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Memory Speed
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• Program speed depends on speed 
of its data access 

• Fundamentals of computer memory 
• Hierarchical 
• Shared 
• Dynamic: cache is computer’s 

memory that forgets 
• Locality theory 

• Analysis and optimization of the 
memory hierarchy Everything is a cache for something else

Chris Terman:  
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Each program had an advisory 
committee of typically 25 members se-
lected by DOE. Often DOE asked the 
committees to formulate long-range 
plans for facilities in their fields, as 
the High Energy Physics Advisory 
Panel (HEPAP) did in 2023 following 
3 years of community brainstorm-
ing. Sometimes committees would 
ponder broader questions, as BERAC 
did in 2017, when it identified 26 
“grand challenges” for its fields. And 
advice could flow both ways. In 2013, 
William Brinkman, then director of 
the Office of Science, used BESAC to 
tell researchers their plan for improv-
ing U.S. accelerator-based x-ray sources 
was too timid and had to be redone.

A committee’s typically biannual 
meetings would draw researchers, 
officials from other funding agencies, 
and congressional staffers. “It was a 
very, very good venue for advancing 
ideas,” says William Madia, former 
director of two national labs. “If you 
got a good review, you got accelerated, 
both by the DOE and by the Congress. 
Conversely, I watched ideas crash and 
burn in those committees.”

None of those now-defunct 
committees had met since President 
Donald Trump’s second term began 
in January, however. The adminis-

tration has eliminated or consoli-
dated advisory committees at other 
research agencies, and some 
observers say the change at DOE 
may be part of a strategy to reduce 
the influence of career federal 
employees. The old system funneled 
advice to the “feds” running the 
Office of Science’s research pro-
grams, notes Robert Rosner, a 
theoretical physicist and former 
director of Argonne National 
Laboratory. “Right then and there, 
you have a problem from the point 
of view of this administration, which 
is you’re going to be relying on 
people who you may not trust.” 

The new committee will more 
directly advise DOE’s politically 
appointed leaders, such as Gil. (The 
White House has not yet nominated 
a director of the Office of Science.)

It’s not clear how much influence 
researchers will lose, says Heidi 
Schellman, a particle physicist at 
Oregon State University who twice 
served on HEPAP. To formulate 
long-range plans, the old committees 
would typically convene a subpanel 
because, unlike the standing 
committee, the ad hoc subpanel 
could meet privately. Deputizing 
field-specific subpanels remains an 
option for the consolidated commit-
tee, Schellman notes. “The real action 
takes place in the subpanels,” she 
says. “The important thing to retain 
is the subpanel process.”

By providing a conduit to top DOE 
brass, the new advisory committee 
could give scientists more input into 
the agency’s choices among differ-
ent types of projects and facilities. 
It might also help researchers avoid 
unrealistic plans, says Patrick Huber, 
a particle physicist at Virginia 
Polytechnic Institute and State 
University. For example, he notes, 
high energy physicists’ latest plan 
prioritized a project called CMB-S4 
to build new microwave telescopes 
at the South Pole—a proposal that 
within months both DOE and 
the National Science Foundation 
deemed unworkable.

Even if the new committee 
comprises top-notch people, it won’t 
provide the deep, broad insight the 
six committees did, researchers say. 
“You will definitely lose depth,” 
Greene says. “As far as breadth, it 
depends on who’s going to be on the 
committee.” Researchers worry 
particularly about that. “If you just 
get a bunch of tech billionaires on it 
who want to offload their R&D onto 
the government, you know …” Huber 
says. “It’s an open question” how 
useful the committee would be.

Still, one Office of Science veteran 
says researchers should not despair. 
Patricia Dehmer served as the office’s 
deputy director—its top federal 
employee—from 2007 to ’16 and is 
widely credited with deft management 
of its research programs and national 
labs. The crucial point is there will still 
be an advisory committee, Dehmer 
says. “All is not lost,” she says. “This 
can work. … The important thing is 
that a formal mechanism still exists for 
community input.” � P
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DOE’s Office of Science builds large science facilities such as the Frontier supercomputer at Oak Ridge National Laboratory.

 The important 
thing is that a 

formal mechanism 
still exists for 

community input.
Patricia Dehmer

Former Department 
of Energy official
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The High Cost of Data Movement
Fetching operands costs more than computing on them

20mm

64-bit DP
20pJ 26 pJ 256 pJ

1 nJ

500 pJ Efficient
off-chip link

28nm

256-bit
buses

16 nJ DRAM
Rd/Wr

256-bit access
8 kB SRAM

50 pJ

Bill Dally, SC 2010
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Department Head for Computer Science 
Lawrence Berkeley National Laboratory

Memsys 2025 Keynote: Codesign for Energy E!cient Computing 
Adaptable Memory Systems for the Future of AI and HPC
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Locality

• Locality means proximity in hardware 
• Closest access, shortest data movement 

• What is locality in software? 
• Why do I care?

6

The ultimate goal of all computer science is the program. The 
performance of programs was once the noblest function of 
computer science, and computer science was indispensable to 
great programs.   

-Noble and Biddle, Notes on Postmodern Programming 





Decoded Apple 
M1 Max SOC

Released October 15, 2025



Exploring multi-level cache prefetching for fabric attached memory 
Chandrahas Tirumalasetty, Narasimha Reddy 
MEMSYS 2025 



Chen Ding, University of Rochester

From Proximity to Locality

• Hardware proximity in data access 
• Fast, high bandwidth, energy and power efficient 

• What is locality in software? 
• The miss ratio 

• Precise but machine dependent 
• Temporal/spatial locality 

• Qualitative, not quantified 
• Introducing locality theory 

• Locality measures, in particular, data reuse and working set 
• Formal analysis and optimization

10







Science is the art of 
measurement. 

Randal C. Nelson (1958—2020)

• Dewey: The scientific attitude 
is experimental as well as 
intrinsically communicative.
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The Reuse Distance

• Reuse distance 
• amount of data between use and reuse 
• same as LRU stack distance [Mattson et al. IBM 1970] 

• Shorter reuse distance -> more data reuses -> better locality

14
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The Footprint

• Working set theory [Denning CACM 1968, Denning and Schwartz CACM 1972] 
• Average working-set size (WSS) in an infinite stationary process 
• Computed iteratively (Denning Recursion [Yuan et al. TACO 2019]) 

• Working set in a program execution [Xiang et al. PPOPP 2013, PACT 2013] 
• Footprint, fp(x): average WSS for all windows of length x (x >= 0) 
• Parameter x is a timescale

15
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A Relational Theory of Locality

• Common problems of poor locality 
• Too many cache misses 
• A lack of data reuse 
• Too large working sets 
• Are these three monsters or a single monster with three heads? 

• Relational theory 
• How to convert between locality measures 
• From observation to explanation 

• Correlation, if not causation 
• Science quantifies relationship between different measures

16
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Higher Order Theory of Locality [Xiang et al. ASPLOS13]

• HOTL conversion from footprint to miss ratio

17
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HOTL:

The first three are models of program characteristics (Section 2.2), and the next four cache designs
(Section 2.3). The new models are distinguished from prior work by their theoretical properties, e.g. com-
position guarantee within a model (Figure 4) and across models (Figure 11). These theoretical properties
are necessary to optimize data and task placement on GPUs and multi-socket CPUs (Section 2.4).

The goal of this study is locality. Locality determines the miss count and inter-cache communication, not
directly the run time. The execution time depends on many other factors, e.g. prefetching. This curtailment
of scope, however, has key benefits such as machine independence (measuring once and optimizing on
different types of machines as demonstrated in Section 2.5) and the theory and optimization to minimize the
miss ratio.

2 Proposed Research

There are two classic theories of locality: working-set models for memory sharing [23] and stack algorithms
for cache design [63]. The research of the precursor project (CCF-1116104) combined the two theories in
order to model cache sharing. This section first introduces the previous theory and then the proposed work.

2.1 Background: Higher Order Theory of Locality (HOTL)

Xiang et al. gave the higher-order theory of locality (HOTL) which defines a set of metrics and uses them
to compute the miss ratio in shared cache [105]. The most important metric is footprint. In a sequential
execution, a time window is (j, x), where j is the start position and x the window length. The number of
different elements in the window is the working-set size wss(j, x). For a length x, the footprint fp(x) is the
average working-set size of all windows of length x: fp(x) = 1

n�x+1

Pn�x+1
j=1 wss(j, x).

HOTL uses the footprint to compute the miss ratio of fully-associative LRU cache. The miss ratio mr(c)
of cache size c is the derivative of the footprint mr(c) = fp(x + 1) � fp(x) where c = fp(x). We call it
the HOTL conversion. In this proposal, we use the Leibniz’s notation in Figure 2 to express the HOTL
conversion.

mr(c) = d
dx fp(x)

�����
fp(x)=c

Figure 2: HOTL conversion in Leibniz notation
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Figure 3: HOTL conversion: the miss ratio is the
increase of footprint from time x to x+ 1.

Figure 3 illustrates HOTL conversion. The line in the figure is the growth of footprint over time length
x. At the start of the line, we have fp(0) = 0 and fp(1) = 1. The increase, 1, is the miss ratio of size-0
cache. When the cache size c = fp(x), the discrete derivative, fp(x+ 1) � fp(x), is the miss ratio of size-c
cache mr(c). Intuitively, the miss ratio is the increase of the average working-set size by one access.

Independent Validation by Wires et al. In a paper published in OSDI in 2014, Wires et al. tested foot-
print and HOTL conversion and found it largely accurate in modeling storage cache [94]. They used the
storage traces from Microsoft Research Cambridge and tested prediction for caches as large as 1.2TB. The
authors implemented HOTL theory entirely by reading our papers, of which they cited seven. The OSDI
study is an independent validation: a different group, a different implementation, different applications and
machine targets. This adds to the validation in our own studies on CPU cache [43, 103, 105].

HOTL is the basis of this research. The previous theory models independent programs in shared cache,
not parallel applications. Its analysis targets locality interaction between tasks, not data. It assumes uniform
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for a given configuration but not what may happen in all
configurations. Concurrent reuse distance gives the perfor-
mance of cache of all sizes [37] for fixed rather than com-
posable groups. Working-set models handle composition
for independent programs but not the threads of a paral-
lel application. They do not model the effect of associative
cache, which is more pronounced on GPUs than on CPUs.
Nugteren et al. gave a reuse distance model for GPUs [26].
The model is precise, but the precision assumes a fixed num-
ber of cache sets (and a fixed array group). Our new methods
remove these limitations and more importantly to allow dif-
ferent solutions to combine and work together.

This paper makes the following contributions:

• two techniques called time-preserving trace decomposi-
tion to enable composable analysis of parallel code and a
new model of parallel footprints, (Section 2.2),

• a model called mapped footprint for set-associative cache
that can handle caches of different capacity as well as
different associativity (Section 2.3),

• a model called dual-grained footprint to model GPU tex-
ture cache performance (Section 2.4),

• the evaluation of the individual and combined analysis
on 13 GPU benchmarks and comparison with two prior
solutions (Section 3),

• improving the performance of 6 programs using a new,
state-of-the-art data placement optimizer called POR-
PLE [10] (Section 4).

In this work, we model the performance by counting
misses, not execution time (cycles). A machine-independent
model lets a programmer optimize a program across ma-
chines. It directly correlates between program events, e.g. ar-
rays, and hardware utilization, e.g. cache occupancy. While
no study can include all factors of performance, the success
of this work would increase our means (and confidence) that
the increasingly complex problem of parallel performance
can be decomposed into interacting parts and optimized us-
ing computational and mathematical models, in addition to
algorithm improvement, compiler optimization, and testing
and simulation.

2. Data-centric Models
This section first introduces the background theory and then
presents the three new models.

2.1 Background: Footprint
Xiang et al. gave the higher-order theory of locality (HOTL)
which defines a set of metrics and uses them to compute the
miss ratio in shared cache [39]. The most important metric
is footprint.

In a sequential execution, a time window is (j, x), where
j is the start position and x the window length. The number
of different elements in the window is the working-set size

wss(j, x). For a length x, the footprint fp(x) is the average
working-set size, computed by the total working-set size
divided by the number of length-x windows:

fp(x) =
1

n� x+ 1

n�x+1X

j=1

wss(j, x) (1)

The footprint measures the average working-set size in
all timescales and shows the growth of program working set
over time. From footprint, HOTL theory computes the miss
ratio mr(c) of fully-associative LRU cache of size c, which
is the fraction of accesses that are misses, by the derivative
of the footprint.

mr(c) = fp(x+ 1)� fp(x) where c = fp(x)

For a more compact representation, the paper uses the
following Leibniz’s notation to express this mathematical
relation:

mr(c) = d
dx fp(x)

�����
fp(x)=c

(2)

The following diagram illustrates HOTL conversion. The
line in the figure is the growth of footprint over time length
x. At the start of the line, we have fp(0) = 0 and fp(1) = 1.
When the cache size c = fp(x), the discrete derivative,
fp(x+ 1)� fp(x), computes the miss ratio mr(c).
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As an example, applying Eq. 2 for zero size cache, we
have

mr(0) = d
dx fp(x)

�����
fp(x)=0

= fp(1)� fp(0) = 100%

This is a key property we will use in the following sec-
tions. Intuitively, the miss ratio is the average increase of the
working-set size by the next access. The HOTL theory com-
putes it by the increase of the average working-set size, i.e.
the footprint, over a unit window length.
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mrHOTL(c) = Δ fp(x)
fp(x)=c

,  where Δ fp(x) = fp(x + 1) − fp(x)

mr(0) = Δ fp(x)
fp(x)=0

mr(c) = Δ fp(x)
fp(x)=c
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Relational Theory of Locality [TACO 2019]
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33:18 L. Yuan et al.

Fig. 4. The graph shows the relational theory as the conversion between locality metrics. For relations be-
tween sequence locality definitions (those in the gray box), see Figure 2. New contributions in this article are
shown by the edges marked with a section, equation, algorithm, or theorem number.

Table 3. Comparison of Locality Categories

Category Information stored Strength/weakess in modeling cache
Sequence ordered accesses no compaction, RD→MRC, RI-RD equivalence
Histogram unordered RI/RD compactness, RD histogram→MRC, RI-RD nonequivalence
Timescale unordered RI compactness, RI histogram→MRC, composability

series of directed edges form a path. The transitive relation gives the conversion or its impossibility
between every pair of metrics.

The locality metrics are grouped by categories, which are areas separated by dotted lines.
Timescale locality is centrally connected: It is the hub that connects histogram and cache met-
rics and, through them, all other metrics.

All the metrics in the relation graph are from existing work. The contribution of the preced-
ing sections is the connection of these metrics: In particular, the conversion and non-equivalence
results that are required for all-to-all relations and were absent from past work.

Table 3 compares three categories of locality with respect to information retained and practical
implications. Sequence locality stores full ordering information, while histogram and timescale lo-
cality ignore the ordering among reuses. To compute the miss-ratio curve (MRC), histogram local-
ity needs reuse distances, while timescale locality needs just reuse intervals. There is a signi!cant
gain of space e"ciency from sequence to histogram locality and of time e"ciency from histogram
to timescale locality. In addition, timescale locality is composable, as discussed in Section 2.5.5.

3.2 Usefulness in Practice
The relational theory helps to solve problems in practice. The !rst is precision. All metrics in the
relation graph are de!ned by mathematics or algorithms, based entirely on information extracted
from a reference trace, i.e., the singleton locality. Mathematics is not just precise but maintains the
precision after many steps of derivation. Furthermore, it proves results for all programs, which are
therefore universal.

ACM Transactions on Architecture and Code Optimization, Vol. 16, No. 3, Article 33. Publication date: August 2019.
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Locality “Metrics”

19

• Do they qualify as metrics? 
• RD as a distance between the 

use and the reuse? 
• RI as a distance? 
• WSS of a window as a distance 

between two end points? 
• Should RD of “aa” be 0 or 1? 
• RI/RD/WSS of “a” and “”?
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A Note on Cache Management

20
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Lease Cache Hardware and Software 
(Cache Programming using Leases) 

Joint work with Professor Dorin Patru at RIT 
[ASPLOS’19, MEMSYS’21, TACO’22 (miss ratio 
convexity), TACO’23, MEMSYS’24, MEMSYS’25] 

NSF Grants 1909099 and 2114285
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Advance in Locality Theory over Time

• Reuse distance histogram 
• Numerous applications (see Zhong et al. TOPLAS 2009) 
• Four decades of algorithmic improvements since 1970 

• Footprint function 
• Linear complexity through Xiang formula 
• HOTL conversion is a mathematical operation 

• New since 2010s 
• Analysis and optimization entirely as math operations on functions 
• Footprint locality is defined on all non-negative integers 

• Monotone and (largely) concave [Xiang et al. PACT 2013]
22
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Locality Optimization

• Going beyond intuition 
• Complex dynamic systems defy simple intuition 
• Rules of thumbs are imprecise and brittle 

• e.g. sqrt(2) rule of cache scaling 
• Imprecise: only partially quantitative 
• Brittle: unclear when it stops being applicable 

• From ad-hoc to mathematical analysis 
• Shared cache performance 

• The miss ratio is not composable, but the footprint is [Ding et al. JCST 2014] 
• From "blackbelt" programming and heuristics to smart math

23





Chen Ding, University of Rochester

Optimal Partition-Sharing [Brock et al. ICPP 2015]
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Exclusive Cache Hierarchy
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Footprint in Victim Cache [Ye et al. TACO 2017]
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Summary

• Essence of computer memory 
• Hierarchical, dynamically managed, and shared 

• Relational theory of locality 
• Metrics: RI, RD, footprint 
• Conversions: from RI and RD to miss ratio 

• HOTL: from footprint to miss ratio 
• Theory-based optimization 

• Cache partition-sharing (function scaling and composition) 
• Victim footprint (equation solving, function translation) 
• Polynomial data access complexity (on-going work)
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