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Bomba Estéreo 
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(Amanacer)

Tunes

“Carnival!“ 

- Simón Mejía
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Announcements
▪ Students are not allowed to work on 418/618 on Thursday or Friday 
▪ Exercise 6 (the final one!) will be released next Wed, due next Thurs 
▪ Reminder: project checkpoint is coming up (next Tuesday)
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Today’s topic: moving data is costly!
Data movement limits performance 
Many processing elements… 

= higher overall rate of memory requests 
= need for more memory bandwidth 
    (result: bandwidth-limited execution) 

Data movement has high energy cost 
~ 0.9 pJ for a 32-bit floating-point math op * 
~ 5 pJ for a local SRAM (on chip) data access  
~ 640 pJ to load 32 bits from LPDDR memory

Core

Core

Core

Core

MemoryMemory bus

CPU

* Source: [Han, ICLR 2016], 45 nm CMOS assumption
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Well written programs exploit locality to avoid 
redundant data transfers between CPU and memory 
(Key idea: place frequently accessed data in caches/buffers near processor)

Core

Core

Core

Core

Memory

L1

L1

L1

L1

L2

▪ Modern processors have high-bandwidth (and low latency) access to on-chip local storage 
- Computations featuring data access locality can reuse data in this storage 

▪ Common software optimization technique: reorder computation so that cached data is 
accessed many times before it is evicted (“blocking”, “loop fusion”, etc.) 

▪ Performance-aware programmers go to great effort to improve the cache locality of programs 
- What are good examples from this class?
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Example 1: restructuring loops for locality
void	add(int	n,	float*	A,	float*	B,	float*	C)	{	
				for	(int	i=0;	i<n;	i++)	
							C[i]	=	A[i]	+	B[i];					
}	

void	mul(int	n,	float*	A,	float*	B,	float*	C)	{	
				for	(int	i=0;	i<n;	i++)	
							C[i]	=	A[i]	*	B[i];					
}	

float*	A,	*B,	*C,	*D,	*E,	*tmp1,	*tmp2;	

//	assume	arrays	are	allocated	here	

//	compute	E	=	D	+	((A	+	B)	*	C)	
add(n,	A,	B,	tmp1);	
mul(n,	tmp1,	C,	tmp2);	
add(n,	tmp2,	D,	E);

void	fused(int	n,	float*	A,	float*	B,	float*	C,	float*	D,	float*	E)	{	
				for	(int	i=0;	i<n;	i++)	
							E[i]	=	D[i]	+	(A[i]	+	B[i])	*	C[i];					
}	

//	compute	E	=	D	+	(A	+	B)	*	C	
fused(n,	A,	B,	C,	D,	E);

Two loads, one store per math op 
(arithmetic intensity = 1/3)

Two loads, one store per math op 
(arithmetic intensity = 1/3)

Four loads, one store per 3 math ops 
(arithmetic intensity = 3/5)

Overall arithmetic intensity = 1/3

Program 1

Program 2

The transformation of the code in program 1 to the code in program 2 is called “loop fusion”
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Example 2: restructuring loops for locality

int	WIDTH	=	1024;	
int	HEIGHT	=	1024;	
float	input[(WIDTH+2)	*	(HEIGHT+2)];	
float	tmp_buf[WIDTH	*	(CHUNK_SIZE+2)];	
float	output[WIDTH	*	HEIGHT];	

float	weights[]	=	{1.0/3,	1.0/3,	1.0/3};	

for	(int	j=0;	j<HEIGHT;	j+CHUNK_SIZE)	{	

		//	blur	region	of	image	horizontally	
		for	(int	j2=0;	j2<CHUNK_SIZE+2;	j2++)	
				for	(int	i=0;	i<WIDTH;	i++)	{	
						float	tmp	=	0.f;	
						for	(int	ii=0;	ii<3;	ii++)	
								tmp	+=	input[(j+j2)*(WIDTH+2)	+	i+ii]	*	weights[ii];	
						tmp_buf[j2*WIDTH	+	i]	=	tmp;	
			
		//	blur	tmp_buf	vertically	
		for	(int	j2=0;	j2<CHUNK_SIZE;	j2++)	
				for	(int	i=0;	i<WIDTH;	i++)	{	
						float	tmp	=	0.f;	
						for	(int	jj=0;	jj<3;	jj++)	
								tmp	+=	tmp_buf[(j2+jj)*WIDTH	+	i]	*	weights[jj];	
						output[(j+j2)*WIDTH	+	i]	=	tmp;	
				}	
}

int	WIDTH	=	1024;	
int	HEIGHT	=	1024;	
float	input[(WIDTH+2)	*	(HEIGHT+2)];	
float	tmp_buf[WIDTH	*	(HEIGHT+2)];	
float	output[WIDTH	*	HEIGHT];	

float	weights[]	=	{1.0/3,	1.0/3,	1.0/3};	

//	blur	image	horizontally	
for	(int	j=0;	j<(HEIGHT+2);	j++)	
		for	(int	i=0;	i<WIDTH;	i++)	{	
				float	tmp	=	0.f;	
				for	(int	ii=0;	ii<3;	ii++)	
						tmp	+=	input[j*(WIDTH+2)	+	i+ii]	*	weights[ii];	
				tmp_buf[j*WIDTH	+	i]	=	tmp;	
		}	

//	blur	tmp_buf	vertically	
for	(int	j=0;	j<HEIGHT;	j++)	{	
		for	(int	i=0;	i<WIDTH;	i++)	{	
				float	tmp	=	0.f;	
				for	(int	jj=0;	jj<3;	jj++)	
						tmp	+=	tmp_buf[(j+jj)*WIDTH	+	i]	*	weights[jj];	
				output[j*WIDTH	+	i]	=	tmp;	
		}	
}

input	
(W+2)x(H+2)

tmp_buf	
W	x	(H+2)

output	
W	x	H

input	
(W+2)x(H+2)

tmp_buf

output	
W	x	H

Wx(CHUNK_SIZE+2)

Program 1 Program 2
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Example 3: restructuring loops for locality

var	lines	=	spark.textFile(“hdfs://15418log.txt”);	
var	lower	=	lines.map(_.toLower());	
var	mobileViews	=	lower.filter(x	=>	isMobileClient(x));	
var	howMany	=	mobileViews.count();

int	count	=	0;	
while	(inputFile.eof())	{	
			string	line	=	inputFile.readLine();	
			string	lower	=	line.toLower;	
			if	(isMobileClient(lower))	
					count++;	
}

Actual execution order of computation for the above lineage is 
similar to this… 

Recall Apache Spark: 
Programs are sequences of operations on collections (called RDDs)
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Example 4: restructuring loops for locality

float	A[M][K];	

float	B[K][N];	

float	C[M][N];	

//	compute	C	+=	A	*	B	

#pragma	omp	parallel	for	

for	(int	jblock2=0;	jblock2<M;	jblock2+=L2_BLOCKSIZE_J)	

		for	(int	iblock2=0;	iblock2<N;	iblock2+=L2_BLOCKSIZE_I)	

					for	(int	kblock2=0;	kblock2<K;	kblock2+=L2_BLOCKSIZE_K)	

								for	(int	jblock1=0;	jblock1<L1_BLOCKSIZE_J;	jblock1+=L1_BLOCKSIZE_J)	

											for	(int	iblock1=0;	iblock1<L1_BLOCKSIZE_I;	iblock1+=L1_BLOCKSIZE_I)	

														for	(int	kblock1=0;	kblock1<L1_BLOCKSIZE_K;	kblock1+=L1_BLOCKSIZE_K)	

																		for	(int	j=0;	j<BLOCKSIZE_J;	j++)	

																					for	(int	i=0;	i<BLOCKSIZE_I;	i++)	

																								for	(int	k=0;	k<BLOCKSIZE_K;	k++)	

																											...

Recall blocked matrix-matrix multiplication:
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Accessing DRAM 
(a basic tutorial on how DRAM works)



 CMU 15-418/618, Spring 2017

The memory system

Memory Controller

CPU

64 bit memory bus

Last-level cache (LLC)

DRAM

Core

issues memory requests to memory controller 

sends commands to DRAM

issues loads and store instructions
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DRAM array

Row buffer (2 Kbits)

Data pins (8 bits)

1 transistor + capacitor per “bit”  

2 Kbits per row

(Recall: a capacitor stores charge)  

(to memory controller…)
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DRAM operation  (load one byte)

Row buffer (2 Kbits)

Data pins (8 bits)

DRAM array
2 Kbits per row

2. Row activation (~ 10 ns)

Transfer 
row

1. Precharge: ready bit lines (~10 ns) 

3. Column selection
4. Transfer data onto bus

(~ 10 ns)

We want to read this byte

Estimated latencies are in 
units of memory clocks: 
DDR3-1600 (Kayvon’s laptop)

(to memory controller…)
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Load next byte from (already active) row

Row buffer (2 Kbits)

Data pins (8 bits)

Lower latency operation: can skip precharge and row activation steps

2 Kbits per row

1. Column selection
2. Transfer data onto bus

~ 9 cycles

(to memory controller…)
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DRAM access latency is not fixed
▪ Best case latency: read from active row 

- Column access time (CAS)  

▪ Worst case latency: bit lines not ready, read from new row 
- Precharge (PRE) + row activate (RAS) + column access (CAS)

▪ Question 1: when to execute precharge? 
- After each column access? 
- Only when new row is accessed? 

▪ Question 2: how to handle latency of DRAM access?

Precharge readies bit lines and writes row buffer 
contents back into DRAM array (read was destructive) 
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Problem: low pin utilization due to latency of access

Data pins (8 bits)

RAS CAS CASPRE RAS CASPRE

time

Access 1 Access 2 Access 3

RAS CASPRE

Access 4

Data pins in use only a small fraction of time 
(red = data pins busy) 

Very bad since they are the scarcest resource!
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DRAM burst mode

Data pins (8 bits)

RAS CAS rest of transferPRE

time

Access 1

Idea: amortize latency over larger transfers 

Each DRAM command describes bulk transfer 
Bits placed on output pins in consecutive clocks

RAS CAS rest of transferPRE

Access 2
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DRAM chip consists of multiple banks
▪ All banks share same pins (only one transfer at a time) 
▪ Banks allow for pipelining of memory requests 

- Precharge/activate rows/send column address to one bank while transferring data from another 
- Achieves high data pin utilization

Banks 0-2

Data pins (8 bits)

RAS

RAS

CAS

CAS

PRE

PRE

RAS CASPRE

Bank 0

Bank 1

Bank 2

time
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Organize multiple chips into a DIMM
Example: Eight DRAM chips (64-bit memory bus) 
Note: DIMM appears as a single, higher capacity, wider interface DRAM module to 
the memory controller.  Higher aggregate bandwidth, but minimum transfer 
granularity is now 64 bits.

Memory controller

CPU

64 bit 
memory bus

Last-level cache (LLC)

Read bank B, row R, column 0
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Reading one 64-byte (512 bit) cache line 
(the wrong way)

Memory controller

CPU

64 bit 
memory bus

Last-level cache (LLC)

bits 0:7

Request line /w physical address X

Assume: consecutive physical addresses mapped to same row of same chip  
Memory controller converts physical address to DRAM bank, row, column

Read bank B, row R, column 0
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Reading one 64-byte (512 bit) cache line 
(the wrong way)

Memory controller

CPU

64 bit 
memory bus

Last-level cache (LLC)

bits 8:15

Request line /w physical address X

All data for cache line serviced by the same chip 
Bytes sent consecutively over same pins

Read bank B, row R, column 0
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Reading one 64-byte (512 bit) cache line 
(the wrong way)

Memory controller

CPU

64 bit 
memory bus

Last-level cache (LLC)

bits 16:23

Request line /w physical address X

Read bank B, row R, column 0

All data for cache line serviced by the same chip 
Bytes sent consecutively over same pins
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Reading one 64-byte (512 bit) cache line

Memory controller

CPU

64 bit 
memory bus

Last-level cache (LLC)

bits 0:7 bits 8:15 bits 16:23 bits 24:31 bits 32:39 bits 40:47 bits 48:55 bits 56:63

Cache miss of line X

Memory controller converts physical address to DRAM bank, row, column 
Here: physical addresses are interleaved across DRAM chips at byte granularity  
DRAM chips transmit first 64 bits in parallel

Read bank B, row R, column 0
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Memory controller

CPU

64 bit 
memory bus

Last-level cache (LLC)

bits 64:71 bits 72:79 bits 80:87 bits 88:95 bits 96:103

DRAM controller requests data from new column * 
DRAM chips transmit next 64 bits in parallel

bits 104:111 bits 112:119 bits 120:127

Reading one 64-byte (512 bit) cache line

Cache miss of line X

Read bank B, row R, column 8

* Recall modern DRAM’s support burst mode transfer of multiple consecutive columns, which would be used here
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Memory controller is a memory request scheduler
▪ Receives load/store requests from LLC 
▪ Conflicting scheduling goals 

- Maximize throughput, minimize latency, minimize energy consumption 
- Common scheduling policy: FR-FCFS (first-ready, first-come-first-serve) 

- Service requests to currently open row first (maximize row locality) 
- Service requests to other rows in FIFO order 

- Controller may coalesce multiple small requests into large contiguous requests (take advantage 
of DRAM “burst modes”)

Memory controller

64 bit memory bus (to DRAM)

Requests from system’s last level cache (e.g., L3)

bank 0 request queue

bank 1 request queue

bank 2 request queue

bank 3 request queue
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Dual-channel memory system

Memory controller (channel 0)

CPU

Last-level cache (LLC)

Memory controller (channel 1)

▪ Increase throughput by adding memory channels (effectively widen bus) 
▪ Below: each channel can issue independent commands 
- Different row/column is read in each channel 

- Simpler setup: use single controller to drive same command to multiple channels
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DDR4 memory in our GHC lab machines

DDR4 2400 
- 64-bit memory bus  x  1.2GHz  x  2 transfers per clock* = 19.2GB/s per channel 
- 4 channels = 76.8 GB/sec 
- ~13 nanosecond CAS

Processor: Xeon E5-E5-1660 v4
Memory system details from Intel’s site: 

* DDR stands for “double data rate”



 CMU 15-418/618, Spring 2017

DRAM summary
▪ DRAM access latency can depend on many low-level factors 

- Discussed today: 

- State of DRAM chip: row hit/miss? is recharge necessary? 

- Buffering/reordering of requests in memory controller 

▪ Significant amount of complexity in a modern multi-core 
processor has moved into the design of memory controller 
- Responsible for scheduling ten’s to hundreds of outstanding memory requests 

- Responsible for mapping physical addresses to the geometry of DRAMs 

- Area of active computer architecture research
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Decrease distance data must move: 
locate memory closer to processing

(enables shorter, but wider interfaces)
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Embedded DRAM (eDRAM): another level of the 
memory hierarchy 
Some Intel Broadwell/Skylake processors feature 128 MB of embedded DRAM (eDRAM) 
in the CPU package 

- 50 GB/sec read + 50 GB/sec write

IBM Power 7 server CPUs feature eDRAM 
GPU in XBox 360 had 10 MB of embedded DRAM to store the frame buffer 
Attractive in mobile SoC setting 

Image credit: Intel
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Increase bandwidth, reduce power by chip stacking
Enabling technology: 3D stacking of DRAM chips 
-DRAMs connected via through-silicon-vias (TSVs) that run through the chips 
- TSVs provide highly parallel connection between logic layer and DRAMs  
-Base layer of stack “logic layer” is memory controller, manages requests from processor 
- Silicon “interposer” serves as high-bandwidth interconnect between DRAM stack and processor

Image credit: AMD

Technologies: 
Micron/Intel Hybrid Memory Cube (HBC) 
High-bandwidth memory (HBM) - 1024 bit interface to stackHBM vs GDDR5: 

HBM shortens your information commute 

HBM blasts through existing performance limitations

MOORE’S INSIGHT

INDUSTRY PROBLEM #1

High-Bandwidth Memory (HBM)
REINVENTING MEMORY TECHNOLOGY

HBM vs GDDR5: 
Better bandwidth per watt 1

HBM vs GDDR5: 
Massive space savings

HBM vs GDDR5: 
Compare side by side

GDDR5 HBM

DRAM

GDDR5 HBMPer Package
32-bit 1024-bitBus Width

Up to 1750MHz (7GBps) Up to 500MHz (1GBps)Clock Speed
Up to 28GB/s per chip   >100GB/s per stack     Bandwidth

1.5V 1.3VVoltage

TSV

IFBGA Roll

Iu-Bump

DRAM Core die

DRAM Core die

DRAM Core die

DRAM Core die

Base die

Substrate

Package

HBM: AMD and JEDEC establish a new industry standard

AMD’s history of pioneering innovations and open technologies sets 
industry standards and enables the entire industry to push the 
boundaries of what is possible.

Mantle
GDDR
Wake-on-LAN/Magic Packet
DisplayPortTM Adaptive-Sync

x86-64
Integrated Memory Controllers
On-die GPUs
Consumer Multicore CPUs

Design and implementation
AMD

Industry standards
JEDEC

ICs/PHY
SK hynix

© 2015 Advanced Micro Devices, Inc. All rights reserved. AMD, the AMD Arrow logo,and combinations thereof are trademarks of Advanced Micro Devices, Inc. 

1. Testing conducted by AMD engineering on the AMD Radeon™ R9 290X GPU vs. an HBM-based device. Data obtained through isolated direct measurement 
of GDDR5 and HBM power delivery rails at full memory utilization. Power efficiency calculated as GB/s of bandwidth delivered per watt of power consumed. 
AMD Radeon™ R9 290X (10.66 GB/s bandwidth per watt) and HBM-based device (35+ GB/s bandwidth per watt), AMD FX-8350, Gigabyte GA-990FX-UD5, 8GB 
DDR3-1866, Windows 8.1 x64 Professional, AMD Catalyst™ 15.20 Beta. HBM-1

2. Measurements conducted by AMD Engineering on 1GB GDDR5 (4x256MB ICs) @ 672mm2 vs. 1zGB HBM (1x4-Hi) @ 35mm2. HBM-2

GDDR5 can’t keep up with GPU performance growth
GDDR5's rising power consumption may soon be 
great enough to actively stall the growth of 
graphics performance.

DRAM
SSD

TRUE
IVR

OPTICS

Stacked Memory 

CPU/GPUSilicon Die

Off Chip Memory

0 10 20 30 40 50

GDDR5 10.66

HBM

GB/s of Bandwidth Per Watt

35+

Areal, to scale

94% less surface area2

1GB GDDR5

28mm

24
m

m

1GB HBM

7mm

5m
m

Revolutionary HBM breaks the processing bottleneck
HBM is a new type of memory chip with low power consumption and ultra-wide 
communication lanes. It uses vertically stacked memory chips interconnected by microscopic 
wires called "through-silicon vias," or TSVs.

  HBM DRAM Die

  HBM DRAM Die

  HBM DRAM Die

  HBM DRAM Die

GPU/CPU/Soc DiePHY

TSV

PHY  Logic Die

  Interposer

Package Substrate

Microbump

110mm

90
mm

Package 
Substrate

Interposer

Logic Die

INDUSTRY PROBLEM #2
GDDR5 limits form factors
A large number of GDDR5 chips are required to 
reach high bandwidth. Larger voltage circuitry is 
also required. This determines the size of a 
high-performance product.

INDUSTRY PROBLEM #3
On-chip integration not ideal for everything
Technologies like NAND, DRAM and Optics would 
benefit from on-chip integration, but aren't 
technologically compatible.

TIME

TO
TA

L P
OW

ER

PE
RF

OR
MA

NC
E

Memory Power              PC Power              GPU Performance

1.4x Trend 

Coming 
Soon!

Over the history of computing hardware, the number of transistors in a dense integrated circuit 
has doubled approximately every two years. 

(Thus) it may prove to be more economical to build large systems out of larger functions, which 
are separately packaged and interconnected… to design and construct a considerable variety of 
equipment both rapidly and economically.

*AMD internal estimates, for illustrative purposes only

Source: "Cramming more components onto integrated circuits," Gordon E. Moore, Fairchild Semiconductor, 1965
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GPUs are adopting HBM technologies

AMD Radeon Fury GPU (2015) 
4096-bit interface: 4 HBM chips x 1024 bit interface per chip 
512 GB/sec BW

NVIDIA P100 GPU (2016) 
4096-bit interface: 4 HBM2 chips x 1024 bit interface per chip 
720 GB/sec peak BW 
4 x 4 GB = 16 GB capacity 
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Xeon Phi (Knights Landing) MCDRAM 
▪ 16 GB in package stacked DRAM 
▪ Can be treated as a 16 GB last level cache 
▪ Or as a 16 GB separate address space (“flat mode”) 
▪ Intel’s claims: 

- ~ same latency at DDR4 
- ~5x bandwidth of DDR4 
- ~5x less energy cost per bit transferred  

//	allocate	buffer	in	MCDRAM	(“high	bandwidth”	memory	malloc)	
float*	foo	=	hbw_malloc(sizeof(float)	*	1024);
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What about moving the 
computation to the data? 

So far… describing distance between processing and 
memory by moving memory closer to processing.
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Reduce data movement by moving computation 
to the data

DB Server

DB Server

DB Server

DB Server

Laptop
Web 

Application 
Server

Consider a simple example of a web application 
that makes SQL query against large user 
database. 

Would you transfer the database contents to the 
client so that the client can perform the query?
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Consider memcpy: data movement through 
entire processor cache hierarchy
Bits move from DRAM, over bus, through cache hierarchy, into register file, and 
then retraces steps back out to DRAM 
(and no computation is ever performed!)

Core

Core

Core

Core

Memory

L1

L1

L1

L1

L2

src buffer

dst buffer
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Idea: perform copy without processor 

Row Buffer (2 Kbits)

Memory Bus

Data pins (8 bits)

DRAM array

2 Kbits

1. Activate row A

2. Transfer 
row

3. Activate row B

4. 
Transfer 

row

[Seshadri 13]

Modify memory system to support loads, stores, and bulk copy.
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Hardware accelerated data compression
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Upconvert/downconvert instructions
▪ Example:  __mm512_extload_ps		

- Load 8-bit values from memory, convert to 32-bit float 
representation for storage in 32-bit register register 

▪ Very common processor functionality for graphics/image 
processing
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Cache compression
▪ Idea: increase cache’s effective capacity by compressing data 

resident in cache 
- Idea: expend computation (compression/decompression) to save bandwidth 
- More cache hits = fewer transfers 

▪ A hardware compression/decompression scheme must 
- Be simple enough to implement in HW 
- Be fast: decompression is on critical path of loads 

- Should not notably increase cache hit latency
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One proposed example: B∆I compression  [Pekhimenko 12]

▪ Observation: data that falls within cache line often has low dynamic range 
(use base + offset to encode chunks of bits in a line)

▪ How does implementation quickly find a good base?
- Use first word in line 
- Compression/decompression of line is data-parallel

to represent large pieces of data in applications. The second rea-
son is usually caused either by the nature of computation, e.g.,
sparse matrices or streaming applications; or by inefficiency (over-
provisioning) of data types used by many applications, e.g., 4-byte
integer type used to represent values that usually need only 1 byte.
We have carefully examined different common data patterns in ap-
plications that lead to B+� representation and summarize our ob-
servations in two examples.

Figures 3 and 4 show the compression of two 32-byte4 cache
lines from the applications h264ref and perlbench using B+�. The
first example from h264ref shows a cache line with a set of narrow
values stored as 4-byte integers. As Figure 3 indicates, in this case,
the cache line can be represented using a single 4-byte base value,
0, and an array of eight 1-byte differences. As a result, the entire
cache line data can be represented using 12 bytes instead of 32
bytes, saving 20 bytes of the originally used space. Figure 4 shows
a similar phenomenon where nearby pointers are stored in the same
cache line for the perlbench application.

0x00000000 0x0000000B 0x00000003 0x00000001 0x00000004 0x00000000 0x00000003 0x00000004

0x00000000
Base

4 bytes

0x00 0x0B 0x03 0x01 0x04 0x00 0x03 Saved Space0x04

32-byte Uncompressed Cache Line

12-byte Compressed Cache Line
20 bytes

4 bytes

4 bytes 1 byte 1 byte

Figure 3: Cache line from h264ref compressed with B+�

0xC04039C0 0xC04039C8 0xC04039D0 0xC04039D8 0xC04039E0 0xC04039E8 0xC04039F0 0xC04039F8

0xC04039C0
Base

4 bytes

0x00 0x08 0x10 0x18 0x20 0x28 0x30 Saved Space0x38

32-byte Uncompressed Cache Line

12-byte Compressed Cache Line
20 bytes

4 bytes

4 bytes 1 byte 1 byte

Figure 4: Cache line from perlbench compressed with B+�

We now describe more precisely the compression and decom-
pression algorithms that lay at the heart of the B+� compression
mechanism.

3.2 Compression Algorithm
The B+� compression algorithm views a cache line as a set of

fixed-size values i.e., 8 8-byte, 16 4-byte, or 32 2-byte values for
a 64-byte cache line. It then determines if the set of values can be
represented in a more compact form as a base value with a set of
differences from the base value. For analysis, let us assume that
the cache line size is C bytes, the size of each value in the set is k
bytes and the set of values to be compressed is S = (v1, v2, ..., vn),
where n =

C
k . The goal of the compression algorithm is to deter-

mine the value of the base, B⇤ and the size of values in the set,
k, that provide maximum compressibility. Once B⇤ and k are de-
termined, the output of the compression algorithm is {k,B⇤,� =

(�1,�2, ...,�n)}, where �i = B⇤ � vi 8i 2 {1, .., n}.
Observation 1: The cache line is compressible only if

8i,max(size(�i)) < k, where size(�i) is the smallest number of
bytes that is needed to store �i.

In other words, for the cache line to be compressible, the number
of bytes required to represent the differences must be strictly less
than the number of bytes required to represent the values them-
selves.
4We use 32-byte cache lines in our examples to save space. 64-byte
cache lines were used in all evaluations (see Section 7).

Observation 2: To determine the value of B⇤, either the value
of min(S) or max(S) needs to be found.

The reasoning, where max(S)/min(S) are the maximum and
minimum values in the cache line, is based on the observation that
the values in the cache line are bounded by min(S) and max(S).
And, hence, the optimum value for B⇤ should be between min(S)
and max(S). In fact, the optimum can be reached only for min(S),
max(S), or exactly in between them. Any other value of B⇤ can
only increase the number of bytes required to represent the differ-
ences.

Given a cache line, the optimal version of the B+� compression
algorithm needs to determine two parameters: (1) k, the size of
each value in S, and (2) B⇤, the optimum base value that gives the
best possible compression for the chosen value of k.

Determining k. Note that the value of k determines how the
cache line is viewed by the compression algorithm – i.e., it defines
the set of values that are used for compression. Choosing a single
value of k for all cache lines will significantly reduce the opportu-
nity of compression. To understand why this is the case, consider
two cache lines, one representing a table of 4-byte pointers pointing
to some memory region (similar to Figure 4) and the other repre-
senting an array of narrow values stored as 2-byte integers. For the
first cache line, the likely best value of k is 4, as dividing the cache
line into a set of of values with a different k might lead to an in-
crease in dynamic range and reduce the possibility of compression.
Similarly, the likely best value of k for the second cache line is 2.

Therefore, to increase the opportunity for compression by cater-
ing to multiple patterns, our compression algorithm attempts to
compress a cache line using three different potential values of k
simultaneously: 2, 4, and 8. The cache line is then compressed us-
ing the value that provides the maximum compression rate or not
compressed at all.5

Determining B⇤. For each possible value of k 2 {2, 4, 8},
the cache line is split into values of size k and the best value for
the base, B⇤ can be determined using Observation 2. However,
computing B⇤ in this manner requires computing the maximum or
the minimum of the set of values, which adds logic complexity and
significantly increases the latency of compression.

To avoid compression latency increase and reduce hardware
complexity, we decide to use the first value from the set of val-
ues as an approximation for the B⇤. For a compressible cache line
with a low dynamic range, we find that choosing the first value as
the base instead of computing the optimum base value reduces the
average compression ratio only by 0.4%.

3.3 Decompression Algorithm
To decompress a compressed cache line, the B+� decompres-

sion algorithm needs to take the base value B⇤ and an array of
differences � = �1,�2, ...,�n, and generate the corresponding
set of values S = (v1, v2, ..., vn). The value vi is simply given by
vi = B⇤

+�i. As a result, the values in the cache line can be com-
puted in parallel using a SIMD-style vector adder. Consequently,
the entire cache line can be decompressed in the amount of time it
takes to do an integer vector addition, using a set of simple adders.

4. B�I COMPRESSION

4.1 Why Could Multiple Bases Help?
Although B+� proves to be generally applicable for many ap-

plications, it is clear that not every cache line can be represented
5We restrict our search to these three values as almost all basic
data types supported by various programming languages have one
of these three sizes.
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Does this pattern compress well?

in this form, and, as a result, some benchmarks do not have a high
compression ratio, e.g., mcf. One common reason why this happens
is that some of these applications can mix data of different types in
the same cache line, e.g., structures of pointers and 1-byte integers.
This suggests that if we apply B+� with multiple bases, we can
improve compressibility for some of these applications.

Figure 5 shows a 32-byte cache line from mcf that is not com-
pressible with a single base using B+�, because there is no sin-
gle base value that effectively compresses this cache line. At the
same time, it is clear that if we use two bases, this cache line can
be easily compressed using a similar compression technique as in
the B+� algorithm with one base. As a result, the entire cache
line data can be represented using 19 bytes: 8 bytes for two bases
(0x00000000 and 0x09A40178), 5 bytes for five 1-byte deltas
from the first base, and 6 bytes for three 2-byte deltas from the
second base. This effectively saves 13 bytes of the 32-byte line.

0x00000000 0x09A40178 0x0000000B 0x00000001 0x09A4A838 0x0000000A 0x0000000B 0x09A4C2F0

0x09A40178
Base1

4 bytes

0x00 0x0000 0x0B 0x01 0xA6C0 0x0A Saved Space0x0B

32-byte Uncompressed Cache Line

19-byte Compressed Cache Line
13 bytes

4 bytes

4 bytes 1 byte 2 bytes

0xC178

2 bytes

0x00000000
Base2

4 bytes

Figure 5: Cache line from mcf compressed by B+� (two bases)

As we can see, multiple bases can help compress more cache
lines, but, unfortunately, more bases can increase overhead (due
to storage of the bases), and hence decrease effective compression
ratio that can be achieved with one base. So, it is natural to ask how
many bases are optimal for B+� compression?

In order to answer this question, we conduct an experiment
where we evaluate the effective compression ratio with different
numbers of bases (selected suboptimally using a greedy algorithm).
Figure 6 shows the results of this experiment. The “0” base bar
corresponds to a mechanism that compresses only simple patterns
(zero and repeated values). These patterns are simple to compress
and common enough, so we can handle them easily and efficiently
without using B+�, e.g., a cache line of only zeros compressed to
just one byte for any number of bases. We assume this optimization
for all bars in Figure 6.6
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Figure 6: Effective compression ratio with different number of bases.
“0” corresponds to zero and repeated value compression.

Results in Figure 6 show that the empirically optimal number
of bases in terms of effective compression ratio is 2, with some
benchmarks having optimums also at one or three bases. The key
conclusion is that B+� with two bases significantly outperforms
6If we do not assume this optimization, compression with multi-
ple bases will have very low compression ratio for such common
simple patterns.

B+� with one base (compression ratio of 1.51 vs. 1.40 on av-
erage), suggesting that it is worth considering for implementation.
Note that having more than two bases does not provide additional
improvement in compression ratio for these workloads, because the
overhead of storing more bases is higher than the benefit of com-
pressing more cache lines.

Unfortunately, B+� with two bases has a serious drawback: the
necessity of finding a second base. The search for a second arbi-
trary base value (even a sub-optimal one) can add significant com-
plexity to the compression hardware. This opens the question of
how to find two base values efficiently. We next propose a mech-
anism that can get the benefit of compression with two bases with
minimal complexity.

4.2 B�I: Refining B+� with Two Bases and
Minimal Complexity

Results from Section 4.1 suggest that the optimal (on average)
number of bases to use is two, but having an additional base has
the significant shortcoming described above. We observe that set-
ting the second base to zero gains most of the benefit of having an
arbitrary second base value. Why is this the case?

Most of the time when data of different types are mixed in the
same cache line, the cause is an aggregate data type: e.g., a struc-
ture (struct in C). In many cases, this leads to the mixing of wide
values with low dynamic range (e.g., pointers) with narrow values
(e.g., small integers). A first arbitrary base helps to compress wide
values with low dynamic range using base+delta encoding, while
a second zero base is efficient enough to compress narrow values
separately from wide values. Based on this observation, we refine
the idea of B+� by adding an additional implicit base that is al-
ways set to zero. We call this refinement Base-Delta-Immediate
or B�I compression.

There is a tradeoff involved in using B�I instead of B+� with
two arbitrary bases. B�I uses an implicit zero base as the sec-
ond base, and, hence, it has less storage overhead, which means
potentially higher average compression ratio for cache lines that
are compressible with both techniques. B+� with two general
bases uses more storage to store an arbitrary second base value, but
can compress more cache lines because the base can be any value.
As such, the compression ratio can potentially be better with ei-
ther mechanism, depending on the compressibility pattern of cache
lines. In order to evaluate this tradeoff, we compare in Figure 7
the effective compression ratio of B�I, B+� with two arbitrary
bases, and three prior approaches: ZCA [8] (zero-based compres-
sion), FVC [33], and FPC [2].7

Although there are cases where B+� with two bases is better —
e.g., leslie3d and bzip2 — on average, B�I performs slightly bet-
ter than B+� in terms of compression ratio (1.53 vs. 1.51). We
can also see that both mechanisms are better than the previously
proposed FVC mechanism [33], and competitive in terms of com-
pression ratio with a more complex FPC compression mechanism.
Taking into an account that B+� with two bases is also a more
complex mechanism than B�I, we conclude that our cache com-
pression design should be based on the refined idea of B�I.

Now we will describe the design and operation of a cache that
implements our B�I compression algorithm.

7All mechanisms are covered in detail in Section 6. We provide
a comparison of their compression ratios here to give a demon-
stration of BDI’s relative effectiveness and to justify it as a viable
compression mechanism.
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Does this pattern compress well?

▪ Idea: use multiple bases for more robust compression 

▪ Challenge: how to efficiently choose the two bases?
- Solution: always use 0 as one of the bases 

(added benefit: don’t need to store the 2nd base) 

- Algorithm: 
1. Attempt to compress with 0 base 
2. Compress remaining elements using first uncompressed element as base

in this form, and, as a result, some benchmarks do not have a high
compression ratio, e.g., mcf. One common reason why this happens
is that some of these applications can mix data of different types in
the same cache line, e.g., structures of pointers and 1-byte integers.
This suggests that if we apply B+� with multiple bases, we can
improve compressibility for some of these applications.

Figure 5 shows a 32-byte cache line from mcf that is not com-
pressible with a single base using B+�, because there is no sin-
gle base value that effectively compresses this cache line. At the
same time, it is clear that if we use two bases, this cache line can
be easily compressed using a similar compression technique as in
the B+� algorithm with one base. As a result, the entire cache
line data can be represented using 19 bytes: 8 bytes for two bases
(0x00000000 and 0x09A40178), 5 bytes for five 1-byte deltas
from the first base, and 6 bytes for three 2-byte deltas from the
second base. This effectively saves 13 bytes of the 32-byte line.

0x00000000 0x09A40178 0x0000000B 0x00000001 0x09A4A838 0x0000000A 0x0000000B 0x09A4C2F0

0x09A40178
Base1

4 bytes

0x00 0x0000 0x0B 0x01 0xA6C0 0x0A Saved Space0x0B

32-byte Uncompressed Cache Line

19-byte Compressed Cache Line
13 bytes

4 bytes

4 bytes 1 byte 2 bytes

0xC178

2 bytes

0x00000000
Base2

4 bytes

Figure 5: Cache line from mcf compressed by B+� (two bases)

As we can see, multiple bases can help compress more cache
lines, but, unfortunately, more bases can increase overhead (due
to storage of the bases), and hence decrease effective compression
ratio that can be achieved with one base. So, it is natural to ask how
many bases are optimal for B+� compression?

In order to answer this question, we conduct an experiment
where we evaluate the effective compression ratio with different
numbers of bases (selected suboptimally using a greedy algorithm).
Figure 6 shows the results of this experiment. The “0” base bar
corresponds to a mechanism that compresses only simple patterns
(zero and repeated values). These patterns are simple to compress
and common enough, so we can handle them easily and efficiently
without using B+�, e.g., a cache line of only zeros compressed to
just one byte for any number of bases. We assume this optimization
for all bars in Figure 6.6
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Figure 6: Effective compression ratio with different number of bases.
“0” corresponds to zero and repeated value compression.

Results in Figure 6 show that the empirically optimal number
of bases in terms of effective compression ratio is 2, with some
benchmarks having optimums also at one or three bases. The key
conclusion is that B+� with two bases significantly outperforms
6If we do not assume this optimization, compression with multi-
ple bases will have very low compression ratio for such common
simple patterns.

B+� with one base (compression ratio of 1.51 vs. 1.40 on av-
erage), suggesting that it is worth considering for implementation.
Note that having more than two bases does not provide additional
improvement in compression ratio for these workloads, because the
overhead of storing more bases is higher than the benefit of com-
pressing more cache lines.

Unfortunately, B+� with two bases has a serious drawback: the
necessity of finding a second base. The search for a second arbi-
trary base value (even a sub-optimal one) can add significant com-
plexity to the compression hardware. This opens the question of
how to find two base values efficiently. We next propose a mech-
anism that can get the benefit of compression with two bases with
minimal complexity.

4.2 B�I: Refining B+� with Two Bases and
Minimal Complexity

Results from Section 4.1 suggest that the optimal (on average)
number of bases to use is two, but having an additional base has
the significant shortcoming described above. We observe that set-
ting the second base to zero gains most of the benefit of having an
arbitrary second base value. Why is this the case?

Most of the time when data of different types are mixed in the
same cache line, the cause is an aggregate data type: e.g., a struc-
ture (struct in C). In many cases, this leads to the mixing of wide
values with low dynamic range (e.g., pointers) with narrow values
(e.g., small integers). A first arbitrary base helps to compress wide
values with low dynamic range using base+delta encoding, while
a second zero base is efficient enough to compress narrow values
separately from wide values. Based on this observation, we refine
the idea of B+� by adding an additional implicit base that is al-
ways set to zero. We call this refinement Base-Delta-Immediate
or B�I compression.

There is a tradeoff involved in using B�I instead of B+� with
two arbitrary bases. B�I uses an implicit zero base as the sec-
ond base, and, hence, it has less storage overhead, which means
potentially higher average compression ratio for cache lines that
are compressible with both techniques. B+� with two general
bases uses more storage to store an arbitrary second base value, but
can compress more cache lines because the base can be any value.
As such, the compression ratio can potentially be better with ei-
ther mechanism, depending on the compressibility pattern of cache
lines. In order to evaluate this tradeoff, we compare in Figure 7
the effective compression ratio of B�I, B+� with two arbitrary
bases, and three prior approaches: ZCA [8] (zero-based compres-
sion), FVC [33], and FPC [2].7

Although there are cases where B+� with two bases is better —
e.g., leslie3d and bzip2 — on average, B�I performs slightly bet-
ter than B+� in terms of compression ratio (1.53 vs. 1.51). We
can also see that both mechanisms are better than the previously
proposed FVC mechanism [33], and competitive in terms of com-
pression ratio with a more complex FPC compression mechanism.
Taking into an account that B+� with two bases is also a more
complex mechanism than B�I, we conclude that our cache com-
pression design should be based on the refined idea of B�I.

Now we will describe the design and operation of a cache that
implements our B�I compression algorithm.

7All mechanisms are covered in detail in Section 6. We provide
a comparison of their compression ratios here to give a demon-
stration of BDI’s relative effectiveness and to justify it as a viable
compression mechanism.
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in this form, and, as a result, some benchmarks do not have a high
compression ratio, e.g., mcf. One common reason why this happens
is that some of these applications can mix data of different types in
the same cache line, e.g., structures of pointers and 1-byte integers.
This suggests that if we apply B+� with multiple bases, we can
improve compressibility for some of these applications.

Figure 5 shows a 32-byte cache line from mcf that is not com-
pressible with a single base using B+�, because there is no sin-
gle base value that effectively compresses this cache line. At the
same time, it is clear that if we use two bases, this cache line can
be easily compressed using a similar compression technique as in
the B+� algorithm with one base. As a result, the entire cache
line data can be represented using 19 bytes: 8 bytes for two bases
(0x00000000 and 0x09A40178), 5 bytes for five 1-byte deltas
from the first base, and 6 bytes for three 2-byte deltas from the
second base. This effectively saves 13 bytes of the 32-byte line.
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Figure 5: Cache line from mcf compressed by B+� (two bases)

As we can see, multiple bases can help compress more cache
lines, but, unfortunately, more bases can increase overhead (due
to storage of the bases), and hence decrease effective compression
ratio that can be achieved with one base. So, it is natural to ask how
many bases are optimal for B+� compression?

In order to answer this question, we conduct an experiment
where we evaluate the effective compression ratio with different
numbers of bases (selected suboptimally using a greedy algorithm).
Figure 6 shows the results of this experiment. The “0” base bar
corresponds to a mechanism that compresses only simple patterns
(zero and repeated values). These patterns are simple to compress
and common enough, so we can handle them easily and efficiently
without using B+�, e.g., a cache line of only zeros compressed to
just one byte for any number of bases. We assume this optimization
for all bars in Figure 6.6
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Figure 6: Effective compression ratio with different number of bases.
“0” corresponds to zero and repeated value compression.

Results in Figure 6 show that the empirically optimal number
of bases in terms of effective compression ratio is 2, with some
benchmarks having optimums also at one or three bases. The key
conclusion is that B+� with two bases significantly outperforms
6If we do not assume this optimization, compression with multi-
ple bases will have very low compression ratio for such common
simple patterns.

B+� with one base (compression ratio of 1.51 vs. 1.40 on av-
erage), suggesting that it is worth considering for implementation.
Note that having more than two bases does not provide additional
improvement in compression ratio for these workloads, because the
overhead of storing more bases is higher than the benefit of com-
pressing more cache lines.

Unfortunately, B+� with two bases has a serious drawback: the
necessity of finding a second base. The search for a second arbi-
trary base value (even a sub-optimal one) can add significant com-
plexity to the compression hardware. This opens the question of
how to find two base values efficiently. We next propose a mech-
anism that can get the benefit of compression with two bases with
minimal complexity.

4.2 B�I: Refining B+� with Two Bases and
Minimal Complexity

Results from Section 4.1 suggest that the optimal (on average)
number of bases to use is two, but having an additional base has
the significant shortcoming described above. We observe that set-
ting the second base to zero gains most of the benefit of having an
arbitrary second base value. Why is this the case?

Most of the time when data of different types are mixed in the
same cache line, the cause is an aggregate data type: e.g., a struc-
ture (struct in C). In many cases, this leads to the mixing of wide
values with low dynamic range (e.g., pointers) with narrow values
(e.g., small integers). A first arbitrary base helps to compress wide
values with low dynamic range using base+delta encoding, while
a second zero base is efficient enough to compress narrow values
separately from wide values. Based on this observation, we refine
the idea of B+� by adding an additional implicit base that is al-
ways set to zero. We call this refinement Base-Delta-Immediate
or B�I compression.

There is a tradeoff involved in using B�I instead of B+� with
two arbitrary bases. B�I uses an implicit zero base as the sec-
ond base, and, hence, it has less storage overhead, which means
potentially higher average compression ratio for cache lines that
are compressible with both techniques. B+� with two general
bases uses more storage to store an arbitrary second base value, but
can compress more cache lines because the base can be any value.
As such, the compression ratio can potentially be better with ei-
ther mechanism, depending on the compressibility pattern of cache
lines. In order to evaluate this tradeoff, we compare in Figure 7
the effective compression ratio of B�I, B+� with two arbitrary
bases, and three prior approaches: ZCA [8] (zero-based compres-
sion), FVC [33], and FPC [2].7

Although there are cases where B+� with two bases is better —
e.g., leslie3d and bzip2 — on average, B�I performs slightly bet-
ter than B+� in terms of compression ratio (1.53 vs. 1.51). We
can also see that both mechanisms are better than the previously
proposed FVC mechanism [33], and competitive in terms of com-
pression ratio with a more complex FPC compression mechanism.
Taking into an account that B+� with two bases is also a more
complex mechanism than B�I, we conclude that our cache com-
pression design should be based on the refined idea of B�I.

Now we will describe the design and operation of a cache that
implements our B�I compression algorithm.

7All mechanisms are covered in detail in Section 6. We provide
a comparison of their compression ratios here to give a demon-
stration of BDI’s relative effectiveness and to justify it as a viable
compression mechanism.
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Effect of cache compression

On average: ~ 1.5x compression ratio 

Translates into ~ 10% performance gain, up to 18% on cache sensitive workloads

[Pekhimenko 12]

Number of bases (0 = single value compression)
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Frame buffer compression in GPUs
▪ All modern GPUs have hardware support for losslessly compressing 

frame buffer contents before transfer to/from memory 
- On cache line load: transfer compressed data from memory and decompress into cache 
- On evict: compress cache line and only transfer compressed bits to memory 

▪ For example: anchor encoding (domain specific compression scheme) 
- Compress 2D tiles of screen 
- Store value of “anchor pixel” p and compute Δx and Δy of 

adjacent pixels (fit a plane to the data) 
- Predict color of other pixels in tile based on offset from anchor 

- value(i,j) = p + iΔx + jΔy 
- Store “correction” ci on prediction at each pixel 
- Consider encoding single channel image: 

- Store anchor at full resolution (e.g., 8 bits)  
- Store Δx, Δy, and correction at low bit depth

p �x

�y

c0 c1

c2 c3 c4

c6 c7 c8c5

c10 c11 c12c9



 CMU 15-418/618, Spring 2017

“Memory transaction elimination” in ARM GPUs
▪ Writing pixels in output image is a bandwidth-heavy operation 
▪ Idea: skip output image write if it is unnecessary
- Frame 1: 

- Render frame tile at a time 
- Compute hash of pixels in each tile on screen  

- Frame 2: 
- Render frame tile at a time 
- Before storing pixel values for tile to memory, 

compute hash and see if tile is the same as last frame 
- If yes, skip memory write

Slow camera motion: 96% of writes avoided 
Fast camera motion: ~50% of writes avoided

[Source: Tom Olson    http://community.arm.com/groups/arm-mali-graphics/blog/2012/08/17/how-low-can-you-go-building-low-power-
low-bandwidth-arm-mali-gpus]

http://community.arm.com/groups/arm-mali-graphics/blog/2012/08/17/how-low-can-you-go-building-low-power-low-bandwidth-arm-mali-gpus%5D
http://community.arm.com/groups/arm-mali-graphics/blog/2012/08/17/how-low-can-you-go-building-low-power-low-bandwidth-arm-mali-gpus%5D
http://community.arm.com/groups/arm-mali-graphics/blog/2012/08/17/how-low-can-you-go-building-low-power-low-bandwidth-arm-mali-gpus%5D
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Summary: the memory bottleneck is being 
addressed in many ways
▪ By the application programmer 

- Schedule computation to maximize locality (minimize required data movement) 

▪ By new hardware architectures 
- Intelligent DRAM request scheduling 
- Bringing data closer to processor (deep cache hierarchies, eDRAM) 
- Increase bandwidth (wider memory systems, 3D memory stacking) 
- Ongoing research in locating limited forms of computation “in” or near memory 
- Ongoing research in hardware accelerated compression 

▪ General principles 
- Locate data storage near processor 
- Move computation to data storage 
- Data compression (trade-off extra computation for less data transfer)


