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» LLM JIIEEFHK. ==K

Component Category Interruption Count % of Interruptions

Faulty GPU 30.1%
GPU HBM3 Memory 17.2%

e T
% 1 8 40 5 B Software Bug Dependency 54 12.9%
= y& i Network Switch/Cable Network 35 8.4%

Host Maintenance nglanned 32 7.6%
GPU 25K A1 OO 1 6K H1 OO GPU SRAM Memory 4.5%
GPU System Processor 41%

Silent Data Corruption 1.4%
GPU Thermal Interface - Sensor 1.4%

Ej-'t/t 9 O ~y 1 O O % 54 % EICCCL Watchdog Timeouts Unli(l)li)twn 1,;;(3

0]
MFU  32%~36%  38%~43% " E—
ower Supply Host 3 0.7%
Server Chassis Host 2 0.5%
. . IO Expansion Board Host 2 0.5%
« Everything We Know About GPT-4 - Klu.ai Dependency Dependency ’ 05%
« GPT4- All Details Leaked System Memory Host : 0.5%
° T h e LI a m a 3 H e rd Of M O d e I S Table 5 Root-cause categorization of unexpected interruptions during a 54-day period of Llama 3 405B pre-training. About

78% of unexpected interruptions were attributed to confirmed or suspected hardware issues.

I e 148/54*365/16384 = 6%
VIERETIRIR: S GPUZEZ: &1 (148+72+19+17+6+6)/54*365/16384 = 11%

BRSHK: FZ GPU FIFEZ(E: 40% GPU;Z@?%E‘;%Z
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Classification of the 706 low-GPU-utilization issues discovered across 400 deep learning jobs.

/N

&>

>33k
+
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* Yanjie Gao (Microsoft Research) et al,

ACM ICSE 2024,

An Empirical Study on Low GPU Utilization of Deep Learning Jobs.

* Yanjie Gao (Microsoft Research) et al,

ACM ICSE 2023,

An Empirical Study on Quality Issues of Deep Learning Platform.
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rupts their designated tasks and causes a sudden drop in GPU utiliza-
tion to zero. Within the Data Exchange category, there are 50 (7.08%)
issues. A common fix is to enhance communication efficiency by
minimizing the frequency of data exchange (e.g., using large batch
sizes) and enabling compressed communication [34, 39]. For users
of Horovod [67], enlarging the backward_passes_per_step pa-
rameter’ can help accumulate more local gradient updates and
transmit them simultaneously. Developers can also leverage Mi-
crosoft DeepSpeed’s 3D (data, model, and pipeline) parallelism,
whose 1-bit Adam and 0/1 Adam [39] optimizers demonstrate sig-
nificant reductions in communication volume.

Category Description NO. Ratio ; from torch.utils.data import Dataloader ;;::::: :::Z:djng
- - - - - - — S AR 618 & i hoea1
Interactive Job The execution of a job entails regular interaction with its owner. 15 2.12% || ot match size - 32 see wimpart o8
T . N 1= s train_loader = Dataloader(dataset = train_data, batch_size =
GPU Oversubscription A job requests more GPUs than it actually utilizes. 6 0.85% S ik bt sl stle s ¢ def mainQ):
A r n N r 6 eval_loader = DatalLoader(dataset = eval_data, batch_size = 7 ...
Unreleased Job A job does not terminate promptly after completing its computation. 9 1.27% i evalibateliisizs, shUffle SiTeus) ¢ for epoch i range(start_epoch, nun_epochs);
" " " T 9 if step > num_training_steps:
Non-DL Job A job is unrelated to deep learning and does not utilize GPUs at all. For example, the 4 0.57% | |Figure 2: A simplified example of Improper Batch Size is-| * break
- . . . . (] «, . s % «  » . 1
_]Ob performs data analys13 usmg CPUS solely. sues. “train_batch_size” and “eval_batch_size” are specified | ,, for 1, batch in enumerate(tqdm(train_loader)):
arguments for model training and evaluation, respectively.| | = _
The fix is to increase their values independently (lines 3-4). | | * Logits = model(input_data)
Im Batch Si Improper values of the batch size are used, which decrease the GPU computation of e a0
proper Batch Size . 181 25.64% " optimizer.step()
deep learning operators. B optimizer.
Insufficient GPU Memory | The GPU memory is not sufficient to support more GPU computation. 22 3.12% ||\ imort wreh . » 1 pred = evaluator.evaluate(val loader, model, step)
= = = = = = 2 from torch.utils.data import DatalLoader » if f1 _f1:
| Model Checkpointing | A job saves model checkpoints synchronously to the distributed data store. 116 16.43% | 2 e ortetesterctre - A S
4 train_loader = Dataloader(train_set,..., num_workers=8, 21 TN o 1’ — o
< pin_s =True) ) _ .
Tnefici o GPUD 5 evalfigaz:':o:yna::ander(eval_set, ..., num_workers=8, i: : i::::‘T::::(muz:‘l(?_;::;gi::£ﬁ§OCh’ D
nefficient Host- ata . . . < pin_menory=True) 2
The data transfer between main memory and GPU memory is not efficient. 197 27.90% | | ¢ _ a  +def save_file(local path, remote_path):
Transfer 7 for epoch in range(num_epochs): 2 + shutil.copyfile(local_path, remote_path)
8 fu 4 X (train_load o 30 + os.remove(local_path)
: : : s 297 = 9 or _, data in enumerate(train_loader, H 31
Data Preprocessing Raw input data is preprocessed using CPUs before model training. 28 397% | . " i e s | Chreading. Thread(target = save_file, args = [localpath.
Remote Data Read A job opens and reads input data directly from the distributed data store. 18 2.55% ||n et ‘;n;uis'mﬁd:me, non_Blocking=True) i < remote_pathl).start()
External Data Usage A job accesses input data or model files directly from external sites. 18 2.55% | o lebels labels toGevice, non BlockingTrue) A rne = nein
: : : : T Tl Figure 4: A simplified example of Inefficient Host-GPU Data
Intermediate Result Upload | A job saves intermediate training results synchronously to the distributed data store. | 14 1.98% | | fyanster issues. The fix is to enable automatic memory pin- || Figure 3: A simplified example of Model Checkpointing
The GPUs of a distributed job continually exchange data, such as gradients and output ning by setting the pin_memory parameter to True (lines 3-4). | |issues. The fix is to save the checkpoint to a local temporary
Data Exchange t th 50 7.08% We further set the non_blocking parameter to True (lines 11~ | | file (lines 25-26), followed by an asynchronous copy to the
€nsors, among one another. 12), which tries asynchronous data transfer if possible. remote data store in a separate thread (lines 28-32).
ib allati he i allati fd d lib : ak h ti 1 : In a distributed job, GPUs consistently share data such as gra-
Long Library Installation The installation of dependent libraries takes too much time (at least 10 minutes). 12 1.70% . .
. _ - dients and output tensors. This data exchange between GPUs,
API Misuse API usage violates assumptlons. 16 2.27% whether through the network or PCI Express bus, frequently inter-

2]




» LLM HIBHEKX. BRES

80GB: 1 GPU Time To First Token (TTFT)
Llama 8B 7OB 4053 Time Per Output Token (TPOT)

P32 36GB 1.48TB @ 1.28TB: 2 Node x 8 GPU Model Bandwidth Utilization

P16 20GB 758GB
NT8 12GB  70GB
NT4 8GB  37GB

° ; 50% of Peak => 50% MBU i 70% of Peak => 70% MFU
L L M M e m o ry Req u I re m e nts Observed MBU across various tensor-parallelized modes

*Higher is better

GPU FIFis/ s

GPU />, msE1
GPU FENEEZHY
REISE,

ughput (tokens/sec)

Thro!

- M 1xA100-40GB [l 2xA100-40GB 4xA100-40GB [l 8xA100-40GB
Inference  Training

80%

Total Inference Memory: 1.48 TB G P U #El E@g@y¥

o 60%
. Model Weights: 1.477TB G PU i_\'ﬁ? )\JL{d_t
< 40% 1
« KV Cache: 2.00 GB &/ v Ij\]rﬁ Aij&i? .
e Activation Memory: 3.56 GB o
0%
]

LLM Memory Requirements veT7e Lialia 2 708
LLM Inference Performance Engineering: Best Practices RBIRE, WaEREIL & L.

MBU (%)
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O PyTorch E

Help Needed from vLLM team on profiling pytorch cuda memory

youkaichao1 14 Mar 16

Biz
Hi, I'm working on GitHub - vlim-project/vlim: A high-throughput and memory-efficient inference
vLLM and serving engine for LLMs 7 , and the recently release of pytorch 2.2.0 caused some trouble
to me. | came here for help in profiling cuda memory usage.

PyTorch | . -
The basic story: vLLM tries to allocate as much memory as possible for KV Cache to accelerate
ytno LLM inference. In order to do so, it first profiles the memory usage, guess the maximum size of
memory available for KV Cache, and also leave some for storing activation during inference.

What's more, vLLM uses cuda graph to reduce Python overhead.

When PyTorch upgrades from 2.1.2 to 2.2.0 , there seems to be some internal change of memory
allocator, and the memory that can be used is decreased. It can cause OOM error during
inference.

Here are the diagnoses data (produced by torch.cuda.memory_stats and
torch.cuda.memory._dump_snapshot), collected from a server with 2 L4 GPUs:

2024 A+ MFHRS | AEDTETE RitdBEAEY £
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{Prompts} [ Signals J

Perception-Planning-Control

¢ \L vLLM BEV-OCC-Transformer
. PyTorch
SENSORS ROBOT + TOOLS
Auth SerwceLLM SGlang MIDDLEWARE
— PERCEPTION PLANNING CONTROL ¢
e aver ayer b
\L BEHAVIOUR
PLANNING
TO o | s ' PERCEPTION h Ievel
=]
TRAJECTORY
b g PLANNING
MemCa che Agen S RECOGNITION MANIPULATION
TRAJECTORY

DiskCache t } ) ﬁ RE-PLANNING

) y low-level
VectorDB
Robot Operating System 2 (ROS2)-Based Frameworks for Increasing Robot Autonomy: A Survey
y y
LLM-1 LLM-2 im - BaEH. B5EEE (ROS2) AYmEin
(KA EER SIE R K

= - EodERIRS R — 1 ERN D hURSS
TTFT, TPOT. BYRE. &t
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» MARBIZIJVREL: [H%4 GPU. CPU i#H

. o o . . Iteration n
Accelerating Model Training in Multi-cluster ' : .
. . Forward ) Backward ‘ Forward »
Environments with Consumer-grade GPUs Sl 232 4 3 2 1 comp ICUACLINN opimicer 12 3 4
.. . Gradient Copy Il ;
Hwijoon Lim Juncheol Ye PCle raclent Copy m !
KAIST KAIST CPU !
Daejeon, Republic of Korea Daejeon, Republic of Korea “\\ i
hwijoon lim@kaist.ac.kr juncheol@kaist.ac.kr LAN/WAN Inter-node Gather ’
Sangeetha Abdu Jyothi Dongsu Han L
UC Irvine & VMware Research KAIST PCle  Gradient Copy to GPU m
Irvine, California, USA Daejeon, Republic of Korea
sangeetha.aj@uci.edu dhan.ee@kaist.ac.kr (a) GPU-based Compression (e.g., BytePS-Compress [55])
Iteration n Iterationn + 1 Iteration n + 2
Forward Backward Forward Backward Forward Backward

Accelerating Model Training in Multi-cluster Environments with Consumer-grade GPUs, SIGCOMM 2024
bl 12344 312 11234432 1123443211
| AEHA

Increased cloud costs due to 1
PCle Gradient Copyn B E n n a B n

'
1
!
T
1
I
T
1
1

SR WAN bandwidth
GPU underut|l|zat|on due to 100 Mbps — 1 Gbps { \ « increased overall training time
network constraints e %__ ------------------------ t ') -___% _______
Apmem e mEEEEINN e, XYYy M TS A

s s 10-40Gb First | i

K Reduced GPU efficiency due 1 CPU "% ?Yer ° Y :

v prioritized i | |

LAN/WAN Inter-node Gather Inter-node Gather

1- 10 Gbps
1-10 Gbps to differences in GPU

\ v
N - o

g RTX3090_ Pcte
Server 1 Server 2 (b) StellaTrain (Ours)

e RTx 3090 [ RTX 3060 |
Server 2
Cluster at Cloud
Figure 4: Comparison of training pipelines.

Server 1 Server 2 Server 1
On-premises Cluster B

On-premises Cluster A
Figure 1: A multi-cluster environment with two on-premises lab clusters and a cloud cluster.

/
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Host Dev

cudaMemcpy

op(N, x, y)

(@)
S| o

cudaMemcpy HBM

Il & R

£2%. ImUHEERSS

2024 AI+HTREBFIRS | ARNAREE [REDERIEY S

Gateway
Auth
3rd
ROS2 Nodes

Gateway

------



[ — P
Al+TREHFIE
N DD Al+ Developﬁt Digital suimﬁ

PART 02
IR : (RHEHRD FEH TR




» DCGM Prometheus Exporter

88 General / Nvidia GPU Metrics & <
GPU  1937b558-347d-0f30-105b-893b98985668 v

P-State

P8

Vbios Version

Name

NVIDIA GeForce RTX 2080
SUPER

Driver Version

471.11 90.04.7a.40.73

Throttle Reasons

Idle Not Active

HW Thermal Slowdown Not Active
SW Power Cap Active
App Clocks Setting Not Active
HW Power Brake Not Active
SW Thermal Slowdown Not Active

Sync Boost Not Active

Memory Allocation

]

-

22:00 00:00

Graphics Clock Speed

2.50 GHz
2 GHz
1.50 GHz
1 GHz
500 MHz
0 Hz

22:00 00:00

. GPU Utilization % Power Draw %

0% P 11.2%

* GPU Clock Speed...

H

0.253% 0.194%
— —

Temperature

22:00 00:00

Video Clock Speed

2 GHz

1.50 GHz
1 GHz
500 MHz “(
0 Hz
20:00 22:00 00:00

H

Memory Clock S...

i B &  © now-17hto now-10h

Fan Speed %

i

Temperature

Memory Allocati...

Power Draw

Memory Utilizati...

]

s
[

e
ow
22:00

SM Clock Speed

2.50 GHz
2 GHz
1.50 GHz
1 GHz
500 MHz
0 Hz

22:00 00:00

Memory Utilization %

rwwwwW%
0 % J L

20:00 22:00 00:00

GPU Utilization %

e

0%
20:00 22:00 00:00 02:00

RIEE
AL TERE X

100%
75%
50% e o
— e
25%

0%
22:00 00:00

Memory Clock Speed

10 GHz

7.50 GHz
5 GHz
2.50 GHz

0 Hz
22:00




» GPU: Nvidia Nsight, PyTorch Profiler

def trace_handlex(p):
output = p.key_averages().table(sort_by="self cuda_time_total”, row_limit=10)
print(output)
p.export_chrome_trace("/tmp/trace_" + str(p.step_num) + ".json")

with profile(

|
N S I g ht p aC kag e S activities=[ProfilerActivity.CPU, ProfilerActivity.CUDA],

schedule=torch.profiler.schedule(

wait=1,
- == ==} SH=
i S FEFLHEWMIE

l on_trace_ready=trace_handlexr ]:ﬁ*EE\ J:F%\E’
) as p:
for idx in range(8):
Nﬂcm mod:l(::r;puts)
p.step

Recheck overall Optimize: ization, data 1. Parameter skip_first tells profiler that it should ignore the first 10 steps (default value of skip_first is zero);

workload behavior overlap / paralleiization

Recheck overall
workload behavior

2. After the first skip_first steps, profiler starts executing profiler cycles;

Divéi) 3. Each cycle consists of three phases:
ive into top

Dive into graph
CUDA kernels e L TS

frames

o idling (wait=5 steps), during this phase profiler is not active;

Nsight Compute . Nsight Graphics o warming up (warmup=1 steps), during this phase profiler starts tracing, but the results are discarded; this phase is used to
oesisd K V fomet . discard the samples obtained by the profiler at the beginning of the trace since they are usually skewed by an extra
Finished if head:
Optimize: GPU utilization, kernel implementation, erformance Optimize: Frame rendering, shaders, overnhead;
memory access pelt synchronization ) ) ) ) ]
satisfactory o active tracing (active=3 steps), during this phase profiler traces and records data;

4. An optional repeat parameter specifies an upper bound on the number of cycles. By default (zero value), profiler will execute

NS|ght EI}][EUEE cycles as long as the job runs.
RREFHEE. WP CPU Context, PyTorch Profiler BY[AIER :

HEERT PyTorch; 1EREIIMK; FTEUAMD. BEHIE.

2024 Al+TREREFIES | AIIRFITH AT E (R EARRERY



» RDMA [i4g: WI-=/3Z#ktiiatn, &l

RDMA network behind Al Training Cluster Meta: Network Al/ML Rzf3
Enables two networked hosts to exchange data in main memory without Observability (K8s Pod)
relying on the processor(CPU) for Al/HPC
Training
Workflows
B EIZE NEE
RDMA 2%

@ <j M%/ﬁf%fﬂ?‘éﬁ
\ /\L E \ /ﬂ
N NSRRI
RDMA X4&

E,l\ AE,A

SCALE Al THE PICK CAN AFFECT Eca
TRAINING TO KEEP TRAINING Al/ML MW

WORKLOADS GPUS BUSY EFFICIENCY (K8s Pod)

Byte Dance ByteDance >

ooy A\FI-%E: Ll TR D stherd B\ 5L Tis

rrrrrrrrrrrrrrrrrrrrrr

Daihert || %

R-Pingmesh: A Service-Aware RoCE Network
Monitoring and Diagnostic System

I 1o & LHB
Hostping: Diagnosing Intra-host Network Bottlenecks
in RDMA Servers & RDMA

M R

Kefei Liu, Zhuo Jiang, Jiao Zhang, Shixian Guo, Xuan Zhang, Yangyang Bai, Kefei Liu, Zhuo Jiang, Jiao Zhang, Haoran Wei, Xiaolong Zhong
Yongbin Dong, Feng Luo, Zhang Zhang, Lei Wang, Xiang Shi, Haohan Xu, Lizhuang Tan, Tian Pan and Tao Huang
Yang Bai, Dongyang Song, Haoran Wei, Bo Li, Yongchen Pan, Tian Pan, and
Tao Huang

SIGCOMM ~ NSDI 2023
2024 AR FIBS | ABNHATE R0 HEAEY 4




> ESIEEIRSMEIINE: SHRER

Python Typescript

n openai i OpenAI
om traceloop.sdk impo Traceloop
on traceloop.sdk.decorators import workflow

Traceloop.init(app_name="7

@workflow(name="joke_creation") Python TypeScript
f create_joke(): —
client = OpenAI(api_key=o0s.environ["0PE AF (EY" import openai
completion client.chat.completions.crea from langsmith.wrappers import wrap_openai
model="g oz ' from langsmith import traceable
messages=[{"ro
# Auto-trace LLM calls in-context
client = wrap_openai(openai.Client())
completion.choices[0].message.content
@traceable # Auto-trace this function
def pipeline(user_input: str):
result = client.chat.completions.create(
messages=[{"role": "user", "content": user_input}],
model="gpt-3.5-turbo"
)
return result.choices[0].message.content

pipeline("Hello, world!")
@openlit.trace # Out: Hello there! How can I assist you today?

f generate_one_liner():
completion = client.chat.completions.create(

ST LangSmith

messages=[

XIFHNES IR, FEELAE
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» eBPF BYRINITEEE

Perf Events
Function Call

)
Process Eve{nts”mcess J [ Process . L Events
write() Tr'ead() sendmsg() ‘ Trecvmsg() Eziiiiizi
File Events [ syscal | Socket Events [ _syscall |
@WeBPF @ eBPF : 1
v | , v | [ cuda / ibverbs
X @ File Descriptor | L Sockets aw;,: l AeBPF
2 = vis sesrr  Kernel Events | TCP/IP <ompF
= fé Block Device ] Network Device ]
&0 %f
ﬁles‘w HW Events lTPF

Yy T

HeBPF
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» {5 eBPF SEIR eI {ERICE

[ Process ]l

[ Process J =
Zero Code SEFE
write() Tr'ead() sendmsg() ‘ Trecvmsg() cudaXxx ()
ncclXXX ()
LSyscalI _] 4 LSyscaII _J
HeBPF HeBPF : 1
v | v | [ cuda / ibverbs
pre T) File Descriptor ] | Sockets @’eBF:F l WeBPF
= ) .
C E VFS  HeBPF Full ‘ TCP/IP aea;,:
= fé Block Device ] Stack Network Device ]

ﬁleBtF %eiPF
_ ||
[ﬁ Storage ] v [@ Network 1

HeBPF
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» YRS eBPF Profiling & Tracing

Trace-enabled Timing Model Synthesis
\ for ROS2-based Autonomous Applications

A
E— Hazem Abaza*!, Debayan Roy*, Shiging Fanf, Selma Saidi’ and Antonios Motakis*

G PU PrOfI I I ng WIth ‘ TTechnische Universitiit Dortmund, *Huawei Dresden Research Center, YHuawei Munich Research Center

{hazem.abaza, selma.saidi}@tu-dortmund.de, {debayan.roy6, shiging.fan, antonios.motakis } @huawei.com
eBPF at Meta

T e !
Applications

| Timing Model Synthesis eBPF-based Tracing | H
r
I | Directed Acyclic Graph (DAG) Generation | I
| i i ROS2-INIT Tracer | args structs !
powered by ISOVALENT | — Jfunc. symbols|  ROS2 Libraries
I Precedence Execution Time ‘ ROS2-RT Tracer | ™)
How Meta is building and using a low overhead | Relation Extraction Measurement | (-s0)
o . | I
GPU observability tool set using eBPF I 1 | Kernel Tracer |
| Traces ! |
filter b
| ROS2- Rosa- ||"erPY —1 kernel space
RT Kernel - process e
I trace | Verifier | uprobes
I trace trace
kprobes

| BPF Virtual Machine ]— |__tracepoints |
il ™ perf Buffer MAPs
Meta: eBPF GPU Profiling — pert Butter |

Riham Selim ) @ebpfsummit L_——— &_ _______ | Com*piler ]

Fig. 1: Proposed trace-enabled timing model synthesis framework.

#79: eBPF Tracing + ROS2




» {5 eBPF SCHSSCRIHTAYEIARTEER

HIERE PURIIPSES AR REX AR

Flame Graph

ER. HEIRAVSSERER

vLLM R %%
Stack
PyTorch Ei%X Merge
S +
2

> Python

eBPF perf sampling unwind

\

On-GPU Off-GPU
GPU izH#%EH l GPU ZiF#Ead

Thread
eBPF uprobe hooks Python iE1TAY ERI%L State HBM-Malloc HBM-Inuse HBM-Copy
cudalLaunchKernel DWARF Recover SEEFHIEE EFHE H2D/D2H
cudaMalloc unwind 7
cudaFree { CUDA RT ik > T : —
cudaMemcpy : Frame . TN
CudaMemcpyAsync C/C++ le mm P0|nter " R N1 1
cudaStreamSynchronize CUDA #Z %k T R
ncclAllReduce y
ncclAllGather
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» WA &3 Python Stack #1 C/C++ Stack

REFERN: 23T def baz():
time.sleep(100)

gk, HEIBAL SRR

lIIIIIHI%%IIIIl
|IIIHHHHEHIII|

Python E1TE R #X

def bar(Q):
baz()

def foo():
bar()

CUDART &% def mainQ):
foo()

C/C++ Lib E¥&

CUDA %K

main()

#0
#1
#2
#3
#4
#5
#6
#7
#8
#9
#10
#11
#12
#13
#14
#15
#16
#17
#18
#19

__select nocancel ()
pysleep

time sleep

call function
PyEval EvalFrameEx
fast function

call function
PyEval EvalFrameEx
fast function

call function
PyEval EvalFrameEx
fast function

call function
PyEval EvalFrameEx
fast function

call function
PyEval EvalFrameEx
_PyEval EvalCodeWithName
PyEval EvalCodekx
PyEval EvalCode

2024 AI+HFREBFIRS | ARNAREE [RE R ERIEY £
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» {5l Btk REFERIBH

SEC("uprobe/cuda_malloc")

int uprobe_cuda_malloc(struct pt_regs *ctx) {
__ub4 id = bpf_get_current_pid_tgid();
__u32 tgid = id >> 32;

void *address = (void x) PT_REGS_PARM1(ctx);

__Uu64 size = (__u64) PT_REGS_PARM2(ctx);
malloc_data_t *data = cuda_malloc_info__lookup(&tgid);
__Uu64 call_time = bpf_ktime_get_ns();

if (data) {
data->address = address;
data->size = size;
data->call_time = call_time;
data->rip = PT_REGS_IP(ctx);
} else {
malloc_data_t newdata = { .address = address,
cuda_malloc_info__update(&tgid, &newdata);

@ eBPF uprobe
Hook cuda malloc

S ZERE A

.size = size,
return 0;

SEC("uprobe/cuda_free")
int uprobe_cuda_free(struct pt_regs *ctx) {
__u64 id = bpf_get_current_pid_tgid();

void *addr = (void *) PT_REGS_PARM1(ctx);

__u32 zero = @;
unwind_state_t *state = heap__lookup(&zero);
if (state == NULL) {
return 0;
}

__builtin_memset(state, @, sizeof(unwind_state_t));

® eBPF uprobe
Hook cuda free

SRENEE P HY il

struct stack_trace_key_t xkey = &state->key;
key->tgid = id >> 32;
key->pid = (__u32) id;

/%

* CPU idle stacks will not be collected.

/

(key->tgid == key->pid && key->pid == @) {
return 0;

key->cpu = bpf_get_smp_processor_id();
bpf_get_current_comm(&key->comm, sizeof(key->comm));
key->timestamp = bpf_ktime_get_ns();

key->mem_addr = (__u64) addr;

@ TESA)
EFHE

return 0;

.call_time = call_time, .rip = PT_REGS_IP(ctx) };

bpf_perf_event_output(ctx, SNAME(cuda_memory_output), BPF_F_CURRENT_CPU, &state->key, sizeof(state->key));

SEC("uretprobe/cuda_malloc")
int uretprobe_cuda_malloc(struct pt_regs *ctx)
{
__u64 id = bpf_get_current_pid_tgid();
__u32 tgid = id >> 32;

long ret = PT_REGS_RC(ctx);
if (ret !=0) {

return 0;

malloc_data_t xdata = cuda_malloc_info__lookup(&tgid);
if (data == NULL) {
return 0;

cuda_malloc_info__delete(&tgid);

__u32 zero = 0;
unwind_state_t *state = heap__ lookup(&zero);
if (state == NULL) {
return 0;
}
__builtin_memset(state, @, sizeof(unwind_state_t));

struct stack_trace_key_t xkey = &state->key;
key->tgid = id >> 32;
key->pid = (__u32) id;

/*

* CPU idle stacks will not be collected.

*/

if (key->tgid == key->pid && key->pid == @) {
return 0;

}

key->cpu = bpf_get_smp_processor_id();
bpf_get_current_comm(&key->comm, sizeof(key->comm));
key->timestamp = bpf_ktime_get_ns();

bpf_probe_read_user(&key->mem_addr, sizeof(__u64), (void *)data->address);
key->mem_size = (__u64) data->size;

// add one frame for cudaMalloc

// native unwinding start from uretprobe, which has the reg state after cudaMalloc
add_frame(&state->stack, data->rip);

return

state->regs.ip = PT_REGS_IP(ctx);
state->regs.sp = PT_REGS_SP(ctx);
state->regs.bp = PT_REGS_FP(ctx);

add_frame(&state->stack, state->regs.ip);

bpf_tail_call(ctx, &NAME(progs_jmp_uprobe_map), PROG_DWARF_UNWIND_IDX);

return 0;

@ eBPF uretprobe
Hook cuda malloc
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bdtteicles o WHUREIG88IR, {58 main.busylLoop TRMERE, ERXEUSERBMMAZERENRL.
’ « @MH2: ticker-nok -> [t] ticker-nok -> runtime.goexit.abi® -> main.main.func2 -> main.busyLoop -> time.Sleep -> runtime.gopark -> runtime.mcall
o WHURH426)R, BF time.Sleep , RIFRFARIRGINE, FAEEN T EWRFRENEFTRG.
- §AEE3: ticker-nok -> [t] ticker-nok -> runtime.goexit.abi® -> main.main.func2 -> main.busylLoop -> time.Sleep -> runtime.gopark -> runtime.mcall -> runtime.park_m ->
runtime.schedule -> runtime.findRunnable -> runtime.checkTimers
o WHR¥209R, BFREKASRSTEEAENHERRN, RAESEAENRNE DHE T KECPU,

Bkt

VMBS ETR, BREEAEARSERSEXARE, XERESETRA—IIMCPUAER, 4532 runtime.siftdownTimer ] runtime.runOneTimer . [E6f, main.busylLoop REBWFBERFAEARNNS, ERERLBENZL
CPUiH#E. WAMSIHEMR, time.Sleep fl runtime.gopark NIFEBRBEERAPHEIRNMBASS, JEBEEMTEXFLBENSELNNE. BEFIIBNE, MENENBZBENchanneBIEFIEER FBILAERBNXRAE, MHMERD
MANER.

EE runtime.siftdownTimer BIBA{ER

runtime.chansend BVEHER

it
]

__vdso_clock_gettime #E{KEE

& 8 8 8
o
)

it
]

runtime.runOneTimer RIEFEE
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ticker-nok (100.66%, 40.558m)
(Y RETTTIENC RN [t] ticker-nok (86.99%, 35.282m)

main.main. func2 (18 max main.main.func2 (75.44%, 30.596m)

ltime.slezp (9.78% tim (1me.Sleep (65.22%, 26.452m)

e s 0| o
r runtime.mcall (9. runll runtime.mcall ( runtime.mcall (65.22%, 26.451m)
n runtime.park_m (9 runl‘ runtime.park_m (65.22%, 26.451m)
[ rncie sresne | roane aoscieg. e seesne (ssav,zon

Diff RBE D1

FF X main.go , commitid f52deb9494ff@f9db104028cbc3a341ade8d356d AIdIffNELIT:

@@ -49,9 +49,15 @@ func busyLoop(id int) {
func tickerLeak(id int) {

fmt.Printf("Starting ticker leak thread id: sd\n", id)  r/runtine. findRunna | runf| runtime.schedul ‘runtime.findRunnable (65.21%, 26.447m)
ot B
e |
+ var ticker xtime.Ticker runtime. runOneTimer (31.80%, 12.897m) |
for { L runtine.siftdoniner (14 UNCRFUIR] [ runtine. runoneTaner (29.45% 11.949m) |
$ar I i |[ECTE D rine.sifcsonia [TIICTITXT
i [ | | | tine o I FOREIEY ine
- /( do someth}ng | | || | vdso_cl] | | (] runtine.| cine .
- time.Sleep(time.Second) | [ W | 11 | K
+ if ticker != nil { ‘ ‘ | | [ ’ | I I
+ ticker = time.NewTicker(5 x time.Millisecond) | 11 | 1 I} I
i } \ ‘ | |
+ for range ticker.C { [ |
+ // do something } | | | | i 1
+ break
+ }
}
}
REDH

[RUESFHY busyLoop RBEREAFMEIEM time.Sleep(time.Second) , RBEHEWABABEILLUMNERRID T, XE-TRENEFARE, 2SBWBRESRERRLTIFERRS.
BAEHMRESIANT —1 time. Ticker XK, {ERXEMBIERATA)E:

1. if ticker != nil EPEAFKEARMIL, BAEXNAEONEAEIET tine. NewTicker , FilX ticker $8#5 nil , ENIFFIERHEN,
2.7 if PR, [ZRMEE ticker ) nil BWRTFAMLE, BB LME®AE if ticker == nil .

3. for range ticker.C fRFFRAFREWERNZABESMH, BRHETIUEIRLRA( break ), ENBOEAHITHMEE.

4. Ri38H SRENT 332 1L49BI8( ticker.Stop() ), XAIGERSHENER.

RIBXERRE, RAUERE-TRABENBANRE, EXFEESIATER. KRREBRERBE, NRHRENSNERIRIERS, MO0 TFHMAR:

func tickerLeak(id int) {
fmt.Printf("Starting ticker leak thread id: %d\n", id)
var ticker xtime.Ticker
ticker = time.NewTicker(5 * time.Millisecond)
defer ticker.Stop() // HMRERBREL, BRIHR

for range ticker.C {

// do something
/7 o BITERES...

R ENBHITBTAffAST—RNGOIESHEIR, WRARBLTINESER, FESAE—-SNITNEIL.

main.main.funcd (18
main.tickerLeak (10
time.Sleep (18.87%,
runtime.mcall (1.8
runtime.park_m (10.

runtime. steal
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