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ABSTRACT

Modern LLM serving systems increasingly adopt elastic inference
pipelines where stages frequently join, leave, and migrate across
nodes. However, existing GPU communication frameworks like
NCCL assume static topologies, causing routing failures and P99 la-
tency spikes during worker transitions that violate sub-millisecond
tail latency requirements. We present CONNEX, a communication
system that elevates endpoint mobility from exceptional failure
to first-class primitive. Rather than optimizing individual mech-
anisms in isolation, CONNEX defines a mobility contract that the
communication layer enforces whenever workers join, leave, or mi-
grate while token streams, activations, or KV transfers are in flight.
The contract is realized through three cooperating mechanisms: (1)
epoch-based routing that bounds staleness without global coordi-
nation, (2) explicit handover protocols that preserve stream order-
ing and provide exactly-once delivery across migrations, and (3)
credit-based backpressure with traffic-class isolation that prevents
churn-induced interference with latency-critical paths. Evaluation
on a 5-node GPU cluster under synthetic and production-derived
churn shows that CoNNEX reduces P99 tail spikes by up to 85% com-
pared to NCCL-based baselines, achieves sub-second cutover, and
maintains 100% goodput at moderate loads where baselines collapse
to 0-28%, while incurring less than 5% steady-state overhead.
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Figure 1: Static communication frameworks vs. elastic serv-
ing: (a) Static prefill-decode requires stop-the-world reconfig-
uration on any node churn, (b) Elastic serving demands dy-
namic load balancing and non-uniform scaling across hetero-
geneous nodes, (c) Pipeline parallelism needs stage-specific
adaptation to request patterns and resource constraints.

1 INTRODUCTION

Modern LLM serving increasingly hinges on elasticity. To handle
fluctuating availability, demand, and resource constraints, the serv-
ing infrastructure may need to support workers joining, leaving,
and migrating across nodes dynamically.

Opportunities and obligations for elasticity span the entire in-
ference pipeline. A key benefit of Prefill-Decode (PD) disaggrega-
tion [35, 54], for instance, is the ability to scale prefill and decode
stages independently based on workload characteristics. Similarly,
recent proposals for pipeline parallelism in inference [26, 33] bene-
fit from stage-level worker rebalancing as different pipeline stages
experience varying computational loads and memory pressure. Fi-
nally, fault tolerance and preemption require immediate worker
migration, as any delay directly affects service availability and user
experience.

Unfortunately, today’s inference frameworks are ill-equipped for
dynamic membership changes (Figure 1). Part of the issue lies in the
management of collectives, e.g., the possibility of deadlock and the
challenges of handling partially completed transfers [44]. Potential
workarounds include building custom, application-level communi-
cation strategies on top of point-to-point transfers; however, even
after addressing these problems, existing GPU communication sub-
strates are simply not designed to handle churn.

NCCL is both the best and most common example of this limi-
tation. In NCCL, communication groups are configured and built
a priori. Any change to those groups requires a wholesale global
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reconfiguration, including communicator rebuilding, rank reassign-
ment, and barrier synchronization, which imposes multi-second
disruptions that take all involved GPUs out of commission while
the system reorganizes.

We note that recently proposed alternatives to NCCL, such as
UCCL [55], MoonCake [38], and NCCLX [40], also suffer from
these limitations. While they do improve transmission, routing,
and scheduling during steady-state operation, these are on top of
fixed communication group topologies. In the end, support for true
elasticity is often a secondary concern.

In this paper, we investigate the question: How do we build a
communication framework that enables and supports dynamic elas-
ticity in LLM serving? What are the requirements? What does such
a system look like? What are the potential benefits? In answering
these questions, we identify three issues that make elasticity in
LLM serving difficult under today’s communication abstractions:

C1. Broken connections and routing state. Under churn, es-
tablished connections and existing routing information inevitably
become stale: senders transmit to old addresses, receivers disap-
pear, and systems enter a convergence window with blackholes
and retry storms. Existing stacks either (i) require global reconfigu-
ration (barriers/communicator rebuild) to restore consistency, or
(ii) push staleness handling to applications through timeout-based
retry mechanisms that propagate failures across dependent com-
munication paths. Both approaches can incur massive performance
penalties in critical-path request processing.

C2. Non-existent handover for in-flight requests. In pipeline
serving, requests form token-iterative streams that may span topol-
ogy changes. Migration introduces unavoidable transient behaviors
such as dual delivery paths, reordering, duplication, and partial
delivery. Current systems lack an explicit handover protocol that
defines how in-flight streams transition across endpoints while pre-
serving ordered continuation and idempotent replay. Applications
are forced to either drain globally (availability loss) or drop/restart
requests (correctness loss).

C3. Congestion caused by migration traffic. Dynamic mem-
bership causes bottlenecks to shift unpredictably across endpoints.
Without enforceable flow control, worker migrations and back-
ground data movement can overwhelm receiver queues, block-
ing latency-critical traffic through head-of-line blocking. Existing
monitoring-based congestion signals are too slow or coarse-grained
to drive real-time routing and scheduling decisions. Elastic commu-
nication requires actionable backpressure, namely explicit capacity
signals that (i) bound queue growth during churn, (ii) prioritize
critical traffic classes, and (iii) guide load-aware routing decisions.

Our solution. We present CONNEX, a mobility-first communica-
tion layer that makes endpoint mobility a first-class primitive for
elastic LLM inference. CONNEX enforces a mobility contract that
guarantees stable logical identities, ordered continuation, and local
reconfiguration, using three key mechanisms:

Epoch routing with bounded staleness. CONNEX decouples logi-
cal endpoints from physical locations via stable endpoint IDs (LIDs).
Each topology change advances a routing epoch. Messages carry
(LID, epoch) so receivers can detect stale routes and trigger fast
redirection. This provides a bounded staleness window without
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global barriers: reconfiguration becomes a local route update rather
than communicator rebuild.

Explicit handover protocol for ordered continuation. CONNEX
defines handover semantics for in-flight streams using sequence
numbers, idempotent delivery, and selective retransmission. Dur-
ing migration, senders temporarily enable dual-path cutover (or
shadow warmup) while receivers enforce ordered delivery and
deduplication. Handover completes locally between adjacent stages
without draining the entire pipeline.

Credit-based backpressure with mobility-aware scheduling. Con-
NEX provides enforceable flow control via credit grants tied to re-
ceiver capacity (GPU buffers/compute pace). Traffic is classified
(latency-critical token streams vs background transfers), scheduled
in separate queues, and paced by credits to bound queue growth.
Credit signals also feed routing choices during churn to avoid over-
loaded endpoints.

CoNNEX implements these mechanisms through a three-layer
architecture: (1) a lightweight ZeroMQ-based control plane for
topology management using stable logical endpoints, (2) a high-
performance UCX/RDMA data plane with automatic transport se-
lection, and (3) a mobility and backpressure semantics layer that
provides dynamic communication guarantees. Crucially, CONNEX
maintains transport independence, meaning that the endpoint mo-
bility semantics work consistently across different underlying trans-
ports, from RDMA to TCP fallback.

We evaluate CONNEX across diverse workloads with synthetic
and production-like churn patterns. Our results show that CONNEX
reduces P99 latency spikes during worker transitions by up to 85%
compared to NCCL-based baselines, while achieving cutover times
under 200ms even for large model migrations. Under steady-state
conditions, CONNEX maintains performance parity with existing
frameworks, demonstrating that mobility support does not com-
promise baseline efficiency.

Contributions. Our key contributions are:

o We formalize endpoint mobility as a missing communication
primitive for elastic LLM serving, capturing three required
semantics (bounded-staleness routing, seamless in-flight han-
dover, and actionable backpressure) to preserve tail-latency
invariants under churn.

e We design and implement CONNEX, a mobility-first communi-
cation layer that enforces the mobility contract through epoch
routing, explicit handover, and credit-based backpressure, while
remaining transport-pluggable.

e We demonstrate substantial improvements under churn, reduc-
ing join-ready and cutover latency, suppressing retry storms,
and significantly lowering P99 spikes, while achieving compa-
rable steady-state performance.

2 BACKGROUND AND MOTIVATION

2.1 Elastic Serving in Practice

Worker churn is the steady-state operating mode in multi-tenant
LLM inference, not a rare exception. We identify three representa-
tive use cases where dynamic membership changes are unavoidable.
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Figure 2: Worker failures cause P99 latency spikes in infer-
ence pipelines. A single replica failure triggers cascading
timeouts upstream and downstream, degrading tail latency.

Use case 1: Prefill-decode disaggregation. DistServe [54] and
Splitwise [35] separate prefill and decode stages onto dedicated GPU
pools, allowing each to scale independently. During load spikes,
prefill workers are added without interrupting active decode ses-
sions; when more sequences run concurrently, decode capacity
grows while prefill workers drain. KV cache transfer is the main
inter-stage communication: prefill workers send large KV tensors
(tens to hundreds of MB) to decode workers via RDMA or TCP [38].
Since prefill and decode pools scale at different times and rates,
communication endpoints change frequently.

Use case 2: Pipeline-parallel inference. Pipeline parallelism par-
titions an LLM into multiple stages, each running on a separate
GPU or node [26, 33]. At every token step, small activation tensors
are passed in strict order between stages, requiring low-latency de-
livery. In practice, many sequences are processed at once; systems
send multiple logical activation streams over a limited set of phys-
ical network connections to increase utilization and stay within
resource limits. When workloads shift—such as a stage becoming a
bottleneck or scaling out—the set of active pipeline stages changes
on the fly. Elasticity here requires seamless rerouting and stream
remapping in flight to preserve ordered token delivery and prevent
one sequence’s delays from impacting others.

Use case 3: Fault tolerance and spot preemption. Multi-tenant
GPU clusters experience continuous resource churn. Workload
characterization studies report GPU failure rates of 1-5% per day
in large-scale clusters [14, 48], while spot instance preemptions can
revoke capacity with as little as 30 seconds’ notice [32]. In either
case, the serving system must migrate affected workers immediately,
because any delay directly translates to dropped requests and SLO
violations. SpotServe [32] and Bamboo [43] demonstrate the need
for preemption-resilient serving, but both rely on heavyweight
global reparallelization when workers depart.

Churn events are both frequent and often correlated. Auto-scaling
or spot preemption can simultaneously trigger joins or leaves across
many pipeline stages, creating bursts of endpoint changes every
few seconds or minutes—while user-facing latency targets remain
at the millisecond level.

2.2 Today’s Frameworks Under Churn

We now examine how the dominant GPU communication stack,
NCCL as integrated into PyTorch [34] and frameworks like vLLM [18],
operates in the common case, and then show concretely why it
breaks under churn.
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2.2.1 NCCL: Architecture and Normal-Case Operation. NCCL, the
NVIDIA Collective Communication Library, provides optimized
GPU-to-GPU data movement through collective operations (AllRe-
duce, AllGather, Send/Recv) over NVLink, PCle, and InfiniBand/RoCE
fabrics. Its programming model is built on three core abstractions:

o Communicators (ncclComm_t): An opaque handle represent-
ing a fixed group of GPUs. Created via ncclCommInitRank,
which performs a global handshake: every participating rank
must call this function with the same ncclUniqueId and total
rank count. Internally, the initialization discovers the intercon-
nect topology (NVLink meshes, PCle switches, network cards),
selects algorithms (ring, tree, or collnet), and pre-allocates chan-
nel buffers. This process takes hundreds of milliseconds to sec-
onds, depending on the topology complexity.

e Ranks: Each GPU is assigned a fixed integer rank € [0, nranks)
at communicator creation time. Rank assignments determine
the communication pattern: ring algorithms route data through
rank (r + 1) mod n; tree algorithms assign parent/child roles
based on rank numbering. Ranks are immutable for the lifetime
of the communicator.

e Streams and groups: NCCL operations are enqueued onto
CUDA streams and can be grouped via ncclGroupStart/End
for coalescing. Operations within a group are launched atomi-
cally, but the group boundaries assume all ranks are live and
responsive. A hung or departed rank causes the entire group to
block or time out.

In a typical pipeline-parallel serving deployment, the framework
creates one NCCL communicator per adjacent stage pair (e.g., stage
Oesstage 1, stage 1estage 2, etc.). At each token step, stage i
calls ncclSend(activation, dst_rank, comm, stream) and
stage i+1 calls ncclRecv(buf, src_rank, comm, stream).For
PD disaggregation, a communicator connects each prefill-decode
pair for KV cache transfer. In steady state, this works well: NCCL
achieves near-line-rate throughput with low latency by leverag-
ing pre-computed topology-aware routing and pre-registered GPU
memory buffers.

2.2.2  What Breaks Under Churn. The problem surfaces when any
rank in a communicator departs, whether due to failure, preemption,
or deliberate scale-down. We illustrate with a concrete scenario
shown in Figure 2: a 4-stage pipeline with 2 replicas serving Llama3-
13B, where one stage-2 worker fails at t=20s under QPS=4.

C1: Broken connections and routing state. When the stage-2
worker on replica 1 crashes, its NCCL rank becomes unreachable.
Stage 1 workers that have already called ncclSend on the shared
communicator now block waiting for the peer’s ncclRecv, since
NCCL’s internal point-to-point protocol uses a rendezvous hand-
shake: the sender writes a ConnectAccept message to a shared
memory/network buffer and spins until the receiver posts a match-
ing ConnectReply. With the receiver gone, the sender spins until
NCCL’s internal watchdog fires (NCCL_TIMEOUT, default 300s, typi-
cally reduced to 5-30s in serving deployments). Meanwhile, stage 3
workers waiting for activations from the departed stage 2 also block.
The net effect is that a single departed rank wedges communication
on all ranks that share any communicator with it, including ranks
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Static Assumptions Elastic Reality

Fixed membership Continuous churn
Stable routes
Long-lived connections
Stationary bottlenecks

Planned reconfiguration

Stale routing windows
Ephemeral endpoints
Moving congestion
Reactive adaptation

Table 1: Assumption mismatch between static communica-
tion frameworks and elastic serving requirements.

on the healthy replica if they participate in the same communicator
group.

In our experiment (Figure 2), this manifests as an immediate
goodput collapse: all in-flight requests on the affected replica fail,
and requests on the healthy replica experience elevated latency as
the framework’s scheduling and memory management logic stalls
waiting for communication completions.

C2: No handover for in-flight requests. NCCL provides no mech-
anism to redirect an in-flight ncclSend/Recv to a different rank.
When stage 2 fails, requests that have already completed stages
0 and 1 on that replica cannot be “handed over” to the surviving
replica’s stage 2. The framework has two options: (a) drain the
entire pipeline and restart all affected requests from scratch, or
(b) drop the in-flight requests and report errors to clients. Both
options waste the compute already invested in partial processing
and violate latency SLOs.

In frameworks like vLLM, the absence of handover is compounded
by the process group abstraction inherited from PyTorch’s torch.
distributed. Each ProcessGroup wraps an NCCL communicator
and is tightly coupled to a fixed set of ranks. When a rank dies,
the entire process group enters an error state. Recovering requires
destroying all process groups, re-spawning the failed rank, and re-
initializing every communicator from scratch, a sequence that the
vLLM community has identified as a fundamental blocker for elastic
serving [44]. During this reinitialization window (typically 5-15s
in our measurements), no inference can proceed on any pipeline
that shared a process group with the failed rank.

C3: Congestion from recovery traffic. After the failed worker is
replaced, recovery generates substantial background traffic: model
weight reloading, KV cache reconstruction, and NCCL commu-
nicator initialization (topology discovery, ring/tree setup, buffer
registration). This recovery traffic shares the network with latency-
critical activation streams from the healthy replica. Without traf-
fic isolation, recovery traffic saturates receiver queues and causes
head-of-line blocking, extending P99 degradation beyond the raw
recovery time.

In Figure 2, P99 latency remains elevated for ~8s after failure,
far longer than the ~2s needed to detect failure and spawn a re-
placement. This extended tail results from communicator rebuild
overhead and recovery traffic interference.

2.3 Communication Frameworks Under Churn

Recent systems improve specific aspects of GPU communication
but share NCCL’s fundamental assumption of stable endpoints
(Table 1).

UCCL. UCCL [55] provides a software-defined, extensible transport
layer that enables user-space packet spraying, custom congestion
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Figure 3: Endpoint mobility creates routing ambiguity:
senders retain stale paths while receivers must reconcile
overlapping streams during worker transitions.

control, and flexible path selection. It improves steady-state band-
width utilization by exploiting multi-path diversity within a fixed
topology. However, UCCL assumes a relatively stable set of end-
points: its routing and flow-scheduling decisions are derived for a
fixed membership and topology. When nodes are added or removed,
these decisions must be recomputed and redistributed by the con-
trol plane, introducing non-trivial reconfiguration overhead and
transient disruption. This contrasts with serving workloads that
require seamless, failure-tolerant communication under frequent
membership churn.

Mooncake. Mooncake [38] optimizes KV cache transfer for prefill-
decode disaggregation through a KV-cache-centric architecture
with zero-copy RDMA. Its transfer engine achieves high throughput
for large, sequential KV blocks but assumes that prefill-decode
endpoint pairs are established before transfers begin. Connection
setup involves RDMA queue pair creation and memory registration,
which takes tens of milliseconds per endpoint pair. Under churn,
each new or migrated decode worker requires fresh connection
establishment with every prefill worker that might send it data,
creating O(P x D) setup operations for P prefill and D decode
workers.

NIXL. NIXL maximizes network utilization through packet-level
optimizations and efficient memory registration. Like Mooncake, it
provides high-performance point-to-point transfers but does not de-
fine behavior when endpoints disappear mid-transfer. Our measure-
ments (Figure 2) show that when a NIXL-connected worker fails,
in-flight RDMA operations complete with errors that propagate
up as unrecoverable transport failures, requiring full connection
teardown and re-establishment.

The common pattern is that these frameworks solve how to send
faster within a fixed topology, but none address the semantic ques-
tions that churn raises (Figure 3): where to send when routes become
stale, how to hand over in-flight streams during migration, or how
to isolate recovery traffic from latency-critical paths. Transport effi-
ciency and mobility semantics are orthogonal concerns that must
be addressed at different layers.

2.4 Design Principles

We conclude that elastic serving requires endpoint mobility as a
first-class communication primitive, not merely faster transport
but a contract that defines how the communication system behaves
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under continuous membership changes. CONNEX enforces three
guarantees:

G1: Mobility-safe continuity. Workers may join, leave, or mi-
grate at runtime, yet each stage replica remains a stable logical
endpoint. Topology changes must preserve ordered continuation
for in-flight request streams rather than forcing global draining or
request restarts.

G2: Local, bounded reconfiguration impact. Reconfiguration
should not trigger stop-the-world barriers or communicator re-
builds. The performance impact of churn must be localized to af-
fected neighbors and bounded in time, preventing retry storms and
long-lived tail spikes.

G3: Actionable performance control under moving bottle-
necks. Since churn shifts bottlenecks across stages, the communi-
cation layer must provide enforceable backpressure that constrains
senders and guides routing decisions, protecting latency-critical
token traffic while preserving competitive steady-state throughput.

3 SYSTEM OVERVIEW

CoNNEX provides a communication-layer mobility contract for elas-
tic LLM serving: when workers join, leave, fail, or migrate while
token streams, activations, or KV transfers are in flight, the com-
munication layer guarantees bounded-staleness routing, ordered
stream continuation, and enforceable backpressure. The mecha-
nisms described in Section 4 (epoch routing, handover, credit-based
flow control, and connection pooling) are the concrete enforcement
of this contract rather than independent optimizations. CONNEX
contains the following components (Figure 4).

o Sender/Receiver workers: User applications running on GPUs
implement the data plane and issue send/receive calls to the
underlying communication infrastructure. CONNEX supports
pluggable data plane transports, including NCCL, UCX, and au-
tomatic TCP fallback. Transport selection is driven by hardware
capabilities and can adapt to heterogeneous network conditions.

e Sender/Receiver agents: An agent running on each machine’s
CPU is responsible for machine-to-machine signaling and co-
ordination, including health monitoring, handover procedures,
and backpressure flow control.

o Central directory: The central directory is a pure control-plane
component, separate from data communication and never on the
payload fast path. It manages LID-to-(physical address, epoch,
capabilities) mappings, triggers epoch updates on membership
changes, and handles membership queries or subscriptions.
Senders locally cache resolved routes (Section 4.1) and send
payloads directly between workers via the selected transport;
the directory is only queried on cache miss, epoch mismatch,
or subscription update. Our prototype uses a single directory
instance; scaling via replication or sharding is future work, as
it is independent of the data-plane protocol.

Communication channels. CONNEX is built around point-to-
point communication; larger collectives, when necessary, can be
built on top of these individual channels. However, partly due to the
number of components involved, there are potentially a number of
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concurrent data streams in CONNEX at any given moment. Focusing
only on the data plane:

o Payload packets: Typically sent directly between the sender and
the receiver GPU workers, these packets contain the contents
of the inter-GPU transfers, preceded by a small header that
uniquely identifies the associated stream.

e Metadata packets: Sent between the sender and receiver CPU
agents, these messages contain metadata about the incoming
chunks, including their sequence number, epoch number (Sec-
tion 4.1), and send timestamp.

o Background traffic: This class includes migration transfers, state
synchronization, and connection-establishment traffic that can
tolerate interruptions and delays.

Credit-based flow control optionally operates per traffic class,
enabling receivers to enforce different service levels and prevent
head-of-line blocking between classes (especially from background
traffic). This isolation is essential because churn events inject un-
predictable background traffic that would otherwise overwhelm
critical token processing.

Membership queries and subscriptions. When a worker joins
the system and wants to register as a receiver, it registers its phys-
ical address (e.g., IP:port), transport capabilities (e.g., GPUDirect,
UCX, host TCP, etc.), and an application-level type identifier (e.g.,
denoting a decode instance for model X). The worker will receive
an LID at epoch 0 in response. Applications can subscribe to mem-
bership changes using these features as filters. For example, prefill
instances in a PD disaggregation system might subscribe to a spe-
cific application-level type identifier. Senders will automatically
subscribe to their partners’ LIDs.

The central directory will broadcast membership changes to
all subscribers, though they may also learn of the changes more
quickly via in-band epoch verification (Section 4.1).

Typical workflow. Once the application obtains LIDs, the typical
operation is as follows, depending on whether the system is in
steady-state operation or currently dealing with churn.
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Steady-state: Senders use LIDs to specify the destination of com-
munication, fetching and caching the current epoch’s mapping of
those location-independent addresses to physical endpoints. On
a cache hit, no directory interaction is required for the payload
transfer itself. The send operation involves both (a) chunked pay-
load transmission between the send and receive workers, and (b)
per-chunk metadata transmission between the send and receive
agents. Messages carry explicit stream identifiers and sequence
numbers, enabling multiplexed, ordered delivery. Receivers return
acknowledgments and credit grants tied to available buffer space
and processing capacity.

During churn: Any change in system membership (e.g., scaling
up/down the prefill instances in a PD-disaggregation deployment
or the migration of a worker from a reclaimed spot instance to a
on-demand GPU) triggers an epoch advancement for the involved
nodes (Section 4.1) and causes updates to be sent to any subscribed
application node.

Newly joined nodes will eventually be integrated into regular
operation as applications’ scheduling and load-balancing logic add
their LIDs to the rotation. Connections to newly migrated or un-
available nodes will be quickly redirected as controller updates
propagate and sender agents encounter epoch mismatches and
timeouts. In the case of a migration, CONNEX includes a sub-second
handover protocol with support for packet deduplication for ex-
actly once semantics. In the case of a scale-down or crash failure,
the exception is immediately passed to the application layer for

handling.

4 CONNEX DESIGN

CoNNEX constructs an elastic GPU communication substrate through
four core mechanisms, each addressing a specific aspect of the chal-
lenge: (1) routing consistency under churn, (2) stream continuity

during migration, (3) performance isolation under load shifts, and

(4) transport efficiency despite frequent reconfiguration.

4.1 Epoch Routing for Fast Convergence

Existing GPU communication frameworks handle membership
changes through global barriers or full communicator rebuilds that
can take down the entire system. CONNEX instead implements an
epoch-based routing mechanism that bounds staleness while avoid-
ing global coordination.

With epoch routing, CONNEX transforms membership changes
into versioned routing updates. Each logical endpoint (LID) main-
tains a stable identity across physical migrations, while its routing
entry (physical_addr, epoch, lease_expiry, capabilities,
health) evolves with topology changes. Data packets carry explicit
epochs, enabling receivers to detect staleness and trigger fast con-
vergence.

Data structures. Senders maintain a cache of recent communi-
cation partners, mapping (LID, request_id) — RoutingEntry
with a TTL-based eviction policy. On the receive side, they maintain
the current valid epoch for each of their local endpoints, accept_
epoch[LID]. The sender-side cache is an example of soft-state,
while the receive-side array exhibits fate sharing.
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Figure 5: Seamless migration for in-flight streams.

Protocol. When a worker migrates, the control plane advances
the destination LID’s epoch and updates the directory. Senders cur-
rently using stale cached routes receive immediate REDIRECT(LID,
new_epoch, new_addr, new_lease) responses. The receiver’s
epoch validation, thus, boils down to three cases:

e epoch < accept_epoch[LID] — immediate redirect
e epoch == accept_epoch[LID] — normal processing

e epoch > accept_epoch[LID] — sender too new, trigger di-
rectory refresh
If the worker fails gracefully (i.e., with its agent still active and no
migration planned), the agent will send an immediate RESET(LID)
response. Crash failures are handled through sender timeouts and
missed directory heartbeats.

Bounded staleness guarantee. The staleness window is bounded
by several factors, including the lease period and hearbeat fre-
quency, both of which can be tuned to tens to hundreds of millisec-
onds, depending on the desired detection latency and messaging
overheads. Note that epochs are per-destination and per-LID rather
than global, ensuring that churn only affects local neighbors rather
than triggering system-wide coordination.

4.2 Handover for Seamless Migration

Preserving stream continuity during migration requires explicit
coordination between sender and receiver pairs to handle in-flight
messages without impacting the broader system. CONNEX imple-
ments a handover protocol that ensures ordered, duplicate-free de-
livery across endpoint transitions.

Data structures. Each logical stream is identified by (request_id,
direction, stream_type) with explicit sequence numbers. Senders
maintain per-stream state tracking unacknowledged ranges, while
receivers maintain expected sequence numbers and sliding-window
deduplication bitmaps based on (epoch, stream_id, seqno) tu-
ples. This explicit stream identification enables multiplexed commu-
nication while preserving ordering guarantees across migrations.

Protocol. The handover protocol is depicted in Figure 5. Migration

proceeds through three phases.

(1) During the prepare phase, the sender learns the replacement
address either from a directory epoch-update notification or
from a REDIRECT response on the old path. The receiver (or
its agent) obtains the new LID address from the same epoch
update during this phase. The sender then establishes a shadow
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Figure 6: Backpressure and mobility-aware scheduling.

connection to the new destination while continuing normal
operation on the old path.

(2) The cutover phase begins when the sender retransmits unac-
knowledged sequences on the new path; the receiver dedupli-
cates based on the (epoch, seqno) tuple and maintains both
paths temporarily to handle overlapping traffic.

(3) Finally, during the commit phase, the receiver confirms the
highest contiguous sequence received, enabling sender cleanup
and old path teardown.

To prevent excessive bandwidth usage during cutover, retrans-
mission is limited to a sliding window sized to cover typical in-flight
volumes (RTT X sending rate), ensuring that only genuinely un-
acknowledged data is retransmitted rather than the entire stream
history. This window-based approach balances migration complete-
ness with network efficiency: too small a window risks missing le-
gitimate packet loss, while too large a window wastes bandwidth on
redundant retransmissions. This bounds both cutover duration and
resource overhead while ensuring no message loss. The protocol
provides exactly-once delivery guarantees through explicit dedu-
plication, and unlike drain-based approaches that require global
quiescence, streams continue processing during cutover, maintain-
ing system utilization. Even under high message rates, CONNEX’s
approach enables sub-second cutover windows.

4.3 Backpressure for Flow Control

Churn creates moving bottlenecks that shift unpredictably across
distributed components, particularly during periods of cutover and
high signaling traffic. To address potential queue buildup and HoL
blocking of important payloads, CONNEX implements backpressure,
in which receiver capacity constraints control sending behavior
and routing decisions.

Protocol. Figure 6 illustrates the operation of the backpressure
mechanism. Credits are managed as per-peer, per-class local
windows: each sender maintains a separate credit balance for ev-
ery peer and traffic class (e.g., critical datapath vs. background).
Receivers replenish these windows asynchronously, either via
standalone credit-update messages or piggybacked on the 2-byte
credit field of the data header. A sender transmits as long as its local
window is positive, so no synchronous RTT is required before
each transfer; backpressure only stalls a sender when its window
is exhausted. For instance, critical datapath traffic receives dedi-
cated credit pools and priority scheduling, while background traffic
(e.g., migration transfers and state synchronization) operates under
separate, restrictive credit limits. Credits are tied to actual ring
buffer space, making backpressure naturally enforceable because
senders cannot transmit without sufficient credits.
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Applications aggregate lightweight capacity summaries from
receivers, including available credits and queue depths, and use
them to inform new request or microbatch assignment decisions.
Importantly, established streams are not rerouted mid-flight: once
a request’s activation stream is bound to a destination, it continues
on that path until completion or explicit handover. If a sender’s
credit window is exhausted before the stream finishes, the sender
applies local queueing or pacing rather than redirecting to a differ-
ent peer. New requests avoid endpoints with low available credits
or high queuing delays, naturally load-balancing around temporary
bottlenecks created by churn. Credit grants adapt dynamically to
receiver state, including processing capacity, buffer availability, and
current load, creating a feedback loop in which overloaded end-
points automatically reduce their credit grants, throttling incoming
traffic and preventing queue explosion.

4.4 Connection Pooling for Efficiency

Providing mobility semantics while maintaining competitive per-
formance requires minimizing the overhead of frequent endpoint
changes. CONNEX implements capability-aware transport selection
with aggressive connection reuse to minimize resource usage even
under churn.

The high-level approach is illustrated in Figure 7. Endpoints
advertise capabilities through the directory, including GPUDirect
RDMA support, maximum inline size, proxy requirements, and
memory registration constraints. Senders select optimal transport
paths based on these capabilities: direct GPU-to-GPU zero-copy
when both endpoints support GPUDirect, host staging for mixed
GPU/CPU environments, and proxy-mediated transfers for restricted
network configurations.

Rather than establishing fresh connections for each migration,
CoNNEX maintains per-destination endpoint pools organized by
address or node. Cutover operations preferentially reuse existing
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connections, reducing join-ready latency from seconds to millisec-
onds. Pool exhaustion triggers rate-limited connection creation
to prevent churn storms. RDMA memory registration overhead is
amortized through pre-allocated ring buffers with cached registra-
tion handles, page-aligned memory pools for efficient registration
reuse, and credit grants that directly correspond to available ring
buffer space.

Large data transfers are automatically chunked to enable compu-
tation-communication overlap. Chunk sizes adapt to MTU and
bandwidth-delay product, balancing throughput and latency. When
fast paths are unavailable, CONNEX automatically falls back to alter-
native transports (UCX transport fallback or TCP) without breaking
mobility semantics, ensuring robustness across heterogeneous en-
vironments.

4.5 Integration and Failure Handling

Responsibility boundary. CoNNEX enforces the mobility contract
at the communication layer, while responsibilities that require appli-
cation semantics remain with the serving framework. Specifically,
ConnNeEx handles endpoint migration (prepare, cutover, commit),
transient stale-route detection and redirect, ordered handover with
deduplication, credit-based pacing with traffic-class isolation, and
transport fallback from RDMA to TCP. The serving framework, in
turn, is responsible for permanent KV or model-state loss, sender
request-state loss, pipeline rescheduling, and request replay or
restart. The guiding principle is that CONNEX guarantees commu-
nication continuity whenever a replacement endpoint exists or
the affected state can be recovered through retransmission. When
state is permanently lost (e.g., GPU memory freed before check-
pointing), CONNEX reports the failure upward to the serving layer,
which decides whether to replay, reschedule, or abort the affected
requests.

Failure escalation. The four mechanisms work together to provide
end-to-end mobility guarantees with explicit failure handling at
each layer. Epoch routing failures trigger directory refresh through
redirect timeouts, with persistent routing failures activating alter-
native path discovery. Handover failures fall back to request restarts
with exponential backoff, while deduplication window overflow
triggers a stream reset. Credit exhaustion prevents senders from
overwhelming receivers, with persistent credit starvation trigger-
ing load balancing. Transport failures activate automatic fallback
to alternative transports, and pool exhaustion triggers rate-limited
connection establishment.

Unlike existing systems that treat churn as exceptional, CONNEX
makes endpoint mobility a first-class primitive with predictable per-
formance characteristics and bounded failure modes. The combina-
tion of bounded staleness, explicit handover, enforceable backpres-
sure, and connection reuse ensures that brief membership changes
(seconds) cause only bounded performance impact (sub-second
cutover windows) rather than persistent degradation.

5 IMPLEMENTATION

CONNEX is implemented as a mobility-first communication runtime
comprising three layers: a ZeroMQ-based control plane for dynamic
membership and routing coordination, a unified mobility layer
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implementing the core contract mechanisms, and pluggable data-
plane transports optimized for different workload characteristics.

5.1 Architecture and Transport Selection

Rather than building a monolithic communication stack, CONNEX
implements a layered architecture where mobility semantics are
provided by a unified middleware layer above pluggable transport
backends. This design enables reuse of existing high-performance
transports while adding mobility guarantees they lack.

The control plane manages dynamic membership, routing epo-
chs, capability discovery, and failure event dissemination using
ZeroMQ for lightweight coordination. The mobility layer im-
plements the unified contract, including epoch routing, handover
protocols, credit-based backpressure, and stream multiplexing, as
transport-agnostic mechanisms. The data plane consists of plug-
gable transport adapters: UCX-based Connex Transport Engine
(Connex TE) for latency-critical activation streams, and config-
urable backends (NIXL, Mooncake, or Connex) for KV operations
based on environment capabilities.

A key implementation challenge is preventing resource con-
tention between multiple transport backends. CONNEX includes a
Transport Arbiter that dynamically selects backends and allocates
resources based on workload characteristics, network capabilities,
and current congestion. For pipeline parallelism with cross-node
activation flows, KV transfers are relegated to background priority
and rate-limited to prevent interference with token-critical paths.
In pure parameter-disaggregation scenarios without cross-node
activations, KV-optimized transports like Mooncake can operate at
full capacity.

5.2 ConnexTE: Specialized Transport

While existing systems like NIXL and Mooncake excel at bulk
KV transfers, activation streams have fundamentally different re-
quirements that necessitate specialized handling. Activation trans-
fers occur at token frequency (every inference step), are latency-
critical for pipeline utilization, require strict ordering within request
streams, and must support GPU-direct zero-copy for computation-
communication overlap.

Connex implements these requirements through UCX with sev-
eral activation-specific optimizations. Message multiplexing uses
(request_id, token_step) stream identifiers to prevent head-
of-line blocking between concurrent requests. Credit-driven flow
control directly corresponds to GPU ring buffer space, making back-
pressure enforceable rather than advisory. Memory management
uses pre-registered buffer pools and cached UCX memory handles
to amortize registration overhead across frequent small transfers.
The handover protocol is implemented natively in Connex head-
ers and state machines, enabling sub-RTT cutover without global
coordination.

6 EVALUATION
6.1 Experimental Setup

We evaluate CONNEX on a cluster of 5 GPU servers, each equipped
with 4 NVIDIA A40 GPUs (48GB memory per GPU) and 100 Gbps
Mellanox ConnectX-6 network cards. The servers are connected
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Figure 8: End-to-end performance comparison in PD-
Disaggregation: (a) prefill latency and (b) decode latency
across different systems.

through a single-switch topology with full bisection bandwidth,
representing a typical small-scale inference deployment.

Baseline. We compare CONNEX against four representative base-
lines: NCCL [40] provides optimized collective operations but re-
quires static membership with global reconfiguration on topol-
ogy changes; MooncakeTE [38] optimizes tensor transfers for
LLM inference but assumes stable endpoint configurations; NIXL
maximizes network utilization through packet-level optimizations
but lacks dynamic endpoint mobility support; and ZeroMQ of-
fers dynamic membership capabilities but provides no GPU-aware
optimizations or ordering guarantees for tensor communication.
These baselines represent the current state-of-practice across col-
lective communication, inference-specialized transport, network-
optimized protocols, and dynamic messaging systems.

Workload. We use the Llama3-13B model [8] for evaluation with
request loads constructed from the Splitwise dataset [35], which
provides realistic distributions of input and output token counts.
We generate both steady-state and bursty traffic patterns by sam-
pling request characteristics (input length, output length, arrival
patterns) from this dataset to evaluate system performance under
diverse workload conditions. Throughout the evaluation, success
rate (also labeled goodput) denotes the fraction of issued requests
that complete without an application-level restart, client-visible
timeout, or dropped stream; a request that is internally retransmit-
ted by ConNEX’s handover protocol but eventually delivered counts
as successful, and only requests requiring serving-framework in-
tervention are marked failed.

6.2 Microbenchmarks

E2E Performance in PD-Disaggregation. We evaluate CONNEX
in prefill-decode disaggregation, where KV cache transfers between
stages create the primary communication bottleneck. This workload
tests elastic serving’s core requirement: independent scaling while
preserving low-latency tensor transfers.

ConNNEX achieves 5.3% better average latency with 100% suc-
cess rate during scaling events versus NIXL’s connection failures
(Figure 8). The advantage stems from mobility-aware routing that
eliminates topology-change disruptions.

Breakdown by stage: prefill operations see 19.4% lower latency
with stable P99 behavior, while decode operations achieve 3x better
P99 latency. This tail latency improvement is critical for maintaining
SLA compliance during dynamic scaling.
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E2E Performance in Pipeline Parallelism. CoNNEX achieves
end-to-end performance comparable to NCCL across varying query
rates (Figure 9a). At low to moderate QPS (1.0-4.0), CONNEX main-
tains P99 latencies within 200—400 ms of NCCL’s performance,
corresponding to less than 5% of total end-to-end latency at these
load levels. This overhead includes mobility protocol processing.

A breakdown of end-to-end latency (Figure 9b) shows that Con-
NEX introduces minimal additional cost: approximately 10 ms in
Time-to-First-Token (TTFT) and 2 ms in Time-per-Output-Token
(TPOT) compared to static NCCL configurations. These overheads
account for a small fraction of request latency, indicating that mobil-
ity guarantees can be achieved with minimal performance impact.
Across varying loads, P99 latencies remain within 2.2% of NCCL,
confirming that mobility overhead stays bounded and does not
introduce additional tail amplification.

Control-Plane Scalability. Our prototype deploys a single front-
router/directory instance; replication and sharding are orthogonal
to the data-plane mobility protocol and left to future work. To
quantify control-plane headroom, we stress-test the directory with
100-2000 mock endpoints, burst update_route operations, and
measure update throughput, route-refresh latency, and subscriber
notification delay (Figure 10). The directory sustains ~950-1060
updates/s with p99 get_route latency below 8 ms even at 2000
endpoints; subscriber notification p99 remains below 200 ms. These
results confirm that the directory is not on the payload fast path,
since senders cache routes locally and transmit directly over the
selected transport, and does not become a bottleneck at scales well
beyond our deployment.
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Transfer and Credit Overhead. We microbenchmark GPU-direct
transfers over UCX RDMA between two A40 pods on IB net1,
sweeping payload sizes from 64 B to 64 KB (Figure 11). The produc-
tion fast path uses a 25-byte compact header; the 64-byte mobility
header applies only to control-plane churn messages. The com-
pact header imposes 28% overhead on 64 B payloads but only 0.04%
on 64 KB activations (mobility header would add 0.10%). At 64 KB,
receiver-local delivery latency is 625 us (p99, sync path). A sep-
arate credit-gated run with receiver-driven ZMQ replenishment
(window=32) reports ~52% credit miss under sustained sends, re-
flecting per-ack replenishment latency rather than a per-transfer
RTT; credits are per-peer local windows replenished asynchronously.

NCCL Reconfiguration (Shrink) Cost. NCCL 2.27+ introduces
ncclCommShrink as a lighter alternative to full communicator de-
stroy+reinit on member leave. We microbenchmark both paths on
idle A40 GPUs (NCCL 2.27.5, same-node 2-rank communicator) and
compare against CONNEX’s pair-local traffic switch (Figure 12).
ncclCommShrink completes in ~30 ms (p50), while destroy+reinit
costs ~554 ms, representing an ~18x gap. The cost gap widens on
cross-node PP groups where RDMA bootstrap, queue-pair creation,
and NIC memory registration dominate reinit latency. Even the
lighter shrink path carries two fundamental constraints that make
it unsuitable for elastic serving. First, ncclCommShrink requires
a global quiesce: all ranks in the communicator must drain out-
standing collectives before the API can proceed, meaning that a
single departing rank blocks progress on every remaining rank that
shares any communicator with it. In a multi-replica pipeline de-
ployment, this quiesce propagates to healthy replicas if they share
cross-replica communicators (e.g., for AllReduce-based gradient
aggregation or KV broadcast). Second, the resulting communicator
retains its original topology decisions (ring order, tree structure,
channel allocation), which may be suboptimal for the reduced mem-
bership; a subsequent rebalance still requires destroy+reinit.

By contrast, CONNEX’s blocking cutover (~11 ms, cross-pod UCX
microbench) operates entirely between the affected sender-receiver
pair. Unrelated pairs continue transmitting without pause, and the
new endpoint inherits transport state (pooled connections, regis-
tered memory handles) from the pool rather than re-negotiating
from scratch. This locality difference explains why CONNEX sus-
tains 100% goodput during scaling events while NCCL-based de-
ployments suffer cascading stalls proportional to the communicator
fan-out of the departed rank.
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6.3 Performance in Worker Join/Leave

We evaluate CONNEX’s ability to maintain service continuity dur-
ing dynamic scaling by measuring goodput and latency during
worker join and leave events. We configure a pipeline-parallel serv-
ing workload with a scale-down at 30s and a scale-up at 60s, and
compare CONNEX against NCCL, Mooncake, NIXL, and ZeroMQ
across varying QPS.

As shown in Figure 13a, CONNEX consistently maintains higher
goodput during scaling events. At moderate load, CONNEX achieves
a 100% success rate, while baselines suffer substantial degradation.
As load increases, baselines collapse due to failed reconfiguration
and retries, whereas CONNEX continues to sustain high success rates.
The latency distribution during the leave window (Figure 13b) fur-
ther highlights CoNNEX’s advantage. CONNEX maintains bounded
tail latency and preserves request continuity across cutover, while
baselines exhibit severe tail amplification and request drops caused
by global reconfiguration and retry storms.

These results demonstrate that CONNEX’s mobility guarantees—
local reconfiguration (G2) and continuity-preserving han-
dover (G1)—enable seamless scaling without global coordination,
preventing retry cascades that destabilize static systems under
churn.

6.4 Performance in Non-Steady-State Env

We evaluate CONNEX’s resilience under realistic churn scenarios
by simulating worker preemption events that mirror spot instance
evictions in cloud environments. We configure churn events at vary-
ing frequencies (every 30-120 seconds) and measure performance
across different load levels.
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CoNNEX maintains 100% success rate at moderate loads while
baselines suffer catastrophic degradation (Figure 14b). At QPS=2,
Mooncake drops to 87% success, while NCCL-Reconfig, NIXL, and
ZeroMQ collapse to 28% due to failed global reconfiguration. Un-
der higher load (QPS=4), baselines fail completely (0-19% success)
while CoNNEX sustains perfect reliability. Even at extreme load
(QPS=8), CONNEX achieves 66% success versus baselines’ near-zero
performance.

CoNNEX maintains P99 latency of 7.2s during churn versus base-
lines’ 21-35s tail degradation (Figure 14a). Across varying churn
frequencies, CONNEX exhibits consistent performance—average la-
tency remains 2.5-3.2s with P99 bounded below 8s—while baselines
suffer exponential degradation as topology changes accelerate (Fig-
ure 15).

The key insight is that CONNEX’s mobility contract enables non-
disruptive, localized reconfiguration: workers can join or leave
without forcing global synchronization barriers or draining in-flight
requests. In contrast, baseline systems either rely on expensive
global rebuilds (e.g., NCCL communicator re-initialization) or lack
explicit handover semantics, causing in-flight requests to fail and
triggering correlated retries during topology changes.

6.5 Bursty Workload Resilience

In GPU-CPU-network heterogeneous architectures, bursty traffic
patterns introduce significant challenges that can destabilize com-
munication systems and lead to node failures [44]. To evaluate
CoNNEX’s resilience under such conditions, we conduct experi-
ments with varying levels of traffic burstiness, with a coefficient of
variation (CV) ranging from 1 to 8.

The performance comparison across different CV levels reveals
several critical issues in baseline systems (Figure 16). As burstiness
increases, the following problems emerge:
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Figure 16: Performance in Bursty Workload: (a) P99 end-
to-end latency across different CV levels, (b) P99 TPOT, (c)
Goodput rate.

Cascading Communication Failures: At CV=4 and above,
baseline systems experience dramatic performance degradation.
NCCL’s success rate drops to 56.8% at CV=4 and further deterio-
rates to 35.4% at CV=8. Similarly, other baselines (Mooncake, NIXL,
ZeroMQ) maintain only 48-69% success rates under high burstiness,
indicating widespread communication timeouts and connection
drops.

Traffic burstiness violates a key implicit assumption made by
existing GPU communication stacks: that queueing delays and peer
progress remain bounded. Under high CV, transient injection rates
exceed network and peer drain capacity, causing buffers to accu-
mulate and progress to desynchronize across ranks. In baseline
systems, backpressure is coarse-grained and reactive, triggering
only after buffers overflow. This leads to timeouts, correlated re-
tries, and communicator-wide head-of-line blocking, resulting in
cascading failures.

CoNNEX breaks this failure chain by explicitly decoupling com-
munication progress from instantaneous load and physical place-
ment. First, actionable backpressure enforces credit-based flow con-
trol before enqueue, preventing burst-induced buffer buildup. Sec-
ond, mobility-aware scheduling dynamically redistributes communi-
cation load away from congested peers and paths, avoiding global
stalls caused by localized slowdowns. Finally, ordered replay serial-
izes retries deterministically, eliminating correlated retry storms
that amplify latency under congestion.

Together, these mechanisms allow CONNEX to remain stable
across burst regimes where baseline systems enter pathological
states, explaining its consistent success rate and bounded tail la-
tency even at CV=8.

6.6 System Overhead

ConnEex introduces additional control and coordination overheads
in exchange for robustness under bursty traffic and dynamic mem-
bership. These overheads fall into three categories.

First, actionable backpressure enforces explicit flow control be-
fore enqueue via per-peer, per-class local credit windows replen-
ished asynchronously or piggybacked on headers, so no synchro-
nous RTT is required before each transfer. Under light load this may
slightly reduce peak throughput; the cost is fundamental to pre-
venting buffer overflow and cascading timeouts under unbounded
burstiness. Second, mobility-aware scheduling introduces modest
control-plane overhead to track peer and path states and to redirect
traffic away from congested or failed components. This overhead is
amortized under stable conditions and becomes active only when
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congestion or churn is detected. Third, ordered replay trades imme-
diate retry for deterministic recovery, incurring bounded buffering
and reordering delay during failure recovery, but preventing corre-
lated retry storms that dominate tail latency in baseline systems.
Importantly, these mechanisms are dormant on the fast path and
are activated only under adverse conditions. As a result, CONNEX
matches baseline performance under low burstiness while provid-
ing substantial gains in success rate and tail latency under high CV.
Microbenchmarks corroborate that this overhead is small in prac-
tice: the control plane sustains ~1k updates/s for 2000 endpoints
with sub-10 ms route-refresh tails, the 25-byte fast-path header adds
<0.05% tax on 64 KB activations, and cross-pod UCX RDMA delivers
64 KB tensors with 625 ps p99 delivery latency under credit-gated
flow control. CONNEX is, thus, best suited for elastic ML serving
workloads with bursty traffic and dynamic resource availability,
rather than tightly synchronized, topology-stable HPC jobs.

7 RELATED WORK

Elastic and Fault-Tolerant Distributed ML. Elastic training and
serving systems handle dynamic resources through various ap-
proaches. SpotServe [32] enables LLM serving on preemptible in-
stances, while systems like Oobleck [13], Bamboo [43], and Flex-
Pipe [25] provide resilient training through pipeline adaptation and
redundant computation. ServerlessLLM [5], MultiWorld [19], and
Sailor [42] optimize serving through checkpoint loading and dy-
namic parallelism. These systems optimize checkpoint placement,
redundant computation, or parallelism strategies under the assump-
tion of stable communication groups. In contrast, CONNEX specifies
what the communication layer itself must guarantee when workers
join, leave, or migrate with token streams and activations in flight,
enabling transparent endpoint transitions with sub-second cutover
instead of multi-second global rebuilds.

GPU Collective Communication. NCCL and its extensions [40]
provide highly optimized collective operations for GPU clusters
but assume static communicator groups with fixed rank assign-
ments. Recent advances include algorithm synthesis (TACCL [39],
MSCCL [4]), topology-aware optimization (TACOS [49], TCCL [16],
TE-CCL [28]), fault tolerance (Hoplite [56]), and automated tuning
(AutoCCL [51], UCCL [55]). These frameworks optimize data trans-
fer throughput and collective scheduling under stable membership;
none specifies what the communication layer should guarantee
when endpoints change for in-flight streams. CONNEX complements
these libraries by providing the point-to-point mobility contract
(bounded-staleness routing, ordered handover, enforceable back-
pressure) that enables elastic inference pipelines where traditional
collectives’ static membership assumption fundamentally breaks.

RDMA and High-Performance Transport. RDMA-based com-
munication underpins modern GPU cluster networking. Recent
advances include efficient inter-node tensor transfer [23], next-
generation cloud Al networks [30], scalable NIC architectures [46],
and rethinking RDMA interfaces [3]. Systems like FaSST [15], KR-
CORE [47], and PeRF [20] optimize RPCs, control planes, and sched-
uling. Live migration approaches [21, 36, 37] and specialized sys-
tems like Mooncake [38] address connection migration and KV
cache transfer. Prior transport work optimizes raw data movement,
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connection setup, or NIC-level scheduling under stable endpoint
configurations. CONNEX leverages these innovations through its
pluggable transport plane but adds the mobility contract (epoch
routing, ordered handover, credit-based backpressure) that speci-
fies what the communication layer must guarantee when workers
migrate or fail with tensor transfers in flight.

Flow Control and Congestion Management. Datacenter con-
gestion control has evolved from end-to-end schemes [17, 50] to
credit-based approaches [24, 31] and programmable control [12].
Recent advances include host-based [1] and sub-RTT control [2],
backpressure-based [7] and congestion-root approaches [27]. These
schemes optimize network-level congestion control under stable
topology and flow membership. CONNEX operates at the middleware
layer above the network, specifying how credit-based backpressure
and traffic-class isolation must interact with endpoint mobility so
that churn-induced congestion does not degrade latency-critical
inference traffic.

KV Cache Management and State Transfer. Recent work opti-
mizes KV cache handling for disaggregated LLM serving through
fast context loading [29], fault-tolerant streaming [41], elastic mem-
ory pools [11], and accelerated recovery [6, 52]. These systems
optimize what state to transfer and how to cache it under stable
serving configurations. CONNEX addresses the orthogonal ques-
tion of what the communication layer must guarantee during the
endpoint transitions that trigger such transfers, ensuring streams
and KV flows survive worker changes without application-level
restarts.

Membership and Reconfiguration. Dynamic membership man-
agement has been extensively studied through microsecond-scale
membership services [10], latency-efficient rescaling [9], fast fail-
ure recovery [45], flexible checkpointing [22], and sub-second elas-
ticity for web services [53]. These systems address membership
tracking and state migration at the orchestration level under sta-
ble communication assumptions. CONNEX contributes the miss-
ing communication-layer contract that specifies what guarantees
(bounded-staleness routing, ordered handover, enforceable back-
pressure) the transport must provide when workers join, leave, or
migrate with in-flight data, complementing higher-level member-
ship services.

8 CONCLUSION

Modern LLM serving systems require dynamic resource alloca-
tion and endpoint mobility to handle elastic workloads efficiently.
ConNEX provides the missing communication layer that enables
seamless endpoint transitions with bounded impact on latency-
critical inference traffic, demonstrating significant improvements
in P99 latency and system resilience under bursty workloads. This
work does not raise any ethical issues.
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