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The CPU Comeback Is Upon Us >
Agentic Al has made CPUs the new
performance bottleneck

BY MATTHEW S. SMITH 16 AUG 2026 5 MIN READ ‘E]

The CPU is back: Rethinking the CPU
GPU split for LLM inference

August 6,2026  9-minuteread Al inference

Matthew S. Smith is a contributing editor for IEEE Spectrum and the former lead reviews

editor at Digital Trends.
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For the past 3 years, graphics processing units (GPUs) have dominated the large |
(LLM) conversation. In traditional chatbot applications, central processing units (¢
fraction of the total compute per request, while GPUs do the heavy ifting. Howev
single model answering a single question. A growing refiance on tool calls, multiste
orchestration across small, specialized models changes the math on where compu
has called out this shift noting that the CPU-to-GPU ratio is moving from 1:8 in tri
L], and in some cases 4:1in agentic deployments.

Here we'll examine why the assumptions making GPUs the cbvious choice for LLA
being renegotiated, what's driving renewed demand for CPU-based serving, and\
about where the industry is heading.




How important is CPU in agentic Al workload?

CPUs are getting important in Al workloads.

How exactly does CPU affect end-to-end performance in Al workloads?

In this work, we first characterize the CPU'’s role in LLM inference, and
investigate how CPU can affect the end-to-end performance.
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CPU’s Job in Multi-GPU LLM Inference

1. Input processing 2. Execution of 3. Request scheduling
(Tokenization) GPU workers & work dispatch

Worker0 | &—> ]% GPUO

“Who won the 2025 World Series?” \M S
v Worker1 | &—» ]%GPU 1 L J

[“Who”, “won”, “the”, “202” “5", “World”, “Series”, “?"] [ 11—
v Worker2 | ¢—» ]% GPU 2 ) . /

GPU

[20600, 3313, 290, 1323, 20, 5922, 14932, 30]

Worker3 | «—» ]% GPU 3
\

CPU processes

- All processes share the same limited CPU resources.
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Growing Context in Multi-Turn Agentic Workloads

il request | {5

Each request includes the accumulated conversation history.
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GPU Work Remains Similar, While CPU Work Grows

Each turn requires tokenizing the entire accumulated context.

Prefill (GPU work) Tokenization (CPU work)
Turn 1 Turn 1
| |
Turn 2 KV reuse Turn 2

In agentic Al workloads, GPU only processes new tokens,

while CPU processes the full context.



We measure tokenization and model execution time separately.

[ Tokenization (full prompt) 1 Prefill (256 new tokens)
Llama 3.1 70B (8 GPUs, 64 CPU cores)

100 A

75 -

50 -

25

% of Total TTFT

0 L L L L
1 4 16 1 4 16 1 4 16 1 4 16

Batch Size
Sequence length: 1600 6400 25600 102400

Tokenization accounts for up to 80% of

time-to-first-token (TTFT) in our experiments.



CPU’s Job in Multi-GPU LLM Inference

1. Input processing
(Tokenization)

“Who won the 2025 World Series?”
*

[HWhof: Mwonf; uthe:: 11202;; HSI.; ”WOI'ld'i useriesu; u?n]
¥
[20600, 3313, 290, 1323, 20, 5922, 14932, 30]

2. Execution of 3. Request scheduling
GPU workers & work dispatch

Worker 0

Worker 1

GPU

Worker 2
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How Does Tokenization Slowdown End-to-End Serving?

Probe-under-load experiment: vary CPU cores while keeping GPU fixed.

B
(a) Baseline | Tokenization || LLM inference
(b) Probe Tokenization LLM inference
Tokenization LLM inference
[/)9 Tokenization LLM inference
Load N Tokenization LLM inference
\—) Tokenization LLM inference

1. How do concurrent tokenization threads compete for CPU resources?
2. How does CPU oversubscription affect end-to-end performance?



Limited CPU Resources Increase Request Latency

We measure TTFT for a fixed 2.8K-token probe under concurrent load.
* Red x indicates a probe timeout (200 s)

Llama-8B (4 GPUs, 16 RPS) Qwen3-30B (8 GPUs, 4 RPS) Llama-70B (8 GPUs, 16 RPS)

CPU cores
B 5 cores
I 6 cores
[ 8 cores
I 16 cores
Bl 32 cores

10°

CPU cores 10°
I 9 cores
I 10 cores
[ 16 cores
I 32 cores
B 64 cores

CPU cores
I 9 cores
I 10 cores
[ 16 cores
B 32 cores
B 64 cores

104 50K 104

104

10° 103

103

102 102

102
1.7k 7.1k 28.4k 114k 1.7k 7.1k 28.4k 114k 1.7k 7.1k 28.4k 114k

Time-to-first-token [ms]
(log scale, lower is better)

Load sequence length [tokens]

Under the same load, fewer CPU cores lead to up to 7.11x higher TTFT.




Tokenization Threads Compete for CPU Resources

M

(a) Baseline | Tokenization

LLM inference

(b) Probe —> |  iTokenization |i

LLM inference

LLM inference

ﬁ l Tokenization
/éi Tokenization

LLM inference

Load

LLM inference

'\E-é Tokenization
\F—) Tokenization

LLM inference

1. Tokenizer threads ;

[Rer— |

spawned minlnln

Cr
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Tokenization Threads Compete for CPU Resources

1'!'4

(a) Baseline | Tokenization

LLM inference

(b) Probe = |  iTokenization H

LLM inference

LLM inference

[> . Tokenization
/éi Tokenization

LLM inference

LLM inference

Load i—)i-; Tokenization
! Tokenization

LLM inference

1. Tokenizer threads $_ )

[Rp—— |

spawned O0O00O0 «— {@:}Busy CPU

2. Oversubscribed CPU

Cr
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Tokenization Threads Compete for CPU Resources

m
(a) Baseline | Tokenization || LLM inference

(b) Probe — [ iTokenization ] [Minference |
l Tokenizationi ' LLM inference i
Céi Tokenization ' LLM inference :
Load T~ Tokenization || | LLMinference |
D ——

1. Tokenizer threads ; _T

spawned [] «—> @BusyCPU

3. Delayed kernel call &
2. Oversubscribed CPU GPU underutilization
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Delayed Kernel Dispatch Leaves GPUs Waiting

Collective kernels (e.g., Allreduce) require every GPU rank to participate.

Baseline (No CPU contention) Collective with CPU contention
Delayed kernel launch

CPUO Kernel launch CPUO < et Eﬁﬂ_c?)ﬁfe_n_ti_o_n") Kernel launch N
CPU 1 Kernel launch CPU 1 Kernel launch
CPU 2 |Kernel launch Barrier CPU 2 Kernel launch
CPU 3 Kernel launch (Synchronization) CPU 3 Kernel launch W Barrier
GPU 0 AllReduce |; GPU 0 |AllReduce ]!
GPU 1 AllReduce || GPU 1 Y AlReduce .
GPU 2 AllReduce ]! GPU 2 k)l AllReduce i
GPU 3 AllReduce | GPU 3 AllReduce l

| oo Spin-waiting GPUs________ Actual work

(A) Aligned collective kernel launches (B) Delayed collective kernel launches, peers wait

CPU oversubscription delays kernel launches,

causing stalls across GPUs during collective operations.



Collective Latency Is Sensitive to CPU Allocation

(a) Per-kernel time

m
3 3 [
E 10 B 6 cores
= [0 8 cores 3.47x
E 102 I 32 cores
O 1.00x 1.00%
Y101
g
[
& \ 0 e
\O \S .
GEN\ tef\t\ ot W€,
P Qe cole et
oot
co®

Increasing CPU cores from 6 = 32 reduces collective latency by 3.47x.
Compute kernel latency only changes by less than 1%.
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CPU’s Job in Multi-GPU LLM Inference

1. Input processing 2. Execution of 3. Request scheduling
(Tokenization) GPU workers & work dispatch

Worker0 | &—> ]% GPUO

“Who won the 2025 World Series?”
v Worker1 | &—» ]%GPU 1
[“Who', “won”, “the”, “202" “5", “World", “Series”, “7"]
v Worker2 | «—» ]% GPU 2
[20600, 3313, 290, 1323, 20, 5922, 14932, 30]

Worker3 | «—» ]ﬁ GPU 3
\

CPU processes
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CPU Contention Delays Inter-process Communication (IPC)

Busy CPU can delay broadcasts from the main engine to GPU workers.

Producer EngineCore
Commands

[ Broadcast queue ]

Linux shared memory

(/dev/shm)

/ 1 \‘x

Worker 2
Waiting for CPU

Consumers [ Worker 0 ] [ Worker 1

} !

| BB

Please refer to the paper for a more detailed analysis

and evaluation of the IPC delays.



Case Study: Low CPU Allocations in Real Clusters

Instructional cluster:
users manually specify CPU:GPU ratio

Al100 H100
- = Mean: 5.29 40000 - = Mean: 4.93
6000 == Median: 1.00 —-= Median: 0.12
4000 20000
2000
0 - . | 0 P - -
0 5 10 15 20 0 5 10 15 20
RTX_6000 (Turing) V100
| —- M . 5. i i —— . 5.
1500 | ear\ 5.94 6000 I Meah 5.62
I == Median: 4.00 I — = Median: 4.00
1000 I 4000 I
| |
o .| “ I kal
0 1] - I_I 1] = I 0 I L - . -
0 5 10 15 20 0 5 10 15 20

CPU/GPU Ratio

Across 4.65M GPU allocation records from university clusters,

users often allocate only 1-4 CPU cores per GPU.



More results in the paper

 Evaluation results on more models and configurations
* Detailed breakdown of per-request TTFT latency

» CPU and GPU utilization reports
* Discussion of the costs and trade-offs of CPU overprovisioning
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Conclusion & Future work

Input processing Execution of Request scheduling Agentic tools in LLM servin
(Tokenization) GPU workers & work dispatch 9 9
Worker0 | «¥—» 1& GPUO
“Who won the 2025 World Series?” @\
v Worker1 | «— ]ﬁ GPU 1 ——
[“Who”, “won’, “the”, “202",“5" “World", “Series”, “¥’] @—» DRES GPU
v Worker2 | «—» ]% GPU 2 IEEE
[20600, 3313, 290, 1323, 20, 5922, 14932, 30]
Worker3 | &=—» ]@ GPU 3

» Growing context in agentic serving increases CPU tokenization work
 Limited CPU resources lead to up to 7.11x higher TTFT

« CPU contention delays tokenization, kernel dispatch, and scheduling
broadcasts, causing end-to-end slowdowns

* CPU-intensive agentic tools may add further host-side contention



Questions?

Input processing
(Tokenization)

“Who won the 2025 World Series?”
v
[“Who", “won’, “the”, “202", “5", “World", “Series”, “?"]
v
[20600, 3313, 290, 1323, 20, 5922, 14932, 30]

Presenter: Euijun Chung (euijun@gatech.edu)

Execution of
GPU workers

Worker 0

Worker 1

Worker 2

Worker 3

+«—— EBGPUO
| @B GPU T
+—— EBGPU2

+«— B GPU3

Request scheduling
& work dispatch

Agentic tools in LLM serving
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Backup slides
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Evaluation Setups

TABLE 1
Li1ST OF CPU-GPU HETEROGENEOUS SYSTEM SETUPS USED IN THIS PAPER’S EVALUATION.

System (GPU)

Architecture
(Compute Capability)

CPU Model

#CPU Cores #GPUs per Node

Inter-GPU Interconnect

H100
H200
RTX Pro 6000

Hopper (9.0)
Hopper (9.0)
Blackwell (12.0)

Intel Xeon Platinum 8462Y+
Intel Xeon Platinum 8562Y+
Dual Intel Xeon 6737P

64
64
64

8
8
8

NVLink 4.0 (900 GB/s bidirectional)
NVLink 4.0 (900 GB/s bidirectional)
No NVLink (PCle 5.0, 64 GB/s)
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Probe latency breakdown

Latency (ms, log scale)

LLaMA-8B (4 GPUs, 8 RPS)

10° .
— 5 cores - 16 cores
104 - 8 cores - 32 cores
i —a —o— 5.2x
108 :
|
102 :

Baseline Probe 1 Probe 2 Probe3 Probe4 Probeb
(no load) (with load)

LLaMA-8B (4 GPUs, 16 RPS)

108
—— 5cores —— 16 cores (X = timeout (200sec)]
106 4 — 8 cores — 32 COres
; %— X
10* A \ S < 5.8x
|
102 T - T

Baseline Probe 1 Probe 2 Probe3 Probe4 Probeb
(no load) (with load)

Cr
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CPU/GPU utilization

CPU utilization (fl‘GPUs)

CPU utilization (%)

100 A v v ‘
50 A e e 5 CoOres
= 8 cores
16 cores
A 32 cores
0 1 Ll I ""I Ll ]
10 20 30 90 100 110
CPU utilization (8 GPUs)
100 A Vv ‘
50 A —— 9 cores
= 16 cores
32 cores
—~ ~ 64 cores
0 T T =" T T T
10 20 30 70 80 90

Duration (s)

CPU and GPU Utilizations (%)

5 Cores 8 Cores
100 - L 100 -
o] WM so] —J |
68.4s 9.3s
0 7 1 1 1 1 0 L I_r‘ﬁ_‘_I+
0 25 50 75 0 10
16 Cores 32 Cores
100 A 100 -
50 A 50 A
——~8.3s 7.7s
0T T 0- :m—r—’
0 10 0 10
Duration (s) —— CPU —— GPU
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CPU Contention Increases Broadcast-Path Delays

Bl Schedule & IPC enqueue M IPC dequeue
¥Z Baseline [ Under load

LIama7§ - 7(7)B (8 GPUS) — mean Llama-3.1-70B (8 GPUs) }7399

61 67 1703 1660 1036 841 84
20 A 200 -
10 - 100 A
0 - 0 -
9 10 16 32 64 9 10 16 32 64
CPU cores CPU cores

Under load, CPU-side per-step time rises from 2-16 ms to 46-73 ms.
- Additional CPU cores reduce tail (p99) delays, but the mean stays.
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