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Abstract
Mixture-of-Experts (MoE) models have become a widely-

adopted solution to continue scaling model sizes without a
corresponding linear increase in compute. During MoE model
training, each input token is dynamically routed to a subset of
experts – sparsely-activated feed-forward networks – within
each transformer layer. The distribution of tokens assigned
to each expert varies widely and rapidly over the course of
training. To handle the wide load imbalance across experts,
current systems are forced to either drop tokens assigned to
popular experts, degrading convergence, or frequently rebal-
ance resources allocated to each expert based on popularity,
incurring high state migration overheads.

To break this performance-accuracy tradeoff, we introduce
SYMI, an adaptive MoE training system. The key insight
of SYMI is to decouple the placement of expert parameters
from their large optimizer state. SYMI statically partitions the
optimizer of each expert across all training nodes. Meanwhile,
SYMI dynamically adjusts the placement of expert parameters
by repurposing existing weight updates, avoiding migration
overheads. In doing so, SYMI right-sizes the GPU resources
allocated to each expert, on a per-iteration basis, with minimal
overhead. Compared to state-of-the-art MoE training systems,
DeepSpeed and FlexMoE, SYMI is able to achieve a 30.5%
and 25.9% faster time-to-convergence, respectively.

1 Introduction

Recent breakthroughs in large language models (LLMs) have
been largely unlocked by massively scaling their size, i.e., the
number of parameters in the model [22]. State-of-the-art foun-
dation models now consist of hundreds of billions to trillions
of parameters [1, 5, 13, 26, 31, 38, 50, 56, 57, 62, 63]. Training
such models already requires several weeks of compute on
systems with thousands of GPUs – further scaling model size
without architectural improvements is unsustainable.

∗Work done while at Enfabrica.

Sparse architectures, which selectively activate parameters,
are rapidly growing in popularity due to their compute ef-
ficiency. Most frontier models today, including GPT4 [38],
Llama 4 [31], Gemini 2.5 [13], Grok-1 [62], Qwen3 [63], and
DeepSeek-R1 [14] use the Mixture-of-Experts (MoE) archi-
tecture [11]. MoE models decouple parameter scaling from
compute scaling by using each input token to train only a sub-
set of parameters per layer (i.e., experts). Recent MoE models
feature 8 to 512 experts per layer [9, 10, 18, 19, 26, 31, 44, 45].
Increasing the number of experts enables model size scaling
with sublinear increase in compute demands.

To train MoE models, a learned router dynamically as-
signs input tokens to experts in each iteration. The distribu-
tion of tokens assigned to experts is highly dynamic, varying
widely and rapidly across training iterations. As shown in
Figure 2 (§2.1), the number of tokens routed to each expert
can fluctuate by over 16× in as few as 3 iterations. Thus, MoE
training introduces a provisioning challenge. Letting experts
process their full token load increases iteration latency, as
popular experts become bottlenecks while less popular ex-
perts remain idle. Conversely, capping each expert’s token
processing capacity degrades convergence, as popular experts
must drop excess tokens [11, 18, 64, 72, 73]. A non-uniform
but static provisioning among experts is insufficient as expert
popularity varies widely during training.

To break this performance-accuracy tradeoff, an ideal sys-
tem would replicate experts non-uniformly and adaptively to
their dynamic popularity. This would minimize token drops
for better convergence without performance penalty. How-
ever, adaptive expert replication introduces major system
challenges. Expert rebalancing incurs the heavy overhead
of transferring expert parameters and optimizer states across
GPUs. As a result, current systems that support adaptive ex-
pert replication limit rebalancing frequency, e.g., every 50-100
iterations [35, 65, 66], thereby limiting the performance and
accuracy benefits of adaptive replication.

The optimizer state in particular is massive. For example,
the Adam optimizer of an 8B model consumes 96.6GB (ex-
cluding gradients) [29], exceeding an H100’s HBM [6]. In
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modern MoE models, individual experts often surpass this
8B mark [1, 9, 10, 31, 62, 71, 72]. In the trillion-parameter
regime, experts scale further, commensurately amplifying the
per-expert optimizer footprint. Consequently, optimizer shard-
ing and/or offloading for both the dense and sparse model
components are widely used and essential for training large
models [26,47,48,54,68,70]. Our work is situated within this
context of optimizer sharding for large MoE models.

In this paper, we show that expert replication can be re-
balanced on every iteration without extra data movement
compared to normal training. Our key insight is to decouple
the adaptively-replicated expert parameters from their opti-
mizer state. We realize this insight in a system called SYMI
to achieve efficient and frequent adaptive expert replication.
SYMI evenly and statically partitions each expert’s optimizer
state across host memory, independently from the replication
scheme of expert parameters in GPU memory. SYMI never re-
locates the optimizer state but adjusts experts’ replication pro-
portionally to their popularity on a per-iteration basis. SYMI
reshuffles expert weights by repurposing existing communi-
cation during the optimizer pass. Whether a GPU receives
the updated weights of a previous or a newly assigned expert,
data volume is the same. Hence, SYMI does not introduce any
extra data movement during expert rebalancing.

SYMI’s adaptive replication exhibits new communication
patterns transferring gradients and weights between dynamic
experts and the static optimizer. We introduce new collectives
to rebalance experts, replacing existing communication per-
formed in static systems. While the overall communication
volume remains invariant, SYMI alters expert-to-optimizer
locality. SYMI’s collectives reduce communication cost by
implementing locality-enhanced expert placement (favoring
placement of same-class expert replicas within the same rank),
and load-balanced gradient aggregation (avoiding bottlenecks
during gradient communication to the optimizer). SYMI then
materializes each iteration’s expert placement by dynamically
adjusting the ranks receiving the updated optimizer weights.

We implemented SYMI on top of DeepSpeed, demonstrat-
ing 30.5% and 25.9% faster convergence compared to Deep-
Speed and coarse-grained adaptive expert replication solu-
tions, respectively. These gains stem from SYMI dropping
43%–69% fewer tokens than compared systems, while incur-
ring no additional overhead relative to DeepSpeed. In contrast,
existing adaptive expert replication methods increase iteration
latency by 2.46×–4.10× during rebalancing.

2 Background and Motivation

2.1 Mixture-of-Experts
MoE Architecture. To enable continued parameter scaling
without a corresponding increase in compute requirements,
many modern LLMs [1, 13, 26, 31, 38, 62] rely on an MoE
architecture. As shown in Figure 1, MoE architectures are
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Figure 1: Overview of an MoE layer and expert parallelism.

built upon a traditional Transformer architecture [58], except
that the traditional dense feed-forward network (FFN) in each
layer is replaced with a number of experts. Each expert has
the same dimensions as the original FFN, but is trained inde-
pendently, increasing the total number of trainable parameters
of the model. Each layer routes each input token to a subset
of experts, allowing each expert to specialize for a distinct
portion of the input space [11]. Modern LLMs rely on a large
and increasing number of experts, ranging from 8 to upwards
of 512 of experts per layer [9, 10, 18, 19, 26, 31, 44, 45].

As shown in Figure 1, each MoE layer selects the expert(s)
to activate for each token via a learned router or gate net-
work. The router receives the input token embeddings from
the layer’s attention block and selects the Top-k experts for
each token. The selected experts are activated and process
their assigned tokens. Notably, for k = 1 (each token is routed
to a single expert), the sparsely-activated MoE model per-
forms similar number of FLOPS per token compared to the
respective dense model.
Expert Parallelism. To avoid the memory overhead of al-
locating a copy of every expert on every rank, systems use
expert parallelism [11, 23, 51]. As illustrated in Figure 1, ex-
pert parallelism distributes experts across ranks (i.e., GPUs).
Each rank hosts a fixed number of expert slots, and each slot is
assigned an expert class. The set of ranks hosting the different
expert classes form an expert parallel (EP) partition. Scaling
out, each expert class is replicated an equal number of times
with expert data parallelism (EDP) [55]. We refer to the sum
of all replicas as expert instances.

Because expert instances are distributed across ranks within
each EP partition, two all-to-all collective communications are
needed in the forward pass to scatter input tokens and gather
expert outputs, and two all-to-all collectives are needed in the
backward pass to scatter and gather gradients. Furthermore,
an all-reduce collective is needed within each EDP partition
in the backward pass to synchronize gradients across expert
instances of the same expert class, as with data parallelism.
Dynamic Expert Activation. The router dynamically as-
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Figure 2: A single layer’s expert popularity distribution during
the training of GPT-Small (125M) extended with 32 experts.
The distribution shifts dramatically within very few iterations.

Table 1: The convergence-latency tradeoff for different expert
capacities. Shown is GPT-Small (125M) extended with 32
experts per layer, ran in a 16 GPU cluster.

Expert
Capacity

Avg. Token
Survival (%)

Iters to
Target Loss

Forward Pass
Latency (ms)

×1 44.90 618 455.41
×2 65.56 527 506.77
×4 74.91 478 571.42

signs tokens to expert classes on each iteration. As shown in
Figure 2, the token distribution across experts can be both
highly skewed – different expert classes receive disproportion-
ately more tokens, and highly dynamic – varying significantly,
even within a few iterations [11, 16, 18, 25–27, 35, 59, 61, 66].
Figure 2 shows cases where expert token load fluctuates by
over 16× within only 3 iterations (e.g., iterations 72-75).
The Convergence-Latency Tradeoff: In traditional expert
parallelism with uniform replication, popular experts become
latency bottlenecks [16, 35, 66]. Specifically, devices hosting
popular experts delay iteration completion as they process
more tokens while other devices idle. Additionally, devices
with popular experts become a bottleneck in the all-to-all col-
lectives, receiving more tokens and sending more activations.

To manage this load imbalance, the standard practice in
today’s MoE systems is setting an expert capacity, which
defines the maximum number of tokens each expert class
can process [11]. Tokens that exceed this expert capacity
are dropped, improving system latency. However, dropping
tokens results in slower convergence and model quality degra-
dation [3,11,18,64,72,73]. Table 1 demonstrates this tradeoff:
reducing expert capacity yields ∼20% latency improvement,
especially critical for modern AI systems that train models
over thousands of GPUs. However, higher capacity increases

the token survival rate (by ∼30 percentage points) which is
shown to be directly correlated with convergence speed. Con-
sequently, MoE training systems have an intrinsic tradeoff
between model convergence and system performance.

On top of expert capacity, a number of techniques have
been introduced to alleviate the token load imbalance [12,
23, 60, 72]. For example, an auxiliary load-balancing loss
is commonly applied to penalize uneven expert utilization,
thereby reducing token drops and latency. Its coefficient,
however, requires careful tuning. High auxiliary loss involve-
ment harms convergence; it can overwhelm the main loss
objective and steer experts towards sub-optimal specializa-
tion [8, 11, 15, 35, 37, 60, 72, 73], further highlighting the
convergence-latency tradeoff.

2.2 Adaptive Expert Replication
Dynamic, Load-Aware Expert Replication. The root cause
of the convergence-latency tradeoff is that expert replication
is uniform and static, while expert popularity is skewed and
dynamic. An adaptive expert replication strategy can address
this issue by adjusting each expert’s replication degree dynam-
ically, in proportion to their popularity. In the ideal case where
replication precisely matches popularity, tokens can be routed
to their assigned expert classes with minimum iteration la-
tency and minimum drop rate. Popular expert classes receive
sufficient replicas to handle their token load without extra
overhead or token drops, while less popular expert classes are
allocated fewer replicas to avoid idle time.
Rebalancing Cost. Unfortunately, adaptive expert replication
comes with major system challenges. Every expert rebalanc-
ing produces high overhead due to a blocking shuffle required
to redistribute the expert’s state across ranks. Specifically,
assigning a new expert to a slot requires moving both the
expert’s weights (2B per parameter) and optimizer state (16B
per parameter)1 [47] across GPUs. For example, for a typical
model dimension of 12288 as in GPT3-175B [2, 34], and a
state-of-the-art 400 Gbps GPU-to-GPU InfiniBand intercon-
nect, rebalancing a single expert within a single layer would
require transferring 3.375GB of model weights and 27GB of
optimizer state [47], incurring a latency of 0.0675s and 0.54s,
respectively. Moving a single expert’s optimizer in particular
is on par with typical iteration latencies of 1s [34]. Given
the highly dynamic nature of expert popularity, frequently
rebalancing experts to align with shifting popularities incurs
overheads impractical for current systems.
Current Approaches. Modern MoE frameworks employ ad-
hoc solutions to sidestep this challenge. Existing adaptive ex-
pert replication systems rebalance experts infrequently based
on hard-coded thresholds, use heuristics, and rebalance only
a subset of experts per update [35, 65, 66]. FlexMoE [35]
triggers expert rebalancing based on a predefined popularity
skewness threshold (equivalent to every 50-100 iterations)

1We assume fp16/fp32 mixed precision training with the Adam optimizer.
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Figure 3: SYMI decouples the model and optimizer state place-
ment. Expert replication is non-uniform and dynamic, while
each expert’s optimizer remains static, uniformly sharded
across all hosts.

and iteratively shifts by one replica the most and least popular
experts until another cost-based threshold is crossed.

These approaches cannot handle the frequent variation in
expert distributions shown in Figure 2, causing them to leave
accuracy and performance benefits on the table as with static
replication mechanisms. An ideal system should enable fine-
grained adaptive replication, at each iteration, while doing
so efficiently, without overheads from moving expert state.

3 SYMI Design

3.1 Key Insight
The key challenge in dynamically and frequently rebalancing
experts is managing the overhead of moving expert weights,
and more critically, the large optimizer state – traditionally
tied to its corresponding weights. We design SYMI to elimi-
nate this overhead entirely.

Our key insight is to decouple the experts optimizer state
from expert instances, allowing the optimizer offloading,
sharding, and placement to be independent of the replication
and placement of its corresponding expert instance(s). As
shown in Figure 3, SYMI offloads2 and statically shards the
optimizer state for each expert uniformly across all nodes,
regardless of expert placement. Meanwhile, SYMI replicates
experts non-uniformly and dynamically, right-sizing replica-
tion according to popularity.
No-overhead adaptive replication. In contrast to existing
adaptive replication solutions, SYMI never moves the opti-
mizer state. This avoids the immense cost of migrating opti-
mizer state with each rebalancing. While optimizer state is
static, model state (expert instances) is dynamic. At the end
of each iteration, the optimizer always needs to perform nec-
essary communication to move the updated expert weights
to their corresponding instances in GPUs. SYMI makes the
critical observation that this data movement volume is invari-
ant, regardless of the actual data content corresponding to
different expert assignments. The optimizer can choose to
transfer to any given expert slot either the updated weights of

2Offloading the optimizer cleanly separates static from dynamic compo-
nents in SYMI. Still, our design principles are independent of the memory
tier where the optimizer is placed (see Section 6).
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through a training iteration.

the previously assigned expert or those of a newly assigned
one. As a result, SYMI enables shuffling into a new, arbitrary
expert placement after each optimizer step, without requiring
any additional data movement.
Continuous adaptive replication. SYMI replicates experts
proportionally to their popularity, thus minimizing token
drops and improving model convergence. In traditional ex-
pert parallelism, all experts are allocated the same number of
replicas. As explained in §2.1, this uniform allocation forces
popular experts to drop excess tokens once their capacity is
exceeded, slowing down convergence.

SYMI, by contrast, enables experts’ replication to quickly
follow their dynamic popularity. Having eliminated data
movement overheads during expert rebalancing, SYMI can
update the expert placement on every iteration. SYMI reli-
ably predicts expert popularity by mimicking the previous
iteration’s demand, and proportionally adjusts replication de-
grees. This allows popular experts to scale their effective
capacity without a latency penalty, dramatically reducing to-
ken drops and accelerating convergence. SYMI’s fine-grained,
constraint-free strategy is far simpler, yet much more effective
than coarser-grain predictive/heuristic-based schemes.

3.2 SYMI Design Overview
Figure 4 shows SYMI’s block diagram and enumerates the
steps executed throughout an entire training iteration. We
show a single MoE layer in a single rank (i.e., GPU)3, and the
process is repeated for all other layers and ranks. The attention
and normalization components are omitted; SYMI focuses

3Our design operates at the level of full expert instances, and techniques
that split instances across ranks (e.g., tensor parallelism) are orthogonal to
our approach, as discussed in Section 6. For simplicity of presentation here,
we assume that each rank contains whole experts.
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only on the expert MLPs and does not change the rest of the
Transformer layer as it is handled by current systems like
DeepSpeed [45]. Specifically, SYMI introduces a set of core
components that include the SYMI Optimizer, which manages
communication and expert updates, the Expert Placement
Scheduler, responsible for dynamic expert assignment, and
a Layer Metadata Store that tracks expert popularity. SYMI
also extends the existing expert router and runtime engine to
support dynamic expert replication.

Figure 4 illustrates how these components operate over a
full training iteration. During the forward pass, SYMI gathers
expert popularity statistics and distributes tokens to the cur-
rent (non-uniform) expert placement. During the backward
pass, SYMI synchronizes expert gradients across each expert
class’s replicas. Finally, SYMI’s optimizer step gathers expert
gradients, calculates the next iteration’s expert placement,
and performs rebalancing by distributing the updated weights
according to the new placement.

Forward pass: Within each layer, the router takes in as input
the batch token embeddings from the local attention block.
The router assigns tokens to expert classes, independently of
their replication. 1 We extend the router to aggregate the
number of tokens assigned to each expert class, via an all-
reduce collective across all ranks. The tensors participating
in the all-reduce are small, containing only a single element
for each expert class, so the overhead of the collective is neg-
ligible as shown in §5.3. SYMI stores the resulting globally-
consistent expert popularity in the Layer Metadata Store, to
be later used by the Expert Placement Scheduler. 2 The
router maps tokens to expert classes, as usual. SYMI then load-
balances the tokens for a given expert class across its repli-
cated instances. Because SYMI replicates experts instances
(i.e., the total capacity of each expert class) proportional to
demand, SYMI minimizes drops and improves convergence.

Backward pass: 3 During the backward pass, the runtime
engine (e.g., DeepSpeed) performs an all-reduce step to syn-
chronize expert gradients. While this all-reduce exists in cur-
rent engines, SYMI changes the ranks that contain instances
for each expert class on a per-iteration basis. Thus, SYMI
introduces a new locality-enhanced all-reduce implementa-
tion (Section 4) to efficiently synchronize gradients across
the dynamic communication groups.

Optimizer step: SYMI’s Optimizer manages the decoupled
optimizer state for all expert instances. The SYMI Optimizer
is offloaded to host memory and is uniformly partitioned for
all experts across all nodes. We prove this strategy is latency-
optimal in Appendix A.1). 4 The SYMI Optimizer in each
node gathers its corresponding gradient partitions, 5 and
uses them to perform the optimizer step and produce the up-
dated weights (as in baseline systems). 6 Meanwhile, the
Expert Placement Scheduler (§3.4) collects this iteration’s ex-
pert distribution from the Layer Metadata Store and calculates
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Figure 5: Current systems (left) bind optimizer state to expert
instances, requiring costly optimizer state migration during
expert rebalancing. SYMI (right) keeps the optimizer static
and eliminates this overhead.

the expert instance allocation for the next iteration4. 7 SYMI
updates the SYMI Optimizer, runtime engine, and router with
the new expert placement. 8 The SYMI Optimizer finally
sends the updated expert weights to slots according to the
new, rebalanced schedule.

We next prove that our collective communication requires
no additional data movement and has equivalent communica-
tion cost compared to the equivalent steps 3 , 4 and 8 of
baseline static systems.

3.3 No-overhead Adaptive Replication
Current systems co-locate model and optimizer (partitioned
or not) state. The optimizer state accounts for the majority
of an expert’s memory footprint (§2.2: 8× more than model
weights). Consequently, current adaptive expert replication
solutions suffer from significant communication overhead
moving optimizer state together with its respective expert’s
weights. This overhead becomes especially problematic given
the need to continuously rebalance expert instances.

As shown in Figure 5, SYMI avoids this overhead entirely.
SYMI develops a clean separation between static optimizer
state in host memory and dynamic expert weights in accel-
erators. Similar to ZeRO-1 [46], SYMI offloads optimizer
state to host memory. However, unlike ZeRO, SYMI decou-
ples the offloaded optimizer from expert instance placement;
SYMI uniformly partitions each expert’s optimizer across all
N nodes, and changes the expert class assigned to each GPU
expert slot on every iteration.

Our design successfully eliminates the optimizer migra-
tion overhead. The remaining challenge is to avoid introduc-
ing overhead when relocating experts. SYMI’s insight is to
perform rebalancing by leveraging existing data movement,
rather than introducing additional communication to shuf-
fle weights across GPUs. In particular, the SYMI Optimizer
disregards the previous placement after the optimizer step,
and materializes the new expert placement by transferring
the updated weights to each expert slot according to the next
iteration’s rebalanced schedule.

4In practice, step 6 may execute earlier, even right after step 1.

USENIX Association 23rd USENIX Symposium on Networked Systems Design and Implementation    79



In total, the communication needed to rebalance expert
state can be split in two phases. The Grad Communication
Phase synchronizes and collects expert gradients from expert
instances to the SYMI Optimizer, based on the previous expert
placement. The Weight Communication Phase distributes the
updated expert weights from the SYMI Optimizer to expert
slots based on the new expert placement.

To show that SYMI introduces no overheads, we compute
(I) the total optimizer state footprint, (II) the total data IO in
each phase, and (III) the communication cost of each phase
using SYMI and a baseline design with static expert repli-
cation and offloaded optimizer like DeepSpeed [55]. In the
baseline static design, each expert is replicated a constant
number of times, and the corresponding optimizer state is
uniformly sharded across the nodes hosting that expert.

N # nodes in the training cluster
E # expert classes
s # expert slots per rank
r # expert replicas (static baseline)
ri # expert replicas for expert ei (SYMI)

BWpci local GPU-CPU interconnect (e.g., PCIe) bandwidth
BWnet cross-node GPU-GPU network (e.g., IB) bandwidth

G gradients data size for one expert instance
W weights data size for one expert instance
O optimizer state data size for one expert class
M total optimizer memory footprint

DG/W total data transferred in each phase
TG/W communication cost per rank in each phase

Table 2: Variable Definitions

We use the notation5 in Table 2. Notice that the total num-
ber of expert instances in the system are:

rE = sN, for the static baseline (1)

∑
ei

ri = sN, for SYMI (2)

To illustrate scale, we often accompany the equations with
a representative example extending a GPT3-175B model
(G = W = 3.375GB and O = 27GB) [2] with E = 64 ex-
perts [26], trained in a cluster with N = 2048, s = 2, BWpci =
64GB/s, BWnet = 400Gbps [6].

(I) Optimizer Memory Footprint We compare the total
memory footprint of the SYMI Optimizer to the static baseline.
The static baseline partitions the optimizer of each expert r-
ways, following expert data parallelism. SYMI partitions the
optimizer of each expert across all N nodes.

5For simplicity, this model assumes that each node contains a single GPU
rank with s expert slots. This translates to s total slots across a node’s NVLink-
connected GPUs, with experts possibly sharded via tensor parallelism.

Both designs have the same memory footprint:

Mstatic =E
1
r

rO = EO

MSYMI =E
1
N

NO = EO

which is ∼1.7TB per layer, equally distributed over the host
memory of the cluster.

(II) Data Transferred We compute the total data involved
in communication, regardless of the collective implementation
(e.g. different all-reduce algorithms).

For the Grad Communication Phase, for all experts each
optimizer partition needs as input the corresponding gradient
shard, synchronized across all expert replicas: for each expert
(ei), all expert replicas (ri) participate in exchanging their
gradients shards ( G

#partitions ) corresponding to each optimizer
partition (#partitions).

For the Weight Communication Phase, each expert in-
stance needs to receive the concatenation of all weight
shards: each expert (ei), receives the full partitioned weights
(#partitions × G

#partitions ) in each replica (ri).
The above are formulated as:

Dstatic
G =Er

G
r

r = rEG
(1)
== sNG

Dstatic
W =Er

W
r

r = rEW
(1)
== sNW

DSYMI
G =∑

ei

ri
G
N

N
(2)
== sNG

DSYMI
W =∑

ei

N
W
N

ri
(2)
== sNW

showing that an equal volume of data (27TB total, involving
all nodes and all networks) is moved on every iteration in both
SYMI and the static baseline.

(III) Communication Cost At this point, we have proved
that SYMI communicates the same volume of data as static
expert replication. However, the locality of the optimizer state
and expert slots differ in our design. We next show that this
introduces negligible communication overhead.

In the Grad Communication Phase, each rank collects the
synchronized (reduced) expert gradient shards corresponding
to the local optimizer partitions via the backend network, and
then transfers these gradient shards to host memory via the
CPU-GPU interconnect (e.g., PCIe).

Similarly, in the Weight Communication Phase, the expert
optimizer lands the updated weight shards in GPU HBM via
PCIe, and then transfers the weight shards to any correspond-
ing remote expert replicas through the backend network.
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The full computations are provided in Appendix A.2, and
the resulting expressions are summarized below:

T static
G =

E
N

G
BWpci

+
sN −E

N
G

BWnet

T static
W =

E
N

W
BWpci

+
sN −E

N
W

BWnet

T SYMI
G =

E
N

G
BWpci

+
sN − s

N
G

BWnet

T SYMI
W =

E
N

W
BWpci

+
sN − s

N
W

BWnet

We compare the resulting formulas and find that SYMI
presents only marginally more communication cost (due to
the reduced expert-optimizer locality). This small increase is
equal to ∆T

T static =
E−s

sN−E(1− BWnet
BWpci

)
.

In practice, this extra communication overhead between
the static baseline and SYMI is negligible. In our example,
SYMI would incur only 1.52% extra communication cost
per iteration (∼0.273s vs ∼0.269s total communication). In
summary, SYMI enables experts to be efficiently rebalanced
at a per-iteration granularity.

3.4 Expert Placement Manipulation
As discussed in Section 2.1, current systems impose a fixed
capacity limit on the number of tokens that can be routed to
each expert class. Expert capacity aims to avoid long iterations
and idle resources due to the high variance in expert popularity.
However, this causes dropped tokens, which harms training
convergence.

Expert capacity in current systems is defined as:

capacity(ei) = capacity_factor× tokens_per_batch
E

(1)
==capacity_factor× tokens_per_batch

sN︸ ︷︷ ︸
slot_capacity

×r

Setting the capacity_factor to 1.0 results in the lowest itera-
tion latency, but also the highest drop rate.

Conversely, SYMI allows experts to be replicated non-
uniformly, effectively scaling each expert class’s total capacity
by the dynamic number of its assigned replicas (ri):

capacitySYMI(ei) = slot_capacity× ri

If each expert’s replication degree is proportional to its pop-
ularity (barring rounding errors), tokens can be routed to their
assigned expert classes with minimum drop rate and mini-
mum iteration latency. Popular expert classes have enough in-
stances to serve all their assigned tokens without token drops

or extra latency. In this ideal scenario, the capacity_factor is
irrelevant.

However, the system can precisely capture each iteration’s
expert popularity only after the router assignment. The cost
of reshuffling experts between expert assignment and token
routing would be prohibitive. Thus, SYMI relies only on past
popularity information and materializes the expert placement
in the previous iteration, avoiding this cost.

Specifically, after the router assignment, SYMI invokes an
all-reduce collective to aggregate the number of tokens as-
signed to each expert class. The resulting array of sums repre-
sents the current iteration’s expert popularity. SYMI stores the
popularity array into the local rank’s Layer Metadata Store.
The Expert Placement Scheduler retrieves its desired input
information from the Layer Metadata Store, and produces the
expert placement schedule for the next iteration. The overhead
of those added components is negligible (see §5.3).

The Expert Placement Scheduler can leverage any histori-
cal popularity information to derive the next iteration’s place-
ment. In this paper, we chose the simple, yet very effective
policy; expert placement mimics the previous iteration’s popu-
larity. As discussed in §2.1, expert popularity can shift dramat-
ically within as few as 3 iterations, highlighting the need for
per-iteration rebalancing. At the same time, expert popularity
distributions are smooth enough so that the previous iteration
serves as a reliable proxy for the next. In our evaluation, we
demonstrate that our policy is sufficient for replication to ac-
curately match popularity, enabling SYMI to drop 43%-64%
fewer tokens than systems that rebalance experts on 10-100
iteration intervals (§5.2).

The Expert Placement Scheduler computes how expert in-
stances are distributed across devices in each iteration. The
scheduler assigns replicas to experts in proportion to their
captured popularity, assigning at least one instance per ex-
pert so that all experts remain reachable. The scheduler then
places the assigned instances contiguously across slots, fa-
voring placement of same-class experts within the same rank.
The full algorithm is provided in Appendix A.3. The Expert
Placement Scheduler runs locally on every rank. Because the
Expert Placement Scheduler’s algorithm is deterministic, the
only control-flow coordination needed between ranks is to
aggregate the input expert popularities.

4 SYMI Collective Communication

We implemented SYMI on top of DeepSpeed [48]. This sec-
tion presents SYMI’s collective communication mechanisms
that enable the per-iteration adaptive replication described in
Section 3. We show how SYMI synchronizes gradients across
instances of the same expert class (§4.1), while efficiently
managing distributed communication groups (§4.2). We then
present how SYMI collects the gradients (§4.3) and distributes
the updated weights to expert slots (§4.4).
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Figure 6: SYMI extends the all-reduce implementation allow-
ing intra-rank expert replication.

4.1 Intra+Inter Rank All-Reduce

In principle, a partitioned optimizer synchronizes gradients
with communication size of (r−1)G

r (as in ZeRO-2 [49]). This
is a reduce-scatter collective – the first half of an all-reduce.
In practice, existing frameworks perform the full all-reduce
collective across the r data-parallel partitions with communi-
cation size of 2 (r−1)G

r .
Existing all-reduce collective implementations synchronize

tensors across different ranks, but not within them [7, 41],
preventing experts from being freely allocated to expert slots.
Each expert can only be replicated across different ranks up to
N times, instead of up to sN allowing multiple instances of the
same expert class on the same device. This constraint makes
expert scheduling complicated and often leads to sub-optimal
schedules. We have empirically found that this constraint can
increase token drops by up to 20%.

SYMI proposes a novel all-reduce implementation that al-
lows simultaneously both inter- and intra- rank expert data
parallelism, removing replication restrictions. Figure 6 il-
lustrates how our proposal manages experts replicated both
within and across ranks. 1 For a given expert class, each
rank elects a slot representative and the remaining expert
slots within the rank add their tensors to the representative.
2 Then, an inter-rank all-reduce is applied only across each

rank’s representative slots. 3 Finally, the representative slot
in each rank normalizes and copies the all-reduced gradients
to the remaining slots, completing the all-reduce.

Besides enabling arbitrary expert placement schedules, our
all-reduce implementation synchronizes instances of each
expert class with less inter-node network traffic compared
to schedules that would have to spread equally-as-many in-
stances across different ranks. SYMI leverages this property
in full; the Expert Placement Scheduler (§3.4) assigns expert
instances contiguously first across slots within a rank and then
across ranks.

4.2 Communication Group Management

As replication patterns evolve, the required all-reduce com-
munication in the backward pass may involve a varying set
of ranks for each given expert. NCCL mandates that col-
lective operations occur over all ranks in explicitly defined
communication groups [42]. Consequently, dynamic replica-
tion requires creating a new communication group for each

expert, at each layer, potentially on every iteration. This op-
eration includes blocking, single-threaded synchronization
and may take more than 1,000 seconds in large clusters (e.g.,
N = 2048) [21]. To address this prohibitive overhead, SYMI
pre-registers all necessary communication groups at initial-
ization time. To avoid registering all possible 2N rank com-
binations, we leverage that the Expert Placement Scheduler
(§3.4) assigns experts contiguously across ranks. Thus, we
only register groups of consecutive ranks, requiring SYMI

to only manage N(N−1)
2 groups. This allows us to reuse the

same pre-initialized groups across different experts and layers,
ensuring zero group-creation overhead during training.

4.3 Gradient Communication Load-Balance
Once gradient synchronization is complete, the SYMI Opti-
mizer on each rank proceeds to update its state by fetching
its corresponding gradient partitions. To coordinate this trans-
fer efficiently, SYMI selects a unique expert instance as the
source for each expert class’s gradient shard. To minimize
communication cost, SYMI prioritizes local expert–optimizer
transfers whenever possible, whereas remote transfers are
distributed in a round-robin fashion across available expert
replicas to avoid network contention and hotspots. The full
gradient collection algorithm is provided in Appendix A.4.

4.4 New Expert Placement Materialization
Finally, the SYMI Optimizer computes the updated weights
and distributes them to expert slots according to the next iter-
ation’s expert placement. SYMI implements both the gradient
collection (§4.3) and the weight update with batch point-to-
point communication [43]. SYMI identifies the participating
send/receive ranks and issues a batch_isend_irecv opera-
tion across all experts.

5 Evaluation

Experimental Setup. We compare SYMI to two state-of-the-
art baselines. DeepSpeed [48] represents the state-of-the-art
static baseline, which does not perform any adaptive replica-
tion. We also compare against the state-of-the-art adaptive
replication baseline, FlexMoE [35]. We ran experiments on an
Azure cluster with 16 NC24ads-v4 instances. Each instance
contains an NVIDIA A100 80GB GPU with a 32 GB/s PCIe
4.0 interconnect and a 100Gbps ConnectX-5 NIC.

All systems set the capacity_factor to 1.0, the auxiliary
loss coefficient to 10−5, and use Top-k=1 routing with 16
expert classes and 4 expert slots per GPU, totaling 64 expert
instances for every layer. DeepSpeed allocates an equal num-
ber of expert instances (4) for each expert class, distributed
across different ranks as DeepSpeed does not support intra-
rank expert data parallelism. For all systems, we set the tensor
and pipeline parallelism degrees to 1, as these strategies are
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Table 3: Total training time (in minutes) to reach target loss.

DeepSpeed FlexMoE-100 FlexMoE-50 FlexMoE-10 SYMI

147.84 145.42 141.60 138.61 102.68

orthogonal to our design. For non-expert components, we use
a data parallelism degree of 16 to match the world size [34].
We configured DeepSpeed with ZeRO-1 (i.e., optimizer of-
floaded to CPU DRAM and evenly sharded across the nodes
containing instances of the same expert). SYMI partitions the
optimizer of all experts uniformly across all ranks.

Since FlexMoE does not have an open source implemen-
tation, we implemented FlexMoE’s expert scheduling policy
over SYMI. As in the original implementation, our FlexMoE
implementation ties each expert’s full optimizer state to its
expert instances. Since the optimizer must remain local to its
expert, during rebalancing the entire optimizer state is trans-
ferred to nodes that did not previously host that expert. To
explore the accuracy and latency tradeoff between different
FlexMoE rebalancing strategies, we followed the rebalancing
frequencies reported in the original paper [35] and triggered
rebalancing every i = 10, 50, or 100 iterations.

We used a standard GPT architecture [2], with three base-
model sizes; GPT- Small, Medium, and Large, with 125M,
350M, and 760M parameters, respectively. We are training
on the MMLU dataset [17]. We set sequence length to 512
and global batch size to 64.

5.1 Time to Convergence
Time-to-convergence represents the end-to-end metric that
measures how fast we can train a model to some target loss.
Time-to-convergence directly relates to the cost of training as
well. Table 3 shows the time-to-convergence needed to reach
a target loss value of 4.0, training a GPT-Small (125M) param-
eter model. SYMI is able to improve the time-to-convergence
by 30.5% compared to DeepSpeed. While FlexMoE with high
rebalancing frequency is able to converge faster than Deep-
Speed, SYMI is still faster by 25.9% to 29.4%. This result is
a combination of SYMI’s improved convergence performance
(fewer iterations to target loss) and system performance (lower
iteration latency). Next, we separately analyze these two com-
ponents.

5.2 Convergence Evaluation
Figure 7 shows the training loss of all systems over the course
of 2,000 training iterations. SYMI achieves significantly faster
convergence than DeepSpeed throughout training, regardless
of the target loss. For instance, to reach a target loss of 4.0,
SYMI requires 28.5% fewer iterations than DeepSpeed. Also,
to reach the same loss SYMI requires 15.6% and 12.1% fewer
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Figure 7: GPT-Small training loss for SYMI, DeepSpeed, and
FlexMoE with different rebalancing intervals. SYMI achieves
faster convergence than static replication systems like Deep-
Speed and coarse-grained adaptive replication solutions.

0 250 500 750 1000 1250 1500 1750 2000
iteration

0

20

40

60

80

100

to
ke

ns
 s

ur
vi

ve
d 

(%
)

Survived Tokens, All Layers Aggregate

pre-drop tokens
Symi
FlexMoE-10

FlexMoE-50
FlexMoE-100
DeepSpeed

Figure 8: Percentage of survived tokens across iterations.
Static expert replication suffers from token drops, while infre-
quent rebalancing cannot adjust well to the dynamic expert
activation distribution.

iterations compared to FlexMoE with low (FlexMoE-100) and
medium rebalancing frequencies (FlexMoE-50), respectively.
When FlexMoE rebalances every 10 iterations, it requires the
same number of iterations to converge as SYMI. However,
FlexMoE-10’s improved convergence comes at the cost of a
significant increase of per-iteration latency (see §5.3).

To better understand these results, Figure 8 shows the frac-
tion of survived (i.e., not dropped) tokens over the course of
training. These results validate two key assumptions. First,
increasing the frequency of adaptive replication directly trans-
lates to fewer dropped tokens. In total, SYMI dropped 69%,
64%, 62% and 43% fewer tokens over the course of train-
ing compared to DeepSpeed, FlexMoE-100, FlexMoE-50,
and FlexMoE-10, respectively. Secondly, combined with the
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Figure 9: Normalized expert popularity (orange) vs expert replication degree (blue) across different experts in different layers.
While DeepSpeed allocates a fixed number of expert instances per expert class, SYMI adjusts replication proportionally to expert
popularity. SYMI ’s scheduling policy adapts replication effectively to changing demand – whether experts lose popularity (left),
gain popularity (center), or exhibit highly spiky distributions (right).
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Figure 10: Zooming in the expert popularity vs expert repli-
cation plot. SYMI’s scheduler assigns replicas based on the
popularity observed in the previous iteration. This strategy is
a good proxy even for very spiky popularity distributions.

results shown in Figure 7, we observe that dropping fewer
tokens allows experts to learn better in each training iteration,
directly improving convergence rate on a per-iteration basis.
Thus, Figure 8 shows that rebalancing as often as possible
directly improves convergence.

To further understand why more frequent rebalancing drops
fewer tokens, Figure 9 compares expert popularity and ex-
pert replication for different experts across training. The top
and bottom rows refer to different experts for DeepSpeed and
SYMI, respectively. Meanwhile, the three columns show dif-
ferent commonly observed expert behavior patterns: shrinking
popularity, growing popularity, and highly variable popularity.
In the case of DeepSpeed, it is overwhelmingly common that
expert popularity largely diverges from the constant expert
replication factor. In particular, the middle column shows
how very popular experts (as shown in Figure 2) result in
highly-imbalanced replication. This leads to a large amount
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Figure 11: Percentage of total survived tokens (left), and nor-
malized iterations needed to reach a target loss (right) for
different auxiliary load-balancing loss coefficients. In con-
trast to SYMI, DeepSpeed relies on auxiliary loss involvement
to achieve low drop rates and faster convergence.

of dropped tokens, and as a result, slower convergence. Mean-
while, the bottom row shows how SYMI is able to adaptively
change the replication factor of each expert, under all dynamic
behaviors, based on the expert’s popularity.

SYMI’s expert replication strategy is effective under varied
popularity distributions. Recall that SYMI’s Expert Placement
Scheduler uses the popularity distribution of the previous it-
eration. To validate the efficacy of this technique, Figure 10
shows a zoomed-in view of the expert popularity and corre-
sponding expert replication during a particularly spiky train-
ing interval. Even in this domain, using the previous iteration
as a proxy manages to closely match the expert’s dynamic
popularity.

Adjusting the auxiliary load-balancing loss can help reduce
token drops but harms convergence (§2.1). In Figure 11, we
study DeepSpeed’s and SYMI’s behavior under different aux-
iliary loss coefficients. DeepSpeed requires a high auxiliary
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Figure 12: Average iteration latency on different GPT models.
SYMI outperforms both the FlexMoE baselines and Deep-
Speed. For FlexMoE, average iteration latency increases with
rebalancing frequency.

loss coefficient to avoid excessive drops of ∼40% in aggre-
gate. While the lower drop rate helps with convergence, the
high auxiliary loss coefficient interferes with the loss objec-
tive and with expert routing and bounds the overall benefits
in convergence speed. In contrast, the adaptive expert repli-
cation allows SYMI to maintain low token drops of ∼10%
in aggregate regardless of the coefficient value. SYMI con-
verges fast for all but the very high coefficient values. Overall,
SYMI removes the need to carefully tune the auxiliary loss to
tradeoff convergence speed and system performance, turning
it into a quality knob rather than a system necessity.

In summary, these results show that expert popularity
changes rapidly, on a per-iteration basis (Figures 9 and 10). In-
creasing the frequency at which expert placements are adapted
according to this shifting popularity is essential to avoiding
dropped tokens (Figure 8). By avoiding these token drops,
training systems can drastically improve the convergence rate
(Figure 7). SYMI adapts expert placements at a per-iteration
frequency, maximizing the convergence benefits of adaptive
replication.

5.3 Iteration Latency Evaluation

We validate in practice that SYMI introduces no latency over-
heads to perform per-iteration adaptive replication. Figure 12
shows the average iteration latency achieved by all systems
across the three GPT models. SYMI adds no communica-
tion overheads over the static DeepSpeed baseline. In fact, it
slightly improves iteration latency by 2.8%, 3.2%, and 9.3%
for GPT- Small, Medium, and Large, respectively. In contrast,
FlexMoE exhibits increasing average iteration latency with
higher rebalancing frequencies. This is the reason we report
end-to-end training times for GPT-Small in §5.1. Also, Flex-
MoE terminates with an out-of-memory error on GPT-Large
as transferring optimizer state requires temporary co-locating
current and future state in a given slot.

Figure 13 breaks down each system’s latency. For FlexMoE,
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Figure 13: Latency breakdown to the different components of
the training iteration. For FlexMoE, we break down iterations
where rebalancing occurs. SYMI’s newly introduced compo-
nents add negligible overhead, while in FlexMoE iteration
latency spikes.

we show the average breakdown of a rebalancing iteration.
DeepSpeed never rebalances and SYMI rebalances on every
iteration. SYMI’s iteration latency improvement over Deep-
Speed is attributed to the observed lower communication cost,
resulting from our collectives implementation (Section 4).
Additionally, SYMI’s new components – expert popularity all-
reduce, expert placement scheduler, metadata update during
rebalancing – introduce negligible overhead, aggregating to
only 1.06%, 0.82%, and 0.70% of the total iteration time for
the 125M, 350M, and 760M models, respectively.

Conversely, FlexMoE incurs substantial overhead from op-
timizer state movement, increasing its rebalancing iterations’
latency by 2.46×-4.10×. While FlexMoE-10 achieved com-
petitive convergence performance to SYMI, frequent rebalanc-
ing leads to FlexMoE-10 having ∼35% higher average itera-
tion latency than SYMI. FlexMoE-50/100 amortize overheads
across non-rebalancing iterations. Yet, FlexMoE-50/100 still
exhibit higher average iteration latency than SYMI, added
to the fact that their infrequent rebalancing strategy compro-
mises convergence.

6 Discussion

Is SYMI compatible with different offload/parallelism
frameworks? Our design is compatible with, and can ben-
efit from different offloading and parallelism techniques ap-
plied to either experts or the optimizer. While this work uses
ZeRO-1 [49], ZeRO-2/3 are fully applicable. Experts sharded
via tensor parallelism/expert-sharding parallelism [39, 55, 67]
are treated as a single logical expert. In pipeline paral-
lelism [4,33], the optimizer of each layer is uniformly sharded
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across the ranks of the corresponding pipeline stage. Schedul-
ing policies that reduce the exposed communication of differ-
ent forms of parallelism (Section 7) can be orthogonally ap-
plied to our work. More broadly, our design decouples model
weights from optimizer state but imposes no constraints on
how each is internally treated.

Is optimizer offload mandatory? No. It is a design choice
to cleanly separate static components (optimizer state in host
DRAM) from dynamic ones (expert weights in GPU HBM).
Offloading state enables usage of model sizes in excess of the
storage capacity of the compute complexes. Our design log-
ically decouples optimizer placement from expert instances
but imposes no constraints on where the optimizer must phys-
ically reside. In different implementations, the optimizer may
be sharded uniformly across accelerator memory (see Ap-
pendix A.5) or may even be stored in disaggregated memory.

Is SYMI compatible with other replication strategies?
The recent LLama 4 [31] and DeepSeek-V3 [26] models use a
combination of shared and routed experts. SYMI is applicable
to such systems where it would optimize placement for the
routed experts. In general, SYMI alleviates the system bottle-
necks in expert placement, allowing AI experts to innovate
in learning algorithms without systems limitations. While we
find replicating based on the previous iteration’s popularity
effective, SYMI’s dynamic replication policy is flexible. The
expert scheduler may incorporate prediction, historical statis-
tics, or even disregard popularity alltogether and replicate
experts based on expected dataset characteristics.

Is the current hardware architecture optimal for MoE?
We observed high utilization of the host-to-accelerator path
via PCIe and then over the backend network. As optimizer
state scales with model size [3, 47], offloading the opti-
mizer becomes necessary, resulting in increased memory-
to-accelerator communication volume and jitter from host
memory fetches. A high-bandwidth and potentially tiered
GPU-to-remote-memory interconnect can accelerate MoE
systems like SYMI.

7 Related Work

SmartMoE [66] co-locates popular and unpopular experts in
the same GPU, and decides on dynamic rebalancing using a
pre-calculated pool of potential expert placements and online
dynamic programming. It does not change the replication of
experts and suffers from overheads that prevent arbitrary and
frequent expert rebalancing. SmartMoE is also not applicable
to models where the size of an expert crosses the boundaries
of HBM. FasterMoE [16] instead replicates popular experts
to all devices, but requires an additional broadcast after deter-
mining the routing decision, introducing latency overheads.
MoESys [65] dynamically routes experts using hierarchical
storage, but also relies on thresholds to balance data transfer
costs before applying its mechanisms. FlexMoE [35] builds
upon the notion of adaptive replication found in FasterMoE

by selectively replicating experts across GPUs according to
their popularity distribution.

Expert choice routing [72] flips MoE routing so each ex-
pert selects its top tokens for better load balance, but is prone
to token loss and is not directly applicable to autoregressive
decoding. DeepSeek’s auxiliary-loss-free load balancing [60]
injects load-based biases directly into router scores instead of
altering the loss function. It uses a tunable update rate and a
complementary sequence-wise balance loss to avoid extreme
imbalances [26]. Using auxiliary loss or auxiliary-loss-free
load balancing is orthogonal to SYMI. MegaBlocks [12] uni-
fies variable expert workloads into block-sparse GPU kernels
to eliminate drops, but only applies to experts that can fit
concurrently in HBM. MegaBlocks is compatible with, and
can benefit SYMI in the intra-device expert domain.

Tutel [18] leverages data and tensor parallelism for MoE
training. HetuMoE [36] supports MoE training on top of the
Hetu framework [32]. Janus [27] fetches experts to each GPU
as opposed to broadcasting data. The DeepSpeed [45, 48]
training framework leverages ZeRO [46, 47, 49] techniques to
shard and offload each expert’s optimizer state across its EDP
group. DeepSpeed does not support adaptive replication.

Recent works, orthogonal to ours, such as ScheMoE [53],
Parm [39], and CCFuser [59], introduce improved collective
communication kernels to address the overheads of the all-to-
all communication required between experts. Others, such as
Lina [25], PipeMoE [52], APTMoE [61], HiDup [67], FS-
MoE [40], and Lancet [20], improve expert sharding and
scheduling strategies to better hide communication between
experts. MPMoE [69] improves GPU memory efficiency by
better managing activations and temporary buffers. Hexa-
MoE [30] optimizes for heterogeneous hardware.

Numerous projects have explored improvements to the
expert gating algorithm in MoE models. GShard [23] and
Switch Transformers [11] require a per-expert capacity that
drops excess tokens for a given expert, lowering model quality.
BASE Layers [24] introduces a linear assignment formulation
to improve load balancing between experts. NetMoE [28]
uses an ILP to improve the placement of training samples to
reduce all-to-all communication requirements.

8 Conclusion

We presented SYMI, an MoE training framework that adap-
tively replicates expert instances based on training load, on
a per-iteration basis. SYMI’s key insight is to decouple each
expert’s parameters from its optimizer state, allowing SYMI to
dynamically adjust the placement of each expert with minimal
overhead. We implemented SYMI on top of DeepSpeed, intro-
ducing new components that track expert popularity, schedule
expert placements, and communicate across expert instances.
SYMI achieves 25.9%-30.5% faster convergence time on GPT
compared to DeepSpeed and FlexMoE.
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A Appendix

We use the following notation:

N # nodes in the training cluster
E # expert classes
s # expert slots per rank
r # expert replicas (static baseline)
ri # expert replicas for expert ei (SYMI)

BWpci local GPU-CPU interconnect (e.g., PCIe) bandwidth
BWnet cross-node GPU-GPU network (e.g., IB) bandwidth

G gradients data size for one expert instance
W weights data size for one expert instance

TG/W communication cost per rank in each phase

Table 4: Variable Definitions

A.1 Optimal Optimizer Partitioning Strategy
This appendix proves that partitioning the SYMI optimizer
uniformly across all nodes is the most efficient partitioning
strategy, given no control over the expert popularity distribu-
tion. Indeed, we could split the training cluster into k groups,
evenly partitioning the optimizer of E

k experts in each N
k -node

group.
For all experts in the group ( E

k ), the weight/gradient shards
( X

N/k ) are transferred over PCIe ( 1
BWpci

). For all experts in-
stances corresponding to classes outside the group (∑ei∈g(ri−
ri|local)), their gradient/weight shards ( X

N/k ) need to be gath-

ered/updated over the network ( 1
BWnet

).
For a rank in some group g, the communication cost of

either X = G,W would be:

T k−part
X = E/k

X
N/k

1
BWpci

+
X

N/k ∑
ei∈g

(ri − ri|local)
1

BWnet

≤ E
N

X
BWpci

+ k
(sN − s)

N
X

BWnet

which varies among the k groups and the ≤ approaches equal-
ity for groups containing very popular experts. The resulting
total communication cost, dominated by the highest demand
group, increases with k. SYMI (k = 1) manages to resolve this
expensive imbalance as it achieves constant, low communica-
tion overhead regardless of expert distribution.

A.2 SYMI and Static Expert Replication Com-
munication Cost

This appendix provides the computation of the formulas pre-
sented in §3.3 (III)

In the static baseline, each expert slot in a rank (s) com-
municates and averages the gradient shards ( G

r ) of the corre-
sponding expert’s remote replicas (r− 1) over the network
( 1

BWnet
). The optimizer then transfers each slot’s (s) averaged

gradient shard ( G
r ) over PCIe ( 1

BWpci
). After the optimizer step,

the updated weights follow the reverse direction:

T static
G = T static

G|net +T static
G|local

= s
(r−1)G

r
1

BWnet
+ s

G
r

1
BWpci

(1)
== sG

(
(1− E

sN
)

1
BWnet

+
E
sN

1
BWpci

)
=

sN −E
N

G
BWnet

+
E
N

G
BWpci

T static
W = T static

W |local +T static
W |net

= s
W
r

1
BWpci

+ s
(r−1)W

r
1

BWnet

(1)
== sW

( E
sN

1
BWpci

+(1− E
sN

)
1

BWnet

)
=

E
N

W
BWpci

+
sN −E

N
W

BWnet

In SYMI, each rank needs to communicate and average the
gradient shards for the globally partitioned optimizer ( G

N ) of
all experts’ (ei) remote replicas (ri − ri|local) over the network
( 1

BWnet
). The optimizer then transfers all experts’ (E) averaged

gradient shards ( G
N ) over PCIe ( 1

BWpci
). The updated weights

also follow the reverse direction in this case. In total:

T SYMI
G = T SYMI

G|net +T SYMI
G|local

=
G
N ∑

ei

(ri − ri|local)
1

BWnet
+E

G
N

1
BWpci

(2)
==

G
N
(sN − s)

1
BWnet

+E
G
N

1
BWpci

=
sN − s

N
G

BWnet
+

E
N

G
BWpci

T SYMI
W = T SYMI

W |local +T SYMI
W |net

= E
W
N

1
BWpci

+
W
N ∑

ei

(ri − ri|local)
1

BWnet

(2)
== E

W
N

1
BWpci

+
W
N
(sN − s)

1
BWnet

=
E
N

W
BWpci

+
sN − s

N
W

BWnet

A.3 SYMI’s Expert Placement Algorithm
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Algorithm 1 The Expert Placement Scheduler’s algorithm.

def compute_placement(popularity, E=exp_classes,
G=world_size, S=slots_per_rank):

# initial assignment of instance counts
goal = (popularity / sum(popularity)) * G * S
exp_counts = maximum(goal, [1] * E)
exp_counts = floor(exp_counts)

# rounding correction
diff = exp_counts - goal
while sum(exp_counts) > G * S:

i = argmax(diff)
if exp_counts[i] > 1:

exp_counts[i] -= 1
diff[i] -= 1

while sum(exp_counts) < G * S:
i = argmin(diff)
exp_counts[i] += 1
diff[i] += 1

# assign experts contiguously
exp_placement = []
for exp, count in enumerate(exp_counts):

exp_placement += [exp] * count
return exp_placement

This appendix shows how the Expert Placement Scheduler
assigns experts to slots. Algorithm 1 first normalizes the cap-
tured expert popularity to the total number of expert slots in
the system. The normalized popularity values are assigned
as number of instances to experts, with a minimum of one
instance so that all experts remain reachable. The assigned
counts are rounded down, followed by a correction step to
ensure that total instances match the available expert slots.
Algorithm 1 returns an array of expert assignments with same
expert classes being contiguous. The resulting expert place-
ment favors placement of same-class expert instances within
the same rank.

A.4 SYMI’s Gradient Collection Algorithm
This appendix shows how the SYMI Optimizer assigns

ranks during the gradient collection communication. Algo-
rithm 2 assigns a single source rank to a given expert and op-
timizer destination rank. The get_source function prioritizes
local communication if the expert is local to the optimizer.
Otherwise, get_source round-robins across different expert
instances to avoid communication bottlenecks.

A.5 SYMI With Non-Offloaded Optimizer
This appendix shows that SYMI operates with similar benefits
when the optimizer is not offloaded, but sharded across HBM
memory. In a static system, each expert is replicated a fixed
number of times and its optimizer state is uniformly sharded
across the HBM of devices hosting that expert. In SYMI, the

Algorithm 2 SYMI Optimizer’s grad collection algorithm.

def get_source(exp_id, rank):
if rank in exp_to_rank_map[exp_id]:

return rank
candidates = sorted(exp_to_rank_map[exp_id])
idx = rank % len(candidates)
return candidates[idx]

def collect_grads():
# recv/send comm tuples: (rank, partition)
for exp_id in all_experts:

recv_grads[exp_id] = (get_source(
exp_id, self.rank), self.rank)

for slot, exp_id in local_expert_map.items():
send_grads[exp_id] = []
for dst in all_ranks:

if get_source(exp_id, dst) == self.rank:
send_grads[exp_id].append((dst, dst))

set_comm_tuples(recv_grads, send_grads)

optimizer of all experts is statically and uniformly sharded
across the whole HBM domain, while expert instances rebal-
ance dynamically.

To get the equivalent communication cost, we need to set
BWpci → ∞ at the equations in A.2, giving us:

T static
G =

sN −E
N

G
BWnet

T static
W =

sN −E
N

W
BWnet

T SYMI
G =

sN − s
N

G
BWnet

T SYMI
W =

sN − s
N

W
BWnet

As in § 3.3, we find the shift in locality increases the com-
munication cost only marginally:

∆T
T static =

E − s
sN −E

which corresponds to just 1.54% in our system example.
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