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1 ABSTRACT
Synchronous distributed data-parallel training [17] is now
the de-facto standard for training large-scale deep-learning
models (comprising billions of parameters) that form the
backbone of many mainstream enterprise applications, in-
cluding computer vision [4, 8, 15, 32], natural-language pro-
cessing [19, 21, 33], recommendation and prediction systems [6,
7, 9, 10, 23], networking [11, 12], healthcare [14, 20, 22, 34],
and smart cities [2, 29]. Under this scheme, the training oc-
curs in rounds. Workers locally train a copy of the model on
a fragment of data and then share the model updates (a.k.a
gradients) among themselves over the network to compute
an aggregated result. The aggregate is then used to update
the model locally for the next round of training. Distributed
deep-learning (DDL) is, therefore, inherently a computation-
and communication-intensiveworkload and is becoming even
more so with growing model sizes and complexity [27] as
well as ever-increasing amount of training data [1, 3].

To train such large models, extensive efforts are under-
way in reducing both the computation and communication
time of DDL jobs, albeit in isolation. On the one hand, we
have GPUs [26] and emerging hardware accelerators, like
Tensor ProcessingUnits (TPUs) [13], that are drastically bring-
ing down the computation time—reducing it by 62× in the
last seven years. While, on the other hand, we have recent
proposals based on programmable switches [30] that aim at
reducing the communication time by 2–5× (via in-network
aggregation) [25]. Yet, when seen together, both these ef-
forts mainly help in improving the average completion time
of a deep-learning job (either by accelerating computation
or communication). The vast array of system-level variabili-
ties (e.g., device failures, OS and hypervisor scheduling, and
resource contention) and network-level delays (e.g., conges-
tion, packet drops and retransmissions, and out-of-order de-
livery) still lead to long tails; hence, resulting in poor overall
performance for these training jobs.

In this paper, we make the case for Ultima, a collective-
communication system forAll-Reduce that ensures bounded,
predictable completion times for deep-learning jobs in the
presence of myriad computation and communication vari-
abilities. Ultima exploits the inherent resiliency and the

stochastic nature of deep-learning systems to work with ap-
proximated gradients and provides an efficient balance be-
tween (tail) performance and the resulting accuracy of the
trained models. Others are already utilizing this characteris-
tic of deep learning to optimize hardware design (e.g., chip
area [24, 35]), minimize traffic overhead [5, 18, 28], or of-
fload certain DDL tasks to the network switches [16, 25, 30,
31]. For example, to improve communication time, ATP [16]
and SwitchML [25] utilize fixed-point arithmetic to execute
gradient aggregation in programmable switches, with ac-
ceptable approximation loss. Various gradient-compression
schemes [5, 18, 28] employ lossy compression to reduce net-
work traffic overhead, while limiting deviation from the achiev-
able model accuracy. Similarly, hardware designers are in-
corporating approximate operations (e.g., approx. multipli-
ers [24, 35]) in their architectures to minimize resource and
energy usage—to scale to ever-increasing DDL models.

In Ultima, we replace the (tail-prone) deterministic, run-
to-completion computation and communication stages of
a DDL system with best-effort, time-bounded implementa-
tions. (1) Ultima introduces the notion of Adaptive Time-
outs to restrict the time a deep-learning job spends doing
computation (forward/backward pass and aggregation) and
communication (gradient sharing). (2) Ultima implements
a new Bounded Transport tomaximize the gradients received
during eachwindow. Unlike TCP or RDMA that are prone to
tail effects due to out-of-order delivery and retransmissions,
Ultima’s transport only implements flow- and congestion-
control while delivering gradients as fast as possible within
the given time window. (3) It also incorporates Native Mul-
ticast and an accompanying Transpose-Allreduce Collective
to further reduce the gradient delivery time from O(N) to
O(1). (4) Finally, to minimize the impact of missed or lost
gradients, Ultima implements Hadamard Transform to en-
sure, for any drop pattern (e.g., tail drops), a receiver still
obtains an unbiased estimate of the gradients resulting in
minimal loss in terms of model accuracy. Our preliminary
results are promising and show that Ultima can reach full
model accuracy with 16% faster tail completion times under
steady-state while incurring negligible approximation loss
(0.2%) during bursty (system and network) conditions, com-
pared to the state-of-the-art systems.
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