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Abstract __[ Gated Mixture Gated }®_[ Mixture ]_._.
Training trillion-parameter models relies on pipeline paral- | _Attention of Experts ) | _Attention ofExpertst |

lelism to scale across thousands of accelerators. However, ar-
chitectures exemplified by the Qwen family are evolving from
uniform Transformer blocks into heterogeneous compositions
that combine sparse Mixture-of-Experts (MoE) with different
attention variants. This heterogeneity breaks the uniformity as-
sumption behind existing pipeline systems: partitions chosen
from serial layer costs become imbalanced after communica-
tion is overlapped with computation, because different layer
combinations hide different fractions of their communication.
Furthermore, at the scale of 10K+ GPUs, MoE routing vari-
ation adds a runtime source of stalls, creating transient idle
slots that static plans cannot anticipate.

We present Tessera, a framework that co-optimizes parti-
tioning and overlap scheduling for heterogeneous pipeline
training, and adapts to runtime dynamics. Tessera introduces:
(1) an overlap scheduler that synthesizes fine-grained inter-
leavings for each layer combination; (2) an overlap-aware
partitioner that uses profiled post-overlap cost to select par-
titions balanced for parallel execution; and (3) a dynamic
bubble optimizer that fills routing-induced idle slots with
movable tasks at runtime. Deployed on production clusters
for pre-training Qwen3 and Qwen3-Next, Tessera improves
throughput by 20%-33% over our production baseline across
five workloads at scales from 4,096 to 12,288 GPUs, reach-
ing 39% MFU on a trillion-parameter model. In controlled
experiments against Megatron-Core MoE with public recipes,
Tessera achieves up to 1.24x higher MFU.

1 Introduction

Foundation models are evolving from uniform Transformer
stacks into heterogeneous compositions that mix hybrid
attention variants with sparse Mixture-of-Experts (MoE)
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Figure 1: Heterogeneity in Qwen3-Next Architecture. (a)
standard Transformer layer; (b) Qwen3-Next interleaves
Gated DeltaNet and standard attention layers.

blocks [3,24,37]. The uniform overlap and partitioning poli-
cies behind current pipeline systems no longer transfer cleanly.
In training the Qwen3 and Qwen3-Next model families on
production clusters exceeding 10,000 GPUs, we find that
structural heterogeneity, most visible in Qwen3-Next, breaks
the assumptions these systems rely on.

The cost this heterogeneity exposes lies in how commu-
nication is overlapped with computation. MoE layers re-
quire heavy All-to-All (A2A) communication for token dis-
patch and combination [8, 11, 26]. Pipeline schedules can
hide this cost by overlapping A2A transfers with computa-
tion from other in-flight microbatches. For uniform archi-
tectures (Fig. 1(a)), every stage has a similar compute-to-
communication ratio, so a single overlap strategy applied
uniformly suffices.

Qwen3-Next (Fig. 1(b)) breaks this assumption. It inter-
leaves linear-attention layers (Gated DeltaNet) with standard
softmax-attention layers, each followed by a sparse MoE
block. These layer types have different compute profiles, espe-
cially at long sequence lengths. When such diverse layers are
grouped into pipeline stages, different combinations present
different compute-communication timelines. A fixed overlap
strategy applies one interleaving to all; it fits some combina-
tions but leaves more communication exposed in others. In
our measurements, the resulting overlap gain differs by 3 x.
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This variation creates a cyclic dependency between par-
titioning and overlap scheduling. The partition determines
which layer combinations co-execute and thus which overlaps
are possible. Choosing a good partition, however, requires
accurately estimating each combination’s post-overlap cost,
which requires scheduling it and measuring the resulting ex-
ecution on hardware. A partition balanced for serial execu-
tion cost can become the pipeline bottleneck after overlap,
because stages that look equal in serial time hide vastly dif-
ferent fractions of their communication. Existing pipeline
systems sidestep this coupling by assuming uniform overlap
efficiency—an assumption that holds for homogeneous mod-
els but fails under heterogeneity. In our experience, domain
experts then spend weeks hand-tuning this interplay for each
new model architecture.

Even after static co-optimization addresses the predictable
structural coupling, MoE routing stochasticity leaves residual
runtime bubbles: the number of tokens dispatched to each
expert fluctuates across iterations, creating ephemeral idle
slots that a static schedule cannot reliably anticipate or exploit.

We present Tessera, a pipeline parallelism framework that
co-optimizes overlap scheduling and partitioning, and adapts
to runtime dynamics. Designed as a plug-in to the host train-
ing framework, it requires no invasive modifications to the
existing training loop. Within a given pipeline schedule (e.g.,
interleaved 1F1B), Tessera synthesizes a specialized overlap
schedule for each layer combination and uses its measured
post-overlap cost to guide partition selection. At runtime, a
Dynamic Bubble Optimizer monitors routing metadata to pre-
dict idle slots and fills them with deferred work. The design
has three parts:

* Overlap Scheduling. Tessera observes that overlap ef-
ficiency depends on the specific layer combination, not
just aggregate arithmetic cost. It replaces fixed strate-
gies by synthesizing and profiling a specialized overlap
schedule for each combination.

L]

Overlap-Aware Partitioning. Using profiled post-
overlap costs, Tessera selects a partition that balances
measured post-overlap cost rather than serial arith-
metic, breaking the cyclic dependency via a profile-then-
partition sequence.

¢ Dynamic Bubble Optimization. At runtime, Tessera
predicts routing-induced idle slots from token-
distribution metadata and fills them with deferred
tasks, recovering throughput that static planning leaves
unexploited.

We implemented Tessera atop Alibaba’s internal Megatron-
LM and deployed it on production clusters with over 10,000
NVIDIA Hopper GPUs for pre-training the Qwen3 and
Qwen3-Next families. Compared to our production-optimized
internal baseline, Tessera improves throughput by 20%—33%
across five workloads at scales from 4,096 to 12,288 GPUs,
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Figure 2: Mechanism of Inter-Microbatch Overlap. The
bottom panel illustrates how the backward pass of Chunk B is
overlapped with the forward pass of Chunk D by interleaving
decomposed operations.

with peak MFU reaching 39% on a trillion-parameter run.
In controlled experiments on a 256-GPU cluster against
Megatron-Core MoE with publicly available per-model
recipes, Tessera achieves up to 1.24 x higher MFU. Tessera
has been in continuous production use since April 2025.

2 Background and Motivation

2.1 Pipeline Execution and Overlap Pairs

This section defines the pipeline execution model that under-
lies the rest of the paper. Whereas Tensor Parallelism [22]
splits operators within a layer and Context Parallelism [18]
partitions the sequence dimension across devices, Pipeline
Parallelism (PP) [7] partitions the model across layers into
groups called chunks. Each chunk is assigned to a pipeline
stage mapped to a specific device topology. To reduce the
idle time (bubble) inherent in sequential stage execution, each
training batch is further split into microbatches that can be
pipelined through stages concurrently. A schedule governs
how microbatches are dispatched. The widely adopted 1F1B
schedule [22] alternates one forward and one backward micro-
batch per stage to bound memory while keeping the pipeline
busy. Its interleaved variant further reduces bubble by as-
signing each physical rank multiple “virtual” stages, each
corresponding to a distinct model chunk.

Inter-microbatch overlap. In an interleaved schedule, ad-
jacent operations on a rank can come from different chunks
and microbatches, allowing one chunk’s communication to
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overlap another’s computation. We refer to communication-
computation overlap across different microbatches as inter-
microbatch overlap. As shown in Fig. 2, chunks from differ-
ent microbatches alternate on the same rank, and the A2A
communication of one chunk’s backward pass (e.g., Chunk
B) can execute concurrently with the computation of a sub-
sequent chunk’s forward pass (e.g., Chunk D). We call two
chunk operations that share such a concurrent execution win-
dow an overlap pair. An overlap pair includes the execution
direction of each chunk, such as backward-on-B overlapped
with forward-on-D in Fig. 2. Thus, pair types such as B-D and
D-B are not merely unordered chunk sets; they can represent
different directional overlap cases. For each overlap pair, the
relevant performance metric is not the serial sum of its con-
stituent operations, but the post-overlap cost: the resulting
makespan of the co-scheduled overlap pair.

The uniformity assumption. Traditional PP overlap strate-
gies rely on a strong implicit assumption: the model consists
of uniform “Transformer bricks” with similar arithmetic inten-
sity and communication patterns [33]. Under this assumption,
all overlap pairs are structurally identical, so a hand-crafted
fixed overlap template combined with layer-count balancing
naturally yields both effective overlap and a load-balanced
pipeline. Next-generation architectures break this uniformity.

2.2 Heterogeneous MoE Architectures

To scale Mixture-of-Experts (MoE) models, experts are par-
titioned and distributed across multiple devices [11]. This
distribution necessitates All-to-All (A2A) communication for
token dispatch and combination. At scales beyond several
thousand GPUs, A2A latency constitutes a substantial frac-
tion of iteration time, making it the primary target for overlap.
Prior works like Comet [39] employ intra-microbatch
overlap, fusing communication with computation from the
same microbatch. However, for heterogeneous models this ap-
proach forces kernel fragmentation by slicing the sequence di-
mension, reducing arithmetic intensity (detailed in §5). Inter-
microbatch overlap avoids this fragmentation but shifts the
hard problem: given a pipeline stage partition, which overlap
pairs are induced, and how should their sub-operations inter-
leave? Exploiting this form of overlap requires decomposing
layers into fine-grained schedulable units so that communi-
cation and computation from different chunks can be inter-
leaved. We refer to each such unit as a task (e.g., Dispatch,
MLP, Combine).
Qwen3-Next: a concrete case of pair diversity. Qwen3-Next
adopts a hybrid attention design in which every four consecu-
tive layers follow a 3:1 pattern: three Gated DeltaNet (GDN)
linear-attention layers followed by one full softmax-attention
layer. Each layer is followed by a sparse MoE feed-forward
block. Under production sequence lengths, this operator mix
produces up to 10x compute-time asymmetry between ad-
jacent attention operations. As shown in Fig. 3, when these
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Figure 3: Combinatorial Explosion of Overlap Patterns.
The Qwen3-Next architecture produces asymmetric chunks,
resulting in diverse overlap pairings that require structurally
different fine-grained plans. For clarity, MoE blocks following
the GDN and standard attention are not shown.

asymmetric chunks are assigned to virtual stages, they form
overlap pairs with diverse compute-communication profiles.
Each letter (A, B, C, D) denotes a chunk type defined by its
attention/MoE composition. Even a simple 2-stage pipeline
produces up to eight distinct pair types (e.g., B-D, D-B), each
requiring a different fine-grained interleaving. A single over-
lap template cannot serve this diversity.

2.3 The Co-Optimization Problem

Existing systems optimize pipeline training as a waterfall:
first partition by serial layer cost, then apply a fixed overlap
template, then execute the resulting static plan. Heteroge-
neous MoE violates each step of this pipeline. We identify
three compounding failures: the overlap scheduling space is
combinatorial (§2.3.1), the partition objective is misleading
(§2.3.2), and runtime variation leaves residual idle slots that
static planning cannot predict (§2.3.3). The first two form
a static planning cycle that requires joint optimization. The
third motivates runtime adaptation.

2.3.1 Combinatorial Overlap Space

Template-based schedulers cannot handle the pair diversity
created by heterogeneous chunk types. In a homogeneous
model, every overlap pair is identical (e.g., A-3), and a single
interleaving strategy works universally. In Qwen3-Next, even
a single partition of the minimal 2-stage case produces up to
eight distinct pair types, each requiring a unique fine-grained
schedule: a computation-intensive chunk might successfully
hide a communication-intensive chunk’s A2A, whereas two
communication-heavy chunks may result in significant ex-
posed latency. Existing systems rely on rigid templates (e.g.,
always aligning “forward combine” with “backward atten-
tion”). With asymmetric chunks, the optimal interleaving de-
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Figure 4: Impact of Variable Overlap Efficiency. Variation
in overlap gains under two partition plans. Data collected
from training 8 layers of the Qwen3-Next-80B model with se-
quence length 256K on 128 GPUs. Left: A partition balanced
for serial execution becomes imbalanced in post-overlap exe-
cution. Right: Tessera’s overlap-aware partitioner finds a plan
that balances the post-overlap cost.

pends on the specific hardware resource usage of the con-
stituent chunks. Manually engineering schedules for this com-
binatorial space is impractical.

2.3.2 Variable Overlap Efficiency

Standard partitioners sum the sequential execution time of lay-
ers and balance this sum across stages. This strategy implicitly
assumes that overlap efficiency, the fraction of communica-
tion hidden, is constant across the model.

In heterogeneous MoE models, overlap efficiency varies
drastically. Fig. 4 (Left) presents profiling data from a bal-
anced partition for the model architecture illustrated in Fig. 3.
The chunk pair C-C achieves a 41.6% reduction in latency via
overlap, while pair D-D achieves only 14.0% because both
sides are computation-dominated with little A2A communi-
cation to hide. A partition balanced for serial execution can
thus manifest severe imbalances during parallel execution.

An optimal partitioner must be overlap-aware: it should
deliberately create serially “imbalanced” assignments if those
pairings have complementary compute/communication pro-
files that maximize overlap. As shown in Fig. 4 (Right), the
serial-cost-balanced partition has a 1.14 x higher bottleneck
post-overlap cost than the overlap-aware partition.

Moreover, the dependency is bidirectional. The overlap
schedule determines how much communication each pair
hides, which in turn determines which partition minimizes
the bottleneck. A partition that appears serially imbalanced
may yield the lowest post-overlap cost when its pairings have
complementary profiles. Partition quality therefore cannot
be evaluated without first scheduling and measuring each
candidate pair. Partitioning and overlap scheduling are thus
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Figure 5: Runtime Token Load Variation. The distribution
of received tokens per device varies across iterations, creating
dynamic imbalance that static planning cannot address.

cyclically dependent.

2.3.3 Runtime Stochasticity

Even an optimal static plan is vulnerable to runtime stochastic-
ity. The number of tokens routed to specific experts fluctuates
across iterations, causing the duration of MoE compute ker-
nels to vary. In Qwen3-Next, this effect is amplified by fine-
grained sparse routing: each token activates only 10 of 512
experts, so each expert receives a smaller expected share of
the token pool. This lower routing coverage increases the rel-
ative variation of per-expert and per-rank token counts across
iterations, as reflected in the per-device load-skewness fluctu-
ations shown in Fig. 5. These fluctuations create ephemeral
idle slots that no static schedule can predict.

The key observation that makes runtime optimization fea-
sible is that not all rank-local work lies on the microbatch
critical path. We call the critical-path tasks that define stage
latency the backbone tasks. The remaining timing-flexible
tasks (e.g., weight-gradient computation, gradient reduction)
that can fill transient gaps are called movable tasks. Defer-
ring movable tasks and injecting them into routing-induced
idle slots can recover throughput that static planning leaves
unexploited.

Summary. Partitioning and overlap scheduling are cyclically
dependent: partition boundaries determine which overlap
pairs form, while overlap efficiency determines which parti-
tion is optimal. Runtime routing variation adds a dynamic
dimension that no static solution can address. Together, these
challenges render stratified optimization pipelines inadequate
for heterogeneous MoE training.

3 Tessera Design

To resolve the partitioning—overlap cycle (§2.3.2), Tessera
fixes the high-level pipeline schedule (e.g., interleaved 1F1B)
and co-optimizes partitioning and overlap scheduling within
it. A static planner produces an execution plan (§3.1), and a
plan-agnostic execution engine (§4) interprets it at runtime,
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Figure 6: Overlap-aware static planning workflow.

decoupling scheduling logic from the host framework. To han-
dle stochasticity that the static plan cannot predict, a Dynamic
Bubble Optimizer fills routing-induced idle slots with eligible
movable tasks, without changing partition boundaries or the
planned order of backbone tasks (§3.2).

3.1 Static Planning

We refer to the fixed high-level pipeline schedule (e.g., inter-
leaved 1F1B) as the pipeline schedule template. Given this
template, Tessera resolves the static partitioning—overlap cy-
cle through a candidate-generation-and-profiling workflow.
Fig. 6 summarizes this workflow. Step 1 constructs an overlap
graph from the template and attaches bounded stage candi-
dates to each virtual stage (§3.1.1). Step 2 instantiates each
candidate pair on an overlap edge as a concrete overlap pair,
synthesizes its fine-grained overlap schedule, and profiles its
post-overlap cost on a reference device group (§3.1.2). Step 3
selects one candidate per stage via MILP to minimize the
bottleneck post-overlap cost, then materializes the selected
partition and per-pair schedules into the final execution plan

(§3.1.3).

3.1.1 Step 1: Overlap Graph and Candidate Space

The pipeline schedule template determines a set of virtual
stages and which of them may execute microbatch operations
concurrently on the same rank. These relationships define
an overlap graph G=(S,E). Each node s € § is a virtual
pipeline stage under the template. Tessera adds an overlap
edge e=(s,t) € E for each overlap opportunity that the tem-
plate creates on a pipeline rank, where endpoints s and ¢
may be the same virtual stage. Each edge records the pass

Rank 0 Chunk 0 Rank 1 Chunk 0 Rank 0 Chunk 1
Transformer Transformer Transformer Transformer
Layer O Layer 1 Layer 2 Layer 3
Overlap edge (F on Chunk 0, B on Chunk 1)
- Task Decomposition

Rank 1 Chunk 1

|

::.- [ie-w] arm [
| |

 [arm |—{ oisp. —{wup ~{coms. | rime

Task DAGs

Scheduling Fine-grained Overlap Schedule g

Figure 7: Decomposing an overlap edge into task DAGs and
synthesizing a fine-grained overlap schedule. The figure high-
lights one forward-backward overlap edge on Rank 0, omit-
ting other pass-direction edges. Each stage contains a single
layer for clarity.

directions of the two endpoint operations, so the same end-
point pair may yield multiple edges, e.g., forward-on-s with
backward-on-f and backward-on-s with forward-on-z. A self-
loop denotes an overlap opportunity between operations of
the same virtual stage from different microbatches. With the
graph topology fixed by the template, the layers each node
carries remain to be selected.

Tessera starts from a serial-cost-balanced baseline partition
as the initial assignment of layers to virtual stages. To explore
alternative partitions, Tessera generates a candidate set C; for
each stage s. A stage candidate ¢ € Cs specifies one possible
model chunk for virtual stage s: a contiguous layer range gen-
erated by perturbing boundaries around the baseline. For any
candidate pair (¢ € Cy,d € C;) on an overlap edge e=(s, 1), the
post-overlap cost lies between max (T, T;) (perfect overlap)
and T.+Ty (zero overlap), where T;. and T; denote the serial
costs of candidates ¢ and d respectively. Tessera restricts can-
didates to a bounded neighborhood around the baseline to
keep overlap scheduling and profiling tractable.

Together, the overlap graph and stage candidates define the
search space for joint optimization. Selecting one candidate
per node determines a concrete pipeline partition. Each edge
poses a scheduling subproblem: for a given pair of endpoint
candidates, Tessera must synthesize a fine-grained overlap
schedule and measure its post-overlap cost. The profiled edge
costs then feed the partition solver that minimizes the bottle-
neck post-overlap cost across the graph.

3.1.2 Step 2: Overlap Scheduling and Profiling

Once candidates ¢ and d are assigned to the endpoint stages of
edge e, the layer ranges, pass directions, and device topology
are fully determined, specifying a concrete overlap pair. For
each such pair, Tessera synthesizes a fine-grained overlap
schedule and measures the post-overlap cost T, . 4.
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Algorithm 1 Event-driven scheduling for overlap-pair task
DAGs

Input: task DAGs Dy, D, (overlap pair)

Output: Overlap schedule S for tasks in D} UD;

1: Ready <+ initial tasks with no unsatisfied dependencies

2: Running < 0; Pending <— 0; Time <0

3: while ReadyU Running # 0 do

4: for resource r € {Comp,Comm} where r is idle do

5 T+ SELECT(Ready|r]) > backbone-first gap-fit

selection
6: if = L then continue
7: if ISMOVABLE(T) and Running # 0 and SHOULDDE-
FER(T, Time) then
8: move T from Ready[r] to Pending][r] > defer to
protect backbone completion
9: else
10: remove T from Ready
11: SCHEDULE(T, Time)
12: Time < next task completion event

13: Update Ready with newly unblocked tasks in Dy, D,

> Backfill deferred movable tasks
14: for T € Pending in reverse readiness order do
15: BACKFILL(T, S) > best-fit residual slot or tail

Tessera decomposes each overlap pair into two task DAGs,
one per chunk, as illustrated in Fig. 7. Each task is an atomic
scheduling unit with a duration, resource type, and depen-
dency constraints. These attributes determine when a task
becomes ready, which resource it can use, and whether it fits
the current gap.

Given these DAGs, Tessera uses an event-driven list sched-
uler (Algorithm 1) to minimize the pair’s makespan on two
resources (Comp, Comm). At each event, SELECT applies
two heuristics. (i) Backbone-first alignment: backbone tasks
take precedence, and a gap-fit rule picks the task whose dura-
tion is closest to the remaining window on the complementary
resource. (ii) Conditional deferral: movable tasks are placed
when they fit the current gap without extending the pair’s
makespan. SHOULDDEFER defers a movable task that would
extend the pair’s makespan. Once backbone placement is
complete, deferred movable tasks are backfilled into residual
slots within their lifetimes using a best-fit rule; tasks with no
suitable slot are placed at the tail.

Tessera executes the synthesized schedule on a reference
device group, a dedicated device set configured with the same
TP/EP topology as the target rank, to measure ground-truth
post-overlap cost. Physical profiling is necessary because real
hardware interference causes the true overlapped cost to devi-
ate from analytical estimates (§5). To bound overhead, Tessera
profiles each distinct overlap pair only once: when multiple
edge-candidate pairs yield identical chunk specifications, pass
directions, and device topologies, their profiles are shared. Re-
sults are cached by device-mesh class and chunk specification
for reuse across ranks and replicas with matching GPU type

and interconnect pattern.

3.1.3 Step 3: Overlap-Aware Partition Selection

With all post-overlap costs T, . 4 profiled, partition selection
reduces to a graph labeling problem. Pipeline iteration time
depends on the full critical path through the fixed schedule.
Under the fixed template, Tessera targets the steady-state over-
lap opportunities that recur across microbatches: a selected
edge with high profiled post-overlap cost would repeatedly ex-
pose a straggler. Tessera therefore uses the maximum selected
post-overlap edge cost as a surrogate objective for partition
selection. Formally, binary variable y; . selects candidate ¢
for node s; z, ¢ 4 activates the candidate pair selected on edge
e=(s,). Each node selects exactly one candidate, and each
edge variable is consistent with its endpoint selections:

min  Tyom

S.t. Z Vse=1

ceCy

Z Ze,c,d = Ys,c

deC

Z Ze,c,d = Vt,d
ceCy

Tgom = Zc,d Te,c.d Ze,c,d Ve€ E,
Vs,cr Zeyed € {Oa 1}7

Vse S,
Ve=(s,t) € ‘E, ¢ € Cy,

Ve=(s,t) € E,d € C,

ey
T, ¢ 4 is the profiled post-overlap cost of candidate pair (c,d)
on edge e. The bottleneck constraint charges each overlap
edge by the cost of its selected pair. The full solver addi-
tionally enforces contiguous non-overlapping layer ranges,
device-topology compatibility, and per-rank memory capacity
constraints.

Complexity and Profile-Guided Pruning. By decoupling
the search into stage-level variables and linking adjacent
stages via consistency constraints, this MILP formulation
reduces the binary variable count from O(N - K'P) in rank-
level enumeration to O(N - vp - K?), where N is the number
of pipeline ranks, vp is the number of virtual stages per rank,
and K is the candidate count per stage; bottleneck constraints
scale as | E|, one per overlap edge. To further accelerate the
solver, Tessera applies safe profile-guided pruning. The bottle-
neck post-overlap cost of the baseline partition, Tpage, SETVES
as an upper bound on Ty,m: any candidate pair whose pro-
filed cost exceeds Th,se i discarded, since selecting it cannot
improve upon the baseline. If a stage candidate ¢ loses all
valid pairs on its incident edges, it is removed from the search
space. In practice, this significantly reduces the MILP size
while preserving all solutions with Tgom < Thage-

Plan Synthesis. The selected node labels on the same phys-
ical rank compose that rank’s assignment. The solver’s output
is materialized into the final execution plan by instantiating
the pipeline schedule template and substituting each edge
with the fine-grained overlap schedule synthesized in Step 2.
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Figure 8: Dynamic scheduling of movable tasks into bubbles.

3.2 Dynamic Bubble Optimization

Static planning assigns each movable task a default execu-
tion position within the overlap schedule. At runtime, MoE
routing variation changes task durations, shifting the size and
location of idle slots in ways that no static plan can predict.
The Dynamic Bubble Optimizer may defer eligible movable
tasks and dispatch them into predicted idle slots, recovering
throughput that static planning leaves unexploited.

3.2.1 Bubble Prediction and Slot Sizing

Runtime variability is primarily driven by token routing deci-
sions. To detect routing-induced bubbles before they occur,
Tessera reuses routing metadata that becomes available be-
fore expert dispatch. Within each EP group, ranks exchange
only per-expert token counts via a lightweight collective that
piggybacks on the existing MoE dispatch path. Because the
exchange is scoped to the EP group and carries scalar counts
rather than tensor payloads, it introduces no cluster-wide syn-
chronization. An imbalance monitoring mechanism uses these
counts to estimate the workload assigned to each rank. Devia-
tions from the profiled static schedule predict where and how
large idle slots will form.

Tessera pre-annotates target slot locations during static
planning. Whether a slot materializes, and how large it is, is
determined at runtime. As illustrated in Fig. 8, load imbal-
ance typically prolongs specific operations (e.g., MLP on hot
experts), inducing local idle time and cross-device wait states.

To capture these routing-induced gaps, Tessera locates
structural boundaries directly after MoE computation tasks
within the overlap schedule (§3.1.2). The two chunks in an
overlap pair can originate from different microbatches with
independent token distributions; their latencies can shift in
opposite directions, so the idle window at these boundaries
fluctuates widely across iterations. Pre-annotating these lo-
cations provides Tessera with effective insertion points for
movable tasks.

Target Slot Sizing. To ensure that task injection does not
stall the training pipeline, Tessera must estimate slot sizes
asynchronously. Token distribution is resolved during the
forward dispatch, so load information becomes available sev-

Algorithm 2 Dynamic Bubble-Filling
Input: Token distribution T, offline profile 2, movable task pool Q

> Retrieve pre-annotated target slots

1: B < GETTARGETSLOTS() > From static plan

> Fill predicted slots from movable task pool
2: for each target slot B € B do
3 bg <— ESTIMATEBUBBLESIZE(T,?,) > Asynchronous
4 if bg > 0 then
5: r < B.rank, fgare < P.time
6: C+0
7 for each task 6 € Q do
8 if ¢ is ready on r and ¢.duration < bB and fgar +
G.duration < ¢.deadline then

9: s <~ COMPUTESCORE(G, bg)
10: C <+ CU{(o,s)}

11: if C # 0 then

12: G" <~ argmax s g)cc S

13: SCHEDULE(G™, on r, start at fgyt)
14: Remove ¢* from Q

eral steps before the target slot. The sizing calculation thus
overlaps with useful computation. Using the observed token
distribution and the offline-profiled static schedule, Tessera
estimates the fillable idle window bg at each pre-annotated
target slot B. Non-positive windows are skipped.

3.2.2 Movable Task Injection

Movable Task Pool. Tessera fills predicted slots from a pool
of movable tasks whose deadline slack (the margin between
readiness and deadline minus execution time) is positive. It
organizes these tasks into priority queues ordered by deadline
urgency. For example, Wgrad is enqueued as soon as its pre-
ceding backward computation completes, and is assigned a
hard deadline corresponding to the iteration end. We observe
that this pool is typically well-provisioned in production, as
Wgrad tasks naturally accumulate off the critical path during
load imbalance events. The pool is bounded by a configurable
per-GPU capacity and the available memory headroom. Once
either bound is reached, newly ready movable tasks are kept
at their original positions rather than deferred.

Guaranteed Execution. If a movable task’s deadline slack
approaches zero without a suitable target slot being found,
the runtime preemptively injects it into the main stream, pri-
oritizing correctness over optimization.

Bubble-Filling Policy. With the fillable window by re-
solved asynchronously, Tessera triggers the injection logic
immediately prior to launching the overlapped tasks. The dy-
namic scheduler employs a greedy heuristic (Algorithm 2) to
scan the pool and select the feasible task ¢ with the high-
est score S(o,bp), which prioritizes tight duration fit and
small deadline slack. If no suitable task is found, the slot
remains empty. Because the pool search space is restricted
and each by is computed asynchronously before its target
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slot, the combined overhead of slot sizing and task selection
is negligible (< 10 us). Furthermore, by triggering this logic
asynchronously ahead of the sparsely pre-annotated target
slots rather than after every task, this mechanism minimizes
the interference of dynamic scheduling with the continuous
pipeline execution.

4 Implementation

Tessera is implemented as a standalone library (11,000 lines
of Python and 2,000 lines of C++) integrated with Megatron-
LM [22] (as a host framework).

Plan-Agnostic Execution Engine. To execute the diverse
overlap patterns required by asymmetric overlap pairs with-
out invasive modifications to the host framework’s imperative
loops, Tessera implements a Plan-Agnostic Execution Engine
in C++. This engine decouples schedule definition from exe-
cution by interpreting the static plan as a specification rather
than hard-coded control flow. It coordinates execution via a
lock-free finite-state machine (FSM). The main Forward and
Backward Torch threads drive their respective tasks, pausing
at designated yield points to synchronize with the engine’s
global state and achieve the planned inter-microbatch over-
lap. Concurrently, an additional background thread processes
movable tasks registered with the engine, such as Wgrad, ac-
cording to the execution plan. This architecture enables the
runtime to execute diverse pipeline execution plans generated
by the static planner without relying on hard-coded pipeline
schedule control flow.

Customizing Task Boundaries and Overlap Schedules. In-
stead of requiring developers to refactor MoE model defini-
tions into isolated task functions, Tessera exposes task bound-
aries through lightweight execution probes inserted in the ex-
isting forward and backward code. The advance (TaskName)
API marks host-side probe points where the execution engine
may block or release the current forward/backward execu-
tion thread, slicing the continuous execution into named tasks
without moving tensor computation out of the host framework.
For movable tasks that lie off the backbone, such as Wgrad,
Tessera uses register_task () to expose the callable after
its dependencies become available. Listing 1 illustrates this
pattern inside a schedulable MoE operator.

By default, the system automatically constructs overlap
schedules from these tasks using its built-in scheduler (§3.1.2).
Thanks to Tessera’s Plan-Agnostic Execution Engine, users
can alternatively specify custom interleaving strategies via
a YAML configuration file. As shown in the second half of
Listing 1, this interface allows experts to define fine-grained,
device-specific execution sequences for interleaved streams—
enabling domain-specific overlap optimizations when default
heuristics are insufficient.

User Interface. Tessera exposes a declarative API that
separates schedule control from the tensor computa-
tion managed by the host framework. Users invoke

1
2
3
4
5
6
7
8

9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

Listing 1: Customizing task boundaries and overlap sched-
ules.

# Schematic: Tessera probe API usage (simplified)
class SchedulableMoEFunction (torch.autograd.Function) :

@staticmethod
def forward(ctx, hidden_states, expert_weights):

tessera.scheduler.advance ("F_DISP")

dispatched_tokens = dispatch(hidden_states
tessera.scheduler.advance ("F_MLP")

expert_outputs = compute_experts (dispatched_tokens, ...)

@staticmethod
def backward(ctx, grad_outputs):

tessera.scheduler.advance ("B_COMBINE")
grad_combined = combine_logic_bwd(grad_outputs)
tessera.scheduler.advance ("B_MLP")
grad_inputs = compute_activation_grad(grad_combined, ...)
tessera.scheduler.register_task(

task_name="B_WGRAD",

func=compute_weight_grad,

args=(grad_combined, hidden_states

)

# User-specified overlap schedule (overlap.yaml)
overlap_plans:

- chunk_pair:
fwd_chunk:
bwd_chunk:

pattern:
- B_COMB:L1
- F_ATTN:LO
- F_DISP:L0
- B_MLP:L1
- F_COMB:L0
- B_WGRAD:L1

[Layer0, Layerl]
[Layer0, Layerl]

# ——
# ——

overlap: bwd L1 comm
with fwd LO compute

build_execution_plan to trigger the Static Planner, which
ingests the model structure, applies task decomposition rules,
and synthesizes the execution plan. run then accepts this plan
and hands control to the Pipeline Execution Engine. To ensure
correctness within complex training loops, Tessera utilizes
standardized hooks (e.g., pre_fwd, post_fwd, post_iter)
to inject framework-specific logic (e.g., loss aggregation, gra-
dient reduction) into the execution flow, keeping such logic
localized in hooks.

5 Engineering Experience and Discussion

We deployed Tessera in the production pre-training of the
Qwen3 and Qwen3-Next model families, scaling beyond
10,000 NVIDIA Hopper GPUs. Scaling to this magnitude
exposes fracture points where theoretical scheduling abstrac-
tions break down under physical realities. In this section, we
discuss the operational challenges encountered and the engi-
neering solutions adopted to sustain high efficiency at scale.
Intra-microbatch vs. Inter-microbatch Overlap. We eval-
uated intra-microbatch overlap (partitioning input tokens to
hide MoE dispatch) against Tessera’s inter-microbatch ap-
proach. While intra-microbatch overlap offers theoretical la-
tency hiding, we found it operationally fragile at scale. Par-
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titioning along the sequence dimension fragments GEMM
operations, reducing arithmetic intensity below the thresh-
old where compute throughput dominates. Aggressive kernel
fusion (e.g., Comet [39]) can recover efficiency, but in our pro-
duction stack the resulting coupling between MoE kernels and
specific communication backends complicates independent
backend upgrades. In contrast, Tessera’s inter-microbatch ap-
proach maintains full GEMM computational intensity and
backend modularity.

Theoretical Overlap vs. Silicon Reality. Static overlap
schedulers estimate an overlap pair’s makespan from the task
DAG, using task durations, resource types, and dependencies
to determine the expected computation—communication over-
lap. This theoretical estimate is useful for synthesizing candi-
date schedules, but large-scale production deployments reveal
a small, non-uniform gap between the idealized schedule and
silicon execution [4, 10]. Across Qwen3-Next pre-training
workloads, the theoretical cost underestimates measured over-
lapped execution in most cases, with an average deviation of
around 5%. One major source is SM contention: EP commu-
nication kernels reserve ~20 SMs for All-to-All dispatch and
combine, causing a stable 10-20% slowdown when they over-
lap with Attention or MoE-MLP kernels. We also observe that
each task is a coarse scheduling unit rather than a single ker-
nel (e.g., a communication-dominant task may contain small
compute kernels), which can leave residual interference, or
even serialization, that prevents the idealized schedule from
achieving perfect overlap.

Granularity of Cost Profiling. Chunk-pair profiling is af-
fordable for our production workloads: even for trillion-scale
models, profiling completes within one hour because repeated
model structure bounds the number of distinct overlap pairs.
We also explored a lower-cost alternative, primitive-level pro-
filing, which profiles reusable overlap patterns between pairs
of task primitives and composes the measured interactions to
estimate a full chunk-pair timeline. Compared with the purely
theoretical estimate above, primitive-level profiling reduces
average error by capturing stable pairwise effects such as SM
contention. However, its residual error remains uneven across
overlap pairs, reaching up to 15% in tail cases. This tail behav-
ior is problematic for partition selection because the MILP
relies on relative cost comparisons among candidate stage
assignments; a few misestimated overlap pairs can change the
selected bottleneck edge or partition boundary. The residual
gap arises from cross-primitive effects, including relay over-
laps across consecutive kernels, cumulative execution state
in caches and communication libraries, and host-side launch
overhead. We therefore use chunk-pair profiling as the de-
fault, while keeping primitive-level profiling as a lower-cost
fallback.

Infrastructure Jitter. Scaling beyond 10,000 GPUs reveals
that infrastructure noise is a persistent source of throughput
instability. Network congestion and switch contention cause
stochastic variation in pipeline communication latency, both

across iterations and across ranks. While the Static Planner
addresses structural heterogeneity, these transient fluctuations
require runtime adaptation. We have explored extending DBO
to absorb infrastructure jitter by reusing its bubble-filling
mechanism. Leveraging the observation that jitter often ex-
hibits short-term temporal correlation, a history-based pre-
dictor (moving average of the last 10 iterations) estimates
upcoming bubble sizes, and per-rank injection fills these tran-
sient gaps with locally pooled movable tasks. This approach
is architecturally feasible since infrastructure-induced bub-
bles enter the same prediction path as routing-induced ones.
Systematic validation of this extension under controlled jitter
conditions remains future work.

Memory Pressure Trade-off. While the Dynamic Bubble
Optimizer improves throughput by delaying movable tasks to
fill idle pipeline slots, this strategy introduces a subtle mem-
ory trade-off: delaying a Wgrad task prolongs the liveness of
its associated activation and gradient tensors, increasing peak
memory consumption. In our production runs, aggressive
bubble filling occasionally triggered out-of-memory (OOM)
errors on memory-constrained workloads. In practice, we rely
on the bounded movable-task pool described in §3.2.2, con-
figuring its per-GPU cap from observed memory headroom.
This cap limits how many deferred tasks can keep activations
and gradients live at once. When memory headroom is tight,
Tessera can also represent memory-management operations,
including activation offloading and recomputation, as mov-
able tasks and schedule them into suitable pipeline bubbles.

Decoupling System Constraints via Padding. A major fric-
tion point in large-scale training is the conflict between hy-
perparameter tuning and system constraints. The standard
interleaved 1F1B schedule [22] theoretically mandates that
the number of microbatches (M) per iteration must be per-
fectly divisible by the pipeline parallel size (K). In production,
however, M is dictated by the global batch size required for
model convergence, while K is constrained by device mem-
ory limits. Forcing M%K = 0 often requires suboptimal batch
size adjustments that degrade model quality. Tessera resolves
this by decoupling these constraints via microbatch padding.
We inject shadow actions, null operations that skip computa-
tion but perform necessary pipeline communication (sending
pseudo-tensors), to satisfy structural dependencies without
altering the mathematical equivalence of the batch. Shadow
actions are excluded from loss accumulation, gradient scaling,
and optimizer accounting. Leveraging Tessera’s configuration
interface, this padding is achieved by simply specifying a
compliant plan file, avoiding invasive code changes. Empiri-
cally, this mechanism introduces negligible overhead (~0.5%)
while maximizing configuration flexibility.
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Table 1: Specification of Qwen Models in Experimentation.
Model Scale: Small <100B, Medium 100-500B, Large 500B—
1T, Trillion >1T.

Publicl
Models % Model Scale Availab{e
Qwen3-235B 87128 Medium Yes
Qwen3-Next-80B 10/512 Small Yes
Qwen3-L 8/128 Large No
Qwen3-XL 8/128 Trillion No
Qwen3-Next-M 10/512 Medium No
Qwen3-Next-L 10/512 Trillion No
Qwen3-Next-XL 10/512 Trillion No

6 Evaluations

6.1 Experimental Setup

We conduct experiments on Alibaba’s production cluster, com-
prising NVIDIA Hopper GPU servers (each equipped with 8
GPUs) interconnected via a high-performance RoCE network.
Our production evaluation focuses on pre-training the Qwen3
and Qwen3-Next model families. For the controlled open-
source comparison (§6.3), we additionally evaluate DeepSeek-
V3 and Nemotron-3 Super. All experiments use a mixture of
proprietary internal datasets and open-source datasets. We
measure system performance based on Model FLOPs Utiliza-
tion (MFU), end-to-end throughput, and planning overhead.
For the primary production results in Table 2, each work-
load is run with and without Tessera under the same cluster
configuration and hyperparameters.

Baselines. We benchmark Tessera against two baselines that
serve complementary evaluation purposes: (1) Internal Op-
timized Baseline (§6.2): For production-scale evaluation on
clusters of up to 12,288 GPUs, we compare against Alibaba’s
internal Megatron-LM fork, the production training stack
used for the same Qwen3-family workloads before enabling
Tessera. This baseline already includes interleaved 1F1B
scheduling, native communication overlap, and production-
tuned FLOPs-balanced stage partitioning for the same clus-
ter configuration. This setup isolates the incremental benefit
of Tessera’s optimizations on top of an optimized produc-
tion stack. (2) Megatron-Core MoE (v0.16.1) [36]: For con-
trolled, reproducible experiments on a 256-GPU cluster, we
compare against Megatron-Core MoE using public per-model
recipes from Megatron-MoE-ModelZoo (1ca7da9) [35] and
Megatron-Bridge v0.4.1 [23]. These recipes enable Megatron-
Core’s built-in MoE optimizations, including EP communica-
tion overlap.

6.2 End-to-End Production Performance

We first present primary results on the massive-scale clus-
ter. As standard open-source frameworks require significant

of Tokens)
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Throughput (Billions
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Figure 9: Phased Impact of Tessera Deployment. A 2-week
production trace (April 5 — April 19, 2025) from the 8,192-
GPU Qwen3-XL training job. The first step-change (April
9) marks the deployment of Tessera’s Static Planner, which
resolves structural bottlenecks. The second jump (April 16)
marks the activation of the Dynamic Bubble Optimizer, which
absorbs runtime stochasticity to stabilize throughput at peak
levels.

customization at this scale, we benchmark against the In-
ternal Optimized Baseline defined in §6.1—a production-
hardened Megatron-LM tuned by domain experts. Note that,
Tessera’s planning scope does not grow with the full clus-
ter size: Tessera generates one execution plan for a model-
parallel device mesh and replicates it across data-parallel
ranks, so scaling increases the number of plan instances rather
than the planning problem size. DBO likewise operates within
each EP group with no cross-replica coordination.
Performance Consistency. Table 2 summarizes the gains.
Tessera consistently improves MFU by 20%-33% across
all workloads. The standard MoE (Qwen3 family) re-
peats the same Attention+MoE block across layers, achiev-
ing high baseline MFU (29.7%-32.0%) due to strong arith-
metic intensity; the trillion-parameter Qwen3-XL further im-
proves baseline MFU by amortizing communication over-
heads. For these models, the primary gains come from
mechanisms that do not require layer-type diversity: fine-
grained inter-microbatch overlap hides A2A communica-
tion, while DBO fills routing- and pipeline-induced bub-
bles. The overlap-aware partitioner still contributes because
production partitions include non-uniform boundary chunks
(e.g., embedding/output-head chunks), and boundary shifts
can change the post-overlap costs of the resulting stage
pairs. The Qwen3-Next family interleaves GDN and full
softmax-attention layers, producing structurally heteroge-
neous chunks. It employs an extremely sparse MoE archi-
tecture (TopK=10/512). As newly deployed models lacking
mature full-stack optimizations, such as kernel fusion or com-
munication coalescing, their baseline MFU is significantly
lower (15.9%—-19.6%), reflecting reduced compute intensity
and higher system integration overhead under extreme spar-
sity. Despite this, Tessera delivers 20.0%—-32.8% MFU gains,
demonstrating robustness across model scales, cluster sizes,
and deployment maturity levels.

A Phased Deployment. To disentangle the contributions of
Tessera’s components, Fig. 9 illustrates a 2-week “hot up-
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Table 2: Production Performance Gains across Diverse Workloads. Tessera demonstrates consistent MFU improvements
across controlled production-scale pre-training workloads, spanning model scales, MoE sparsities, and cluster sizes from 4,096

to 12,288 GPUs.

Workload Task TopK / #Experts Model Scale Cluster Scale Baseline MFU Tessera MFU Speedup
Qwen3-L 8/128 Large 8,192 GPUs 29.7% 36.3% +22.0%
Qwen3-XL 8/128 Trillion 8,192 GPUs 32.0% 39.0% +21.8%
Qwen3-Next-M 10/512 Medium 4,096 GPUs 16.7% 20.0% +20.0%
Qwen3-Next-L 10/512 Trillion 8,192 GPUs 19.6% 24.0% +22.5%
Qwen3-Next-XL 10/512 Trillion 12,288 GPUs 15.9% 21.1% +32.8%

Qwen3-Next-L EP steady PP steady

4.7% 3.7%
8,192 GPUs, 9.886 s/iter ( l %) ( X")
X-GEMM  M-GEMM |V I
12.4% e 180% i
1
Qwen3-Next-M EP steady PP steady
(18.2%) (2.9%)

5,120 GPUs, 7.147 s/iter \ \
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12.6% 27.0% 18.2%
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Figure 10: Iteration-time breakdown for two production
Qwen3-Next workloads. Steady, warmup, and cooldown re-
fer to pipeline phases.

grade” of the Qwen3-XL training. Phase 1 (Static Planner):
On April 9, replacing the baseline with Tessera’s static plan
yielded an immediate ~13% throughput boost. Decomposi-
tion reveals this gain came from (1) Load Balancing (~9%),
where our overlap-aware partition balanced post-overlap stage
costs, and (2) Latency Hiding, masking the All-to-All com-
munication overhead. Phase 2 (Dynamic Optimizer): On
April 16, enabling dynamic bubble filling elevated MFU to
39.0%. As evidenced by the flattened trace, dynamic task in-
jection reduced production throughput variability after DBO
activation.

Production Case Study. To understand when Tessera’s over-
lap gains are most effective and where residual bottlenecks
remain, we further decompose iteration time for two Qwen3-
Next production workloads in Fig. 10. In both cases, Tessera’s
overlap-aware partitioning compresses steady-phase PP bub-
bles to roughly 3% of iteration time, confirming effective load
balancing across pipeline stages. Yet the two workloads ex-
hibit sharply different overlap efficiency. On the trillion-scale

Qwen3-Next-L (8,192 GPUs), Tessera compresses exposed
EP communication in the pipeline steady phase to 4.7% of iter-
ation time. Including warmup and cooldown, 73% of EP com-
munication is hidden behind computation, leaving exposed
EP at only 8.3% of iteration time. On a separate 5,120-GPU
Qwen3-Next-M run (distinct from the 4,096-GPU produc-
tion result in Table 2), however, steady-phase exposed EP
alone reaches 18.2% of iteration time. Including warmup and
cooldown, only 26% of EP communication is hidden, with
total exposed EP reaching 38.9% of iteration time. The root
cause is compute intensity. Qwen3-Next-M has fewer param-
eters per expert, producing shorter GEMM durations relative
to A2A transfer time and leaving each overlap pair with in-
sufficient computation to hide the A2A latency. This contrast
shows that Tessera’s overlap gains scale with the workload’s
compute-to-communication ratio.

Gap to Ideal Execution. Even in the favorable regime (the
top bar of Fig. 10), 27% of EP communication remains ex-
posed (819 ms), over 40% of which originates from warmup
and cooldown phases. Beyond exposed EP, PP bubbles con-
tribute another 8.5% (835 ms), split between residual stage
imbalance (366 ms) and structural warmup/cooldown cost
(469 ms) inherent to interleaved 1F1B. Together, exposed EP
communication and pipeline idle time account for 17% of
iteration time, which we target in ongoing optimization.
Bitwise Equivalence. Tessera modifies only when and where
tasks execute on the device timeline; the computation graph,
operator semantics, and reduction order are unchanged. Gradi-
ent equivalence therefore holds by construction. We verify this
empirically on a trillion-scale Qwen3-Next workload by com-
paring runs with and without Tessera’s optimizations under
deterministic mode. The two runs produce bit-identical loss
trajectories. This confirms that Tessera’s scheduling transfor-
mations introduce zero numerical divergence, and the system
has since sustained months of production pre-training without
observed quality regression.

6.3 Comparison with State-of-the-Art

To complement the production evaluation against our inter-
nal Megatron baseline (§6.2), we compare Tessera against
Megatron-Core MoE [36] on a 256-GPU cluster. We eval-
uate three open-source MoE models: (i) Qwen3-235B [37],
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Figure 11: MFU comparison among Internal Megatron,
Megatron-Core MoE, and Tessera on a 256-GPU clus-
ter. Tessera remains competitive with publicly available
Megatron-Core MoE recipes on the non-Qwen workloads
while consistently improving over the internal Megatron base-
line across all three models.

a standard Transformer MoE (128 experts, top-8, sequence
length 4K); (ii) DeepSeek-V3 [3], which combines a dense
prefix, compressed MLA attention, an MTP head, and a
sparse MoE (256 experts, top-8, sequence length 4K); and
(iii) Nemotron-3 Super [24], a hybrid Mamba/Attention
model with latent MoE and MTP layers (512 experts, top-
22, sequence length 8K). For Megatron-Core MoE, we fol-
low the per-model recipes from the public Megatron-MoE-
ModelZoo [35] and Megatron-Bridge [23].

As shown in Fig. 11, Tessera improves MFU over the in-
ternal Megatron baseline by 1.27x, 1.24x, and 1.13x on
Qwen3-235B, DeepSeek-V3, and Nemotron-3 Super, respec-
tively, showing that Tessera’s optimizations generalize be-
yond the Qwen3 family to architecturally diverse MoE work-
loads. Against the recipe-tuned Megatron-Core MoE base-
line, Tessera improves MFU by 1.24x on Qwen3-235B and
achieves comparable MFU on non-Qwen models.

We attribute Tessera’s gains to three mechanisms: (i) the
overlap scheduler and DBO jointly mask exposed EP com-
munication; (ii) the overlap-aware partitioner reduces stage-
level load imbalance; and (iii) DBO overlaps deferred Wgrad
with PP send/receive, shrinking the pipeline bubble. On
Qwen3-235B, Megatron-Core MoE’s A2A overlap removes
most exposed EP communication but leaves PP wait in-
tact. Relative to the internal Megatron baseline, Tessera
cuts exposed EP communication by ~75% and PP wait by
~90%. On DeepSeek-V3, both Tessera and Megatron-Core
MoE’s hand-tuned recipe mask over 70% of EP communi-
cation and yield balanced PP stages; Tessera’s DBO fur-
ther overlaps deferred Wgrad with PP send/receive, reach-
ing slightly higher end-to-end MFU. On Nemotron-3 Super,
Megatron-Core MoE’s A2A-overlap implementation relies
on a hand-crafted Transformer-layer decomposition and cur-
rently handles at most one MTP layer. EP communication
outside this supported pattern therefore remains unoverlapped.
Tessera reduces exposed EP communication by 40% and the

[ Megatron-default = B w/o overlap KX B w/ overlap
Zu A w/o overlap [ A w/ overlap

+39.1% +34.1%4
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Figure 12: Impact of co-optimizing partitioning and overlap
scheduling.

pipeline bubble by 30%, yielding higher end-to-end MFU
than Megatron-Core MoE.

6.4 Co-optimizing Partitioning and Overlap

We evaluate the impact of co-optimizing overlap scheduling
and partitioning through two experiments: training Qwen3-
Next-80B on 128 GPUs and Qwen3-Next-M on 256 GPUs.
Both setups utilize an interleaved 1F1B schedule with a micro-
batch size of 1 per GPU, a pipeline-parallel size of 4 with an
interleave size of 2, and an expert-parallel size of 32. To sup-
port a sequence length of 64K, we enable Context Parallelism.
For a controlled comparison of static execution plans, we
employ a mock router that uniformly distributes tokens and
disable DBO, isolating static plan efficiency from dynamic
runtime variance.

We establish Megatron-LM’s native uniform partition as
the baseline. Against this, we compare two alternative strate-
gies, each evaluated with and without Tessera’s fine-grained
overlap scheduling: (1) Partition A: a latency-guided parti-
tion balanced by serial execution time; and (2) Partition B:
Tessera’s overlap-aware partition. As shown in Fig. 12, the
two partitions exhibit markedly different sensitivities to inter-
microbatch overlap. When overlap scheduling is disabled,
Partition A achieves slightly higher end-to-end throughput
than Partition B, as indicated by the A w/o overlap and B w/o
overlap bars. However, once overlap scheduling is enabled,
the relative advantage shifts: Partition B attains significantly
greater overlap gains and ultimately delivers the highest end-
to-end throughput (B w/ overlap vs. A w/ overlap). These re-
sults confirm that partitioning decisions must be co-optimized
with overlap scheduling rather than optimized in isolation.

6.5 Overlap Scheduling

We evaluate overlap scheduling on the candidate overlap pairs
enumerated by Static Planning, before partition selection. For
Qwen3-Next-M at sequence length 4K, the EP32 and EP8
regimes produce 690 and 536 scheduling instances. We com-
pare four strategies: FIFO schedules tasks in topological
order without priority or alignment; + ALIGN adds backbone-
priority and gap-fit alignment (§3.1.2); +DEFER adds con-
ditional deferral of movable Wgrad tasks; and ILP solves
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Figure 13: CDF of per-instance speedup over serial execution
for four overlap schedulers. Top row: analytical makespan;
bottom row: measured post-overlap cost on hardware. +DE-
FER (red) closely tracks the ILP reference (green) across the
full distribution at both EP widths.

the resource-constrained DAG with CBC [5] under a 300-s
per-instance budget.

As shown in Fig. 13, EP32 exposes larger overlap gains
than EP8 because EP communication accounts for a greater
share of each pair’s serial cost. In both cases, the measured
CDFs closely follow the analytical predictions, with the offset
consistent with the theory-to-silicon gap discussed in §5. The
curves also show that + ALIGN alone captures most of the gain
over FIFO. +DEFER’s mean gain over +ALIGN is modest,
but some instances gain over 10%. Taken together, the two
heuristics close to within 1.19%/0.12% of ILP on EP32/EP§
in analytical makespan, and 1.07%/0.76% on measured post-
overlap cost.

Quality vs. solving-time trade-off. Solving all instances
with CBC takes hours to days. Per-instance solve time is long-
tailed: many hit the 300-s budget without a proven optimum.
Tessera’s event-driven scheduler finishes in under a minute,
staying within ~ 1% of ILP on profiled post-overlap cost. We
therefore adopt the heuristic as the production default.

6.6 Dynamic Bubble Optimization

We evaluate DBO’s speedup, overhead, and memory cost on
Qwen3-Next-M (256 GPUs, 4K sequence length). To iso-
late DBO’s contribution from static planning decisions, we
run DBO on top of two static plans. The Baseline Partition
balances serial FLOPs across pipeline stages; the Overlap-
Aware Partition is selected by Tessera’s partitioner using pro-
filed post-overlap costs. Following the bounded-pool policy

Table 3: Performance and peak-memory cost of Tessera’s
Dynamic Bubble Optimizer (DBO) on Qwen3-Next-M. Peak
mem. denotes the maximum allocated memory normalized
by the per-GPU memory budget.

Baseline Overlap-Aware

Metric Partition Partition
Iter-time (s), static 8.28 6.98
Iter-time (s), w/ DBO 7.83 6.67
Iter-time (s), always-keep  8.34 7.06
Peak mem., static 69.3% 67.4%
Peak mem., w/ DBO 72.9% 70.0%

in §3.2.2, we cap the per-GPU movable-task pool at 8. For
each plan we report three configurations: (i) static, DBO dis-
abled; (ii)) w/ DBO, full DBO active; and (iii) always-keep,
which runs the full DBO monitoring, slot-sizing, and injection-
decision paths but keeps every movable task at its original
position instead of deferring it. The always-keep row isolates
the steady-state overhead of DBO without the benefit of task
reordering.

Table 3 summarizes the results. DBO cuts iteration time
by 5.4% on Baseline and 4.4% on Overlap-Aware. The larger
gain on Baseline is expected: serial-balanced partitions leave
larger PP wait, which DBO overlaps with deferred Wgrad
tasks; overlap-aware partitioning already shrinks this wait
during static planning. Always-keep adds about 1% over the
corresponding static run, so the monitor and injection paths
are lightweight on their own. On the memory side, DBO
increases peak memory by 2—4 percentage points of the per-
GPU memory budget, since deferred movable tasks prolong
the liveness of their input activations and gradients. This in-
crease is consistent with the bounded per-GPU movable-task
pool. The capacity can be raised for more bubble-filling, or
lowered to reduce peak memory.

Production-Scale Validation. Two production deploy-
ments confirm DBQ’s effectiveness beyond the 256-GPU
ablation. On the 8,192-GPU Qwen3-XL job (§6.2, Fig. 9),
end-to-end MFU reached 39.0% after DBO activation. On
a 6,144-GPU Qwen3-L run (distinct from Table 2), DBO
alone reduced PP bubble time by 641 ms, yielding a 3.4%
throughput gain. For production-scale overhead, DBO runs
independently within each EP group, so scaling to more GPUs
increases the number of independent instances without adding
cross-group coordination.

6.7 Planning Overhead Analysis

Tessera’s static planning is offline and consists of profiling
distinct overlap pairs and solving the partitioning MILP. We
evaluate on Qwen3-Next-M and Qwen3-Next-L under an
8,192-GPU target configuration with PP8-C2 and PP8-C4, de-
noting 2 or 4 chunks per pipeline rank under pipeline parallel
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size 8. Profiling runs on a 64-GPU reference device group.
Across sequence lengths from 4K to 128K, repeated model
structure bounds the distinct overlap-pair count to 237-327
under PP8-C4 and 575-637 under PP8-C2. Measured profil-
ing time grows with sequence length and peaks at about 3,050
seconds at 128K for the trillion-scale PP8-C2 case, still below
one hour.

Table 4: MILP problem scale and solve time. Pruning re-
moves candidate pairs whose post-overlap cost exceeds Tpase-

Configuration #De.cision #AfFer Sglve
Variables Pruning Time

M-PP8-C2 9,358 1,782 0.34s
L-PP8-C2 23,180 6,993 1.51s
M-PP8-C4 16,192 5,505 0.82s
L-PP8-C4 35,904 12,207 4.22s

Table 4 reports the MILP scale and solve time. The edge-
based formulation introduces stage-selection and edge-pair
activation variables, scaling as O(S-K + E-K?) and avoiding
K'P rank-level enumeration. Profile-guided pruning (§3.1.3)
removes all candidate pairs whose post-overlap cost exceeds
Thase, reducing the effective problem size by roughly 3-5x.
All tested configurations are solved within five seconds on a
64-core server.

7 Related Work

Pipeline Model Parallelism. Pipeline parallelism was es-
tablished by GPipe [7], PipeDream [21], and Interleaved
1F1B [22]. It remains a core scaling primitive in re-
cent large-scale MoE training systems and workloads [30,
32, 37]. Specialized variants target bidirectional execution
(Chimera [13]), bubble minimization (Zero Bubble [25]),
sequence-level partitioning (Seq1F1B [27]), activation check-
pointing (Mario [20]), and memory efficiency (MEPipe [29]).
These systems largely rely on static templates that lack the
expressivity for the misaligned overlap patterns of heteroge-
neous MoE layers; Tessera instead decomposes operations
into fine-grained task graphs for flexible interleavings.

Communication-Computation Overlap. Flux [1] and
Comet [39] employ intra-microbatch overlap, fusing MoE
communication with computation, but often require invasive
kernel fusion that hinders modularity. For inter-microbatch
overlap, DualPipe [3] orchestrates microbatch execution to
hide communication, while WeiPipe [14] overlaps weight
transfers. Inter-microbatch approaches still rely on manually
designed or workload-specific schedules. Tessera automates
inter-microbatch overlap discovery through global planning
and task decomposition.

Automated Model Partitioning. Symbolic partitioners
such as Alpa [40], Tessel [15], nnScaler [16], and Colossal-
AI [12] use analytical cost models, while Aceso [17],

AdaPipe [28], Koala [31], and GraphPipe [9] use profiling.
Mist [41] and PipeWeaver [34] begin to account for over-
lap effects. However, most frameworks still optimize parti-
tioning separately from overlap scheduling, balancing serial
costs rather than post-overlap execution. Tessera profiles post-
overlap cost directly and partitions for parallel execution.

Dynamic MoE Load Balancing. Runtime imbalance in
MOoE has driven two directions: token/expert redistribution via
replication or linear programming (FasterMoE [6], Janus [19],
PopFetcher [38], LPLB [2]), and system-level adaptation via
dynamic kernel tuning (Tutel [8], DeepSpeed-MoE [26]).
Tessera is complementary: rather than trying to perfectly
balance stochastic token loads, it accepts routing variation
and absorbs the resulting pipeline bubbles by dynamically
scheduling movable tasks, such as gradient reduction and
offloading, into idle slots.

8 Conclusion

Training trillion-parameter heterogeneous MoE models ex-
poses a cyclic dependency between pipeline partitioning and
communication overlap that traditional stratified optimiza-
tion cannot resolve. Tessera breaks this cycle by profiling
post-overlap cost for each layer combination to co-optimize
partitioning and overlap scheduling, while a Dynamic Bub-
ble Optimizer fills routing-induced idle slots with movable
tasks at runtime. Deployed on production clusters for pre-
training Qwen families, Tessera improves throughput by 20%—
33% across five workloads at scales from 4,096 to 12,288
GPUs, reaching 39% MFU on a trillion-parameter model
and up to 1.24x higher MFU than Megatron-Core MoE in
controlled experiments. Tessera demonstrates that a unified,
profile-driven co-optimization approach systematically out-
performs manual heuristics, providing a practical foundation
for training next-generation heterogeneous Al models.
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