements of three arrays. Each thread executes a barrier 

after each operation. We vary the number of compute iterations to evaluate performance 

under varying compositions of compute-bound and memory-bound operations. Figure 4.5 

shows the runtime of different fusion methods applied on these two functions. At 100 compute 

iterations, both operations consume equal time when executed serially. To the left of this 

point, memory bound is more dominant. To the right, it is compute bound. We also show 
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Figure 4.5: Fine-grained fusion versus serial computation. 

the optimal runtime assuming perfect overlap. 

CTA and kernel-parallel cannot guarantee SM-level co-location of compute-bound and 

memory-bound operations and hence provides only marginal average improvement of 3% 

and 7% over serial execution. Intra-thread fusion outperforms both serial and CTA-parallel 

execution, on average by 13%. However, the benefit of intra-thread fusion is limited due to 

sync barriers that hinder concurrent execution. Conversely, our SM-aware CTA scheduling 

gets much better performance and is closer to the optimal overlap. 

In summary, current methods for concurrently executing heterogeneous operations face 

several challenges, such as straggler threads, barrier-induced delays, and the inability to 

guarantee SM-level co-location. In the following subsection, we demonstrate how a special-

ized fused kernel, designed to leverage the characteristics of prefill and decode phases, can 

overcome these challenges. 

4.4 Design of POD-Attention 

We introduce POD-Attention—a single GPU kernel that efficiently computes both prefill 

and decode attention. Our primary goal is to ensure that each GPU SM computes both 

operations simultaneously while minimizing resource contention between them. We build 
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our kernel atop FlashAttention v2.6.1 [139]. 

To achieve our goal, we fuse computation along the CTA dimension, which helps avoid 

the pitfalls of finer-grained warp-parallel and intra-thread fusion. In particular, CTA-parallel 

fusion offers three advantages: 1) it allows different CTAs to independently start and finish 

at different times, 2) ensures that CTA-level synchronization barriers do not affect different 

operations since the effect of a barrier is limited to within its CTA, and 3) it is easier to 

program. However, we saw that naive CTA-parallel fusion cannot guarantee that prefill 

and decode will be co-located within the SMs. To overcome this limitation, we introduce 

software-based SM-aware CTA scheduling, wherein each CTA decides whether to compute 

prefill or decode after it has been dispatched to an SM. 

4.4.1 SM-aware CTA scheduling 

SM-aware CTA scheduling co-locates prefill and decode CTAs through “runtime operation 

binding”. Here, a CTA decides whether to perform prefill or decode at runtime, after check-

ing: 1) which SM it got launched on, and 2) what other CTAs running on the same SM are 

doing. This allows the kernel to remain completely agnostic as to how the CTA scheduler 

assigns CTAs to SMs, while still being able to co-locate prefill and decode. 

For this, before launching the kernel, we determine how many CTAs are required for 

prefill and decode independently, and launch the kernel with enough CTAs matching the 

sum of both. Each SM has a counter keeping track of the number of CTAs launched along 

with 2 global counters that track the number of prefill and decode CTAs executed so far. 

Figure 4.6 depicts this process. When a new CTA is assigned to an SM (shown in 

gray), the CTA first reads a SMID hardware register, that contains the ID of the SM it got 

launched on. Based on this value, it accesses the appropriate index of an SM counter array 

which keeps track of the number of CTAs launched on that SM so far (index 1, with value 

2 in the diagram). It then increments this value to indicate a new CTA has been launched 

on the SM. Using the value it obtained (2 in the figure), we create a policy to decide what 

operation the new CTA should execute. For example, we can have even-numbered CTAs 
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Figure 4.6: SM-aware CTA scheduling. 

perform prefill, and odd decode. The CTA then increments the operation counter (prefill 

counter in figure), to indicate that one more of this type of CTA has executed. If the counter 

value exceeds the number of CTAs for the operation it switches to the other operation, e.g., 

if we want only 2 prefill CTAs in total and the prefill counter says 3, we perform decode 

instead. It then begins execution of the appropriate operation. In this way, we guarantee 

that both prefill and decode operations are co-located within the same SM. 

4.4.2 Implementing CTA-parallel fusion 

To fuse the two kernels, we first convert them into generic device functions callable from 

within GPU code while removing all references to the CUDA-provided CTA ID (i.e., block-

Idx), instead passing this as a function parameter. We build a wrapper kernel that calls these 

different functions using a calculated CTA ID. The prefill and decode operations execute as 

if the supplied CTA ID was their actual ID. This enables flexible remapping of CTA IDs, 

e.g., CTA 0 of the fused kernel can invoke prefill with CTA ID 0, CTA 1 can call decode 

with ID 0, CTA 2 can call prefill with ID 1, and so on. 

The amount of shared memory each CTA gets is fixed at kernel launch time, and pre-

fill and decode operations have different requirements. To manage this, we hand-tune the 

shared memory usage of both prefill and decode operations to balance their requirements 

while minimizing performance degradation. We launch our fused kernel with enough shared 

memory for the maximum needed by either operation. 
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Figure 4.7: Impact of decode tile size on compute and bandwidth utilization for batch sizes 
8, 16 and 32. 

4.4.3 Attention optimizations 

While the act of co-locating prefill and decode provides performance improvement through 

operation overlap, there is still scope for further optimizations. 

Tile size selection: Tensor cores are designed for high-throughput matrix multiplication, 

taking tiles of matrices as input, and providing 8× higher throughput than CUDA core 

counterparts [165]. Tiling is critical for data reuse; tiles are stored in the shared memory, 

and reused, avoiding unnecessary reads from GPU memory. 

However, for decode attention, only a single token is processed per request. Group Query 

Attention (GQA) [166] groups multiple query heads to a smaller set of key/value heads for 

a model, with the group size establishing the ratio between the two. The tile length across 

the query sequence length (QSL) is one to eight for decode, depending on the group size 

of GQA. This small length makes data reuse insignificant, and is the reason that decode 

remains memory-bound. 

By default, FlashAttention makes use of a QSL of 64 – 128 for its tiles, forcing decodes 

to be zero padded and creating redundant compute [137]. We evaluated the effect of the 
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QSL on the compute utilization of decode attention, shown in Figure 4.7a. We see that as 

the dimensions are reduced, the compute utilization starts proportionately reducing as well. 

The impact on memory bandwidth utilization was largely unaffected, shown in Figure 4.7b. 

For POD-Attention, any redundant compute done by decode directly reduces the perfor-

mance of the co-located prefill, as the tensor cores end up under contention. To resolve this, 

we make use of a smaller QSL of 16 for decode, which was the minimum that CUTLASS 

allows for A100 tensor operations. This improved performance in our final fused kernel. 

Concurrent CTAs: The baseline FlashAttention-2 [139] kernel deploys 2 CTAs per SM, 

allowing us to have one prefill and one decode CTA concurrently executing. However, this 

limits the proportion of concurrent work to be 1:1 between the two operations. Deploying 

more CTAs per SM creates a tradeoff: each CTA has less resources within the SM (such as 

shared memory), but it provides us with opportunities to change the proportion of prefill 

and decode executing per SM. 

Prefills prefer fewer CTAs per SM as this allows for more shared memory per CTA, and 

consequently supports larger tile sizes. Decodes do not benefit from larger tiles, due to their 

limited QSL. POD-Attention balances the two options by picking between 2 or 4 CTAs per 

SM. In prefill-heavy batches, POD-Attention uses 2 CTAs to provide prefill larger tile sizes. 

For decode-heavy batches it uses 4 to allow more fine-grained control of the proportion of 

prefill and decode co-location. 

Virtual Decode CTAs: The amount of shared memory provided to each prefill and 

decode CTA must be the same in the fused kernel. However, because decode uses smaller 

tile sizes, the shared memory requirement of decode is a quarter of the prefill requirement. 

To avoid over-allocating shared memory to decodes, we divide each decode CTA into virtual 

CTAs containing a warp of threads. If the original decode CTA has four warps, each virtual 

CTA contains one warp which uses a quarter of the shared memory of the original CTA. We 

then modify the decode function, replacing all CTA-level barriers with warp-level barriers. 
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The decode function in the fused kernel is called with the appropriate virtual CTA ID, 

instead of the assigned CTA ID. The sum of shared memory used by all the virtual CTAs in 

each regular CTA is close to the shared memory used by prefill. In this way, virtual decode 

CTAs balance the shared memory used by prefill and decode. 

Prefill Splitting: In the baseline, attention is parallelized by dividing the query tiles 

among the executing SMs. FlashDecoding [25] proposes splitting the computation across 

the KV dimension when the amount of query tiles are not enough to fill the SMs. Here, the 

same query tile is assigned to multiple SMs, and they operate on a discrete subset of the KV 

dimension. A new lightweight reduction step is introduced to merge the final computation. 

This improves the performance of decodes, which innately have small query dimensions and 

lack parallelism at small batch sizes. For chunked prefills, the query dimension is similarly 

small, and so splitting is done as well. 

The tradeoff is that the same query tile is fetched from memory multiple times for the 

different SMs. This ends up increasing the memory bandwidth utilization, compared to an 

approach without splitting. For a prefill-only or decode-only kernel, this tradeoff is acceptable 

as the memory bandwidth is not saturated without increased parallelism, and so the extra 

memory accesses are offset by the throughput improvement from increased parallelism. 

For a fused kernel, the chunked prefills and the decodes can contend on the memory 

bandwidth, harming fusion. To manage this, we limit the number of splits that chunked 

prefills can do. This embodies our avoiding technique for data movement, as we avoid 

repeated reads to query tiles without hurting correctness. 

4.4.4 Discussion on alternative implementations 

Concurrent execution is a well studied topic in GPU literature [167, 168, 169, 170], and our 

high-level goal of overlapping prefill and decode attention computation can be achieved in 

multiple ways. One noteworthy strategy is based on persistent threads [171, 149, 148]. In 

this method, one launches a pre-determined number of CTAs (enough to perfectly fill all 
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the SMs). Persistent threads of these CTAs pull the right type of work as necessary (e.g., 

prefill or decode tiles). We find that this strategy also alleviates the straggler problem. 

However, SM-aware scheduling is still needed to decide what operation (prefill or decode) to 

run on which persistent CTA, necessary for SM-level co-location. Upon integrating it with 

SM-aware scheduling, we find that this strategy performs on par with CTA-parallel fusion. 

4.5 Evaluation 

We now look at how POD-Attention performs compared to alternative approaches of atten-

tion fusion, as well as the benefit it provides in end-to-end LLM inference. 

Our evaluation answers the following questions: 

1. How much better is POD-Attention’s performance compared with other known meth-

ods of fusion, for attention? (§4.5.1) 

2. What performance does POD-Attention provide for LLM inference? (§4.5.2) 

3. How do different parameters impact POD-Attention’s performance? (§4.5.3) 

Models and environment. We evaluate POD-Attention with Yi-6B [172], Llama-2-

7B [173] and Llama-3-8B [174], deploying Yi-6B on one A100 GPU, and others on two 

A100 GPUs. Each model has 32 query heads. Each GPU has 80GB HBM memory. 

Workloads and metrics. We evaluate both offline and online inference scenarios. For 

offline inference, we report the number of requests processed per minute. For online inference, 

we report TTFT, TBT and request execution latency on two workloads consisting of 2K 

requests each, and context lengths ranging from 4K to 32K tokens per request. One of 

the workloads is an internal enterprise workload (mean context length of 10.5K tokens, 

per-request prefill to decode token ratio, i.e., P:D in the range of 0–40) and the other is 

arXiv-Summarization [175] (mean context length of 9.5K tokens, P:D ratio of 0–50). On 

average, the number of decode tokens in the arXiv workload is 42% higher (470) than the 

internal workload (331). 
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Figure 4.8: Distribution of speedup in attention computation with different mechanisms 
compared to FA_Serial. 

Serving system baselines. Our experiments use Sarathi-Serve [144], a hybrid-batch-based 

LLM scheduler as the serving framework, which is built atop vLLM [176]. We evaluate 

two baselines: 1) the original vLLM scheduler [129] that runs prefills and decodes in sepa-

rate batches, prioritizing prefills over decodes and 2) Sarathi-Serve [130] which uses hybrid 

batches. Both baselines use FlashAttention (v2.6.1) for attention computation. We integrate 

POD-Attention into Sarathi-Serve to evaluate the benefits of our optimizations. We refer to 

Sarathi-Serve without and with POD-Attention as Sarathi and Sarathi+POD respectively. 

4.5.1 Evaluating attention computation 

To demonstrate the broad applicability of POD-Attention, we conduct a comprehensive 

sweep across over a thousand practical hybrid batches for different models. In these exper-

iments, we vary the context length from 4K to 20K and the prefill chunk size from 512 to 

2K. We focus on scenarios where prefill and decode attention each account for at least 20% 

of the serial runtime, as other cases have limited potential for speedup through fusion. 

In addition to FlashAttention kernels, we also compare the runtime of FlashInfer (FI) 

v0.2.0 kernels [26] in two configurations: FI_Serial and FI_Batched. FI_Batched com-
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putes prefill and decode attention using the prefill kernel of FlashInfer. We compare against 

FI_Batched for two reasons: 1) this strategy is the easiest way to compute prefill and decode 

attention together, and 2) some systems prefer this method, e.g., Sarathi used FI_Batched in 

its default attention back-end [177], and a similar feature is requested in vLLM [178]. How-

ever, we show that this strategy is inefficient, e.g., when FI_Batched uses a prefill-optimized 

kernel, it leads to redundant compute in decode computation. This redundant computa-

tion interferes with co-running prefill. Similar interference occurs on memory-bandwidth if 

FI_Batched uses a decode-optimized kernel. 

Figure 4.8 shows the relative speedup for different mechanisms compared to FA_Serial. 

FA_Streams provides limited speedup as it cannot guarantee SM-level overlap of operations. 

In rare cases, we find that the overhead of stream synchronization can also negate its ben-

efits. FI_Serial has better optimized decode kernels giving it a modest improvement over 

FA_Serial, but it does not overlap the operations. FI_Batched improves performance at low 

context lengths, but degrades at higher lengths by up to 40% due to redundant computation 

for decodes. HFuse is the strongest baseline as it guarantees operation overlap, improving 

median performance by 11%. However, HFuse is susceptible to the straggler effect due to 

which it is slower by up to 13% compared to FA_Serial. 

POD-Attention reaches a peak speedup of 59%, and a mean of 28% — higher than all 

alternatives. We found that in 25% of cases, it also reaches within 10% of the theoretical 

peak speedup, signifying near-perfect overlap. Furthermore, unlike other alternatives, POD-

Attention never under-performs serial execution. These results underline the importance of 

a specialized attention kernel for hybrid-batching-based LLM inference. 

4.5.2 Evaluating performance in LLM inference 

Offline inference: For evaluating offline inference scenarios, we run long context requests 

of 16K tokens each. We use chunk size 512 for Yi-6B, and 1K for both Llama-2-7B and 

Llama-3-8B, chosen in a way that chunking a prompt does not reduce the performance of 

linear operations (as recommended by Sarathi [19, 130]). We run 1K total requests for Yi-6B, 
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Figure 4.9: Serving throughput in offline inference. 

and 2K requests each for Llama-2-7B and Llama-3-8B such that the total runtime of a single 

configuration is about one hour. The number of output tokens per-request is set to 2K for 

Yi-6B, 1K for Llama-3-8B and 256 for Llama-2-7B. 

Figure 4.9 shows that Sarathi+POD delivers the best throughput: 22%, 20% and 19% 

higher than Sarathi, and 27%, 13% and 12% higher than vLLM, for the three models. It is 

worth highlighting that chunked-prefills and hybrid batching involves a tradeoff. Chunking 

a prompt increases attention computation time due to repeated KV cache loads: computing 

attention of a prefill chunk requires reading the KV cache of all prior chunks [131]. At the 

same time, fusing decode tokens with prefill helps execute linear operations more efficiently: 

model weights need not be read separately for prefill and decode. The relative performance 

of vLLM and Sarathi varies depending on workload, model configuration, and chunk size. 

In our experiments, Sarathi improves throughput slightly over vLLM for Yi-6B but under-

performs it for Llama-2-7B and Llama-3-8B. Sarathi+POD fuses prefills and decodes in all 

operations to improve GPU resource utilization, and thereby outperforms both baselines. 



64 

Table 4.2: Internal workload. Latency numbers in seconds. 

TTFT TBT Request Latency % Requests with Stalls QPS System P50 P99 P50 P99 P50 P99 200ms 500ms 

1.1 
vLLM (original) 

Sarathi 
Sarathi+POD 

0.67 10.11 
2.2 12.58 
1.9 12.26 

0.04 
0.10 
0.10 

1.13 
0.15 
0.14 

25.05 
26.83 
24.70 

91.01 
92.24 
79.04 

99.95 
2.05 
3.17 

97.8 
0 
0 

1.2 
vLLM (original) 

Sarathi 
Sarathi+POD 

0.94 12.70 
25.44 57.83 
7.49 23.78 

0.07 
0.12 
0.11 

1.76 
0.16 
0.15 

42.73 
67.12 
38.69 

151.8 
140.5 
106.8 

99.95 
5.07 
2.29 

99.6 
2.63 
0 

Table 4.3: arXiv-based workload. Latency numbers in seconds. 

TTFT TBT Request Latency % Requests with Stalls QPS System P50 P99 P50 P99 P50 P99 200ms 500ms 

0.85 
vLLM (original) 

Sarathi 
Sarathi+POD 

0.55 
2.68 
1.85 

6.26 
14.89 
12.71 

0.03 0.82 
0.08 0.13 
0.08 0.11 

20.53 
27.87 
24.31 

234.93 
281.07 
255.75 

99.9 
4.15 
1.85 

97.8 
2.05 
1.61 

0.95 
vLLM 
Sarathi 

Sarathi+POD 

0.71 
46.22 
11.74 

8.25 
144.2 
27.38 

0.06 1.36 
0.1 0.14 
0.09 0.12 

36.86 
90.12 
40.6 

401.2 
417.6 
333.0 

99.9 
4.44 
2.2 

99.45 
1.9 
2.1 

Online inference: For online inference, the critical metrics are balancing both the TTFT 

and TBT latencies alongside providing a low end-to-end latency. For this, we evaluate Llama-

3-8B on the internal and arXiv-based workloads near the serving capacity of the system: the 

maximum load a system can handle while avoiding high queuing delays [130], shown in 

Table 4.2 and Table 4.3. We evaluate 2048 requests in each workload by varying the input 

load based on a Poisson distribution. For Sarathi and Sarathi+POD, we use a chunk size of 

1024 for the arXiv-based workload, and 1536 for the internal workload which is prefill heavy. 

There is an inherent trade-off between the TTFT and TBT metrics [130] and optimizing 

for one metric can severely compromise the other. For example, as we will see below, vLLM 

prioritizes prefills and thus achieves low TTFT, but sacrifices TBT resulting in 95+% of 

user requests experiencing one or more stalls during decode generation. On the other hand, 

Sarathi reduces the stalls to a small % of user requests but significantly increases TTFT 

compared to vLLM. 
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(a) 2 CTAs per SM. (b) 4 CTAs per SM. 

Figure 4.10: POD-Attention with varying CTA configs. 

We see that vLLM provides the lowest TTFT, as it always tries to schedule prefills as 

they arrive, delaying pending decodes. Sarathi increases TTFT because it batches them with 

ongoing decodes increasing latency. At higher loads the TTFT of Sarathi further increases 

due to queueing delays. Sarathi+POD is able to reduce the TTFT significantly, reducing 

the P99 TTFT by up to 4.3×. 

vLLM ends up causing stalls whenever prefills arrive due to the decodes being delayed. 

This appears as high TBT tail latencies, impacting the interactivity of the LLM. Sarathi 

does not suffer from this, as its hybrid batching ensures that decodes are not delayed. 

Sarathi+POD further improves TBT by 10–20% by fusing attention for the hybrid batch. 

We see that Sarathi+POD provides the lowest P99 request tail latency and has the fewest 

percentage of requests with stalls. This demonstrates how POD-Attention optimizes hybrid 

batching performance by overlapping the prefill and decode attention operations. 

4.5.3 Sensitivity studies 

CTAs per SM: Figure 4.10 shows the performance of POD-Attention with different num-

bers of CTAs running concurrently on an SM, varying batch sizes (horizontally) and context 

lengths (vertically) for Llama-3-8B. For each (context length, batch size) data point, we nor-

malize the runtime to the best among the two configurations. In general, for long contexts 
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Table 4.4: Per-layer attention runtime (ms) of last four prefill chunks of a prompt, co-running 
with decode batch size 64 (model: Llama-3-8B, context length: 16K, chunk size: 512). 

POD-Attention Chunk Id FA_Serial Vanilla split Limited split [Ours] 
28 
29 
30 
31 

1.93 
1.96 
1.98 
1.99 

1.68 (0.87×) 
1.69 (0.86×) 
1.71 (0.86×) 
1.71 (0.86×) 

1.45 (0.75×) 
1.45 (0.74×) 
1.45 (0.73×) 
1.46 (0.73×) 

where prefill cost dominates, 2 CTAs per SM performs better as it allows for larger tile sizes. 

As the context length decreases, the decode cost starts dominating and hence 4 CTAs per 

SM starts performing better: more CTAs per SM allows packing more decodes with fewer 

prefills, e.g., 1 prefill CTA and 3 decode CTAs. 

Scheduling policy: We explore two CTA scheduling policies within an SM, namely 50:50 

allocation and Proportional allocation. In 50:50 allocation, CTAs launched on an SM alter-

nate between prefill and decodes, i.e., the first CTA performs prefill, the next decode, and 

so on. This policy is agnostic to the total number of prefill and decode CTAs in the kernel. 

In Proportional allocation, the CTAs pick whether to perform prefill or decode depending 

on the total number of CTAs in the kernel. For example, if 50 prefill and 100 decode CTAs 

are required, the first CTA on each SM will perform prefill, the next two CTAs will perform 

decode, then repeat. Figure 4.11 shows the latency of POD-Attention with these policies for 

8K context length and varying decode batch sizes on Yi-6B and Llama-3-8B. We notice that 

as the load increases (greater batch size), the performance of Proportional improves over 

50:50 allocation. Proportional allocation spreads out the less frequent operations allowing 

better operational overlap and reduced resource contention, performing up to 14% better 

than a 50:50 allocation scheme. 
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Figure 4.11: Effect of scheduling policy in POD-Attention. 

Limiting prefill splits: POD-Attention reduces attention computation time with the 

default FlashDecoding-style splitting along the KV dimension. However, limiting the number 

of splits further improves performance. For example, Table 4.4 shows that in the last four 

chunks of a 16K prompt, co-running with 64 decode requests of the same context length, 

limiting the number of splits in prefill attention computation nearly doubles the speedup of 

POD-Attention over FA_Serial. 

Sensitivity to workload: POD-Attention accelerates the execution of hybrid batches and 

hence its impact on overall performance depends on how many iterations consist of hybrid 

batches in a given workload. A workload that is highly dominated by either prefills (high P:D 

ratio) or decodes (low P:D ratio) is likely to experience little benefit with POD-Attention. 

To understand the effect of varying P:D ratio, we benchmark Llama-3-8B with a total of 

2048 requests, each consisting of ≈ 16.5K tokens, but with varying P:D ratio (in the range of 

8 to 24), e.g., if the P:D is 10, then a request contains ≈15K prefill tokens and ≈1.5K decode 

tokens. Figure 4.12 shows that Sarathi+POD outperforms Sarathi over varying workload 

mixes. The peak gains occur in the P:D range of 12 to 18 because most batches are hybrid 

batches in this regime. In contrast, many iterations run decode-only batches when P:D ratio 
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Figure 4.12: Request processing throughput under varying workload distribution (model: 
Llama-3-8B, TP-2). 

is lower than 12 (or prefill-only batches when P:D ratio is higher than 18). 

4.6 Conclusion 

In this chapter we discussed POD-Attention, an instantiation of the hiding technique of data 

movement mitigations. We exploit the complementary resource profiles of LLM prefill and 

decode attention phases and guarantee co-location using SM-aware CTA scheduling. This 

allows each SM to saturate both compute units and memory bandwidth simultaneously. 

POD-Attention accelerates attention by up to 59% and improves end-to-end LLM inference 

throughput by up to 22% over state-of-the-art Sarathi. In the next chapter we will explore 

Invariant Bit Packing, which addresses bottlenecks at the PCIe interconnect by reducing the 

amount of data transferred across it, exploiting patterns within data. 
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Chapter 5 

REDUCING THE GPU MEMORY BOTTLENECK WITH 
LOSSLESS COMPRESSION FOR ML 

In this chapter we discuss Invariant Bit Packing (IBP), which demonstrates the reducing 

technique to mitigate data movement overheads—exploiting repetition of bits across ten-

sors to losslessly compress the volume of data moved. This improves the performance of 

offloading-based ML frameworks, which store their large inputs in CPU memory. These 

frameworks are limited by the PCIe bandwidth connecting the GPU and CPU. Reducing 

the amount of data transferred directly reduces the impact of this bandwidth bottleneck. 

Machine learning models such as Graph Neural Networks (GNNs), Deep Learning Recom-

mendation Models (DLRMs), and Large Language Models (LLMs) rely on processing input 

tensors (e.g., vertex features for GNNs, embedding entries for DLRMs, or KV cache/weight 

tensors for LLMs) on the scale of hundreds of gigabytes to terabytes, far exceeding the mem-

ory capacity of any commercially available GPU. To manage this scale, data is offloaded to 

the CPU memory which is an order of magnitude larger than GPU memory. When needed, 

the input tensors are transferred across PCIe to the GPU. 

This on-demand data loading causes the model execution to be bottlenecked by the 

PCIe bandwidth [18, 15], which is over an order of magnitude lower than the GPU memory 

bandwidth [1, 2, 3]. Caching [42, 20, 16] provides some benefit, but as the PCIe bandwidth is 

significantly lower than the GPU memory bandwidth, cache misses suffer a steep overhead. 

The majority of the time is spent waiting for the required data to be ferried to the GPU 

from the CPU. Parallelisation among compute and data transfer provides minimal benefit, as 

PCIe bandwidth is already saturated. Historically, GPU FLOPs/bandwidth increase faster 

than PCIe bandwidth, so PCIe is expected to remain the bottleneck in future [8]. 
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Proposals to address this issue typically involve lossy compression. For example, quan-

tization [62, 179, 180] is a popular compaction method that reduces memory footprint and 

data transfers. Unfortunately, lossy compression degrades model quality to an extent that 

is difficult to predict and varies from model to model [24]. Commercial applications often 

avoid sacrificing accuracy due to the risk of profit loss [181, 22]. 

To improve these data transfers, we investigate lossless compression as an alternative 

path, alleviating the PCIe bottleneck by transferring compressed tensors and decompress-

ing them on use. Unfortunately, making GPU-based lossless compression practical for ML 

data transfers is a difficult task. CPU-to-GPU transfer latencies are competitive with GPU 

decompression latency, making traditional compression algorithms heavyweight. Further, 

any reliance on the host CPU in the critical path can eliminate any efficiency gains due to 

high-latency PCIe interactions. Finally, GPU-based decompression is complicated by the 

fact that common structures, such as input buffers, consume a significant fraction of GPU 

memory needed by ML models, making extra decompression buffers infeasible. We address 

these challenges by (1) choosing a host data layout that enables efficient PCIe transfers di-

rectly from the GPU, (2) performing data compression directly on host CPU memory, and 

(3) optimizing decompression for just-in-time use on the GPU. Unlike lossy compression, the 

ML model only sees uncompressed data, avoiding quality trade-offs. 

We propose Invariant Bit Packing (IBP), a lossless compression technique tailored to ML 

acceleration that reduces the amount of data ferried across the PCIe. IBP analyzes the input 

dataset to find invariant (heavily correlated) bits across data items. These bits are stored 

in fixed-size metadata (order of kilobytes) within the GPU memory, then removed from the 

data items to compress them. IBP enables an efficient GPU implementation that utilizes 

asynchronous memory accesses, low-overhead warp primitives [182], and cheap bit shift oper-

ations, providing low decompression overhead and realizable throughput improvement. Our 

results demonstrate the effectiveness of on-the-fly decompression, improving GNN training 

latency by 74%, DLRM embedding lookups by 180% and LLM inference by 24% on average 

on an A100 GPU. Model accuracy is always preserved, as compression is completely lossless. 
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5.1 Background and related work 

We shall now concretely look at how PCIe limits the performance of ML applications. We 

then go over the intricacies of CPU-GPU data transfers, followed by related work. 

5.1.1 PCIe transfers in ML 

Offloading is a feature offered by ML frameworks that exploits the larger CPU memory to 

offset the limitations of GPU memory capacity. Effective implementations rely on identifying 

the data to retain in the GPU memory (e.g., model weights for GNNs), and the data to be 

moved to the CPU memory. We now look at how specific types of models typically make 

use of offloading. 

GNN training: GNNs are machine learning models that learn properties of graph-based 

data. For classification problems, GNNs use three types of inputs: a graph topology, a set 

of feature vectors, and a set of labels. The graph topology contains relations between nodes 

and edges of the graph in a sparse format. The feature vectors add more information to the 

graph, associated with the nodes or edges. The feature vectors can be dense floating point 

vectors [183] or sparse bitmask vectors [184]. The labels then group the nodes or edges of 

the graph. A concrete example is a citation graph, where nodes are published papers and 

edges are citations. Each node in the graph has a feature vector keeping track of certain 

keywords used in the paper. The labels finally classify each paper to its field of research. A 

GNN uses this information to predict labels for papers that lack them. 

Modern graph datasets exceed the capacity of a GPU, and so graph sampling is used to 

construct minibatches for GNN training [185]. For each minibatch: 1 a breadth-first-search 

(BFS) is performed, constructing a subgraph whose nodes’ feature vectors are 2 fetched to 

the GPU from the CPU for 3 GNN model training. These steps are repeated until training 

is complete. The fetching phase 2 , where data is transferred across PCIe, is the primary 

focus of this work. Conversely, the GNN model weights themselves are quite small [186] and 
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can be held in the GPU memory. 

GNNs already make use of a static cache initialized during preprocessing to reduce data 

movement [42, 20, 16, 187, 188]. The cache has two main components: a data store and 

a hashmap. All the cached data together make up the data store, possibly discontiguous 

or distributed across multiple interconnected GPUs. The hashmap maps a given ID to the 

relevant cached item. For GNNs, the node/edge ID is passed to the hashmap, which returns 

a pointer to the feature vector in the data store associated with the ID. Since the cache 

cannot store all the required data, determining what to cache remains a key challenge [42, 

20, 179, 187]. Modern GNN frameworks [16, 20] use preprocessing to choose which feature 

vectors to cache in GPU memory. 

DLRM inference: DLRMs are designed to infer facts from sparse categorical data like 

personal information. The model takes two types of inputs: dense contiguous features (e.g., 

age) and sparse categorical features (e.g., hobbies). The sparse features are transformed into 

dense embeddings and combined with the dense features for inference. 

Each sparse feature acts as a hash key, used to look up an embedding table. These tables 

contain entries for each possible sparse feature, extending to millions of rows and exceeding 

GPU memory capacity. To handle the capacity requirements, tables can reside in CPU 

memory, with lookups moving data to the GPU [42]. Each minibatch looks up thousands of 

entries bottlenecking DLRM inference [189]. During inference, embedding tables are static. 

LLM offloading: LLMs operate on textual data that’s been tokenized, i.e., converted 

to dense floating-point tensors (typically FP16 or BF16 data types). An operation called 

attention [136] is used to analyze the relative importance of each token with every other 

token. For this, each token is multiplied by a query, key, and value weight to produce a 

query (Q), key (K), and value (V) tensor. Every token’s Q is operated on by the other 
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tokens’ K and V using the formula: 

QKT 

Attention(Q, K, V ) = softmax( √ )V 
dk 

This process is repeated for every new token generated by the LLM. 

As every token’s K and V are reused every iteration, there are significant amounts 

of recomputation that can be avoided. LLM serving systems manage this through KV-

caching [129], which store the K and V tensors in memory when generated the first time, 

then reused for subsequent iterations. For large million-scale context lengths, the size of the 

KV cache can grow beyond the GPU memory capacity. Offloading [23] resolves this by plac-

ing the KV cache within CPU memory, transferring the tensors as needed to the GPU. This 

leads to the PCIe being the major bottleneck in offloaded inference. Sparse KV-caching [15] 

tries to reduce this impact. By using a lightweight prediction scheme, they analyze the K 

and V tensors to try to determine the most impactful subset. Only those tensors are then 

brought to the GPU. This helps reduce the bottleneck, but does not completely eliminate it, 

as the transfers are still along the critical path. 

The LLM models themselves are quite large (order of gigabytes), possibly exceeding the 

capacity of a single GPU. These weights are static during LLM inference. Offloading has 

been used to keep the LLM weights in CPU memory, transferring them to the GPU layer-by-

layer during inference [23]. This allows a single GPU to serve much larger models, reducing 

the hardware cost of deployment. It also allows smaller devices to serve these models. 

5.1.2 CPU-GPU data transfers 

A critical performance aspect for CPU-GPU data transfers is minimizing interactions with 

the CPU via the high-latency, bandwidth-constrained PCIe interconnect. When data in 

CPU memory must be transferred to the GPU, there are two methods: CPU-initiated and 

GPU-initiated. In CPU-initiated transfers, the CPU programs the GPU Direct Memory 

Access (DMA) engine to move the data to the GPU [190]. While simpler to use, for small 
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transfers (kilobytes) programming the DMA engine dominates the transfer time, reducing 

performance, as we shall see in subsection 5.4.2. 

Alternatively, GPU-initiated transfers use GPU warps to directly access and move data 

from CPU to GPU memory through normal load/store instructions. This yields higher 

performance for small transfers, by eliminating DMA startup costs and avoiding a PCIe trip 

to the CPU to start the transfer. However, GPU-initiated PCIe transfers need to be carefully 

aligned to fully leverage GPU warp parallelism. Aligned memory accesses are coalesced into 

a single transaction of up to 128B by a hardware coalescer [191]. For unaligned accesses, the 

GPU hardware coalescer has to create multiple transactions for accesses across the alignment 

boundary, introducing overhead. Additionally, each PCIe transaction has header overhead, 

reducing effective throughput. Warps in a GPU should generate aligned, 128B transactions 

when accessing CPU memory [192]. 

5.1.3 Related work 

GPU-accelerated compression. Several works propose GPU-based compression [193, 

194, 195, 70, 196, 197, 198] focused on exploiting the GPU’s parallelism and high throughput 

to provide high compression and decompression throughput, including bit packing [193, 194]. 

NVIDIA GPUs A100 and newer also support lossless hardware GPU memory compres-

sion [199]. Unlike these works, IBP applies bit packing to ML datasets and CPU-GPU 

transfers, trading off preprocessing overheads to provide fast GPU tensor decompression. 

Concurrent work has looked at lossless compression for LLMs, namely DFloat11 [200] 

and ZipServ [201]. These provide good compression for LLMs, but their implementations 

are specialized for the BF16 data type, whereas IBP generalizes to any data type. 

Exploiting sparsity in ML. Many works try to reduce sparsity in ML applications. Quan-

tization [202, 180, 203, 204, 64, 205] is a popular lossy method which trades off precision for 

reduced space. Compression in ML has also been investigated in the context of gradient com-

pression [206, 207, 208, 209] and collective communication [210, 211]. Typically, compression 

is lossy and can affect the final evaluation results. Various works [212, 213, 214] have also 



75 

proposed hardware accelerators for GNN training, making use of hardware compression to 

reduce data accesses. CacheGen [215] targets the network for LLM KV transfers, proposing 

dynamic compression to meet latency goals under fluctuating network bandwidths. 

Other sets of work [216, 217, 218, 219] look at compressed matrix algebra to improve ML 

workload performance. FlexPoint [220] proposes a reduced-size floating point data format, 

similar to TensorFloat32 [221] and BFloat16 [222] seen in commodity GPUs today. IBP 

instead focuses on tensor compression for commodity GPUs with limited code change to 

speed up CPU-GPU data transfers. 

5.2 ML compression challenges 

Data compression can relieve transfer bottlenecks, but is challenging to deploy in ML pipelines. 

Lossy compression greatly reduces data sizes and often even omits an expensive decompres-

sion step. However, it loses information. It must therefore be applied judiciously to data 

that can tolerate loss in fidelity without compromising application utility. Lossless compres-

sion preserves the original data, allowing it to be deployed as a black box. However, lossless 

decompression has overhead, complicating its adoption in performance-critical sections of an 

application. In this section, we describe the use of both in of ML applications. Throughout 

the chapter, we use two terms to describe compression performance: 

� �
Compressed Size Space savings (%) = 1 − × 100,

Uncompressed Size 

Uncompressed Size Compression ratio = 
Compressed Size 

5.2.1 Lossy compression risks model accuracy loss 

In machine learning, quantization [62] has become the major method for lossy compression. 

In quantization, statistical analysis is used to reduce the number of possible states that 

individual data elements take. For example, 16-bit to 8-bit quantization allows data to be 

stored in half the capacity but reduces the number of representable states by a factor of 256. 
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As bits are reduced, information is lost. 

Employing lossy compression in machine learning comes with risks and drawbacks. As 

information is lost, unexpected model behavior can arise [24] and model accuracy becomes 

compromised. Additionally, lossy compression requires careful tuning to specific model be-

haviors. Choices have to be made about which data to store in compressed form and how to 

manage outlier data to retain model accuracy [66], which vary across machine learning mod-

els [202, 179, 64]. Both factors greatly discourage the use of lossy compression in commercial 

models (e.g., DLRM), where even a 0.1% loss in accuracy is considered unacceptable [22, 181]. 

5.2.2 Lossless compression has high decompression overhead 

Lossless compression sidesteps these risks by guaranteeing that data can be decompressed 

into its original form without any loss of information. It simplifies adoption, as users do not 

need to worry about impacts on model accuracy, and they can treat compression as a black 

box for deployment. However, the high decompression overhead of lossless compression 

algorithms can lead to increases in latency and reduced training performance. For ML 

applications running on GPUs, these overheads can become pronounced. 

Common code-based lossless algorithms, like Huffman Coding [223], employ decompres-

sion code tables or dictionaries that scale with input sizes to obtain high compression ratios. 

Input elements are mapped to bit patterns based on the frequency of element values, with 

more frequent values occupying fewer bits, effectively reducing data sizes. Decompression 

involves reading a unit of data from the input buffer and then reading the relevant code table 

entry/entries to map it to the output. It leads to multiple PCIe reads on the critical path 

for each element, degrading throughput. Further, large intermediate decompression buffers 

are infeasible as model inputs and/or model weights consume a significant fraction of GPU 

memory. Such compression algorithms are unsuitable for ML applications. 

To demonstrate this, we evaluate the overhead of nvCOMP v3.0.1 [70], a closed-source 

NVIDIA library that provides high-performance GPU implementations of popular compres-

sion algorithms, as well as ndzip-gpu [194], an open-source GPU-accelerated compression 
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Table 5.1: Average speedup of compressed CPU-to-GPU transfers (best in bold). 

Algorithm GNN 
Sparse 

GNN 
Dense 

DLRM 
Weights 

LLM 
KV (FP16) 

LLM 
KV (BF16) 

LLM 
Weights (BF16) 

ANS 2.1 0.1 0.1 0.10 0.12 0.20 
Bitcomp 3.9 0.4 0.5 0.65 0.65 0.64 
Cascaded 8.6 0.8 0.8 0.48 0.51 0.76 
GDeflate 2.1 0.3 0.5 0.16 0.16 0.18 

LZ4 2.3 0.6 0.9 0.47 0.33 0.25 
Snappy 1.6 0.4 0.7 0.21 0.17 0.13 
zStd 1.8 0.1 0.3 0.1 0.10 0.02 
ndzip 5.1 1.0 1.0 0.96 1.01 1.01 
IBP 9.7 1.2 1.1 1.02 1.27 1.32 

Table 5.2: Average space savings (%) across algorithms/data. 

Algorithm GNN 
Sparse 

GNN 
Dense 

DLRM 
Weights 

LLM 
KV (FP16) 

LLM 
KV (BF16) 

LLM 
Weights (BF16) 

ANS 76.7 -78.1 -132.6 6.2 18.84 12.40 
Bitcomp 80.5 -8.8 -14.9 -0.15 0.59 -0.97 
Cascaded 89.2 -1.0 -2.0 -0.01 0.72 -0.09 
GDeflate 86.9 -22.7 -40.8 33.25 34.24 19.20 

LZ4 89.7 -0.3 -1.0 33.33 27.63 -0.30 
Snappy 88.6 -1.0 -1.0 23.24 11.64 -0.73 
zStd 93.4 1.6 -2.0 38.91 43.03 21.37 
ndzip 62.9 6.3 4.8 -0.21 4.95 4.31 
IBP 92.9 10.4 8.3 4.49 23.43 26.71 

algorithm shown to provide high decompression throughput for floating point data [224] 

frequently used in ML applications. Table 5.1 shows the throughput of transferring and 

decompressing 100,000 compressed tensors, normalized to uncompressed tensor transfer on 

an A100 GPU, Table 5.2 shows the space savings, and Table 5.3 shows the compression time. 

We evaluate LLM compression across three scenarios: KV cache in float16 (FP16) used by 

older models, KV cache in bfloat16 (BF16) used by modern models, and weights in BF16. 

We find that many decompression algorithms perform worse than transferring uncom-

pressed tensors, even though their space savings may be high. For example, zStd provides 

the best space savings for sparse GNN datasets, but its transfer speedup is one of the worst. 
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Table 5.3: Compression time (ms) across algorithms/data. 

Algorithm GNN 
Sparse 

GNN 
Dense 

DLRM 
Weights 

LLM 
KV (FP16) 

LLM 
KV (BF16) 

LLM 
Weights (BF16) 

ANS 33.1 105.4 80.4 25.2 26.8 104.6 
Bitcomp 13.0 39.0 27.9 17.4 23.3 61.4 
Cascaded 12.8 33.6 26.7 35.7 46.9 120.8 
Gdeflate 68.5 482.7 316.8 394.2 420.9 1407.7 
LZ4 135.1 69.3 43.4 105.5 141.6 495.1 

Snappy 133.3 81.8 55.3 165.2 181.0 440.9 
zStd 53.5 292.1 266.3 121.5 150.1 515.7 
ndzip 16.4 20.7 15.0 16.5 20.6 56.2 
IBP 151.5 53.2 34.2 42.8 40.9 94.9 

Table 5.4: Compression of bit packing compared to the fraction of 80p-invariant bits across 
datasets. 

Dataset 
GNN Sparse GNN Dense DLRM 

Weights 
LLM 

KV (FP16) 
LLM 

KV (BF16) Pubmed Citeseer Cora Reddit Product MAG 
Bit pack % 6.3% 6.3% 6.3% 0% 0% 0% 0% 0% 0% 

Group BP % 7.5% 65.3% 76% 0% 0% 0% 0% 2% 0.1% 
Invariant % 89.4% 99.0% 99.2% 15.0% 13.4% 12.9% 14.5% 8% 27% 

These algorithms frequently require multiple memory accesses to reconstruct each word in 

the decompressed tensor (e.g., dictionary lookups in LZ4), increasing PCIe usage. Simpler 

compression schemes, such as run-length encoding (RLE), delta coding, and simple bit pack-

ing achieve a higher transfer speedup. Cascaded employs a combination of them and attains 

the highest speedup among existing algorithms for the sparse dataset. However, these al-

gorithms use metadata proportional to the size of data being compressed, leading dense 

datasets to have compressed tensors larger than the original tensors. The compression time 

also varies widely across these algorithms, with Cascaded and ndzip being the quickest. 

5.3 Towards practical ML data compression 

To make lossless compression practical in ML workflows, it is essential to understand both 

the structure of input data and the architectural characteristics of GPUs. We analyze the 
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Figure 5.1: Conventional bit packing (left) and invariant bit packing (right). Red bits are 
removed to generate the compressed data shown in blue. 

patterns of invariance found in ML data, which form the basis for our compression. 

5.3.1 Invariance in ML data 

From our analysis in §5.2, we find that bit packing performs best among existing algorithms. 

Bit packing is a family of compression algorithms commonly used in integer compression [225] 

to remove matching leading bits as shown in Figure 5.1 (left). Algorithms such as Cas-

caded [70] and ndzip [194] make use of bit packing by performing a transformation on the 

input (e.g., delta coding). These new data items are then packed into a smaller space by 

removing leading bits, e.g., 12 to 9 bits in the figure. Decompression is simple; as each com-

pressed data item is known to be 9 bits long, offsets can be statically calculated, allowing 

GPU threads to parallelize decompression. As only a single 9-bit data access is needed for 

each 12-bit item, repeated data accesses are avoided. 

5.3.2 Limits of conventional bit packing 

Unfortunately, this method drastically limits the amount of compression we obtain. To 

highlight this, we analyzed a few publicly available datasets. Table 5.4 shows the percentage 

of bits that can be removed through bit packing for different datasets. As the range of 

values is large, the potential for space savings is very small. One possibility to boost this 

is to segment the data into groups and perform bit packing within these groups, as done 



80 

by ndzip and Cascaded. This works for some sparse GNN datasets (e.g., 6.3% to 65.3% 

for Citeseer with groups of 100 tensors). However, even for these sparse GNN datasets, 

compression is still limited. 

5.3.3 ML data compresses well across tensors 

We find that ML tensors tend to exhibit low entropy at the bit level, even when numerical 

values appear diverse. Tensors are typically drawn from structured distributions rather than 

random bit patterns. In floating-point representations, values for a feature vector are often 

bounded due to regularization and training dynamics. Exponent and sign bits frequently have 

the same value across many different tensors. For example, for the Reddit GNN dataset [186], 

we found the second to fifth most significant bits (MSBs) had the same value more than 90% 

of the time, and the first significant bit more than 75% of the time. These correspond to the 

exponent and sign bits respectively. Conversely, the other bits shared a value roughly 50% of 

the time, conveying a random distribution. Sparse datasets have a bias towards zero-valued 

bits, which we saw in the Pubmed GNN dataset [226]. Generally, when values share a global 

structure, certain bit positions show low variance in values. 

These bit positions are low entropy, where the probability of observing the same bit value 

(e.g., 0) is significantly higher than 50%. We refer to these low entropy bits as invariant. 

When tensors are sampled from a stable distribution, such invariant bits remain consistent 

across tensors. As the number of sampled tensors increases, the empirical probability that 

bits are invariant converges. We can exploit this property by identifying bit positions that 

are consistently fixed across a large fraction of tensors and storing them once globally. The 

remaining bits carry the entropy and are transmitted across the PCIe normally. Thus, 

compression is effective whenever tensors are drawn from structured distributions with shared 

low-entropy bit positions, as is common in GNN features, DLRM embedding tables, and LLM 

KV cache/weight tensors. 

We empirically demonstrate that ML data frequently has these low-entropy invariant 

patterns across tensors, (shown in Figure 5.1 (right)) by evaluating the invariant bits across 
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different ML datasets/weights; Table 5.4 shows the fraction of bits that are invariant in 80% 

of tensors or more (80p-invariant). We define invariance by the value identity of the same 

tensor bit positions. We use a threshold value T to state that a bit is invariant within an 

input set of tensors of cardinality N . 80p-invariant means that at least 
N
T = 80% of tensors 

have identical bit values in the same position. We see that all datasets have invariant bits. 

Invariance also persists across data types—MAG uses FP16, LLM uses FP16 or BF16, 

while the others use FP32. BF16 LLM KV caches contain significantly more invariant bits 

compared to FP16 KV caches. BF16 uses eight exponent bits compared to FP16’s five, 

providing more opportunities for bits to be invariant. 

To effectively reduce the amount of data ferried across PCIe, we wish to avoid transferring 

these invariant bits. However, this presents multiple new challenges: 1 The number of 

invariant bits varies across tensors. This means each compressed tensor varies in size, so 

fixed offsets are not possible, e.g., to decompress the fifth tensor bit, we would first have to 

parse and decompress the first four bits. This greatly hinders parallelization opportunities. 

2 The bits are scattered, requiring multiple accesses to reconstruct the decompressed tensor. 

In Figure 5.1, each tensor requires up to four separate bit accesses to decompress. 

5.4 Invariant bit packing (IBP) 

To exploit invariance and solve these challenges, an ideal decompression technique for ML 

data must 1 minimize the metadata required for compression, 2 minimize memory accesses 

needed to decompress data, 3 be easily parallelize to take advantage of the GPU, and 4 

support a diverse set of data types (e.g., float32, float16, bfloat16, sparse bitmasks). 

We propose Invariant Bit Packing (IBP) to achieve these goals. IBP identifies invariant 

bits in data items, eliminates them, then shifts the remaining bits to reduce the space required 

for the data item. Decompression involves reading the compressed bits and reconstructing 

the original data by reinserting the removed bits. Invariant bit metadata is stored once in 

GPU memory and is used for tensor decompression across the entire dataset. Even for 

terabyte-sized datasets, the required metadata is extremely small, on the order of kilobytes. 
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This satisfies our first goal of minimizing the metadata for compression. The key remaining 

challenge is to parallelize decompression while minimizing CPU memory accesses. For GPUs, 

contiguous memory accesses by neighboring threads benefit from coalesced memory accesses, 

as the threads co-located within the same processor share a common cache. As IBP’s packing 

is irregular, it is hard to predict where threads should access memory for decompression. 

Warp-parallel iterative decompression. We propose warp-parallel iterative decompres-

sion for parallelization while maintaining access locality. First, we maintain a workspace in 

shared memory (i.e., a partition of the L1 cache). The threads in the warp cooperate to read 

a contiguous segment from CPU memory to this workspace. The data in the workspace can 

now be decompressed. However, each thread does not know from which bit to begin reading. 

For this, they communicate using a warp primitive [182], which provides cycle latency com-

munication within a warp. The threads perform a prefix scan to ascertain their starting bit 

offset, then independently decompress their assigned data item. Once the entire workspace 

is decompressed, the next segment is read from CPU memory until the entire tensor is de-

compressed. We use asynchronous memory accesses [227] to overlap the CPU memory access 

with decompression, utilizing the hiding technique of data movement mitigation. 

As the workspace is in the L1 cache, repeated accesses during decompression do not 

incur any PCIe overhead. This ensures that the CPU memory is only scanned once for 

decompression, satisfying our second goal. Dividing a tensor across a warp also increases 

parallelism while minimizing communication overhead, satisfying our third goal. Finally, 

IBP operates at a bit level, agnostic to the underlying data type, and can be applied across 

a variety of input types, e.g., float32, float16, int, or sparse vectors, fulfilling our final goal. 

5.4.1 Implementation of IBP 

To simplify the integration of IBP in ML pipelines, we provide an easy-to-integrate open-

source library. We provide a PyTorch extension [228] for Python and CUDA support through 

a header-only library. The Python functions are all called by the CPU, while the CUDA 

backend provides lower-level functions that can be called from either the CPU or the GPU. 
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Figure 5.2: Invariant bit packing example (T = 4, N = 5). 

We shall now go over the requisite steps for performing IBP in the GPU, referring to 

Figure 5.2 as our running example. 

Preprocessing. Before we can compress the input tensors, we must determine which bits 

are invariant. This step is performed on the GPU to exploit its parallelism. Preprocessing is 

done once before model processing so that it doesn’t interfere with the ML application. In 

our experiments, this took around three minutes for a ∼ 180GB dataset. 

A counter is allocated for each bit across input tensors, e.g., 8 counters for 8-bit tensors, 

or for each vertical column in Figure 5.2. For each set bit in each input tensor, we increment 

the corresponding counter for the bit—the count is shown underneath the original tensors. 

From this, a Mask is constructed, containing a 1 for invariant bits, and a 0 otherwise. 

Bitval contains the value of the invariant bits for each position. If the value of a counter is 

more than T , that corresponding bit is set to 1 in the Mask and Bitval. This implies that 

this bit is invariant with a value of 1. If the value is less than N − T , where N is the number 

of tensors in the dataset, the corresponding bit is set to 1 in the Mask and to 0 in the Bitval, 

implying the bit is invariant with a value 0. Otherwise, the bit in Mask is 0, implying the 
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bit is not invariant. For 0 bits in the Mask, the bits of Bitval do not matter, depicted with 

a *. We keep these bits as 0 in our implementation. For the entire dataset, only one Mask 

and Bitval is constructed and used, which is stored in the GPU memory due to its small 

size, avoiding large metadata overheads that scale with dataset sizes. 

The value of T has a heavy impact on the achieved compression ratio. If T is too high, 

fewer bits get chosen as invariant, limiting the maximum achievable compression. If T is 

too low, excessive bits are chosen as invariant, leading to mismatches between tensors and 

Bitval values causing many input tensors to remain uncompressed. To maximize compres-

sion, we perform a sweep over T values from 0.7N to N , picking the value providing the 

greatest observed compression. In practice, T = 0.8N strikes a good balance that maximizes 

compression for our datasets. 

Compression. Using Mask and Bitval, we compress the tensors. Each tensor is first broken 

into fixed-size chunks (4 bits in Figure 5.2), allowing us to parallelize compression (and 

later, decompression) across chunks, with each chunk handled by a different GPU thread. A 

metadata bit is prepended to the compressed tensor for each chunk in the original tensor, 

called the participation bit (blue in Figure 5.2). The participation bit indicates whether that 

chunk is compressed. A chunk can be compressed if its masked bit values match the Bitval 

— formally if Chunki ∧ Maski = Bitvali, for chunk i. For chunks with matching values, 

the matching bits are removed in the compressed tensor (e.g., 100 for the first chunk in the 

figure), and the corresponding participation bit is set to denote that the chunk is compressed. 

Otherwise, the participation bit is unset, e.g., the second chunk of the second tensor. 

Similar to preprocessing, compression is performed by the GPU for parallelism. The 

tensors are kept within high-capacity CPU memory and accessed by the GPU using CUDA’s 

zero-copy Unified Virtual Memory [229], allowing the GPU direct access to CPU memory. 

Figure 5.3 shows the pseudo-code of the two main functions used for compression: pre-

calculating a tensor’s compressed size and the actual compression. To calculate the com-

pressed size of a tensor, we partition the set of all input tensors among the GPU warps, with 

each warp handling a subset of the input set. Each thread in the warp, in turn, is handling a 
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def getCompressSize(tensor, tensorLen, Mask, Value):
bitsSaved = 0 
i = THREAD_ID 
while i < tensorLen / CHUNK_SZ: 
chunk = tensor[i * CHUNK_SZ]
maskChunk = Mask[i * CHUNK_SZ]
bitvalChunk = Value[i * CHUNK_SZ]
if (chunk BITAND maskChunk) == bitvalChunk: 
bitsSaved += popcount(maskChunk)

i += WARP_SZ 
bitsSaved = warpScan(bitsSaved)
# See if tensor is worth compressing
if THREAD_ID == 0: 
participationBits = tensorLen / CHUNK_SZ 
bytesSaved = (bitsSaved - participationBits) / 8 
if bytesSaved <= 0: 

return tensorLen 
else: 

return tensorLen - bytesSaved 

def compress(tensor, tensorLen, Mask, Value):
j = THREAD_ID 
bitShift = 0 
while j < tensorLen / CHUNK_SZ: 
curBitshift = 32 
chunk = tensor[j * CHUNK_SZ]
maskChunk = Mask[j * CHUNK_SZ]
bitvalChunk = Value[j * CHUNK_SZ]
if (chunk AND maskChunk) == bitvalChunk: 
curBitshift -= popcount(maskChunk)

bitshift += warpScan(curBitshift)
insertBits(outputTensor, chunk, bitshift)
j += WARP_SZ 

return outputTensor 

Figure 5.3: Pseudocode for IBP tensor compression. 
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separate chunk of its input tensor. The warps execute in parallel. For simplicity, we examine 

the operation of a single warp. 

Each thread checks whether the bitwise AND operation between the chunk and Mask 

matches the Bitval, implying that the chunk can be compressed [lines 5–8]. If so, the number 

of set bits in the Mask indicates the number of bits saved in the chunk [line 9]. This process 

is repeated for the entire input tensor [lines 4, 10]. The warp then performs an in-place 

scan operation to determine the combined bits saved [line 11]. The leader thread of the 

warp [line 13] performs the final calculation of the compressed size. The compressed tensor 

requires an extra bit per chunk for the participation bits, which are subtracted from the bits 

saved [lines 14–15]. We keep all the tensors byte-aligned to avoid complex sub-byte memory 

accesses. Hence, we can divide the bits saved by 8 to get the bytes saved. If we find no bytes 

are saved, we keep the tensor in uncompressed form, without participation bits, returning 

the original size (e.g., the second-to-last tensor in the figure). In this way, the compressed 

dataset cannot exceed the size of the uncompressed dataset. Otherwise, we return the new 

compressed size [line 18]. For the input tensors with compressed sizes smaller than the tensor 

size, we perform compression [line 21]. 

To compress the input chunk into the output buffer, each thread needs to know where 

to insert the compressed chunk. For this, we calculate the bit shift of the current chunk 

or the bit index at which the current chunk will be inserted. This value depends on how 

many bits the previous chunks inserted into the output tensor, which are being compressed 

in parallel by other threads. Waiting for them to complete serializes the operation, reducing 

compression performance. 

To resolve this, we make use of warp intrinsics [182], which is a GPU feature that allows 

threads within a warp to communicate with each other with low latency (order of cycles). 

Each thread first calculates the number of bits that its assigned chunk will occupy in the 

output tensor [lines 26–30], and then all the threads communicate this value with each other 

using the warp intrinsic [line 31]. The threads then insert their chunk into the output array 

independently [line 32], maximizing parallelism. 
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Figure 5.4: IBP tensor decompression steps. 

Decompression. Decompression is on the critical path of performance and must have 

minimal overhead. To attain this, we rely on lightweight warp primitives, bit shift operations, 

and asynchronous CPU memory accesses. We decompress input tensors in batches, with each 

tensor being decompressed by a separate warp, avoiding communication outside the warp 

and reducing synchronization overheads. 

Figure 5.4 shows the major steps involved in decompression. Each thread in the warp 

is responsible for decompressing a chunk within the tensor. 1) The warp collaboratively 

reads a region of data from the CPU memory to the workspace. This collaborative read 

allows the operation to benefit from memory coalescing (subsection 5.1.2). Following this, 

an asynchronous read is initiated proactively (1b). 
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2) Each thread then reads its respective chunk of the Mask metadata and counts the 

number of unset bits. This indicates to the thread the number of bits that it will need to 

fetch from the shared workspace. 3) The warp then performs an exclusive scan on these bit 

counters using warp primitives to obtain individual offsets. Each thread in the warp is now 

aware of the bits the threads before it intend to insert, yielding the start offset for itself. 

The warp then waits for the prior asynchronous read to complete. 4) If further CPU 

reads seem necessary, another asynchronous read is kicked off for the next region. 5) Each 

thread then performs the required bit reads and bit shifts from the workspace to decompress 

their assigned chunk. This process is repeated until the entire tensor is decompressed. 

At all points, communication is contained within the warp, reducing synchronization 

overheads. CPU memory accesses are also asynchronous allowing the decompression logic to 

overlap with data movement. 

5.4.2 Efficient PCIe data transfer 

Efficient transfer of data across PCIe is crucial to reducing the overhead of decompression. 

In Figure 5.5, we evaluate four possible methods of copying randomly distributed, unaligned 

array elements of different sizes from CPU memory to a GPU buffer, along with the hardware 

limit. The first two are CPU-initiated. CPU (Fine-grained) copies element-by-element to the 

GPU buffer. This performs the worst, as a DMA copy is performed for each array element, 

which has startup overheads. CPU (Bulk) copies individual elements to a contiguous CPU 

buffer, then copies the CPU buffer at once to the GPU buffer. This performs better, as 

the DMA copy happens only once, amortizing the startup overhead. GPU uses the CUDA 

zero-copy feature [229] to perform copying from within the GPU. This leverages the GPU’s 

parallelism to transfer the array elements in parallel performing better. 

From this investigation, it is clear that initiating copies from the GPU performs better. 

However, as discussed in subsection 5.1.2, 128B size and aligned transfers provide maximum 

link utilization. Unfortunately, compressed tensors are misaligned and oddly-sized, limiting 

performance. For this, we use two techniques: 1 aligned and 2 bounded data transfers. 
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Figure 5.5: CPU-to-GPU copy throughput across methods. 

Aligned transfers. All our data transfers use aligned copies, where we find the 128B 

boundary for a CPU buffer being copied, and shift indices so that each warp starts at a 

128B-aligned boundary. We proceed with the accesses, copying the required data into a 

GPU buffer, with extra PCIe transactions only to copy unaligned portions. GPU (Aligned) 

shows this improves throughput by 25% over simple GPU copying. 

Bounded transfers. Our second technique, bounded data transfers, uses a lower bound 

and upper bound instead of a fixed length when copying. This guarantees aligned transfers 

when iteratively reading from a contiguous buffer. The function uses a warp to copy 128B 

aligned segments from a source to destination, stopping when it has copied at least the lower 

bound up to the upper bound of data. 

By ensuring the lower and upper bounds are separated by 128B, we can copy data into 

an intermediate buffer, operate on it, and then copy more data while always copying 128B-

aligned segments. For example, Step 1 of Figure 5.4 copies between 1–128 bytes based on 

the alignment of src. Without bounded transfers, if the source was misaligned and we 

repeatedly copied 128B into a buffer, every copy would be misaligned. 
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Figure 5.6: Integrating IBP into ML applications. 
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5.5 Integrating IBP into ML frameworks 

A key aspect of IBP’s design is making integration into frameworks simple, requiring mod-

ifications only at data transfer boundaries and avoiding a full application rewrite. To this 

end, we now see how we provide cache and PCIe transfer compression to these frameworks. 

Cache compression: Frameworks sometimes use a static cache in GPU memory to store 

frequently accessed data [16, 42]. We enhance this cache by storing tensors in compressed 

format and decompressing on use, increasing the cache’s effective capacity, shown in Fig-

ure 5.6a. The cache typically has two software components, a datastore, where the tensors 

are stored, and a hashmap, which maps the tensor ID to the tensor location in the datastore. 

To enhance a static GPU cache with compression, we must pack compressed tensors into 

the data store, adding new mappings into the hashmap. To achieve this, we change the data 

store layout and hashmap output. 

First, we allocate a contiguous memory region per interconnected GPU, which we call a 

data slab; e.g., an 8-GPU system would have 8 separate data slabs. Together, these slabs 

make up the data store. We compress the input tensors and lay them contiguously within 

the data slabs, keeping track of the offset within the slab and the GPU ID of the slab. In 

this way, our compressed cache consumes the same space as the uncompressed version. 

During cache access, we require two pieces of information: where the tensor is located and 

whether it is in compressed or uncompressed form. To avoid additional data structures or 

memory accesses, we integrate this information into the existing hashmap structure. Instead 

of a 64-bit pointer to the relevant tensor, the hashmap now maps an ID to a 3-bit data slab 

ID, a 40-bit offset, and a bit indicating whether the tensor is in compressed form or not. 

The 3-bit slab ID allows us to support up to 8 GPU slabs (the current multi-GPU limit), 

and the 40-bit offset allows us to index up to 1 TB of GPU memory, exceeding current GPU 

capacities. We have 20 spare bits in case we need to extend these in the future. 

Using the data slab ID, we identify which GPU slab the required tensor is on and then 
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use the offset to index into the appropriate location. The 1-bit compressed indicator then 

lets us know whether to decompress the data or simply read it. This retains all the existing 

features of the static cache, while seamlessly introducing compression. 

PCIe transfer compression: While cache compression improves the hit rate of the cache, 

misses are still fetched from CPU memory. To reduce PCIe transfer overhead, we also 

compress CPU tensors. Two difficulties arise from this. (1) For most datasets, input tensors 

are fixed in size and accessing a specific tensor involves shifting a pointer by a fixed offset. For 

example, to access the fifth tensor, one simply shifts 5 tensor indices. The sizes of compressed 

tensors vary, and we cannot use a fixed shift to index a tensor. Tracking offsets adds extra 

memory accesses when decompressing and increases memory usage. (2) IBP retains certain 

tensors in uncompressed form, which must be separately tracked. 

To solve the first problem, we perform in-place compression, where the entire dataset 

occupies the same amount of memory, but each individual tensor is compressed. For example, 

a 100B tensor may be compressed to 80B. The full 100B are allocated, but only the first 

80B are useful. When reading tensors from the CPU, only the required data is read, with 

individual tensors indexed as before. The CPU memory is many times larger than the GPU’s, 

making this acceptable. 

To solve the second problem, we maintain a bitmask of compressed and uncompressed 

tensors in GPU memory, which allows IBP to look up whether a tensor is compressed, and if 

so, decompress. Otherwise it simply transfers the entire tensor. Each bit represents whether 

the CPU tensor is compressed or not. Before reading a tensor from the CPU, this bitmask 

is first checked. This has a memory overhead of 1 bit per tensor, or Bitmask size = Dataset 

size / (Tensor size * 8). For a 512 GB dataset with 1 KB tensors, this bitmask occupies 

only 64 MB, fitting well within GPU memory. 

5.6 Evaluation 

For our evaluation, we answer the following: 
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1. How well does IBP compress ML datasets? (§5.6.1) 

2. What performance improvement does IBP provide GNN training? (§5.6.2) 

3. What performance improvement does IBP provide DLRM transfers? (§5.6.3) 

4. What performance improvement does IBP provide offloaded LLM inference? (§5.6.4) 

5. How do IBP’s parameters impact performance? (§5.6.5) 

System configuration. We evaluate IBP on a system with an A100 GPU with 300 GB of 

CPU memory. We use CUDA 11.7, Python 3.8, and Pytorch 1.13.1. The system has a 16-

lane PCIe Gen4 connection between the CPU and GPU, providing a theoretical bandwidth 

of 32 GB/s. 

Baselines. For compression benchmarking, we use nvCOMP v3.0.1 [70], a closed-source 

NVIDIA library that provides GPU compression algorithms, as well as ndzip-gpu [194], an 

open-source GPU compression algorithm for floating point data. We integrate IBP into two 

GNN frameworks: DGLv2.1 [230], a popular graph library, and Legion [16], a state-of-the-

art GNN framework. For DLRM, we integrate IBP into Colossal-AI’s CachedEmbedding-

Bag [231, 203]. For LLM, we add IBP support to FlexGen [23], where we offload LLM 

weights, and InfiniGen [15], where we offload the KV cache. We compare IBP against native 

applications without compression. 

5.6.1 IBP compression performance 

Table 5.1 shows that IBP provides the best transfer throughput. We now take a deeper look 

at the compression ratio that IBP provides and compare it to alternatives, shown in Table 5.2. 

The sparse GNN datasets use sparse tensors. For these, most algorithms are able to provide 

good compression, with zStd providing the best. The dense GNN, DLRM weights, and LLM 

datasets consist of dense floating-point numbers that are harder to compress. zStd and ndzip 
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can compress some of these, but IBP is the only algorithm that compresses all of them, giving 

10–12% space savings for dense GNN datasets, 8% for DLRM, and up to 27% for LLM. 

We experiment with different forms of LLM compression. We first compressed the KV 

cache generated by an OPT-30B [232] model, which yielded only 4–5% space compression. 

This model uses the FP16 data type for KV cache entries. Modern models prefer the BF16 

data type, which uses eight bits for the exponent compared to the five exponent bits of FP16. 

The expanded exponent allows the values to take a wider range, improving LLM accuracy. 

As we note in subsection 5.3.1, exponent bits tend to be invariant, as values across tensors 

end up in similar ranges. 

We test the Gemma-7B [233] model which uses the BF16 type. IBP delivers significant 

compression for both the LLM KV cache and weights for this model at 23% and 27% respec-

tively. This benefit came with no changes to IBP’s algorithm, giving a strong demonstration 

of how it generalizes across data types and models. Overall, IBP’s compression across all 

datasets translates to practical throughput gains. 

We also investigate the compression time in Table 5.3. For IBP, this includes the time 

taken to preprocess the dataset to generate the Mask and Bitval. IBP requires a moderate 

amount of time to compress; we find that around 50–70% of the time was spent on pre-

processing the dataset, with the rest being shifting bits to compress the tensors. Generally, 

preprocessing is done off the critical path, reducing the significance of this overhead. 

Decompression overhead. We evaluate IBP’s decompression overhead versus space sav-

ings across different tensor sizes via a microbenchmark. To achieve specific space savings, 

we create synthetic Mask and Bitval metadata, varying the set bits in the Mask to yield 

the desired compression ratio. We compress 100,000 tensors of sizes representative of ML 

datasets (256B, 1KB, and 4KB) in CPU memory using the appropriate metadata and mea-

sure the total time taken to transfer and decompress the compressed tensors, averaged across 

100 iterations. To highlight decompression overheads, we normalize the throughput to that 

of a mock system that transfers compressed tensors across PCIe, but writes uncompressed 

tensors to GPU memory without decompression. 
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Figure 5.7: Decompression throughput versus space savings. 

Table 5.5: Compression ratios with different fractions of dataset sampled during preprocess-
ing. 

Dataset 1% 5% 10% 25% 50% 100% 
Pubmed 7.37x 7.34x 7.34x 7.34x 7.35x 7.35x 
Citeseer 25.09x 25.09x 25.09x 25.09x 25.09x 25.09x 
Cora 26.36x 26.36x 26.36x 26.36x 26.36x 26.34x 
Reddit 1.13x 1.13x 1.13x 1.14x 1.14x 1.14x 
Products 1.12x 1.12x 1.12x 1.12x 1.12x 1.12x 
MAG 1.11x 1.11x 1.11x 1.11x 1.11x 1.11x 
DLRM 1.11x 1.12x 1.13x 1.13x 1.13x 1.14x 

LLM KV (FP16) 1.03x 1.04x 1.06x 1.05x 1.05x 1.05x 

Figure 5.7 shows that for space savings below 50%, which covers the dense ML datasets, 

the decompression throughput is above 95% of ideal. PCIe is the bottleneck in these cases, 

and the decompression overhead is hidden by the GPU’s parallelism and asynchronous mem-

ory accesses. For compressed sizes smaller than this, i.e., 256B with 50% or more compres-

sion, overhead is seen as excess data is brought in with a single 128B transfer. As the space 

saved increases, throughput starts reducing as the overhead of decompression (e.g., GPU 

accesses, bit shifts) has an increasing impact on performance. At 90% space saved, which 

covers sparse datasets, throughput is at 78% and 86% of ideal for 1KB and 4KB, respectively, 

showing low overhead. Only small, 256B tensors suffer from an overhead of 50%. 
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Table 5.6: Datasets used for GNN training. *SU are scaled up. 

Dataset PubmedSU CiteseerSU CoraSU Reddit Products MAG 

Dataset Sampling. It may be the case that the entire dataset cannot be preprocessed 

together, e.g., in distributed deployments, when data is updated at runtime, or streamed in 

online scenarios. For this, we can sample a fraction of the dataset for preprocessing. 

In Table 5.5, we generated a Mask and Bitval using a specified fraction of data instead 

of the entire dataset. We then evaluated the compression ratio obtained using this Mask 

and Bitval for the entire dataset. This allows us to see how well a sampled Mask and Bitval 

generalizes to all data. We see that samples generalize well, constructing good Mask and 

Bitval for our datasets. Even when 10% of the dataset is sampled, the compression ratio 

obtained is comparable to the entire dataset in most cases. 

5.6.2 GNN training speedup 

Datasets. We evaluate 6 publicly available GNN datasets: Pubmed [226], Citeseer [184], 

Cora [234], Reddit [186], Products [183] and papers of MAG240M [183], spanning various 

tensor and dataset sizes (Table 5.6). 

GNN training is commercially performed on datasets that span 100s of GBs to TBs in 

size [21]. Unfortunately, publicly available datasets are significantly smaller. To compensate, 

we perform two modifications: 1) Pubmed, Citeseer, and Cora are very small datasets (order 

of MB); we substituted the original graph topology with the topology of Products to scale 

Size per 
tensor 

2KB 14.5KB 34KB 2.4KB 400B 1.5KB 

Total tensor 
size 

4.6GB 34GB 79.5GB 0.52GB 0.91GB 174GB 

No. of nodes 2.4M 2.4M 2.4M 233K 2.4M 121M 
No. of edges 123M 123M 123M 114M 123M 1.3B 
Dataset size 5.1GB 34.5GB 80GB 0.95GB 1.4GB 180.2GB 
Batch size 8,192 1,024 512 1,024 8,192 8,192 
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up the size of these datasets. Input tensors from the original dataset were randomly assigned 

to the vertices of this larger graph. We marked these datasets with the suffix SU to indicate 

that they have been scaled up. This retains a real-world graph topology, similar to scaled-up 

studies performed by prior work [16, 188]. As the tensors themselves are unmodified, scaling 

up does not affect the compression ratios obtained, which we empirically validated. 2) To 

imitate cache hit rates of large-scale training [21], we restrict the GPU cache size to 1% of 

the graph’s total input tensor size. 

Frameworks. We extend DGL with our PyTorch extension to compress input tensors 

when transferring them from the CPU to the GPU. Users call compress once during graph 

initialization to enable IBP. IBP’s one-time preprocessing and compression took between half 

a second to 3 minutes, depending on the dataset size. After this, DGL’s sampling process 

automatically decompresses input tensors when transferring them to the GPU. Adding IBP 

to DGL required less than 35 lines of code, showing the simplicity of our Python API. 

Legion is primarily written in CUDA and uses parallel processes for graph sampling and 

neural network training to overlap the two tasks. It additionally makes use of a software-

based static cache within the GPU memory to cache input tensors used for training and 

graph topology structures used for graph sampling. 

We extend Legion by compressing the static cache to fit more input tensors within the 

same space. We also compress the input tensors residing in CPU memory, decompressing 

them after transferring to reduce PCIe latency. 

Setup. We run the GraphSAGE model [186] using two-hop random neighbor sampling with 

a fanout of 25 and 10. We attempted to set a batch size of 8K used by prior works [16, 188], 

but ran into out-of-memory errors for certain datasets due to our feature tensors being larger 

than in those works; the evaluated batch sizes of datasets are shown in Table 5.6. We run 

10 epochs of training for each dataset, and average the runtime of the last 9 epochs to avoid 

startup overheads seen in the first epoch. IBP uses 4B chunk sizes as this provided good 

compression, while many of the dataset tensors are not divisible by an 8B chunk size. We 

verified that IBP’s lossless compression doesn’t impact model accuracy. 
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Figure 5.8: Average GNN training epoch speedup. 

Table 5.7: GNN tensor cache capacity with/out compression. 

Cache PubmedSU CiteseerSU CoraSU Reddit Products MAG 
Original 24,401 24,401 24,401 2,301 24,401 1,217,501 
Compress 166,901 589,182 631,609 2,596 26,987 1,354,043 
Increase 6.84× 24.15× 25.88× 1.13× 1.11× 1.11× 

Performance. Figure 5.8 shows the speedup of IBP over DGL and Legion, normalized to the 

respective framework. IBP(M) compresses the traffic across the PCIe, IBP(C) compresses 

the static cache, while IBP(C/M) does both. On average, IBP speeds up DGL by 56% 

and Legion by 74% on an A100. The biggest gains IBP sees on top of Legion are due to 

PCIe traffic compression, improving throughput by up to 2.7×, and on average 70%. In 

general, having both cache compression and PCIe compression combined improves speedup 

over having them individually. 

We also look at how compression influenced the in-GPU tensor cache used by Legion in 

Table 5.7. We see that the increase in capacity of the cache largely correlates with the ratio 

of compression of the datasets (Table 5.5). More compressible datasets increase the capacity 

of the cache proportionately. 

Latency breakdown. We examined the sources of latency in Legion, with and without 

IBP, for the CoraSU and Reddit datasets. We show these in Figure 5.9. Legion uses two 
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Figure 5.9: Breakdown of latency for GNN training epochs. 

processes: one for the computationally-heavy training operations, while the other samples 

the graph, prepares input, and fetches it into GPU memory. These are done in parallel 

on two separate minibatches. The training process trains on a minibatch, while the graph 

sampler prepares the next minibatch. We measured the time the training process spends 

training (Train) and waiting for the next batch (Wait). Wait shows the exposed latency of 

the sampler not hidden by Train. 

We see that IBP reduces the Wait time greatly by reducing the amount of time spent 

transferring data. For CoraSU, Wait time is almost eliminated entirely. Interestingly, even 

the Train time slightly reduces. Legion performs data transfers using a subset of available 

SMs, with the remainder used for training. IBP reduces data transfer volume, leading to a 

net reduction in transfer time. Consequently, transfer SMs are free for ML training earlier, 

causing a cascading effect speeding up Train time. For CoraSU, IBP decreased training time 

by 12% versus Legion, due to reduced SM contention for data transfer. 

5.6.3 DLRM inference speedup 

As discussed in subsection 5.1.1, large embedding table lookups and transfers are the bot-

tleneck of DLRM inference [189, 235]. Hence, we evaluate the benefit of IBP on embedding 

lookups. Besides bookkeeping, adding IBP support required less than 15 lines of Python 
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Figure 5.10: Normalized DLRM embedding lookup throughput varying batch and entry 
sizes. 

code. The CachedEmbeddingBag maintains the embedding tables in CPU memory, caching 

frequently accessed embeddings in a buffer in GPU memory. CachedEmbeddingBag supports 

both training and inference. In training, the embedding table values can change, necessitat-

ing that evicted table entries from GPU memory have to be written back to the CPU. For 

inference, these values are static. Hence, we slightly modify CachedEmbeddingBag to avoid 

unnecessary data movement from the GPU back to the CPU. All other settings are default. 

Setup. We deployed embedding weights from a pre-trained model from NVIDIA [236] 

trained on the Criteo 1TB dataset [237], consisting of 26 embedding tables with an embedding 

entry size of 512B (128×4B floats). 

The embedding tables vary greatly in size, with some being as small as 4 entries. We 

focus on the large tables with at least 25,000 entries. Every lookup involves retrieving an 

entry from each of these tables. We evaluate the embedding lookup time of CachedEm-

beddingBag enhanced with IBP compared to the baseline, using different batch sizes. To 

examine scalability, we rescale the embedding sizes from 512B to 2KB as industry models 

reach these larger sizes [238]. 

Performance. Figure 5.10 shows the throughput we obtained. We found that the major 

source of improvement was due to the GPU-based data transfer that we employ (subsec-

tion 5.4.2). In the baseline, the CPU performs the table lookups, which consumes a sig-
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Figure 5.11: LLM inference latency with FlexGen weight offloading. 

nificant amount of time. The looked-up entries are then transferred to the GPU. As the 

batch and entry size increased, the overhead of CPU-based lookups increased. Conversely, 

IBP provides a single Python function as a drop-in replacement for this operation, which 

performs the lookup and transfer in parallel on the GPU, aligning the transfers as needed. 

This avoids the overheads of CPU lookups, using zero-copy to read directly from the GPU. 

Compression reduced the overhead of transfers by 8% to 20% on average, reducing with 

increasing batch size. 

5.6.4 LLM inference speedup 

We test IBP’s impact on LLM KV cache and weight offloading. We enhance two frameworks, 

FlexGen [23] and InfiniGen [15], with IBP to evaluate weight and KV cache offloading 

respectively. We use the same workload for both: a query of 1,920 input tokens with a batch 

size of 20, generating 128 output tokens. 

Integrating IBP with FlexGen took ∼ 20 lines of Python code for the core logic. The copy 

function, which transfers weights from the CPU to GPU, is replaced with IBP’s decompress 

function, and compression is done while loading the weights to CPU memory. We used 64 

SMs for decompression, allowing the rest to be used for concurrent inference computation. 

We ran Gemma-7B [233], which uses BF16 weights. These are stored in CPU memory, 

and brought layer-by-layer to the GPU. Figure 5.11 shows the inference latency, breaking 

down the time spent on weight loading and other inference latencies. We see that IBP makes 
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the end-to-end latency 22% faster, driven by 24.5% faster weight loading. This improvement 

directly results from the compression that IBP gets with the BF16 LLM weights. 

While the previous experiment demonstrated weight offloading, KV cache transfers from 

the CPU also incur a heavy overhead. To demonstrate this, we integrate IBP into Infini-

Gen [15], a recent LLM KV cache management framework tailored for long-context inference 

that builds on FlexGen [23] minimizing KV cache movement via indexing. This required ∼ 40 

lines of code changes. It primarily involved replacing the function responsible for fetching 

the KV cache from CPU memory with our IBP-based implementation. We reproduce an 

experiment from this work—we use Meta’s OPT model [232], which uses the FP16 data 

type. We tried the newer Gemma model which uses BF16, but had issues getting it to work 

with InfiniGen due to conflicts with RoPE [239] operations. 

For the KV cache, we do not preprocess data for IBP. Instead, we sample the prompt 

tokens’ K/V to generate a Mask and Bitval during each prefill phase. This is used to 

compress the output token K/V entries during decode. The prefill time is slightly increased 

as a consequence and the associated overhead is included in our experiment. This increase 

is compensated by the reduction in transfer time. 

Figure 5.12 shows the KV cache transfer and overall inference latencies with and without 

IBP. IBP reduces KV cache movement latency by up to 37% and reduces overall inference 

latency by up to 27% versus InfiniGen. IBP preprocessing increases the input processing 

time by 10%. As input processing accounts for less than 20% of total inference time, the 

gains in transfer speed outweigh this overhead. The smaller models (2.7B, 6.7B, 13B) see 

larger inference latency reductions. OPT-30B does not fit in GPU memory and adds over-

head for transferring uncompressed model weights, reducing the benefit of IBP’s KV cache 

compression in the overall inference latency. 

The speedup is primarily due to IBP’s GPU-initiated transfer (subsection 5.4.2). Infini-

Gen relies on the CPU to perform the KV cache indexing and transfer, while IBP uses the 

GPU. Compression improved transfers by 2%. InfiniGen transfers small 128B – 256B K/V 

entries per head for OPT, and FP16 does not compress well, limiting the transfer speedup. 
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Figure 5.12: Normalized LLM inference latency with InfiniGen KV cache offloading. 

These experiments show IBP improves LLM inference through two mechanisms: com-

pression (dominant for BF16 weights) and efficient GPU-initiated transfer (dominant for 

sparse KV cache). 

5.6.5 Performance sensitivity studies 

We now examine how performance varies with configuration parameters and design choices. 

Chunk Size (CS) and Invariant Threshold (T ). Chunk size and invariant threshold as a 

fraction of considered tensors (T/N), have an impact on the compression and decompression 

performance that can be obtained. A warp has 32 threads. To maximize parallelism, at 

least 32 chunks are desirable. However, each chunk requires a participation bit, affecting 

the compression ratio. T determines how often a bit needs to have the same value across N 

tensors to be considered invariant, also affecting the ratio. 

In Figure 5.13, we examine the effect of varying CS and T/N on the Products dataset. For 

1B CS (400 chunks), the compression ratio is low (< 3%). This is because one participation 

bit is needed per byte, leading to a 12.5% overhead. As CS increases to 8B (50 chunks), this 

impact reduces to 1.6%, increasing compression up to 12.7%. For high T/N (e.g., 100%), no 
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Figure 5.13: Space saved with different chunk sizes and invariant threshold fractions T/N 
for N = 2.4M tensors in Products. 

bits are invariant, while a T/N around 80–85% strikes a good balance. We evaluate varying 

N in the next subsection. 

Clustered Compression (N). So far, we have constructed a single Mask and Bitval for 

the entire dataset (setting N to the cardinality of the dataset), exploiting globally invariant 

bits to provide compression. This works well for the ML datasets we examined, but may be 

suboptimal for datasets with local trends among data items that are not globally prevalent. 

For datasets with local invariance, a smaller N can provide higher compression ratios. We 

call this clustered compression, where the dataset is partitioned into k clusters of size Nc for 

cluster c, and a Mask and Bitval is created for each cluster. How the dataset is partitioned 

into clusters has a major impact on compressibility. A common approach to finding similarity 

within a dataset is by k-means clustering. This maximizes the chance that local invariance 

trends among tensors are exploited within each cluster, improving compression. We modify 

k-means to use tensor bit-similarity for distances instead of absolute values. 

We demonstrate this approach in Figure 5.14, which plots the number of clusters k (found 

via k-means clustering) versus the net space saved (i.e., space savings due to compression 

minus metadata overhead for additional Mask and Bitval) across a number of datasets, 

including datasets of 250,000 tensors containing normally and uniformly distributed random 

integers. We can see that our GNN dataset (Reddit) resembles a normal distribution, where 

clustering provides very minor benefit, i.e., the peak was 12.7% savings with 477 clusters, 
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Figure 5.14: Clustered compression net space savings. 

compared to 12.0% savings for one cluster. A uniform distribution is difficult to compress, 

as values have no trends to exploit. 

To show that clustering can yield net space savings, we evaluate the asteroid.f32 dataset [240, 

194], containing the pressure component of a 3D simulation of an asteroid impact. The 

dataset contains a 3D tensor of 500 × 500 × 500 floating point values, which we transformed 

into a set of 250,000 tensors of size 500. The bit values of this dataset show local invariance 

trends—as the number of clusters increases, these similar tensors get grouped together and 

the space savings increase. With a single cluster, we obtain only ∼ 10% net space savings. 

With 13,725 clusters, the dataset compresses by 58%, yielding a net space saving of 47% 

(∼ 11% of the dataset size is consumed by Mask and Bitval metadata). 

Analysis of CPU-based copying. Many existing frameworks rely on the CPU to copy 

data to/from the GPU, whereas IBP relies on the GPU. We find that the performance of 

Pytorch’s CPU-based copying varies with the amount of threads dedicated to copying. We 

previously used 32 threads for our LLM and DLRM baselines. In Figure 5.15 we ran the 

LLM inference experiment varying the number of CPU threads dedicated towards Infinigen. 

We see that as the threads increase, the performance of KV cache management improves, 

due to more threads performing copying. However, IBP’s GPU-based copying still remains 

greatly superior. In practical scenarios, dedicating large numbers of threads to copying is of-
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Figure 5.15: LLM inference latency with varying CPU threads. 

ten infeasible. The CPU performs many duties during ML inference, like fetching inputs [241] 

or handling RPC calls [242]. Increasing the number of CPU threads for tasks like copying 

often moves the bottleneck from PCIe transfers to CPU contention. Conversely, as the GPU 

is waiting on transfers, making use of its stalled SMs does not increase contention, while 

alleviating the PCIe transfer bottleneck. 

5.7 Conclusion 

This chapter discussed IBP, an instantiation of the reducing data movement mitigation 

technique. As offloading-based ML frameworks rely on moving data from CPU memory 

during model execution, they are bottlenecked by the PCIe bandwidth. We use lossless 

compression to alleviate this bottleneck, proposing Invariant Bit Packing (IBP), a novel 

compression scheme that compresses across tensors. Results show the effectiveness of on-the-

fly decompression by improving GNN training latency by 74%, DLRM embedding lookups 

by 180%, and LLM inference by 24% on average. We now look at how these projects inspire 

future research. 
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Chapter 6 

FUTURE OUTLOOK 

This thesis explores three systems that demonstrate different data movement mitigations. 

Each targets a specific use case: (MC)2 targets copy-heavy workloads that suffer from cache 

misses, POD-Attention targets hybrid-batch LLM inference, and IBP targets offloaded ML 

execution. In this chapter we discuss future work inspired by these systems. 

6.1 Coordinated cross-layer copying 

Motivation. Current system proposals delegate copying to a specific device, like DMA-

based copying [55], in-memory copying [103], cache-based copying [102], or memory-controller-

based copying [11]. Each mechanism has its own set of tradeoffs—DMA engines free the CPU 

but have high startup cost; in-DRAM copying offers high bandwidth but requires the source 

and destination to lie within the same module; cache-based copying is fast when data is hot 

but degrades when it must be fetched from memory. These mechanisms also require using 

their own set of APIs for copying, to opt-in to the specific system. No mechanism can be 

uniformly applied across all workloads, and all require application code changes to be used. 

For optimal performance we need a coordinated approach. 

The abstraction for unified copy already exists at the programmer interface: memcpy 

and related functions [97, 96]. What’s missing is the runtime machinery to select the right 

underlying mechanism for each call. Currently, using a specific mechanism requires explicit 

programmer effort—DMA engines must be programmed through their own API, while other 

approaches require using their set of copy instructions. This requires the programmer to first 

determine the best device to handle copying, then modify code to use that mechanism. This 

is an infeasible task, as the programmer does not know the system state when the copy is 
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Table 6.1: Copy coordinator decision table 

Data location Decider Copy mechanism 
Cache 

DRAM, same module 
DRAM, different module 

Cache 
Memory controller 
Memory controller 

CPU copy or cache accelerator 
DRAM accelerator 

DMA engine 

issued, e.g., the state of data in the cache, which impacts which technique is optimal. 

Proposal. A coordinated system would route memcpy invocations automatically to the 

appropriate mechanism as shown in Table 6.1. Cache-resident data would be copied by 

the CPU or a cache accelerator, taking advantage of the low latency access times of the 

cache, and avoiding startup overheads present for devices like DMA engines. Cache misses 

would be forwarded to an in-memory copy unit or DMA engine, depending on the source 

and destination locations. The programmer’s job becomes simple: call memcpy, then the 

memory hierarchy handles the rest. 

Implementation and challenges. Implementing this requires significant hardware changes. 

Devices need a dedicated interconnect to communicate with each other and send messages 

for coordination. However, this is not an impossible task. Cache coherence protocols rely on 

similar communication between cache layers, distributed across cores. We can extend this 

to other devices, repurposing it for copy coordination. When coherence indicates that data 

is available in the cache, the coordination system selects a local copy mechanism, i.e., cache-

based copy acceleration or CPU copying. If coherence indicates a cache miss, the message 

is forwarded to the memory controller, which handles it in an (MC)2 fashion, i.e., the copy 

is performed lazily and in the background, without CPU involvement. When copying, it 

chooses between in-DRAM copying and the DMA engine, depending on the DRAM layout. 

While the effort is high, the benefit is that copying becomes a ‘solved’ problem—newer 

copy-offloading schemes only need to be integrated once to benefit all applications. 
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6.2 Automatic GPU co-scheduling 

Motivation. At an industrial scale, GPU utilization has become a critical factor in cost 

management [243, 244]. GPUs are expensive both to purchase and to operate, with sub-

stantial power consumption even when idle. Current methods of GPU sharing—time-slicing 

or dividing multiprocessors among kernels [245, 246, 247]—multiplex applications but still 

leave large utilization gaps. Kernels can end up using less than 10% of either compute or 

bandwidth, leaving significant performance on the table (Chapter 4). 

These gaps arise because different workloads are dependent on the GPU for different 

purposes. Graph workloads [192, 248] rely on large numbers of GPU threads to saturate 

memory bandwidth, but leave compute largely idle. Matrix multiplication kernels rely on 

the GPU’s high tensor core throughput, saturating compute while leaving memory bandwidth 

idle. Both show the GPU as completely busy in standard utilization metrics, yet each uses 

only a fraction of the GPU’s total resources. 

Proposal. We saw in Chapter 4 that co-locating operations with complementary resource 

profiles can improve a largely overlooked metric—intra-GPU utilization. This opens a new 

dimension of multiplexing: rather than dividing multiprocessors among kernels, divide the 

compute and memory resources within each multiprocessor across complementary kernels. 

Memory-bound kernels co-located with compute-bound kernels can saturate both resource 

classes simultaneously, with each getting the resource it primarily needs, avoiding slowdown. 

Implementation and challenges. A source-to-source compiler tool could fuse comple-

mentary pairs to maximize utilization while minimizing interference. Fusion requires tuning, 

as we require the resource usage of each component kernel to be similar so that the fused 

kernel preserves this usage. For example, if a kernel requires a large number of registers, 

while another does not, the fused kernel would allocate the maximum of the two, wasting 

registers on the smaller component kernel. Managing this usage isn’t impossible, however, 

as register usage is known during compilation and can be adjusted through compiler flags. 

To determine resource utilization, we must profile the kernels offline and note their usage. 
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Based on this profiling, we generate candidate kernel pairs then perform fusion. 

The simplest case is fusing parallel kernels within a single application, where trust is 

already established and throughput is the main metric. Fusing across applications provides 

more opportunities for cost savings but raises real concerns: side-channel attacks, isolation 

breakdown, and information leaks. Existing GPU isolation primitives (MIG, MPS) provide 

a foundation, but extending them to fine-grained intra-SM co-location is an open problem. 

In addition, offline profiling may not capture kernel variations during deployment, requiring 

online tuning as well. Ultimately, hardware support is required to provide better control 

over multiprocessor scheduling, resource isolation, and more fine-grained utilization metrics. 

6.3 Pervasive lossless compression 

Motivation. IBP showed that lossless compression can be practical for ML workloads— 

but it is just one algorithm among many. Different data representations, access patterns, 

and memory/interconnect technologies benefit from compression strategies in different ways. 

Data movement occurs across a wide variety of interconnects: PCIe between CPU and periph-

eral devices, NVLink between GPUs, and InfiniBand/Ethernet for distributed deployments. 

Each is bandwidth-limited and a potential bottleneck. 

Compression is often retrofitted into systems after they are built. The barrier is de-

ployment complexity: many algorithms exist, data responds differently, and selecting and 

integrating the right one for each data path is non-trivial. This deters early integration. 

As workloads scale and bandwidth continues to lag compute, pervasive lossless compression 

across the stack becomes increasingly important. 

Proposal. A practical solution is a runtime compression module that examines data char-

acteristics and selects an appropriate algorithm for each transfer path. Algorithms like IBP, 

Cascaded, and zStd have different strengths; a module that picks among them based on 

the data and target memory/interconnect would let applications benefit from compression 

without requiring application designers to manage it manually. 

The module should take into consideration the specific characteristics of the intercon-
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nects that data is expected to traverse. For each machine it is deployed on, the module 

would measure the performance of different algorithms across each link (e.g., memory, PCIe, 

NVLink). For low-bandwidth links, high compressibility is important, as the volume of data 

reduced translates to improvement. For high-bandwidth links, decompression throughput is 

the key requirement, as the act of decompressing shouldn’t negate transfer improvements. 

Implementation and challenges. When a transfer is requested during runtime, the mod-

ule would sample a subset of data to examine its compressibility with different algorithms. 

If the format of the data is not expected to change in the future, then the same algorithm is 

reused. For example, in distributed LLM inference, there are frequent collective communica-

tion patterns [210]. The data involved is similar, and so an algorithm identified as efficient 

for the first communication can be reused for further iterations. Thus, this preprocessing is 

done once and amortized across iterations. 

As a further extension, we have each link maintain its own compression schemes in 

hardware, completely hiding the implementation from the programmer. Some vendors have 

already begun doing this—newer NVIDIA GPUs offer hardware support for decompres-

sion [249]. This generalizes compression, making it easier to integrate into a wider variety 

of applications. 
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Chapter 7 

CONCLUSION 

7.1 Concluding remarks 

We examined the growing gap between compute and data movement throughput in modern 

systems, and developed mitigations for memory-intensive workloads that minimize deploy-

ment effort. As compute outpaces memory and interconnect bandwidth, data movement 

becomes the dominant bottleneck for a diverse set of workloads including databases, LLMs, 

DLRMs, and GNNs. 

We argue that effectively reducing this bottleneck requires identifying key application 

characteristics that enable mitigations. We classify mitigations into three categories: (1) 

avoiding data movement that applications do not necessarily need, (2) hiding data movement 

by overlapping it with complementary work, and (3) reducing the volume of data transferred 

by exploiting patterns within the data. Each category identifies an application property and 

prescribes how to exploit it, providing a composable framework for analyzing data movement 

bottlenecks across diverse workloads. 

We demonstrate the framework through three systems. (MC)2 extends the memory 

controller to lazily track copies, avoiding data movement for copies that are never accessed. 

POD-Attention fuses the prefill and decode phases of LLM inference, hiding decode’s memory 

stalls behind prefill’s compute. IBP losslessly compresses ML tensors, exploiting low-entropy, 

invariant bits present across tensors, reducing PCIe data transfers. (MC)2 achieves up to 

78% higher throughput for database transactions and 250× lower latency on huge-page 

copy-on-write faults. POD-Attention yields up to 59% faster LLM attention. IBP delivers 

on average 74% faster GNN training, 180% faster DLRM embedding lookups, and 24% faster 

offloaded LLM inference. 
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7.2 Broader implications 

Fully eliminating data movement overheads requires restructuring the hardware-software 

stack itself. Processing in memory (PIM) and near-memory compute (NMC) [44, 45] are 

architecture designs that move compute to where data lives, rather than moving data to 

remote compute units. DRAM has higher internal bandwidth than the on-chip network, 

making it efficient to dispatch computation to the data. Dataflow architectures [250, 251, 252] 

take a related approach, organizing execution around data dependencies rather than control 

flow. These approaches can substantially reduce the data movement problem, but their 

adoption requires new hardware deployments and significant application rewriting. 

The framework presented in this thesis is complementary: as new layers of the memory 

hierarchy emerge—like advancements in CXL, NVLink, and HBM—avoiding, hiding, and 

reducing data movement remain a useful method for identifying mitigation opportunities on 

commodity hardware. 
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