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Healthy dashboard but slower training

Throughput

GPU Utilization Memory Used

l 2x slower

e System-level metrics hide training-level tailures.

e System metrics are sampled by time whereas training progresses by steps



Why the dashboard can look healthy

o Samples every few seconds e« One completed step at a time

e Blends multiple training phases together e Phase attribution

o Averages across step boundaries o Compares worst rank vs median rank

o Hides rank-level skew o Preserves step jitter and drift

Training happens step by step. In distributed runs, overall speed is limited by the slowest rank.



Failure modes standard metrics miss

Rank stragglers

One slow rank delays the whole job.

A Step-Time Jitter

Latency varies step to step.
Even though average looks stable.

Dataloader Stalls

GPUs wait between steps for input.

Memory Creep

Memory rises gradually across steps.
Late failure or throughput drops.




Step-alighed, rank-aware aggregation (TraceML)

Overhead One training step

Data Loading Forward Backward Optimizer

Completed-step aggregation

Aggregate only when the full step is complete across ranks.

Worst-rank vs median-rank

Compare the slowest rank to the median for each step.

Semantic attribution

Tie time and peak memory back to training phases

This is the view used in the next demos.



B¢ Demo 1: Catching a memory creep

Workload: DistilBERT fine-tuning on AG News on a single A40

Retain loss, logits, and hidden_states every step

Peak memory rises gradually across steps

Recorded demo — 150 seconds
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import torch
import torch.distributed as dist
from datasets import load_dataset
from torch.optim import Adamw
from torch.utils.data import Dataloader
from torch.utils.data.distributed import DistributedSampler
from transformers import |
AutoModelForsequenceClassification,
AutoTokenizer,
get_Llinear_schedule with_warmup,

from traceml.decorators import trace_step
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random. seed(seed)
torch.manual_seed|seed)
if torch.cuda.is_available():
torch.cuda.manual_seed_all(seed)

def accuracy_from_Logitsi
logits: torch.Tensor, labels: torch.Tensor
torch. Tensor:
preds torch.argmax{ logits, dim=-1)
0 remuim 2z return (preds = labels).Tloat(}.mean()
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B¢ Demo 2: Spotting a DDP rank straggler

Workload: DistilBERT fine-tuning on AG News on 4 x A40, single-node DDP

One rank has slower data loading due to time.sleep

Worst-rank vs median-rank latency diverges immediately

Recorded demo — 90 seconds
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Minimal Integration

Works with your existing stack. No rewrites.

from traceml.decorators import trace_step

for batch in dataloader:
with trace_step(model):
# your training loop

from traceml.utils.lightning import TraceMLCallback
trainer = L.Trainer(callbacks=[TraceMLCallback()])

from traceml.hf _decorators import TraceMLTrainer

trainer = TraceMLTrainer(
model=model,
args=training args,
traceml enabled=True




Try TraceML on your next training run

pip install traceml-ai

O github.com/traceopt-ai/traceml|
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Abhinav Srivastav | abhinav@traceopt.ai
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