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Abstract
NVIDIA’s NCCL library is the de facto standard for collective com-
munication in distributed deep learning, relying on a built-in cost
model (AUTO) to select the algorithm and protocol for each collec-
tive at runtime. We present a systematic characterization of AUTO’s
selection quality across three cluster topologies (1×8, 2×4, and 4×2
A100 GPUs) under both isolated and compute-overlapped work-
loads. We find two compounding sources of suboptimality. First,
compute overlap changes the optimal algorithm–protocol pair at
6 of 9 message sizes on a single NVLink-connected node, because
protocols differ in streaming multiprocessor (SM) consumption
and compete with concurrent compute kernels. This effect is in-
visible to NCCL’s cost model. Second, these gaps amplify across
nodes: on a 2-node cluster, AUTO selects Ring for every message size
even though Tree delivers up to 2.9× higher throughput, produc-
ing a 57% latency penalty at 64MB. We initially address this with
a profile-guided offline tuner, but find it brittle in cloud environ-
ments where preemption invalidates the profiled policy. To provide
robust adaptation, we present an online reinforcement-learning
bandit tuner that learns the optimal configuration through deter-
ministic round-robin exploration using NCCL’s tuner plugin API.
Across multi-node topologies, the bandit achieves 25–42% latency
reductions over AUTO with a safety gate that prevents regressions,
requiring only 40 exploration iterations before converging.
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1 Introduction
Distributed deep learning at scale depends on efficient collective
communication. As models have grown from millions to hundreds
of billions of parameters [2, 4, 12, 14], gradient synchronization via
AllReduce has become a critical bottleneck, often consuming a sig-
nificant fraction of total training time [7]. NVIDIA’s Collective Com-
munications Library (NCCL) [10] is the de facto standard, provid-
ing optimized AllReduce, AllGather, and ReduceScatter primitives
that support multiple algorithms (Ring, Tree) and protocols (Simple,
LL128, LL). NCCL’s AUTO mode selects the algorithm–protocol pair
for each collective using an internal cost model, and practitioners
rarely override this default.

However, AUTO’s cost model is static: it derives bandwidth esti-
mates from the detected topology at communicator initialization,
calibrated for isolated collective operations on NVLink. Two as-
sumptions underlying this model break down in production train-
ing. First, modern training pipelines overlap gradient AllReduce
with backward-pass compute on concurrent CUDA streams [6, 7],
introducing SM contention that changes the relative performance
of protocols. Second, multi-node clusters introduce heterogeneous
link hierarchies (NVLink intra-node, TCP/RDMA inter-node) that
dramatically alter algorithm efficiency, yet the cost model is ef-
fectively calibrated for isolated execution and does not capture
heterogeneous multi-node link effects.

Through systematic experiments across three topologies (1×8,
2×4, and 4×2 A100 GPUs, all world size 8), we discover two com-
pounding sources of suboptimality in AUTO’s selections:

• Overlap sensitivity: On a single NVLink-connected node, 6
of 9 message sizes change their optimal configuration when
concurrent compute is present, because protocols differ in
SM footprint and contend differently with the compute ker-
nel.

• Multi-node amplification: AUTO’s modest single-node gap
(mean 1.2%) amplifies to 57% at 64MB on a 2-node cluster,
where it selects Ring even though Tree is 2.9× faster. Ring
forces every data element to traverse the slow inter-node link
at every hop; Tree exploits the intra/inter-node hierarchy.

We first build a profile-guided offline tuner that benchmarks each
cluster at startup and applies a measured-optimal policy through
NCCL’s tuner plugin API [9]. A 5-gate statistical framework en-
sures only high-confidence overrides. However, we discover this
approach is brittle in cloud environments: when the provider pre-
empts and reassigns containers to different physical nodes, the
profiled policy becomes stale and causes regressions.

This motivates our main contribution: an online RL bandit tuner
that learns the optimal configuration during training through deter-
ministic round-robin exploration. By treating algorithm–protocol
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selection as a multi-armed bandit problem [1], the tuner adapts to
the actual deployed cluster without offline profiling. A 5% safety
gate prevents regressions by falling back to AUTO when the im-
provement is within noise. Across multi-node topologies, the bandit
achieves 25–42% latency reductions over AUTO, converging in 40
iterations (~10 seconds of training time).

Our contributions are:
(1) A characterization showing compute overlap changes opti-

mal NCCL selections at 6/9 message sizes, and multi-node
amplifies AUTO’s gap from 1.2% to 57%.

(2) An analysis of why AUTO fails: its cost model is calibrated
for isolated collectives and does not account for SM con-
tention under overlap or heterogeneous link hierarchies
across nodes.

(3) An online RL bandit tuner using NCCL’s plugin API with
deterministic exploration and a safety gate, implemented in
433 lines of C.

(4) An evaluation showing 25–42% improvements onmulti-node
topologies with zero regressions.

2 Background
2.1 NCCL Algorithms and Protocols
AllReduce computes an element-wise reduction (e.g., sum of gra-
dients) across all ranks and distributes the result to every rank,
combining a reduce and a broadcast in one collective. NCCL imple-
ments two primary algorithms for AllReduce. Ring arranges ranks
in a logical ring and pipelines data through 𝑁−1 reduce-scatter and
𝑁−1 allgather steps (for 𝑁 ranks), requiring every data chunk to
visit every rank. Tree uses a hierarchical reduce-broadcast pattern
where data travels𝑂 (log𝑁 ) hops: ranks reduce toward a root, then
broadcast the result. On a homogeneous NVLink mesh, Ring and
Tree achieve similar bandwidth, but on heterogeneous topologies,
Tree can exploit the link hierarchy by confining high-volume traffic
to fast intra-node links.

Each algorithm can use one of three protocols. Simple performs
large-chunk GPU-initiated DMA transfers: it briefly occupies SMs
to set up each transfer, then relies on NVLink hardware to move
data, freeing SMs between chunks. LL128 uses 128-byte flag-based
transfers that tend to impose higher sustained SM pressure through
polling and flagging logic. LL uses 8-byte atomic units with similar
continuous SM occupancy but at lower throughput. The protocol
choice determines not just peak SM allocation but also the sustained
SM utilization pattern, which directly affects how much compute
capacity remains for concurrent kernels.

2.2 The Tuner Plugin API
Since NCCL v2.19, an external tuner plugin [9] can override AUTO’s
selections. The plugin exposes two callbacks. pluginInit(nRanks,
nNodes, ...) is called once per communicator creation to provide
the topology, and pluginGetCollInfo(collType, nBytes,
collCostTable, ...) is called before each collective to pass the
message size and a cost table that the plugin may modify. By setting
a cost of zero for the desired (algorithm, protocol) pair, the plugin
forces NCCL to select it. Crucially, the plugin has no visibility into
concurrent compute workloads and no history of prior iterations;
it sees only the current collective’s parameters.

2.3 Compute–Communication Overlap
Modern training frameworks overlap gradient AllReduce with
backward-pass computation [7, 12]. When both streams compete
for SMs, protocols that sustain higher SM pressure [5] may slow
concurrent compute, increasing total iteration time even if the col-
lective itself is faster in isolation. NCCL’s cost model cannot account
for this because it evaluates each collective independently, without
knowledge of other active CUDA streams.

3 Characterization
Weprofile AllReduce (fp32) across 5 configurations (AUTO, Tree+Simple,
Tree+LL128, Ring+Simple, Ring+LL128) at 9 message sizes (32 KB–
256MB) on 8× A100-SXM4-80GB GPUs provisioned through Modal
cloud. Each measurement consists of 50 iterations after 10 warmup
iterations; we report medians. Overlap mode runs a concurrent
4096×4096 fp32 matmul on a separate CUDA stream, simulating
backward-pass compute. We test three topologies: 1×8 (single-node,
full NVLink mesh), 2×4 (2 nodes, 4 GPUs each), and 4×2 (4 nodes,
2 GPUs each).

Our message sizes span 32 KB to 256MB, covering the range of
gradient bucket sizes used in distributed training; smaller messages
are dominated by launch and synchronization overhead, while
larger messages approach steady-state bandwidth.

3.1 Overlap Changes the Optimal Configuration
Table 1 shows single-node results under sequential (isolated) and
overlapped execution. Under sequential AllReduce, the optimal
configuration varies across sizes: Tree+LL128 wins at small sizes,
Ring variants at medium sizes, and AUTO ties at 256MB. Under over-
lap, 6 of 9 message sizes change their optimal configuration
(marked “Flip” in the table). The most striking pattern: Ring+Simple
dominates for sizes ≥2MB under overlap, displacing Tree+LL128
and other protocols that won in isolation.

Table 1: Single-node AllReduce results (8× A100 NVLink).
Gap% is AUTO overhead vs. best. “Flip” indicates the optimal
config changes between sequential and overlap.

Size Sequential Overlap

Best ms Gap Best ms Gap Flip

32KB Tree+L 8.33 1.5% Tree+S 8.32 0.1% ✓
64KB Ring+L 8.44 0.0% AUTO 8.12 0.0% ✓
256KB Ring+S 8.35 3.0% AUTO 8.36 0.0% ✓
1MB Tree+L 8.56 0.3% Tree+L 8.28 1.3%
2MB Ring+L 8.45 1.7% Ring+S 8.60 3.3% ✓
4MB Tree+S 8.50 0.1% Ring+S 8.46 2.1% ✓
16MB Ring+S 8.50 3.1% Ring+S 8.56 3.0%
64MB Ring+S 8.95 2.3% Ring+S 9.23 0.6%
256MB AUTO 10.6 0.0% Ring+S 10.6 0.4% ✓

Mean gap 1.2% 6/9

The mechanism is SM contention: under overlap, NCCL’s commu-
nication kernels and the compute matmul compete for SM slots. As
described in Section 2, Simple’s DMA-based transfers briefly occupy
SMs for setup but release them between chunks, while LL128 tends
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to sustain higher SM pressure through its flag-based polling. Under
overlap, this sustained occupancy matters: Ring+Simple’s bursty
SM usage pattern leaves more compute capacity for the concurrent
matmul kernel between transfer phases, reducing total iteration
time. Tree+LL128, despite achieving higher raw communication
throughput in isolation, sustains higher SM pressure that slows
the concurrent compute. Additionally, Tree’s hierarchical reduction
can increase communication-side SM pressure relative to Ring’s
simpler pipeline in our setting. The net effect is that total iteration
time (compute + communication) favors Ring+Simple under over-
lap, even when Tree+LL128 is faster in an isolated communication
benchmark.

Figure 1 visualizes this shift: the optimal configuration at each
message size changes between sequential and overlap modes, with
the right panel marking the six flips. While AUTO’s mean gap on
single-node is modest (1.2%), the qualitative finding that the winner
changes is what motivates workload-aware tuning.

Figure 1: Optimal (algorithm, protocol) for each message size
under sequential vs. overlapped execution on single-node 8×
A100. The right panel marks winner flips: six of nine sizes
change their optimal configuration under overlap.

3.2 Multi-Node Amplifies AUTO’s Gap
On single-node NVLink, AUTO’s suboptimality is masked by the
uniformly high link bandwidth (~25GB/s per NVLink). When we
move to multi-node topologies with heterogeneous links, the gap
grows dramatically.

Table 2 shows results on the 2×4 topology (2 nodes, 4 GPUs
each, inter-node TCP). Tree+Simple is optimal at every size for
both modes, with AUTO gaps reaching 57.2% at 64MB sequential
and 45.6% under overlap. Ring algorithms are catastrophically slow:
at 64MB, Ring+Simple takes 337ms versus Tree+Simple’s 117ms,
a 2.9× slowdown.

Table 2: Multi-node AllReduce results (2×4 A100, inter-node
network). Gap% is AUTO overhead vs. best configuration.

Size SEQ Best (ms) SEQ Gap OVL Best (ms) OVL Gap

256KB 9.5 (T+S) 9.1% 8.8 (T+S) 10.9%
1MB 11.3 (T+S) 13.2% 10.4 (T+S) 13.5%
4MB 15.5 (AUTO) 0.0% 14.1 (T+S) 6.4%
16MB 34.2 (T+S) 15.9% 32.5 (T+S) 11.5%
64MB 116.5 (T+S) 57.2% 148.6 (T+S) 45.6%
256MB 675.5 (T+S) 0.5% 678.1 (T+L) 0.0%

Figure 2 quantifies the amplification: at 64MB, AUTO’s gap grows
from 2.3% on single-node to 57.2% on 2×4, a 25× amplification.
At 1MB the amplification is 44× (0.3%→ 13.2%). The pattern holds
across all tested sizes: the gap grows monotonically as the inter-
node ratio increases from 1×8 to 2×4 to 4×2.

Figure 2: AUTO gap (%) on single-node (1×8) vs. multi-node
(2×4). The gap amplifies 3–25× across nodes. At 64MB, a 2.3%
single-node gap becomes 57.2%.

3.3 Why AUTO Fails at Multi-Node
The root cause is topological: NCCL’s cost model estimates band-
width assuming homogeneous links. On NVLink, Ring is efficient
because every hop is fast. On multi-node, Ring forces every data
chunk through 𝑁−1 hops, of which a fraction cross the slow inter-
node fabric. For 4×2 (4 nodes, 2 GPUs each), Ring requires 7 hops
per element, with 3 crossing the inter-node link. Tree, by contrast,
reduces within each node using NVLink and sends only one ag-
gregated message per node across the inter-node link, requiring
𝑂 (log2 𝑁nodes) inter-node messages versus 𝑂 (𝑁 ) for Ring.

Figure 3 makes this visible: Ring variants (green, yellow) are
consistently slower than Tree (red, blue) at every message size,
with the gap widening dramatically at large sizes. The rightmost
panel summarizes AUTO’s suboptimality across all sizes, peaking
at 57% (sequential) and 46% (overlap) at 64MB. The cost model
never triggers a switch from Ring to Tree because its bandwidth
estimate does not distinguish between intra-node NVLink (600GB/s
aggregate) and inter-node TCP (~10Gbps). As the inter-node ratio
increases, a larger fraction of Ring’s hops cross the slow fabric,
making its linear topology increasingly pathological relative to
Tree’s hierarchical approach.

4 Design
Our characterization reveals that AUTO’s selections are suboptimal
under overlap and lead to severe performance degredation at multi-
node scale. We describe two approaches: an offline profiler that
measures the optimal policy per cluster (§4.1), and an online bandit
that learns during training (§4.2). The offline approach works when
the cluster is stable but fails under preemption; the bandit addresses
this fundamental limitation.

4.1 Offline Profile-Guided Tuner
The offline tuner profiles the cluster at startup by benchmarking
each (algorithm, protocol) pair at 6 key message sizes (256 KB–
256MB), taking approximately 2 minutes. For each size, it applies
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Figure 3: Multi-node AllReduce on 2×4 A100. Left/center:
per-config iteration time (log scale) under sequential and
overlap modes. Ring variants (green, yellow) are catastrophi-
cally slower than Tree (red, blue) at large sizes. Right: AUTO
suboptimality reaches 57% at 64MB.

a 5-gate statistical framework to decide whether to override AUTO:
(1) IQR outlier trimming removes measurements outside [𝑄1 − 1.5 ·
IQR, 𝑄3 + 1.5 · IQR]; (2) a one-sided Mann-Whitney𝑈 test requires
𝑝 < 0.01; (3) Cliff’s delta must exceed 0.33 (medium effect); (4) split-
half consistency requires odd and even samples to agree on the
winner; (5) the improvement must exceed a size-adaptive threshold
(5% for <64MB, 10% for ≥64MB). Only when all five gates pass
does the tuner override AUTO. The resulting policy is encoded as a
comma-separated string and loaded via the tuner plugin’s cost-table
manipulation.

On the profiled cluster, the offline tuner correctly identifies
Tree+Simple for large multi-node messages, matching our charac-
terization. However, in cloud environments (Modal, AWS), training
jobs are routinely preempted and rescheduled to different physical
nodes. The profiled policy (measured on cluster A) becomes stale
when the job resumes on cluster B with different inter-node charac-
teristics. We observed this in practice: a policy profiled on one 2×4
assignment produced a 110% regression after Modal preempted and
reassigned the containers to a cluster with faster AUTO performance.

Takeaway: offline profiling is sound when the cluster is stable,
but fundamentally brittle in elastic cloud environments. The tuner
must adapt online.

4.2 Online RL Bandit Tuner
We formulate algorithm–protocol selection as a multi-armed ban-
dit [1] problem. The action space is small and discrete (four can-
didate configurations), and each collective invocation yields an
immediate latency measurement, making this a natural fit for the
classical bandit setting. We define four arms:

(1) Tree + Simple
(2) Tree + LL128
(3) Ring + Simple
(4) AUTO (no override)

The bandit operates per (collective type, size band, topology) key,
where size bands are quantized message-size buckets (e.g., 1–16MB,
16–128MB), allowing different selections for different message-size
ranges. The reward signal is the observed iteration latency (lower
is better), logged by the training script after each AllReduce.

Deterministic exploration. Standard bandit strategies (UCB1, Thomp-
son sampling, 𝜖-greedy) use random number generators. In NCCL,

the tuner plugin runs independently on every rank. If RNG seeds
diverge across ranks, different ranks select different algorithms, a
correctness violation since all ranks must agree on the collective
algorithm. In our v1 prototype using 𝜖-greedy, RNG divergence
across ranks caused a −85.8% regression on 2×4 at 64MB. Switch-
ing to deterministic exploration in v2 eliminated the divergence
entirely, turning a −85.8% regression into a +42.0% improvement,
a swing of nearly 128 percentage points.

We replace RNGwith deterministic round-robin: iteration 𝑖 selects
arm (𝑖 mod 4). All ranks compute the same arm from the global
iteration count, requiring no inter-rank communication for agree-
ment. We run𝑀=10 rounds of exploration (10 samples per arm, 40
total iterations), then transition to exploitation.

Exploitation with IQR trimming. At the explore-to-exploit transi-
tion, the bandit ingests all logged rewards, computes IQR-trimmed
means per arm, and selects the arm with the lowest trimmed mean.
The IQR trimming (removing values outside [𝑄1 − 1.5 · IQR, 𝑄3 +
1.5 · IQR]) ensures that occasional latency spikes do not bias arm
selection. All subsequent iterations exploit the selected arm.

Safety gate. After selecting the exploit arm, the bandit compares
its trimmedmean against AUTO’s. If the improvement is less than 5%,
the bandit keeps AUTO. The risk of a marginal or noisy improvement
is not worth the potential regression. This gate is critical: it caught
the 256MB case on 2×4, where the bandit and AUTO were within
noise (749.2ms vs. 749.1ms).

Implementation. The bandit is implemented as a 433-line C shared
library loaded via NCCL_TUNER_PLUGIN. Rank 0 writes a reward log;
all ranks read it at the explore-to-exploit transition via a shared
filesystem. The implementation has zero dependencies beyond libc
and libm.

5 Evaluation
We evaluate the bandit tuner on twomulti-node topologies (2×4 and
4×2) at 64MB and 256MB, the message sizes where AUTO has the
largest gap (Table 2) andwhich correspond to typical gradient buffer
sizes in large-model training. Each scenario runs 240 total iterations
(40 explore + 200 exploit) with a concurrent matmul workload. The
AUTO baseline runs 240 iterations with no tuner plugin. We report
median latency of the exploit phase (for the bandit) and all 240
iterations (for AUTO).

5.1 Headline Results
Table 3 and Figure 4 summarize the results. The bandit achieves
substantial improvements in 3 of 4 scenarios:

Table 3: Bandit tuner results. Improvement is median latency
reduction vs. AUTO. The safety gate correctly keeps AUTO for
2×4 at 256MB.

Topo Size AUTO (ms) Bandit (ms) Improv. Decision

4×2 64MB 81.8 60.9 +25.5% Bandit
4×2 256MB 251.7 194.6 +22.7% Bandit
2×4 64MB 287.3 166.6 +42.0% Bandit
2×4 256MB 749.1 749.2 −0.0% AUTO (gate)
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Figure 4: Median AllReduce latency: AUTO vs. bandit tuner.
The bandit achieves 25–42% reductions on 3 of 4 scenarios;
the safety gate correctly keeps AUTO on 2×4 at 256MB.

On 4×2, the bandit reduces 64MB latency from 81.8ms to 60.9ms
(+25.5%) and 256MB from 251.7ms to 194.6ms (+22.7%). On 2×4, the
64MB improvement is even larger: 287.3ms to 166.6ms (+42.0%).
For 2×4 at 256MB, the safety gate correctly identifies that the
bandit’s selected arm (749.2ms) offers no improvement over AUTO
(749.1ms) and falls back, resulting in zero regression.

5.2 Variance Reduction and Learning Dynamics
Beyond reducing median latency, the bandit produces more pre-
dictable iteration times. Figure 5 compares the latency distributions
of AUTO and the bandit (exploit-only iterations) across all four sce-
narios. By committing to a single arm, the bandit avoids the variance
introduced by AUTO’s cost model switching between suboptimal
configurations across iterations.

The effect is pronounced: on 4×2 at 256MB, the interquartile
range narrows by 80.3% and the standard deviation drops from
298ms to 71ms, a 76% reduction. On 2×4 at 64MB, the IQR nar-
rows by 13.7% and standard deviation drops by 19.4%. Even in the
2×4 256MB case where median improvement is negligible (−0.0%),
the bandit still tightens the IQR by 15.0%. More predictable iteration
times directly benefit large-scale training [12]: high-variance col-
lective latencies create unpredictable synchronization delays that
propagate across data-parallel ranks, wasting GPU cycles.

The bandit’s arm selections match our characterization: it selects
Tree+Simple at 64MB on both topologies, consistent with Sec-
tion 3.2’s finding that Tree dominates Ring on multi-node. The 40-
iteration exploration phase converges quickly: each arm is tested 10
times with IQR-trimmed means, and the best arm typically emerges
within 2–3 rounds.

Exploration cost. The 40 exploration iterations incur a one-time
cost of approximately 4–12 seconds (depending on message size).
At a per-iteration savings of ~20ms, the bandit breaks even after
approximately 140 iterations. For training runs of thousands of
iterations, the exploration cost is negligible.

6 Related Work
Collective communication optimization. TACCL [11] synthesizes

topology-aware collective algorithms from communication sketches.
TE-CCL [8] formulates collective design as a multi-commodity
flow problem. MSCCLang [3] provides a DSL for expressing cus-
tom collective schedules. These systems generate new algorithms;
our bandit selects among NCCL’s existing algorithms at runtime,
making it complementary. A bandit could equally select among

Figure 5: Latency distributions for AUTO vs. bandit (exploit-
only) across all four evaluation scenarios. Box plots show
median, IQR, and individual samples. The bandit consistently
produces tighter distributions, reducing standard deviation
by up to 76%.

TACCL-generated plans. MCCS [13] addresses multi-tenant collec-
tive scheduling in cloud clusters; our work focuses on per-tenant
algorithm selection.

NCCL characterization. Hu et al. [5] provide a detailed analy-
sis of NCCL’s internal mechanisms, including CTA (cooperative
thread array) counts, channel configurations, and protocol behavior,
but evaluate only isolated collectives without concurrent compute.
Lee et al. [6] characterize the performance impact of compute-
communication overlap but do not propose a tuning mechanism.
Our work bridges these two directions: we measure how overlap
changes the optimal algorithm-protocol selection (extending Hu et
al.’s characterization) and build an online system that adapts to it
(addressing the gap Lee et al. identify).

Bandit-based systems tuning. Multi-armed bandits [1] have been
widely applied to online configuration tuning in systems. Our ap-
plication to NCCL collective selection is, to our knowledge, the first
use of bandits for runtime communication algorithm tuning in dis-
tributed deep learning. The key challenge we address, deterministic
multi-rank agreement without communication, is specific to the
collective communication setting.

7 Discussion and Limitations
Our evaluation has several limitations that scope our claims. First,
we test only fp32AllReduce; other collectives (AllGather, ReduceScat-
ter) and data types (fp16, bf16) may exhibit different sensitivity to
algorithm-protocol selection. Second, our overlap workload uses
a fixed-size matmul as a proxy for backward-pass compute; real
training pipelines produce variable compute loads across layers,
which may shift optimal selections dynamically within a single
iteration. Third, all experiments use world size 8 on A100 GPUs
with NVLink and TCP interconnects; larger clusters, different GPU
generations (H100, B200), or RDMA fabrics may change the relative
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performance of configurations. Finally, the bandit selects a single
configuration per message-size band rather than per-layer, leaving
potential for finer-grained tuning.

Despite these limitations, our results demonstrate that even a
simple bandit with four arms and deterministic exploration can
recover 25–42% of the performance that AUTO leaves on the table
at multi-node scale. The approach is general: any collective library
with a pluggable algorithm-selection interface could benefit from
online bandit tuning.

8 Conclusion
We have shown that NCCL’s AUTO cost model, while effective on
single-node NVLink topologies, leaves significant performance on
the table under compute overlap and at multi-node scale. The gap
amplifies from 1.2% on a single node to 57% on two nodes at 64MB,
driven by the cost model’s inability to account for SM contention
and heterogeneous link hierarchies.

Our online bandit tuner addresses this through a simple but
effective design: deterministic round-robin exploration that guaran-
tees multi-rank agreement, IQR-trimmed arm selection that resists
outliers, and a safety gate that prevents regressions. The result
is 25–42% latency reductions on multi-node topologies with zero
regressions, converging in under 10 seconds.

Future work includes extending the bandit to other collectives
(AllGather, ReduceScatter), testing on H100/B200 architectures with
NVSwitch, integrating with production training pipelines, and ex-
ploring contextual bandits that condition arm selection on runtime
compute intensity. Given NCCL’s opacity in configuration selec-
tion, future work could also instrument NCCL across diverse GPU
architectures, topologies, and workloads to identify patterns in its
decision-making, informing tighter bandit search spaces and more
interpretable arm selection.
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