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ABSTRACT
Scale-up networks are typically single-tier multi-plane net-
works connecting GPUs in the same node (e.g. NVL 72). De-
spite being central to scaling AI applications, they are both
understudied and poorly understood. We take a first look at
proposed standards for scale-up networks and measure the
behaviour of NVLink to understand the performance impli-
cations of existing and future transport designs for scale-up.
In contrast to scale-out transport, scale-up transports are
heavily constrained by chip area which reduces the func-
tionality of the scale-up transport to the bare minimum. We
experimentally show that both load balancing and flow con-
trol can badly affect performance in scale-up domains, and
discuss the extent to which these issues may be addressed in
software instead. We conclude with open research questions
for scale-up networking research.
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1 INTRODUCTION
Training frontier AI models requires datacenters hosting
hundreds of thousands of GPUs [7]. All these GPUs must
work together to train and then serve large models, making
the network the critical element to AI scaling.
Modern GPUs perform data movement through two dis-

tinct networks. The scale-out network connects all XPUs in
the datacenter at speeds of 400-800Gbps per XPU through
RDMA-based protocols initially over Infiniband and more
recently over Ethernet networks (e.g. RoCEv2, MRC [2] or
UET [5, 9]). Similar to cloud networks, scale-out network
topologies are multi-tier Clos as they aim to provide a fully
provisioned interconnect to hundreds of thousands of GPUs.

The scale-up network connects the XPUs in the same node
at higher per XPU speeds (in excess of 3.2Tbps). In contrast
to the scale-out network where the verbs API is used to move
data, scale-up networks offer a unified memory abstraction
across the GPUs in the same node and thus data transfer
happens implicitly via memory access (e.g. load or store
instructions, or DMA transfers). The size of the scale-up
domain has been increasing from 8 GPUs for H100 to 72
GPUs for the current NVL72 hardware, and is expected to
grow to 576 in the next generation.

There are two key differences between scale-up and scale-
out networks beyond the one-order-of-magnitude difference
in throughput and different GPU count. Latency require-
ments are much stricter for scale-up networks, thus mesh
or single-tier topologies are preferred over multi-tier Clos.
Secondly, the scale-up network adapters are on the same
die as the XPU, as opposed to the scale-out NICs, which
are accessible via PCIe. On-die adaptors reduce latency and
power consumption (e.g., no PCIe, among others) but further
restrict the area available to implement the transport.
Scale-out networking has been the focus of networking

research and practice for years, which highlighted the issues
due to ECMP single-path flow collisions[1, 8, 13, 18] and
head-of-line blocking due to lossless operation in RoCEv2
[22]. As a result, multipath protocols (e.g. host or switch-
based spraying) and best effort operation (e.g., selective re-
transmission, packet trimming) have recently been standard-
ized and hardware is already available from major vendors
(MRC [2] and UET [5]).

In contrast, scale-up networking has received little atten-
tion from the networking research community, despite its
key role in scaling AI workloads; its implications in terms of
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Figure 1: Single-tier multi-plane
scale-up topology.
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Figure 2: XPU integration for SUE [6].
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application performance, overall energy consumption, cost
of ownership and operation complexity are largely over-
looked. There are many reasons for this, but a key one is
that these networks have been, until very recently based
on proprietary interconnects such as NVLink or xGMI, and
because it has evolved from host interconnects such as PCIe.

We summarize recent standardization efforts for scale-up
networks including ESUN [20] / Sue-T [6] and UALink [4]
and experimentally measure NVLink, the leading proprietary
scale-up network in §2. We find that all rely on flow control
to deal with congestion, and on XPU-based static load bal-
ancing to distribute traffic across the scale-up planes. These
architectural choices enable very simple transports (e.g. Sue-
T or UALink), but what are their performance implications?
Our experiments show that flow control can lead to head-
of-line blocking and that imperfect load balancing wastes
bandwidth.
In brief, the same anomalies that have plagued scale-out

networks also appear in scale-up networks. The obvious solu-
tions (multipath transport, congestion control and best effort
operation) are too expensive for on-chip implementations.
We show how congestion control could be implemented in
software to alleviate HoL blocking, but that still leaves many
tough challenges for the networking community to solve.

2 SCALE-UP NETWORKING
Early scale-up domains used direct links between accelera-
tors (e.g. NVIDIA Pascal and Volta architectures [14, 15], or
Google’s TPU). Each GPU-GPU connection requires multi-
ple parallel lanes to deliver sufficient bandwidth, but load
balancing (round robin) can be used to bundle these into a
single high performance port while ensuring no reordering
can appear; congestion control (CC) is not needed given the
mesh connectivity, but bandwidth is wasted for many traffic
patterns, including point-to-point.
As scale-up domains have been increasing in both band-

width and size, mesh interconnects no longer scale. Instead,

the leading interconnects use a single tier of switches and
many planes as shown in Fig. 1; in the example each XPU
connects to 36 different switches (e.g. a Broadcom Toma-
hawk 6, one per plane), with 200Gbps per plane, resulting in
a total of 7.2Tbps per XPU. This topology is more efficient as
it supports arbitrary traffic patterns at full XPU bandwidth,
but is more difficult to use. Load-balancing across planes
is harder - simple round-robin is no longer viable as it can
lead to out-of-order arrival due to unbalanced queues on the
different planes, which will impact application semantics.
Instead, XPUs must load balance traffic across planes while
ensuring consistency guarantees. Additionally, mechanisms
are needed to cope with congestion appearing when multiple
sources send to the same destination simultaneously.
Single-tier multi-plane topologies similar to this one are

explored across the board: they are already used by Am-
pere, Hopper and Blackwell-based nodes (with NVSwitch
switches), ESUN [20] relies on Ethernet switches, while
UALink [4] relies on UALink switches.

There are two leading efforts to standardize scale-up net-
works: (1) Ethernet based, where the switch functionality
is an evolution of Ethernet called ESUN [20] with proposed
transports including Sue-T [6] and Unified Local Network
profile for UET [5] and (2) UALink [4], a clean-slate solution
which evolved from xGMI and relies on new switching hard-
ware and a new transport. The UALink PHY is based on a
modified Ethernet PHY.

Fig. 2 shows how scale-up transports (called I/O) integrate
into the XPU, in the case of Sue-T. The interconnect is typ-
ically a chip-to-chip interconnect (like AXI), and the I/O
exposes a series of per destination queues to the XPU, one
queue per lane. The XPU load balances memory transactions
into these queues, and the job of the transport is to batch
the transactions, build packets and then deliver the data in-
order and reliably to the destination. Memory semantics are
handled by the XPU by relying on in-order delivery on each
queue / plane. UALink takes a similar approach.
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Figure 4: NVLink lane scheduling
imbalance of different memory-
copies with different source buffers
and its impact on copy latency.
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Figure 5: Number of NVLink lanes
used for P2P transfer.

Figure 6: NVLink throughput when
same data is sent over one link vs mul-
tiple links.

The key constraint for scale-up I/O is chip area: as the
I/O sits on the same die as the XPU compute, area for I/O
directly reduces compute: the transport must be as simple
as possible, which means delegating work to the network.
To deal with congestion, ESUN / SUE, and UALink rely on
in-network flow control. For Ethernet, this is either PFC
or the newer Credit Based Flow Control (CBFC [20]). To
ensure reliability, link layer retransmission is supported by
the switches (LLR [20]) where packets corrupted in flight are
retransmitted by the link peer. End-to-end retransmission is
optional in Sue-T (and missing in UALink) and is done via a
go-back-N approach [6]; removing retransmission saves area
for retransmission buffers but will lead to domain failures
when packets are dropped due to insufficient headroom, or
are corrupted in switch or destination memory and fail the
CRC.
What are the performance effects of these choices? And

what do deployed systems actually do in practice? We ana-
lyze NVLink next to answer these questions.

2.1 Experimental study of NVLink scale-up
NVIDIA GPUs can transfer data between other peer GPUs
through the scale-up domain using the following methods:
(1) SM based load/store operations, utilizing compute re-
sources (threads and ld/st units) and increasing register pres-
sure (2) Copy-Engine (CE) driven DMA, dedicated hardware
component allowing for async transfers between GPUs (3)
Tensor Memory Accelerator (TMA) async transfers between
shared and global memory with limited data transfer size.
CE-based transfers can saturate NVLink bandwidth with
a single flow. Fig. 3 compares the bandwidth utilized by a
persistent kernel utilizing all the SMs on the GPU copying.

2.2 NVLink load balancing
How does NVLink map memory transactions onto the 18
NVSwitch lanes? NVIDIA provides hardware counters on the

NVLink traffic sent on each NVLink lane through NVML [16].
Using these counters we observe the scheduling patterns of
NVLink and seek to find the mapping between memory ad-
dresses and lanes. We start by sending data between two
GPUs in increasingly larger sizes. In Fig. 5 the results show
that chunks of 256 bytes are scheduled on the same NVLink
lanes. Even when repeating multiple writes in different ac-
cess patterns the same scheduling can be observed:
Takeaway #1: Chunks of 256B are scheduled on the same
lane deterministically.

By allocating multiple pages of memory (2MB) and remap-
ping them into multiple regions in the virtual address space,
we can repeat the same access patterns to determine whether
the virtual or physical addresses are used when dispatching
NVLink packets. The results show that regardless of the
virtual memory region, the chunks map to the same lanes.
Takeaway #2: Physical addresses are used when mapping
source GPU addresses to NVLink lanes.
As the page offset bits (first 21 bits) in both physical and

virtual addresses are identical, the load balancing function
could be based solely on these bits. But when writing to the
same offset in different pageswe get different lane scheduling.
We conclude that the plane load balancing function uses bits
from both physical frame number and the page offset bits.
How well does the load balancing function spread traffic

across lanes?We conduct a series of experiments using differ-
ent source GPU buffers of 2 MB (the size of a GPU memory
page), 4, 8 and 16MB. We first run a discovery step in which
we map every 256 byte-aligned address to its lane. For all
buffer sizes, we find that traffic is not balanced perfectly: one
link always carries more traffic than others. We refer to this
as the target link and focus the rest of the experiment on test-
ing two transfer patterns. The first one, referred to as gather,
only transfers data from the addresses mapped to the target
link (these are scattered throughout the buffer). The second
method transfers the same amount of data, but reads from a
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Figure 7: HoL blocking test on a
DGXH100.
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Figure 8: Incast flows and victim flow overlapping during subsequent copies:
without CE congestion control (left) and with CE congestion control (right).

contiguousmemory zone.Wemeasure both transfermethods
using a resident kernel launched once, and calculate themean
over 50,000 consecutive repetitions of the transfer, so that
the measurement is continuous and unaffected by re-launch
overhead. Fig. 6 plots for each data volume the target link
throughput during the gather transfer against the aggregate
throughput of the same size contiguous transfer. The latter
multi-link series increases smoothly and benefits from data
being sent over multiple lanes, as expected. The gather trans-
fer’s target link throughput varies non-monotonically across
the tested sizes. The results confirm that load-balancing is
load-insensitive, and using a single lane out of 18 reduces
performance 18-fold.

Does this matter for actual traffic? When a load balancing
function fails to spray traffic uniformly across all lanes, the
lanes with the highest load will degrade the flow throughput.
We test NVLink’s load balancing performance by issuing
inter-GPU CE writes on different source and destination
memory regions. As the source physical address is used for
determining the scale-up lane, each memory region will have
a different scheduling and a different imbalance. For example,
when using 2MB buffers, throughput can vary depending
on the source buffer by up to 10%. 1. We observe significant
differences in the load balancing during these tests. We run
1000 such experiments and plot the latency of the transfer
versus the amount of imbalance in Fig. 4; a more balanced
scheduling correlates with higher throughput. FabricPerf
[10] has independently discovered this imbalance in NVLink
load balancing.
Takeaway #3: Load imbalance of addresses onto lanes re-
duces performance by upto 10%.

2.3 NVLink behaviour in congestion
Both ESUN / SUE-T and UALink rely on lossless operation
and in-network flow control to cope with congestion, but this
can lead to head-of-line blocking and reduced performance.
What does NVLink do?

1We use Nsight to time the memory copies with 2% error.

We run an incast [3] experiment illustrated in Fig. 7 with
many-to-one flows and an additional victim flow. Ideally the
incast flows should share the ingress bandwidth of GPU 7
and the additional victim flow use the remaining egress band-
width of GPU 5. Since inter-GPUCE transfers are serialized at
the source, we will run the additional flow using SMs while
the incast flows will use the CE. In Fig. 8 we observe the
victim flow achieving equal throughput as the incast flows,
and as soon as the switch egress contention disappears the
throughput rises to line-rate. This behavior indicates that
NVLink uses a flow control mechanism that paces all traffic
on the ingress buffers leading to HOL blocking of additional
flows to other destinations. Within large-scale datacenter
networks these effects have been addressed by having end-to-
end congestion control pace senders before the flow control
is triggered (e.g. DCQCN [22]).

3 FIXING SCALE-UP NETWORKING
Head-of-line blocking and load balancing issues affect even
single-tier multi-plane networks, as we showed earlier, but
industry trends point to these problems worsening in the
near future. NVL72, for instance, comes also in a two rack
form factor (36x2), each rack with its own NVSwitches which
are then connected via 36 switch to switch links; NVL576 is
rumoured to be a two-tier DragonFly network [11]. In such
networks, issues due to load balancing and HoL blocking will
become more pressing, just as they did in scale-out domains.
How can we solve these without increasing chip area?
The scale-up domain has multiple methods of initiating

transfers (§ 2.1) while overload is handled via network back-
pressure in the form of flow control. Implementing conges-
tion control can help avoid triggering flow control for com-
mon cases (and thus avoid HoL blocking) but requires han-
dling each transfer method independently while ensuring
fairness across flows. In this section we discuss implement-
ing congestion control in scale-up networks without any
hardware support for CE and load/store (SM based) transfers.
Future work should include TMA congestion control as well.
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Measuring congestion. Implementing any congestion con-
troller requires a congestion signal. Since XPUs do not see
packet loss and do not have access to packet-level telemetry
(e.g. ECN), delay is the only usable congestion signal.

Scale-up domains are closely bundled (e.g. same tray, rack
or adjacent racks) and use high speed interconnects; this
means that queuing and host-related delays are the main
contributors to end to end delay, but measuring delay is not
easy: scale-upNICs do not have precise hardware timestamps
supported on scale-out NICs [12], and obvious approaches
to delay measurements are quite noisy.
In-kernel measurements. One way to measure delay is
by timing read operations in kernels. GPUs have in-order
threads retiring instructions one after the other, allowing
for accurate measurements of a block of instructions. By
issuing read operations to remote memory and enforcing a
Read-After-Write (RAW) memory dependency we can accu-
rately measure the round trip delay between two XPUs; this
is simple to implement but will conflate forward and reverse
path delays and make congestion control on the forward
path react to reverse path congestion, which is obviously
undesirable. Another option is to use write operations to
measure the one-way delay to the destination by subtracting
the receive time of the write (measured via polling at the
destination) from the send time and maintaining an estimate
of the clock drift between the source and destination. The
implementation also requires transmitting the measurement
to the source. For timing purposes CUDA exposes the global-
timer, a clock shared by all the SMs, and the clock64 register
containing the current clock cycle of the SM. globaltimer has
a refresh rate of 1𝑢𝑠 which is too coarse for precise delay
measurements. In our prototype we use reads for in-kernel
RTT measurements (leaving one-way delay estimation to
future work) and use clock64 for accurate timing.
Timing copy-engine transfers. CUDA API calls such as
cudaMemcpyAsync support stream semantics, allowing for
CUDA events to be recorded before and after the transfer
which enables measurements. However, the events add over-
head to the recorded duration.We instead use NVIDIANsight
which offers a more accurate measurement (3𝑢𝑠 shorter) con-
sistent across different transfer sizes. We compute a size-
independent delay sample as:
𝑑𝑒𝑙𝑎𝑦 = 𝑡𝑜𝑡𝑎𝑙−𝑠𝑒𝑟𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛_𝑑𝑒𝑙𝑎𝑦 (𝑠𝑖𝑧𝑒)−𝑡𝑖𝑚𝑖𝑛𝑔_𝑜𝑣𝑒𝑟ℎ𝑒𝑎𝑑
(where 𝑡𝑖𝑚𝑖𝑛𝑔_𝑜𝑣𝑒𝑟ℎ𝑒𝑎𝑑 is a constant we measured)

3.1 Copy-engine congestion control
The copy-engine receives variable sized transfer requests
from the application and then issues them serially; it goes as
fast as the network allows it. We implement congestion con-
trol for CE by intercepting transfer requests, splitting them
into chunks and then altering their transmission rate. We
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Figure 9: Load/store congestion control design.

identify and implement two ways of performing congestion
control for the copy-engines: (1) pacing of fixed sized chunks
and (2) using variable sized chunks.
Pacing fixed-size chunks. The straightforward way to
implement congestion control is to pace the transmission
for fixed-sized chunks; we implemented the pacer using a
leaky bucket and use the rate computed by the congestion
control algorithm (see below). The fixed chunk size for this
approach should be large enough for the system to reach
line-rate (at least 32MB based on the results in Fig. 3). If the
application requested size is smaller than the chunk size the
controller still waits for enough credits to be accumulated.
The congestion controller only adjusts the spacing be-

tween the chunks; a chunk will still be delivered at line-rate
by the hardware. The downside of this approach is that when
multiple flows start at the same time, their chunks will collide
(each 32MB chunk lasts 8us at 3.2Tbps), triggering NVLink
flow control. We can reduce the occurrence of this effect by
adding jitter before chunk transmissions. This does reduce
the collisions but does not eliminate them.
Variable sized chunking. An alternative approach is to
vary the chunk size dynamically; when the rate is low due
to congestion, smaller chunks should be used to reduce the
aliasing effects discussed above. Conventional wisdom says
that we should still use pacing, but this would result in a
more complex system as congestion control would need to
adjust both rate and chunk size. Instead, we observe that the
CE posting overheads (spent in the CUDA runtime, driver,
hardware queuing [21]) can be used as an implicit way to
achieve rate limiting. Fig. 3 showcases the performance of
the copy-engine for various chunk sizes; we use this infor-
mation and the target rate from the congestion controller
to select the smallest chunk size which achieves that rate
(eg. 1MB for 150GB/s). We limit the range of the chunk sizes
between our desired minimum and maximum bandwidth. As
the maximum incast in the domain can reduce the bandwidth
downto 60GB/s, the minimum chunk size would be 512KB,
while the maximum is 32MB (390GB/s).

To ensure we still utilize the total I/O bandwidth when
we have a mix of congested and uncongested flows, we post
multiple chunks onto the same stream (a configuration pa-
rameter set to 4 in our experiments). The chunks from uncon-
gested flows will be larger, increasing total goodput while
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Figure 10: Incast flows and victim flow: without congestion control (left) and
with load/store in-kernel congestion control (right).
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still pacing congested flows. While queuing multiple trans-
fers helps minimize the idle time between chunks, it also
delays the congestion response time. The impact depends
on the workloads themselves, but we observe that periodic
and repeatable patterns converge to a stable chunk size. On
the other hand, sudden changes in network congestion take
effect only when the committed chunks queue is drained.
For the congestion controller itself we use a simplified

version of Swift [12] algorithm which has the nice property
that the target latency is stable when no contention is present
and the flow based scaling can accommodate higher queuing
delays when congestion builds up.

Both pacing and chunk-size approaches need to track the
queued chunks and to update the state of the controller on
transfer completions. We record a CUDA event after each
transfer and we query the events for transfer completions.
Integration. Ideally adding CC should require no code changes
and be easily tested with any application. We implement the
copy-engine congestion controller as a dynamic library in-
terposing the CUDA runtime API (eg. cudaMemcpyAsync,
cudaMemcpyBatchAsync, etc.) calls. The CE transfers are
managed by background threads running the congestion
controller. In order to maintain the stream sematics, we en-
queue memory stream operations cuStreamWaitValue32 /
cuStreamWriteValue32 that are signaled by the threads when
the last chunk is delivered.
Evaluation. We use the (2) variable sized chunking for all
experiments in this section as it performed better due to
the flow control getting triggered on burst collision in the
(1) pacing fixed-size chunks approach. On the initial testing
setup Fig. 7 using the running CE driven incast flows and a
load/store kernel for the victim flow we successfully paced
the CE flows without noticing any flow control anymore
with the additional flow running up to 4x faster (Fig. 8).

In figure Fig. 11 we run unmodified NCCL all-to-all collec-
tives with nccl-tests over the copy-engine. To enable conges-
tion control, we LD_PRELOAD our implementation when
launching NCCL. The results show that using congestion

control improves performance by up to 20% for large collec-
tives. For collectives smaller than 128MB, software conges-
tion control reduces performance due to chunking overheads.
Further optimizations are possible, but a quick fix is to enable
congestion control only for large collectives.

3.2 Load/store congestion control
Implementing congestion control for GPU kernels in soft-
ware is harder than for copy-engines. Each GPU thread issues
load/store via scale-up that dispatch just 1-8 bytes. Conges-
tion control requires gathering the congestion signal, updat-
ing the internal state and enforcing the congestion window;
without hardware support all these operations will use GPU
resources (e.g. SMs), need kernel changes and will thus slow
down the main workload. To minimize the added overhead
we run the congestion control algorithm on the CPU, and
perform latency measurements and instruction pacing on
the GPU. The architectural diagram is shown in Fig. 9
Traditional protocols use per packet feedback (ACKs) to

drive congestion control which then limits the amount of
data in flight. Load/store semantics do not provide explicit
completion notifications and there is no explicit way to limit
the amount of data in flight from software. Instead, our con-
gestion control loop uses out-of-band congestion measure-
ments (via a separate probing kernel) and computes an credit
rate that is used by the target kernel to slow down mem-
ory accesses. In more detail, the target GPU kernel uses
cooperative thread arrays or CTAs [17] to implement credit
accumulation (at the rate computed by congestion control)
which can then be spent on memory movement operations.
The kernel is modified to poll for credits before each chunk
of the total workload is started (e.g. a tile transfer), which
effectively paces operations at the target rate. In our proto-
type we only pace writes; pacing reads (and maintaning a
separate CC context for them) is left for future work.

The CC interface has twomethods called by a single thread
in the kernel CTA: cc_pace, which blocks the other threads
from entering the next chunk and accumulates credits and
cc_poll, which polls the CPU written congestion information
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and updates the admission rate. Each GPU kernel has its
corresponding congestion state updated independently.
Probing kernel. A persistent kernel runs on all GPUs that
probes the latency to all other possible destination GPUs as
described previously. The kernel publishes the latencies in a
host memory buffer. The CPU based congestion controller
samples this buffer at a fixed rate (20𝑢𝑠 in our implemen-
tation) and applies an EWMA over the gathered latencies.
While copy-engine congestion control onlymeasured latency
once per chunk, a dedicated probing kernel provides a more
accurate latency signal at the cost of using an SM.
Evaluation. In Fig. 10 we run the same incast plus victim
flow scenario (shown in Fig. 7) with the many to one flows
running on SMs with congestion control enabled. The victim
flow is running the same kernel but with no congestion con-
trol. When no CC is running, the common case is that flow
control is triggered and all the flows have equal bandwidth,
the outliers where the bandwidth is greater than 60GB/s are
the cases where flows do not overlap. When running CC on
the incast flows the victim flow manages to occupy all of the
available bandwidth most of the time.
Notice, however, that the outcome of congestion control

is not perfectly stable, with periods where the victim flow’s
bandwidth is reduced to that of the incast flows.We speculate
that this is due to congestion control not always doing a
good job in reducing the incast queue size at the bottleneck
which leads flow control to kick in. A full exploration of the
interaction between congestion control and flow control is
required in future work.

4 DISCUSSION
As scale-up domains increase in size and the topologies are
changing from single-tier to multi-tier the previous assump-
tions that oblivious XPU-based load balancing and network
flow control is good enough no longer hold. We’ve shown
that flow control can lead to HOL blocking (§ 2.3) and a 20%
performance drop for all-to-all even on current hardware;
we expect this will get worse for future hardware.

Our work shows that it is possible to approximate conges-
tion control in software for the copy-engine, and with some
intrusive kernel changes also for the SM-based workloads.
This is a stop-gap solution until hardware support is added,
but it raises a few challenges that need to be addressed:

• One-way latency estimations are needed to separately
measure forward and reverse path congestion. This can
be achieved via time-synchronising GPUs as proposed
in FabricPerf [10] at a fairly high compute resource
cost. Are there more efficient ways of achieving the
same goal?

• Reads and writes must be congestion controlled in-
dependently, thus congestion information must be

known to both senders and receivers of probes. Ef-
ficiently measuring, disseminating and then using con-
gestion information in XPUs is a new area of explo-
ration that will need to balance of benefits of con-
gestion control versus the compute and bandwidth
resources it uses.

• Host latencies due to HBM andmemory controller con-
tention must be measured and isolated from network
latencies.

Most existing congestion control solutions targetted at AI
workloads focus on best-effort networks, with or without
support for packet trimming (e.g. RCCC and NSCC [2, 5] or
Swift [12, 19]) or networks with PFC (e.g. DCQCN [22]). Flow
control schemes such as CBFC offer finer grained control
over switch buffer utilization than PFC, but their interaction
with congestion control is poorly understood. Understand
the interaction between congestion control and credit-based
flow control may result in new ways to use existing conges-
tion control algorithms in flow controlled networks, or novel
congestion and flow control algorithms.
Implementing hardware congestion control in XPUs is

another interesting area of research. A split CPU / hardware
architecture, with the hardware providing the congestion
signals per destination and implementing pacing and the
software implementing congestion control seems a step in
the right direction.

Fixing load balancing also requires a hardware / software
split to reduce area, but appears a harder problem to solve;
the current approach of statically mapping from addresses
to lanes is very limiting, but dynamic load balancing (as in
MRC [2], for instance) has memory semantic implications
which will require XPU co-design.

Finally, given the growing size and complexity of scale-up
domain networking, there are multiple missing pieces that
would benefit scale-up communication by improving observ-
ability: (1) Current userspace APIs add high overhead for tim-
ing GPU events, reducing the performance of the controller.
Better observability in hardware queues, latencies across the
network and at the scale-up NIC could uncover both resource
contention and help implement better in-software conges-
tion control. (2) Support for network telemetry is required for
both dynamic load balancing and congestion control. ECN
marks and maybe newer signals such as congestion signal-
ing should be accessible to congestion control to improve
accuracy and reduce the need for accurate timestamps.
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