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1. Some figures
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Model size
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A size perspective
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➢ AI models are growing fast 2.3x per year
(for the top 10 models)

➢ They are driven by language models
➢ Promising variability
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Model compute
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A compute perspective
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➢ Training compute is growing faster 4.7x per year
(for the top 10 models)

➢ They are driven by language models too
➢ Promising variability too
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Model efficiency
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A quality perspective
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➢ Efficiency is correlated
to size

➢ There is room for 
tradeoffs

➢ Specialized SLM ? (what
is « small » ? → see next
slides)
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Memory wall or storage wall … a double wall effect
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Tier Total VRAM
Max simultaneous 
7B models

Edge 1–8 GB 0–1

PC 12–24 GB 2–4

Server 80–640 GB 10–50

Data center TBs 100s

A. Gholami, Z. Yao, S. Kim, C. Hooper, M. W. Mahoney and K. Keutzer, "AI and Memory Wall," in IEEE Micro, 
vol. 44, no. 3, pp. 33-39, May-June 2024,

x4
x3
x4
x3
x4
X1500
x3

If an access to a register was a 
1m distance:
- L1 Cache → 4m
- L2 Cache → 12m
- L3  Cache → 48m
- L4 Cache →~150m
- DRAM → ~600m
- SSD → 900 km
- HDD → 2700km

https://www.alibabacloud.com/blog/the-mechanism-behind-measuring-cache-access-latency_599384
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Work in progress: 
How small are SLMs ?
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2. Back to the 60s
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1957-1962: remember the Virtual memory
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❑ Memory was too expensive

❑ Process address spaces were too large

❑ Manual management was too cumbersome

❑ From mainframes→ personal computers → embedded
devices

“The concept of virtual memory emerges from a team under
the direction of Tom Kilburn at the University of Manchester
on its Atlas computer. Virtual memory permitted a
computer to use its storage capacity to switch rapidly
among multiple programs or users and was a key
requirement for timesharing.” https://www.computerhistory.org/timeline/1962/
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Tom Kilburn at the Ferranti Mark I computer
https://www.computerhistory.org/timeline/1962/

https://www.computerhistory.org/timeline/1962/
https://www.computerhistory.org/timeline/1962/
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1960s, swapping on the road to multi-programming
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❑ Memory was too small because expensive

❑ Increase multi-programming threshold

❑ Switching between full programs (before adding paging)

❑ From mainframes→ personal computers→ embedded devices

“The term originated in the time-sharing systems of the early 1960s.
These systems had insufficient memory to allow more than one
program to be loaded (swapped in) for execution at a time. At the end
of a time slice or stop for input/output, their operating systems
swapped out the executing program and then swapped in another
program. A single program could be swapped many times during its
execution. Swapping was a perfect description of the main work of
time-sharing -- switching the CPU from one program to another.”
https://denninginstitute.com/pjd/PUBS/ENC/swapping08.pdf
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PDP-1, one of the first systems integrating full swapping
https://www.computerhistory.org/timeline/1962/

https://denninginstitute.com/pjd/PUBS/ENC/swapping08.pdf
https://www.computerhistory.org/timeline/1962/
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How about processes large models?
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❑ Memory was too expensive

❑ Process address spaces too large

❑ Manual management was too cumbersome

❑ From mainframes→ personal computers → embedded
devices

“The concept of virtual memory emerges from a team under
the direction of Tom Kilburn at the University of Manchester
on its Atlas computer. Virtual memory permitted a
computer to use its storage capacity to switch rapidly
among multiple programs or users and was a key
requirement for timesharing.” https://www.computerhistory.org/timeline/1962/

❑ Memory was is still too expensive

❑ Process address spaces Models are too large

❑ Manual management is still too cumbersome

❑ From mainframes datacenters → personal computers
→ embedded devices

“The concept of virtual memory emerges from a team under
the direction of Tom Kilburn at the University of Manchester
on its Atlas computer. Virtual memory ??? Would permit a
computer to use its storage capacity to switch rapidly
among multiple programs models or users and is a key
requirement for timesharing models.”

❑ Memory was too small because expensive

❑ Increase multi-programming threshold

❑ Switching between full programs (before adding paging)

❑ From mainframes → personal computers → embedded
devices

“The term originated in the time-sharing systems of the early
1960s. These systems had insufficient memory to allow more
than one program to be loaded (swapped in) for execution at a
time. At the end of a time slice or stop for input/output, their
operating systems swapped out the executing program and then
swapped in another program. A single program could be
swapped many times during its execution. Swapping was a
perfect description of the main work of time-sharing -- switching
the CPU from one program to another.”

https://denninginstitute.com/pjd/PUBS/ENC/swapping08.pdf

❑ Memory was is too small because expensive

❑ Increase multi-programmingmodel threshold

❑ Switching between full programs models (before adding
paging ???)

❑ From mainframes datacenters → personal computers →
embedded devices

“The term originated in the time-sharing systems of the early
1960s. These systems had insufficient memory to allow more
than one program model to be loaded (swapped in) for execution
at a time. At the end of a time slice or stop for input/output, their
operating systems swapped out the executing model and then
swapped in another program model. A single program model
could be swapped many times during its execution. Swapping was
a perfect description of the main work of time-sharing --
switching the CPU or GPU? from one program model to
another.”

https://www.computerhistory.org/timeline/1962/
https://denninginstitute.com/pjd/PUBS/ENC/swapping08.pdf
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Models are not simple process address spaces…
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Context: 

❑ Memory pressure / cost

❑ Size 

❑ Manual management is not 
feasible

❑ Storage performance disparity

Similarities:

❑ Need automatic management

❑ Whole lifecycle management: 
loading, management, cleaning

❑ Different QoS

❑ Multi-tenancy is important

❑ Shared memory space/model

❑ isolation

❑ datacenters → personal computers 
→ embedded/edge devices

❑ …

Differences:

❑ Model data structures could be
scanned fully during inference (not 
just a subset of pages)

❑ But other structures might be
partially read (KV cache, RAG 
chunks, …)

❑ Latency is/might be important →
storage performance is an issue

❑ Models are configurable

❑ …

02/02/2026
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Work in progress:
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An ELASTIC LLM for Edge Use cases

❑ Motivation:  Edge LLMs run at 
different model sizes on 
devices where multiple apps 
compete for limited memory

❑ Idea: Design an elastic LLM 
that adjusts its model size 
under memory pressure from 
co-running applications, 
balancing accuracy and 
resource usage with minimal 
overhead, using mixed 
quantization.

02/02/2026
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3. LLM, what else ?
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Learning on the edge
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❑ Several ML algorithms→ go through all (or most) of the dataset during the learning process

❑ When the dataset size > memory workspace➔ I/O swapping issues 
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Each dataset loading « read all… » = a lot of swapping
operations (depending on the dataset to memory proporition).
Very poor temporal locality

N: size of the dataset
M: size of the memory 
workspace

For  → some initial state … until something converges
read all (or at least a large part of) the dataset
perform some (more or less complex) processing

update the model

Example with
Random forests
on a BB board
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Training on the edge … you can’t help yourself from swapping !
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Subdivide
the dataset

Process 
each chunk
separatly

Aggregate
the models

Memory 
workspace
available

Memory 
workspace
available

𝑓1(𝑥)

f(x)

f3(x)

f2(x)
f1(x)

𝑓2(𝑥)

𝑓3(𝑥)
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❑ Train  the k-means on data chunks that fit in the 
memory

❑ Merge the whole models by sampling the 
dataset

❑ Reduce I/Os by 90% and training time by >50%

❑ Train the GMM on data chunks
❑ Train on a subset of data
❑ Merge the models incrementally
❑ Reduce I/Os by 80% and training time by >40%

❑ Load only necessary data for tree building

❑ Dynamic loading and mergin of models

❑ Reduce I/Os by 80% and training time by more than 60%

ACM SAC’24
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IEEE MASCOTS’23

❑ Training under time budget
❑ Reducing energy consumption with DVFS 
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Conclusion
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and Storage…
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