Lecture 4: Parallelism Strategies

Scaling Transformers Across Many GPUs, Nodes, and Clusters

Spring 2026

Scalable Al: Bridging Theory, Understanding, and Practice Spring 2026 1/87



Roadmap for today

Part A — Foundations Part B — The parallelism toolbox

@ Training vs. serving: different “unit of work” @ DP (DDP — ZeRO/FSDP/HSDP; replicas in

@ What lives in memory (training state vs. KV cache) serving)

o Communication primitives + the a—3 model e TP ()column/row sharding; where collectives
land

@ Topology mapping: keep hot collectives local

@ PP (bubbles, schedules, boundaries)
@ CP/SP (long context; attention exchange)

@ EP (MoE routing; ALLTOALL + load balance)

Part C — Putting it together

3D /5D meshes, topology recipes, and common failure modes (training vs. serving).
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How this lecture fits the story (Lectures 2-3 — Lecture 4)

Recap: the Lecture 2 performance budget

T 2 max Tcompute 5 THBM
———

FLOPs/Cpeak  PYtes/BWupMm

You learned to do accounting (FLOPs + bytes) and to predict bottlenecks with roofline thinking.

Recap: the Lecture 3 architecture knobs

Architectures change the dominant term: MoE (FFN compute), MLA/GQA (KV bytes), sparse/hybrids (effective
L?).
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New in Lecture 4: distributed adds a third roof

New in Lecture 4: distributed adds a third roof

T Z max Tcomputea THBM; Teomm

o (startup)+8 (bytes)

Parallelism shifts pressure among these terms, and decides what is on the critical path.
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Foundations

Scaling Transformers Across Many GPUs, Nodes, and Clusters



Introduction

Goal: Connect architecture to hardware by teaching the parallelism toolbox that powers modern training
and long-context runs.

Two different world

e Training: unit of work = optimizer step (forward + backward + sync + update).
o optimize: throughput (tokens/sec), cost per token, scaling efficiency.
e memory: 0 + saved activations + V@ + optimizer (m, v) (+ optional FP32 master).
@ Serving: unit of work = request (prefill + decode), with a growing KV cache.

e optimize: latency (TTFT, TPOT) and aggregate throughput across requests.
e memory: weights + KV (dominant) + runtime buffers; no optimizer state.
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Learning Objectives

By the end of this lecture, you will be able to:

@ Explain the six practical dimensions of parallelism: DP, TP, PP, CP/SP, EP, and offloading.

@ Identify what each strategy shards (batch, params, activations, experts, sequence) and what
collectives it introduces.

@ Build first-order memory and communication models and use them to reason about scaling limits.

@ Compose strategies into “3D parallelism” (DP + TP + PP) and beyond, and map them to cluster
topology.

@ Debug performance symptoms by mapping them to (compute / HBM / comm / overhead)
constraints.
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The Notations

Symbol Meaning

B batch size (sequences processed in parallel)

L sequence / context length (tokens per sequence)
Bk =B - L token batch size (tokens in one prefill microbatch)
D model width / hidden size (dmodel)

F FFN intermediate size (dense baseline often F =~ 4D)
Mayers number of transformer blocks (depth)

N/ H query heads / per-head dim (often D = N - H)

K KV heads (MHA: K = N; GQA/MQA: K < N)
P total parameter count (number of scalars in )

b bytes per element (BF16: 2, FP32: 4, FP8: 1)

Ndp, Ntp, Npp, Nep, Nep ~ mesh sizes for DP/TP/PP/CP/EP

Two recurring payload sizes

@ Activation-sized: X B - D - b, bytes (per layer-scale tensor)

@ Model-sized: ~ P - b bytes (full-model payload per step)
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What parallelism is really buying you (basically three objectives)

© Capacity (“does it fit?”): avoid OOM by sharding state across devices.

e training: fit 6, saved activations, V0, optimizer state.
e serving: fit weights + KV cache for target context + runtime buffers.

@ Throughput (“tokens/sec”) : keep GPUs busy (high MFU) and reduce step time.

o big GEMMs like large token batches; avoid tiny microbatches when possible.
e overlap communication with compute; avoid stragglers.

© Latency (“one request finishes fast”) : minimize critical-path synchronization.

e decode is sequential and often a-dominated: small collectives hurt.
o PP adds serialization; TP/EP/CP add per-layer collectives.

Rule of thumb

Capacity is mostly a memory problem; throughput is mostly a utilization problem; latency is mostly a critical-path
communication problem. Kind of rough, but it's a good starting point for intuitions.
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Training vs. inference: what exists in memory?

TRAINING: Training step (optimizer step) INFERENCE: Serving request
o Forward (maybe microbatched) o Prefill: process prompt (often batch-friendly)
e Backward o Decode: generate 1 token/step (sequential)
® Gradient sync State that dominates
@ Optimizer update o Weights 0
State that dominates @ KV cache (grows with njayers and cached
o Weights 6 length)
@ Saved activations (scales with B - L and
depth)

o Gradients V@

@ Optimizer state m, v (+ optional FP32
master weights)
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A practical mental model: which tensors are “hot” and “cold”?

Hot paths (frequent, latency-critical)

@ TP collectives inside each layer (especially on decode path).
@ EP ALLTOALL dispatch/combine per MoE layer.
@ CP attention exchange (ring/all-gather) for long context.

@ PP stage boundary SENDRECV (serial dependency for a request).

Cold paths (infrequent, amortizable)

@ DP gradient sync once per optimizer step (can often be overlapped).
@ Checkpoint 1/0, optimizer updates (training).
@ Weight loading / checkpoint restore (startup).

Topology rule: keep the hot paths on the best links (NVLink/NVSwitch) whenever possible.
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Communication Fundamentals

Scaling Transformers Across Many GPUs, Nodes, and Clusters



Communication cost model (the a—/ view)

A first-order lens

Teomm(n bytes) =~ a+f-n

o — Latency (startup cost) B — Inverse bandwidth
@ Fixed overhead per message @ Time per byte transferred
@ Includes: kernel launch, driver overhead, e f=1/BW (s/byte)

routing setup, synchronization o Bottleneck link determines 3

When does each term dominate?

Small messages (n < a/f): Latency-bound — reduce #messages (batch/fuse)
Large messages (n>> «/f): Bandwidth-bound — compress or shard data
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The primitives

Distributed execution is built from a small set of collective operations (typically via NCCL):

Primitive Concept

ALLREDUCE Sum/Avg across ranks; everyone gets full result.
REDUCESCATTER Reduce then shard output (each rank keeps a slice).
ALLGATHER Gather shards so everyone gets full tensor.

ALLTOALL Many-to-many “transpose” of shards (MoE dispatch/combine).
BROADCAST Root sends to all (init, checkpoints).

GATHER/SCATTER  Rooted collectives (build/distribute full tensors).

SENDRECV Point-to-point (pipeline boundaries).

If you can name the primitive, you can predict: payload size, topology sensitivity, and whether cost is a- or
B-dominated.
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Visualizing ALLREDUCE

Before After

X(O) X/

Rank 0  [A 2 [ [ 2 | «

Rank 1 Iy

x@ ALLREDUCE x'
Rank 2 =3 X
x® x'

Rank 3 «

Figure: Each rank has same-shaped x("); reduced result x’ = er(’) appears on all ranks.
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Visualizing REDUCESCATTER

Before After
%© x'[shard 0]
Rank 0 [A [ & [ & [ 5] Ale o
Ve x'[shard 1]

Rank 1 [Al& & o] il - A

x® REDUCESCATTER x'[shard 2]
Rank2  [ET=I@lE] —— FATA AN
X = X
x® x'[shard 3]

Rank3  [B]% 65 rACARATa

Figure: Same reduction as ALLREDUCE, but each rank keeps only its shard (e.g. rank 1 keeps B’).
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Visualizing ALLGATHER

Before After
x[shard 0] X

Rank0  [AT8 < 0 ATs [<To]
x[shard 1]

Rank 1 [A]8 ] clop

> >
X =>< HX
H H

x[shard 2] ALLGATHER
Rank 2
x[shard 3]

Rank 3 A 8l c|no] A

Figure: Each rank starts with a shard; the group gathers so every rank reconstructs the full tensor.

H
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Visualizing ALLTOALL

splits into chunks — ranks 0..3 receives one chunk <— each rank
Before After
x©) PO

Rank 0 [Py Py pupy

X ALLTOALL y

Rank 2 NIERENER cofc1]e2]es]

Rank 3 Feo[+=1

Figure: The “transpose”: each rank exchanges chunks with every other rank (critical for MoE dispatch/combine).
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Visualizing GATHER (rooted)

Before After
x[shard 0] x

Rank 0 [Ale ¢ ATe < o]
x[shard 1]

Rank 1 B C D no output
x[shard 2] [ GATHER (root=0) }

Rank 2 no output
x[shard 3]

Rank 3 A B c “ no output

Figure: GATHER: rooted variant of ALLGATHER. All ranks contribute shards, but only root receives the full
tensor.
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Visualizing SCATTER (rooted)

Before After
x x[shard 0]
Rank0  [afe]cfo] Ale clo
x[shard 1]
Rank 1 no data A B c )
[ SCATTER (root:0) } x[shard 2]
Rank 2 no data A B
x[shard 3]
Rank 3 no data — T

Figure: SCATTER: inverse of GATHER. Root distributes one shard to each rank.
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Visualizing SENDRECV

Before After

X X

Sender  [[A] e [c[o] A e[ cfo]

[ SENDRECV } x
Receiver no data Al [c[bo]

Figure: SENDRECV: point-to-point transfer between two ranks (common at pipeline stage boundaries).
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Collective algorithms affect perception

Even for the same primitive, algorithms change the a term and the number of steps.

Common mental models

@ Ring (bandwidth-optimal for large tensors): many steps = more latency exposure.
@ Tree (fewer steps): lower startup exposure, can help for small payloads.

@ Hierarchical (match topology): reduce within node, then across nodes.

Key idea

When the payload is small (decode), the algorithm choice can dominate even if total bytes are tiny.
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Ring ALLREDUCE cost model (a useful back-of-the-envelope)

Let's use one example to understand how to use this model.
Assume a ring across p ranks and a tensor of n bytes.

Classic approximation

Ring ALLREDUCE performs a reduce-scatter + all-gather, each in (p — 1) steps:

—1
Tung(n) ~ 2(p — 1)a + 22 —n

@ For large n, the bandwidth term dominates and scales like ~ 24n.

@ For small n, the startup term = 2(p — 1)a dominates: bigger groups hurt latency.
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Bucketization: turning many small messages into fewer big ones

Most models have many parameter tensors (per-layer, per-projection). If you allreduce each gradient tensor as it
arrives, you pay « for each one.

Gradient buckets (DDP-style)

@ Pack gradients into buckets of size (say) 25-100 MiB.
@ Launch ALLREDUCE per bucket (fewer messages).

@ Overlap bucket reduction with later backprop compute.

Read this as an optimization objective

You want:  large enough buckets to amortize  but small enough to start early and overlap.
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Overlap: when communication is “free” (and when it isn't)

Training (backward gives you a natural pipeline)

Gradients appear layer-by-layer in backward. You can begin reducing early gradients while later layers are still
computing.

Serving (decode gives you a serial dependency)

Decode step t produces token t and updates KV. Step t + 1 cannot start until ¢t completes. So any collective on
the decode path is hard to hide.

The diagnostic

If you see comm time in training, ask “why didn't it overlap?” If you see comm time in decode, ask “can | remove
it or localize it?"
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Topology mapping: put “hot” collectives on the best fabric

Heuristic mapping (kind of typical GPU clusters)

@ Intra-node: NVLink/NVSwitch (or PCle) — highest bandwidth, lowest latency

@ Inter-node: InfiniBand / Ethernet fabrics — lower BW and higher latency

Zooming in
@ GPU-to-GPU within an NVSwitch domain: lowest latency, highest bandwidth

@ GPU-to-GPU across PCle or multiple switches: higher latency / lower BW
@ Across nodes: dominated by NIC + network + switches = biggest o and smallest BW
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Also Inter-Node is not so uniform...

Two ranks can have very different effective (a, 8) depending on where they are.
So we usually map:

@ TP and EP groups within a node (per-layer collectives / ALLTOALL)
@ PP can span nodes (point-to-point, but adds serialization)
@ DP can span nodes (once-per-step collectives, often overlapped)

@ CP often starts within node; scaling across nodes is possible but topology-sensitive

Implication

You want to design process groups so the hottest collectives stay inside the smallest domain that still fits your
model.
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The Big Mental Model

Capacity is a Memory Problem.
Throughput is a Utilization Problem.

Latency is a Critical-Path Communication Problem.

A warning for the rest of the talk

@ Training and serving use the same parallelism words, but optimize different objectives.

@ Many good training tricks are actively risky for serving latency.
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Data Parallelism (DP)

Scaling Transformers Across Many GPUs, Nodes, and Clusters



Baseline: DDP

Data Parallelism:
@ Replicate model on every rank (a replica).
@ Split batch across ranks.

@ Synchronize gradients with ALLREDUCE every optimizer step.

The limiting resource

@ Memory: every GPU stores full 8 + V6 + optimizer m, v (+ activations).

@ Communication: reduce full-model gradients once per step (often bucketed).
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DDP: communication volume in one line

If gradients are stored in bg bytes/param and the model has P parameters:
bytesggy ~ P - by

That payload is reduced once per optimizer step (typically as several bucketed ALLREDUCE calls).

Why it scales well (when it fits)

@ Compute is local (full weights per rank).

@ Gradient comm overlaps naturally with backprop.

@ The only frequent comm is within DP (once per step, not per layer).
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DDP scaling intuition: when does ALLREDUCE show up?

Let Thwda be backward compute time and Tar total gradient reduction time.

Overlap view

Tstep = Twd + max(Towd, Tar) + Topt + overheads

@ If Tar < Towd, comm is mostly hidden = near-linear scaling (up to other limits).

@ If Tar 2 Towd, you become comm-bound = scaling efficiency collapses.

DDP “works"” when the gradient reduction can be overlapped and the network is fast enough for your model size.

Scalable Al: Bridging Theory, Understanding, and Practice Spring 2026 29 /87




Gradient accumulation vs DP scaling

In training, you can increase the effective global batch without increasing DP replicas by accumulating gradients.

Key idea

Accumulate over A micro-steps locally, then synchronize once:

comm frequency | by factor A but optimizer step frequency |

@ Great when network is the bottleneck (reduce comm frequency).

@ Interacts with PP: pipeline training already uses microbatches; accumulation can be “free” if you already
have them.
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Where DDP breaks: memory

DDP stores full state on each GPU:

bytestrain state ~> p- (b9 + bg + bIﬁ,v + bmaster)

For AdamW mixed precision, the canonical rule-of-thumb is ~ 16 bytes/param.

Implication

If the model is too large, DDP cannot run, even if you have infinite network bandwidth. This is a capacity failure.
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The ZeRO idea (why sharding helps)

Key observation: In DDP, the dominant tensors are replicated across Ng, replicas. So we shard them and
reconstruct only when needed.

ZeRO stages (what is sharded?)

@ ZeRO-1: shard optimizer state (m, v).
@ ZeRO-2: shard optimizer + gradients.
@ ZeRO-3 / FSDP: shard optimizer + gradients + parameters.

First-order memory

Replicated ©(P) per GPU —  Sharded ©(P/Ng,) per GPU.
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ZeRO stages: what they introduce (comm patterns)

Stage Shards New communication Where it lands

ZeRO-1 m, v none beyond DDP grads step-level ALLREDUCE

ZeRO-2 m, v,V REDUCESCATTER grads + ALL-  backward / optimizer
GATHER (as needed)

ZeRO-3 / FSDP m,v,V0,60 ALLGATHER params (forward+bwd)  per-layer path

+ REDUCESCATTER grads

Immediate consequence

FSDP moves some communication from “once per step” to “many times per step” (per layer). That is fine in training if you overlap it; it is
risky in serving latency.
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FSDP / ZeRO-3: the core loop (conceptually)

For a given parameter shard @[shard r] on rank r:
© Forward: ALLGATHER full params for the next module, run compute, optionally free full params (reshard).

© Backward: re-ALLGATHER full params if needed, compute local grads, REDUCESCATTER to keep reduced
grad shards.

© Optimizer: update local shard using local optimizer state shard.

Two knobs that dominate
@ Prefetch / overlap: start ALLGATHER for layer £ + 1 while computing layer /.

@ Granularity: how big is each “FSDP unit” (single layer vs block of layers)?
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Timeline: DDP (replicated state)

DDP (DP group)

time —

At rest Forward Backward ALLREDUCE Update

H 7 H 5 H 3 H P H 7

Rank 0 z @ Ve vor ver
mv mv mv mv vt

] 7 ) 5 1G] 5 5] 5 5] =

Rank 1 [ 2 veu ver vor
mv mv mv mv vt

H o H o H o H 5 H 7

Rank 2 @ 2 e ver vor
mv mv mv mv vt

T ) ) 5 H 5 T P H oF

Rank 3 @ @ vo! vor ver
mv mv mv mv vt

Figure: DDP: params are always Full (F). Only gradients synchronize.
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Timeline: FSDP / ZeRO-3 (sharded state)

FSDP/ZeRO-3 (DP group)

time —

At rest ALLGATHER Fwd Reshard ALLGATHER REDUCESCATTER Update
+ Bwd

5] 5 1] o 5] P 5] P) 1] o BT ) 5] ot

Rank 0 2 2 B o vou = vor
my my my my my m ot

BT [) [ 0 3] 5] o ] 0 5] o 5] s

Rank 1 2 El El o vou S ST
i = p - = = —

5] B — I — 5] B — 1S — C—

Rank 2 2 2 [ L vo! vor veor
my my my my my m ot

5] 0 H o H o 5] 0 H o 5] ) 5] =

Rank 3 4 2 o 2 o S e
mv mv my mv my mv +

Figure: FSDP: params

my

sharded (S) at rest; gathered to full (F) for compute; grads reduced and remain sharded.
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FSDP knobs that decide performance (in practice)

1) Sharding strategy

@ shard gradients + optimizer (ZeRO-2-like),
@ shard everything including parameters (ZeRO-3-like).

2) Prefetching and overlap

@ if ALLGATHER for layer ¢ is not overlapped, it becomes visible and can dominate.

@ many implementations prefetch next-layer parameters during current-layer compute.

3) Wrapping granularity

@ wrap too small: too many collectives (« tax), bad overlap.

@ wrap too big: peak memory spikes, less concurrency, worse balance.
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HSDP: hierarchical sharding across nodes

Idea: apply sharding hierarchically to match topology.

@ Within a node: leverage NVLink/NVSwitch for frequent collectives.

@ Across nodes: reduce cross-node communication frequency or use higher-level reduction trees.

Two-level picture

@ Inner group: shard+reduce within node (fast).

@ Outer group: reduce aggregated results across nodes (slower, but fewer operations).

Cross-node collectives are expensive; structure your groups so the “hottest” comm stays local.
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DP vs FSDP vs HSDP: decision rubric

@ If the model fits with optimizer state: start with DDP (simplicity, often fastest).
@ If optimizer/grad/param state is the bottleneck: move to FSDP / ZeRO-style sharding.

@ If you are multi-node: consider HSDP (hierarchical group mapping).

Common pitfall
Assuming FSDP is good for training implies FSDP is good for serving latency. Often false.
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Serving-time “DP" is replicas (not gradient sync)

In inference, “data parallel” usually means multiple replicas of the model (each replica may itself be
TP/PP/CP/EP-sharded).

What replicas buy you

@ Higher aggregate throughput (serve more requests).
@ Better tail latency via less queueing (load balancing).

@ No per-layer synchronization between replicas.

Replica sizing intuition

Given a fixed GPU pool, replicas trade single-request latency vs system throughput:
@ more replicas = smaller per-replica shard groups = fewer per-layer collectives = better TPOT,

@ but less memory per replica for KV /cache = lower max context unless you shard KV.

Make sure to be KVCache aware when routing though! This matters for serving requests optimally.
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DP failure modes (what you see in profiles)

Symptom Likely cause Fix / lever

AllReduce dominates step comm not overlapped; too many buck- tune bucket size; overlap; hierarchical
ets; slow fabric allreduce; fewer ranks per DP group

OOM with DDP optimizer+grads too big ZeRO/FSDP; offload; reduce precision

FSDP slow despite fitting  per-layer ALLGATHERonN critical path larger wrap units; prefetch; overlap; re-
duce sharding aggressiveness

Scalable Al: Bridging Theory, Understanding, and Practice Spring 2026 41 /87



Tensor Parallelism (TP)

Scaling Transformers Across Many GPUs, Nodes, and Clusters



Why TP? (beyond what FSDPfixes)

Sometimes sharding optimizer state (ZeRO) isn't enough:
@ Single layer doesn’t fit: one layer matrix can be too large to materialize on one GPU.
@ You can’t afford tiny microbatches: shrinking B,, hurts GEMM efficiency and throughput.

© Serving capacity: weights fit only if you shard them; and you want to avoid per-layer gather.

@ shard weight matrices and associated compute across N, ranks,

@ pay frequent per-layer communication (within a TP group),
@ therefore: TP wants fast intra-node links (NVLink/NVSwitch).
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Linear layer refresher: shapes and the sharding axis

Zoom into one linear layer:
Bk X D DxF Brok X F
Y =XW, XgR™*2  WeR" YR
With tensor-parallel size p:

@ Column-parallel: shard output features (F/p per rank) = Y naturally sharded.
@ Row-parallel: shard input features (D/p per rank) = partial Y then reduce.

What TP really chooses

Which activation becomes sharded vs replicated at the layer boundary, and therefore which collective you pay for.
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Column-parallel (shard output features)

X replicated w COWSa'ded Y sharded Y full
X Yo Y
Rank 0 ATB|C[D H—" local GEMM ATE[C[D ATB[CD
an Yo = XWo
wy
X > Y Y
Rank 1 AB[C|D — local GEMM AlB[C[D A[B|C[D
an Yi = XWy
W, SN \\
X Y "ALLGATHER Yy
A5 <D — local GEMM ATERE} - = - /. [ATETETS
Rank 2 Vi — X, opkional
Ws
X Y3 Y
A[B[C|D local GEMM AlB|C|D ATB[C|D
Rank 3 Yy = XW,s ]—)

Figure: Each rank owns a column stripe of W. Forward produces sharded Y; ALLGATHER only if next op needs
full Y.
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Row-parallel (shard input features)

Rank 0

Rank 1

Rank 2

Rank 3

X sharded W rovggharded partial ¥(")
Xo 20}
TS —— local GEMM % E G Tor
YO = X, W, I N
Wi
X1 26
B[C|D |9ca| GEMM IA [B; | G D
/ YO =xiw g
e @
Xz y@
ERED [—"( local GEMM 7 TE G TS
‘/ Y@ = x, W, D B
s ©)
X3 ye
5TCTD /’( local GEMM ERL RN
i/ YO = X1, 1 e

Y full

Y

A B[ c D
Y
Y

A B[ D
Y

AT B [ "D

Figure: Each rank owns a row stripe of W and matching X shard. ALLREDUCE sums partials to form full Y.
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The Megatron strategy (synchronize where the tensor is small)

We combine col/row sharding to minimize communication.

Transformer-block pattern

expand (Col-Par) contract (Row-Par)
—_—

D F (=~ 4D) D

@ Expand (D — F): column-parallel to keep the large Bk X F activation sharded.

@ Contract (F — D): row-parallel so the reduction is on the smaller Bk X D output.

Keep the biggest activations sharded; put the unavoidable synchronization on the smallest boundary tensor.
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Where TP collectives appear inside a decoder block

A common mapping (Megatron-style):
@ Attention

o Wiy : often column-parallel (shard heads / output features)
o W,: often row-parallel so output is replicated for the residual add

o MLP (SwiGLU)

o Wip, Weate : D — F column-parallel (big intermediate stays sharded)
o Wiown : F — D row-parallel (reduce on small D)

Residual boundary as the “replication point”

Most implementations want a full Bk X D tensor to do residual adds and norms efficiently. This is why many TP
reductions land at D-sized tensors.
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TP communication volume: first-order scale

A rough activation payload scale:
bytes, ~ Biok - D - b,

Many TP collectives are O(BiokD) per layer (and happen in both fwd and bwd in training).

@ Training (large Biok): collectives tend to be bandwidth-bound.

@ Decode (small Bi): collectives tend to be latency-bound.
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AllGather vs ReduceScatter inside TP (why frameworks differ)

Two ways to “make a full tensor” from shards:
@ ALLGATHER: shards — full tensor on every rank.

@ REDUCESCATTER: reduce + shard; often used to keep tensors sharded while still aggregating.

Why ReduceScatter is a big deal

If you can keep tensors sharded longer, you:
@ reduce peak activation memory,
@ reduce redundant HBM traffic (less replication),

@ sometimes reduce communication volume (depending on next ops).

This is where SP/CPenter: sharding the sequence dimension makes it easier to keep more activations sharded.
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TP group size: a training vs serving trade

Training view Serving view (decode)
@ Larger Ny, reduces per-rank weight memory. @ Larger Ny, increases number of participants in
@ Helps keep Biok large (avoid tiny microbatches) = per-layer collectives.
efficient GEMMs. @ For small tensors, startup dominates = TPOT can
@ If intra-node bandwidth is strong, per-layer comm increase sharply.

is tolerable and partially overlappable.

Use the smallest Ny, that fits your weights per shard while meeting latency/throughput goals.
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Advanced aside: 2D tensor parallelism

Classic TP is a 1D group: you shard a matrix along one dimension (rows or columns). But you can also shard
along two dimensions (a 2D process grid) and use SUMMA-like communication.

@ Smaller per-rank memory for very large matrices.

@ Better scaling beyond a single 8-GPU node (but more complex comm).

Practical note

2D TP is powerful but can be latency-risky; it typically appears in very large training jobs with strong fabrics, not
in latency-sensitive serving.
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TP failure modes

Not exhaustive, but to give you some intuitions...

Symptom

Likely cause

Fix / lever

TPOT grows with Ny,
Low throughput despite TP
Cross-node TP is terrible

OOM in activations with TP

a-dominated collectives on decode
path (small messages)
microbatches too small; kernels
inefficient

slow links in per-layer collectives;
topology-unaware rank mapping
replicated tensors / all-gathers too
costly; no SP/CP

keep TP within node; reduce Ny,; add
replicas

increase Biok via DP/accumulation;
reduce PP bubbles

move TP intra-node; use PP across
nodes; topology-aware placement
enable SP/CP; use ReduceScatter;
checkpointing
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Why pipeline parallelism exists

PP shards the model depth into N, ordered stages.

Two separate facts

@ Shards: parameters/optimizer state per rank shrink ~ 1/N,, (stage-local layers).

@ Introduces: a schedule (microbatches) + SENDRECV activation transfers at boundaries.

When PP is attractive
@ the model is too deep to fit even with TP + sharded optimizer,
@ you want to scale to more GPUs without making TP groups huge,

@ you can tolerate stage-to-stage serialization (training) or must accept it (serving).
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The pipeline bubble (GPipe intuition)

Pipelining only helps when multiple items are in flight: in training, that means splitting the batch into M

microbatches.

Classic bubble approximation
With N, stages and M microbatches:

Npp — 1

bubble fraction &~ m

@ Larger M fills the pipeline = less idle time.
@ But larger M often means smaller microbatches (if global batch fixed) = worse GEMM efficiency.

@ And larger M increases activation storage (more in-flight microbatches) unless you checkpoint.

Scalable Al: Bridging Theory, Understanding, and Practice Spring 2026 54 /87



Visualizing the bubble (GPipe)

I
Stage 0 F F F F F F F F | B B B B B B B B
|
|
Stage 1 F F F F F F F F | B B B B B B B B
t
Stage 2 F F F F F F F F | B B B B B B B B
|
Stage 3 F F F F F F F F B B B B B B B B

Figure: Gray areas are idle bubbles; microbatches fill them.
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1F1B schedule (why people use it)

1F1B interleaves forward and backward in steady state to reduce activation storage and improve utilization.

Stage 0

Stage 1

Stage 2

Stage 3

Figure: 1F1B: forward/backward overlap in steady state; lower activation buffering than GPipe.

F

]

B

B
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Activation memory in PP: Cost of more microbatches

In PP training, each stage may need to store activations for in-flight microbatches.

First-order peak memory (per stage, rough)

bytesacts,stage X K- Minflight . Btok,u -D- ba
where Mingigh: depends on schedule (GPipe vs 1F1B vs interleaving).

@ GPipe (fill then drain) stores more activations.
@ 1F1B reduces the number of stored activations (more “online” backward).

@ Interleaving + checkpointing are often required at very large scales.
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PP communication: point-to-point and activation-sized

A common boundary payload estimate:
bytessend ~ Btok,u Db,

per boundary per microbatch (and similarly in reverse for activation-gradients during backprop).

Boundary rule

Prefer cuts at transformer-block boundaries; avoid cutting inside MLPs where F = 4D or inside attention where
multiple tensors would be needed.

Interpretation

PP comm volume is often smaller than full-gradient DP comm, but it happens many times (per microbatch) and
can be serialization-critical.
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PP checklist: fit — cut — balance — fill

A practical checklist:
© Fit (memory first): pick N, so stage-local state fits (after considering activation memory).
@ Cut (boundary choice): cut where boundary tensors are small (usually Biok,,, X D).
© Balance: avoid a slow stage becoming the straggler (profiling often required).
@ Fill: choose (B, M) and schedule (GPipe/1F1B/interleaving) to reduce bubbles.

The core PP failure

If one stage is slow, everyone waits. Stage balance is as important as bubble reduction.
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Interleaving and “zero bubble” (intuition)

Modern PP implementations support:

@ Interleaving: each physical rank hosts multiple pipeline chunks. This increases scheduling flexibility and can
reduce bubbles.

@ Zero-bubble variants: try to schedule weight-gradient computation into bubble slots under certain balance
assumptions.

Trade-offs

@ interleaving can increase memory pressure (more modules per rank),
@ zero-bubble schedules rely on careful balance and may increase complexity/debug cost,

@ both are most valuable at very large scale where bubbles are costly.
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How PP composes with TP and DP

In practice, PP is rarely used alone:
@ Within each stage: use TP to shard large matrices/heads.

@ Across replicas: use DP or FSDP across pipeline copies.

Composition heuristic (topology)

Because PP edges are point-to-point, you can often place PP across slower inter-node links, while keeping the
most frequent collectives (TP/EP) within fast intra-node fabrics.

Scale “outward” with PP/DPacross nodes; keep “inside-the-layer” comm local.
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PP in inference: throughput helper, latency risk

@ PP can help fit very large models by sharding depth across GPUs/nodes.
@ But it introduces stage-to-stage serialization on the critical path.

@ For decode, that serialization can noticeably increase TPOT.

Serving rule of thumb

Use PP in serving when you must for capacity, and compensate with replicas/batching.
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PP failure modes

Symptom

Likely cause

Fix / lever

Low utilization despite many GPUs
OOM with PP
Stage imbalance

Serving latency high

bubbles (too few microbatches)
too many in-flight activations
uneven layer assignment / kernel

differences
stage serialization dominates

increase M; 1F1B; interleave; zero-
bubble

checkpointing; reduce M; smaller
B,

rebalance layers; profile; move ex-
pensive layers

reduce Npp; use TP /quantization;
add replicas
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Why long-context parallelism exists

At very large L:

@ activations scale with B - L,

@ attention work scales with L (or L? for full attention),
@ KV state in inference scales with cached length,
°

you often cannot increase B to keep GPUs busy.

Shard the sequence dimension: use CP (or SP) when batch can’t grow.
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SP vs CP (Megatron terminology)

@ Sequence Parallelism (SP): shard only selected activations along sequence length to reduce redundant
activation storage and make TP composition cheaper.

@ Context Parallelism (CP): shard inputs and all activations along the sequence dimension; attention requires
cross-rank coordination.

Mental model

SP is a targeted trick to make TP cheaper; CP is full sequence-dimension model parallelism.
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CP: what shards cleanly vs what doesn't

Most transformer submodules are token-wise:
@ linear layers, MLPs, RMSNorm /LayerNorm operate independently per token position,

@ so if you shard tokens across ranks, these ops are embarrassingly parallel.

Attention is special

Each query token needs access to keys/values across many positions. Under full attention, that is global access to
K/V. So CP introduces attention-specific communication.
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CP attention exchange: two common patterns

Let CP group size be p = N,. Each rank owns a block of tokens.

Pattern A: ring exchange (blockwise attention)

@ keep local queries Q,
@ circulate K/V blocks around the ring,
@ accumulate partial attention outputs.

Ring-like patterns can have good bandwidth utilization but expose « per step.

Pattern B: (hierarchical) ALLGATHER of K/V

@ ALLGATHER K/V so each rank can compute attention locally,

@ expensive in memory and bytes; often infeasible for extreme L.
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First-order CP communication model

Assume each rank holds L/p tokens in a CP group of size p. A single exchange of a K/V block of size
(B-L/p)- K- H elements costs:

L
bytesky.piock = 2 B+ ra K-H-b

If you do p — 1 exchanges in a ring, total bytes per layer is roughly:

bytescp jayer ~ (P — 1) - 2B£KHb ~ 2BLKHb - <1 — ;)

Interpretation

CP keeps per-rank memory smaller (~ 1/p tokens), but attention introduces near-full-KV exchange work unless
you exploit sparsity/structure.
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Serving long context: prefill vs decode may use different groups

Serving systems often treat:

@ Prefill (large prompt) as bandwidth-heavy and batch-friendly,

@ Decode as latency-critical and sequential.

Practical implication

You may choose different CP group constructions for prefill vs decode to meet TTFT/TPOT targets:
@ prefill can tolerate larger groups and bandwidth-heavy collectives,

@ decode often needs smaller groups to avoid a explosion.
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CP/SP ecosystem (where you see it in practice)

Several ecosystems expose sequence/context parallelism:
@ Megatron-Core: SP and CP variants (CP is the stronger form).
@ DeepSpeed-Ulysses: sequence parallelism.

@ Serving systems: context parallel deployment modes (separate prefill/decode groups).

Systems caveat

CP is extremely kernel- and layout-sensitive. The idea is simple (shard tokens), but the attention exchange must
match your attention kernel and cache format.
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CP/SP key takeaways

CP is “sequence is the sharding dimension”; it is critical for extreme long context.

Non-attention modules are easy under CP; attention is where the comm happens.

°
°
@ CP should be designed with topology in mind (prefer local exchange when possible).
@ Training: introduced because batch can’t grow (activation memory).

°

Inference: introduced because KV cache and/or prefill becomes too large for one device.
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Why EP exists (MoE changes the systems problem)

MoE increases total parameters without increasing activated compute per token. But it forces a new distributed
pattern:

Dense vs MoE

@ Dense: every token touches all FFN parameters (one big GEMM).

@ MoE: every token touches only k experts, but experts may live on different ranks.

Consequence

Tokens must be routed to expert-owning ranks. This introduces ALLTOALL and makes topology and load balance
first-class.
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MoE workflow: router — dispatch — experts — combine

A typical MoE layer:
@ Router computes top-k expert IDs per token.
@ Dispatch: ALLTOALL token activations to expert-owning ranks.
© Experts compute local FFNs (often grouped GEMMs).

©@ Combine: ALLTOALL results back and mix with routing weights.

What EP shards and introduces

@ Shards: expert parameters and expert compute across ranks.

@ Introduces: ALLTOALL per MoE layer + straggler risk from imbalance.
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Why ALLTOALL dominates EP cost (volume model)

With hidden dim D, activation bytes b,, token batch Bk, and top-k routing:
bytesdispatch ~ Btok -D- ba -k

Dispatch + combine per MoE layer:
byteSMoE comm "~ 2B:ok Dby k

@ ALLTOALL is many-to-many: more participants, more contention.
@ Harder to overlap perfectly than a single big ALLREDUCE.

@ Extremely topology sensitive: cross-node ALLTOALL can dominate.
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Load balancing: the “slowest expert” sets step time

If one rank gets too many tokens, it becomes a straggler and everyone waits.

A simple utilization proxy:
Ebpatch [tokens per rank]
max(tokens per rank)

utilization ~

@ Low utilization = lots of idle GPUs.

@ This is both a router/training issue and a systems issue (throughput/latency).
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Capacity factor and token dropping

Many MoE implementations enforce a per-expert capacity to keep worst-case imbalance bounded.

Each expert i has capacity C; ~ [cf - &] If routing assigns more than C; tokens to an expert, you either:

@ drop extra tokens (quality risk),

@ or reroute them (extra compute/comm).

Interpretation

MoE throughput is often set by worst-case per-expert load, not by average load.
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EP group sizing and placement

When choosing EP configuration:
© Pick N, so ALLTOALL stays on the fastest links you have.
@ Assign experts evenly: experts per rank &= E/Nep.
© Profile:

distribution of tokens per expert/rank,

time in dispatch/combine ALLTOALL,

expert GEMM efficiency (are expert batches large enough?),
overlap effectiveness.

Scale to more GPUs via DP/PP rather than making Ne, huge, unless your fabric can handle it.
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EP in inference: why it can hurt TPOT

In inference, MoE still requires dispatch/combine ALLTOALL in the forward pass.

Decode is the danger zone

@ token batches are small = ALLTOALL becomes a-dominated,
@ cannot hide the collective behind future steps (sequential generation),

@ cross-node EP is often catastrophic for TPOT.

Practical serving strategy

Keep EP local (within node) when possible; if not possible, reduce EP size and add replicas.
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EP key takeaways

@ EP is MoE's native parallelism: distribute expert capacity.
@ Dominant costs: dispatch/combine ALLTOALL + imbalance (stragglers).
@ Topology sensitivity is extreme: treat EP like TP for placement.

@ Load balancing is central to scalability (not just a modeling detail).
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3D parallelism (training baseline)

Classic training recipe:
NGPUS = Ndp . th : Npp

@ TP: inside a node (fast fabric). Handles wide layers / weight capacity.
@ PP: across nodes if needed. Handles extreme depth and avoids huge TP groups.

@ DP: across replicas. Scales throughput; comm once per step (often overlapped).

It matches the “hotness” of communication to the topology: TP is hottest, DP is coldest.
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Beyond 3D: add CP and EP (and sometimes offloading)

A common “mesh” shorthand:
NGPUS ~ Ndp : th . Npp . Ncp N Nep

@ ZeRO/FSDPare often policies inside DP (what is replicated vs sharded), not always a new mesh axis.

@ Offloading/streaming can be viewed as a “6th knob” when HBM capacity is the limit.

Order-of-operations mindset

Pick parallelism to satisfy fit first, then tune for throughput, then validate latency (if serving).
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Mapping recipe: nodes of 8 GPUs + fast intra-node fabric

Given 8 GPUs per node (fast intra-node fabric) and a slower inter-node network:
@ Put TP (and often EP) within node.
@ Use PP across nodes if depth/capacity requires it.
@ Use DP/FSDP across nodes; prefer hierarchical collectives.
°

Use CP within node when attention exchange is heavy; scale across nodes carefully.

One-line principle

Frequent collectives — local links. Infrequent collectives — can span nodes.
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A “cheat sheet” matrix: what each knob buys and costs

Knob Shards what? Dominant win Dominant comm

DP batch / requests throughput (scale-out) ALLREDUCE (train) / none (serve)
FSDP/ZeRO training state memory capacity ALLGATHER / REDUCESCATTER
TP per-layer weights/heads fit big layers; keep GEMMs big ALLREDUCE /ALLGATHER

PP depth (layers) fit deep models; scale nodes SENDRECV

CP/SP sequence dimension extreme context regimes attention exchange

EP experts (MoE) capacity at fixed active compute ALLTOALL

Interpretation

Different knobs target different bottlenecks; composition is normal.
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A practical recipe for training configuration

@ Capacity: choose sharding so weights+grads+optimizer+acts fit (FSDP/TP/PP/CP).

@ Throughput: make Bk large enough for efficient GEMMs (avoid tiny microbatches).

© Topology: map hottest collectives (TP/EP/CP) on fast fabrics; push DP/PPoutward if needed.
@ Validate: profile overlap, stage balance (PP), and router imbalance (EP).

@ lterate: adjust mesh sizes and granularity (wrapping, pipeline chunks, bucket sizes).
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A practical recipe for serving configuration

@ Fit: weights + KV cache (TP/PP/CP, quantization, selective offload).

@ Meet SLOs: minimize critical-path collectives for TPOT (decode).

© Separate prefill vs decode: batching and parallel groups may differ (TTFT vs TPOT).
@ Scale throughput: add replicas (serving “DP") and use good load balancing.

© Watch tail latency: avoid cross-node TP/EP on decode; keep groups compact.
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Final checklist: configuring a run

Before launching a distributed run, write down:
© Objective: training throughput vs serving latency SLOs (TTFT/TPOT).
Memory budget: what must fit concurrently (state + activations or weights + KV).
Mesh factorization: (N, Nip, Npp, Nep, Nep) and how groups map to topology.

(2]
o
@ Collective inventory: which primitives occur per layer vs per step.
@ Overlap plan: which comm is overlapped (and by what compute).
(5]

Risk list: PP bubbles, EP imbalance, decode a-domination.

If you do this, debugging becomes much faster.

You can explain a profiler trace in terms of the plan.
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Final wrap-up

Parallelism trades among compute, HBM, and communication budgets.

Training: fit 0+V0+m, v+activations while maximizing tokens/sec per optimizer step.
Serving: fit weights+KVwhile meeting TTFT/TPOT and scaling throughput via replicas.
Put frequent collectives on fast links; avoid a-dominated collectives on the decode path.

Composition is normal: DP + TP + PP baseline, plus CP/EP /offload when required.
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