
Where’s My Training Job? 
End to end training job observability with Ray and Datadog



Ray takes training from one machine to an elastic cluster
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Scaling solves the capacity problem, but creates a visibility problem.
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Scaling solves the capacity problem, but creates a visibility problem.
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ONE GPU

GPU 2
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Utilized?

→

ONE SYNCHRONIZED TRAINING JOB

Rank 0 Rank 1 Rank 2

Rank 3 Rank 4 Rank 5

Workers · hosts · network · collective operations

A healthy GPU does not necessarily mean a healthy training job.
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One slow worker stalls every healthy GPU
Training is synchronized, not merely distributed - Hive mind!
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Rank 3
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Rank 4
GPU + Host

Rank 5
GPU + Host→ → → → →

Synchronous collective (e.g., AllReduce)
Every rank waits for the slowest participant

→
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arrives late
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The entire job advances at pace of its slowest rank

One slow worker stalls every healthy GPU
Training is synchronized, not merely distributed - Hive mind!

Rank 0
GPU + Host

Rank 2
GPU + Host

Rank 3
GPU + Host

Rank 4
GPU + Host

Rank 5
GPU + Host→ → → → →

Synchronous collective (e.g., AllReduce)
Every rank waits for the slowest participant

→

Rank 1
GPU + Host

→

Rank 2 
arrives late

Blocked until the slowest rank arrives
GPUs sit idle - One bad link can leave thousands of GPUs waiting.
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The visibly slow GPU may be innocent
The delay appears at one rank—but can begin elsewhere in the system.
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Finding the straggler is not the same as finding the cause.

The visibly slow GPU may be innocent
The delay appears at one rank—but can begin elsewhere in the system.

Rank 0
GPU + Host

Rank 2
GPU + Host

Rank 3
GPU + Host

Rank 4
GPU + Host

Rank 5
GPU + Host→ → → → →

Synchronous collective (e.g., AllReduce)
Every rank waits for the slowest participant

→

Rank 1
GPU + Host

Slow Rank

AI SYSTEM

App/Runtime
GC, data loader, allocator 

Network Fabric
NVLink, InfiniBand, RoCE

Host/OS
CPU, memory, storage

GPU Hardware
ECC, XID, Thermals, PCIe

The slowest rank may be the victim, not the cause
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419
unexpected failures in 54 

days

Every 3 hrs
average failure cadence

58.7%
of failures were 

GPU-related

>90%
effective training time 

held

Source: The Llama 3 Herd of Models, Meta AI (2024), Table 5.

Failures are increasingly common as the steady state
Meta, Llama 3 405B: 54-day pre-training run on 16,384 H100 GPUs
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419
unexpected failures in 54 

days

Every 3 hrs
average failure cadence

58.7%
of failures were 

GPU-related

>90%
effective training time 

held

At ~$3 / GPU-hour, 16,384 H100s cost ≈ $36M every month.

A 1% efficiency gap wastes ~$360K / month ( ~$4.3M a year).   Our customer’s ask, “save me 1% of my fleet cost” is real money.

Source: The Llama 3 Herd of Models, Meta AI (2024), Table 5.

Failures are increasingly common as the steady state
Meta, Llama 3 405B: 54-day pre-training run on 16,384 H100 GPUs

Because of tight synchronization, one GPU failure can stall the entire run. Failures stop being events and become a constant
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From unexplained MFU drop to product roadmap
We handled a live frontier MFU drop and turned the investigation into product

A customer handed us an unexplained MFU drop. 
We used their incident to learn what it actually takes to investigate one.

We drove the team to respond in days, not months. Every gap we hit by hand becomes a product capability.
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From unexplained MFU drop to product roadmap
We handled a live frontier MFU drop and turned the investigation into product

A customer handed us an unexplained MFU drop. 
We used their incident to learn what it actually takes to investigate one.

1
MFU degradation 
reported

Slowdown flagged on 
pretrain run

2

Red herring ruled out

Agent restarts and Memory 
errors looked correlated

3
Localization Real 
cause: NVLink fabric

XID 145 / 149. NVLink 
physical-layer retransmission 
as a leading indicator

4
RCA + Product Learning

Topology, tracing, and 
workload-aware diagnosis

We drove the team to respond in days, not months. Every gap we hit by hand becomes a product capability.



GPU Monitoring with Datadog
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Debugging slow training jobs in GPU Monitoring - which rank?

1 Step 24 slowed

2 10.55 s vs. 6.76 s

3 Rank 14 identified

Now we know where to 
investigate. But why is it 
slowing down?
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Training View: 
Root Cause Analysis

23

Agentically-powered investigations 
directly connected via MCP and Bits 
AI
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Tracing View: Where did the missing time go?
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Tracing View: Code Origins
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Topology View: Where did the pattern concentrate?

FINDING

Errors were related to 
full rack of GPUs

HOST RACK GPU LINK

Do affected workers share
physical infrastructure?
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A stalled Ray job becomes a diagnosable system with 
Datadog’s GPU Monitoring product

Find the slow rank

1  Training 

Scope the symptom
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Scope the symptom Working from waiting
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A stalled Ray job becomes a diagnosable system with 
Datadog’s GPU Monitoring product

Find the slow rank Explain the missing time Localize the cause

1  Training 2  Tracing 3  Topology

Scope the symptom Working from waiting Shared dependency



30

So, where’s your training job?

Connected context turns a stalled job 
into a diagnosable system.

Ray helps us scale the work. Datadog helps us understand the system that work becomes.



GPU Monitoring

Get more value from each GPU.

Start your free trial – the first 
14 days are on us. 

Datadog for Startups

Startup new to Datadog? 

Get up to $100K in Datadog 
credits for eligible startups.



Thank You!

Contact us
gpu-monitoring-product@datadoghq.com


