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Abstract

Emerging chiplet-based accelerators introduce a new class of intra-

host networks—the Accelerator Chiplet Network (ACN)—that links

compute chiplets, IO chiplets, and memory modules and increas-

ingly governs application performance. Yet ACN behavior remains

largely opaque: existing tools overlook on-package communication

and instead attribute overheads to compute or memory subsystems,

while ACN-induced latency, bandwidth heterogeneity, and con-

gestion are hard to observe due to proprietary microarchitectures,

tight coupling with the execution pipeline, and complex mappings

between application activity and hardware.

To overcome this challenge, we build an ACN characterization

framework that enables fine-grained, topology-aware probing of

paths and links. We then use it to uncover fundamental ACN perfor-

mance properties on multi-chiplet GPUs. Guided by these insights,

we design PingPoint, a lightweight utility for ACN-native profil-

ing. Our key insight is that modeling the ACN as a logical, hose-based
graph with queueing abstractions, combined with in-situ software
probing, makes systematic dissection of the otherwise opaque ACN
possible. It injects latency and bandwidth probes while co-executing
target kernels, captures cycle-level link- and path-granular distri-

butions, and applies differential attribution to localize congestion

to individual ACN links. Across diverse workloads and hardware,

it exposes hidden bottlenecks, guides kernel placement and traffic

shaping, quantifies the performance impact of ACN contention,

and enables practical optimization with marginal overhead.

CCS Concepts

• Computer systems organization→ Interconnection archi-
tectures; • Networks→ Network performance analysis; Net-
work on chip.
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1 Introduction

Chiplets have rapidly become the dominant building block for

modern hardware accelerators [11, 73, 74, 87, 160]. Chiplet-based

designs decompose a monolithic die into modular, function-specific

components that are integrated through advanced packaging tech-

nologies [39, 72, 101, 106], improving yield and cost efficiency, en-

abling heterogeneous integration and silicon reuse, accelerating

time-to-market via independent development/verification, and re-

ducing data-movement overheads. Accordingly, a growing number

of production accelerators are chiplet-based [7, 8, 75, 88, 126, 164].

As a result, a new class of intra-host networks that intercon-

nects compute chiplets, IO chiplets, and memory modules has

emerged; we term this substrate the Accelerator Chiplet Net-
work (ACN). An ACN governs chiplet-to-chiplet communication

for memory requests and responses, cache coherence traffic, data

movement, and IO signaling, and sits alongside off-package inter-

connects [12, 47, 96, 128, 139]. For example, in AMD’s MI300X [7],

the ACN connects eight compute chiplets (XCDs), four IO chiplets

(IODs), and eight HBM stacks within a single SoC. Unlike tradi-

tional on-chip networks designed for monolithic dies, ACNs span

heterogeneous hardware domains and route traffic across multiple

hops using stateful routers with built-in traffic management. They

expose a layered stack—physical signaling (L1), reliable framing

and hop-by-hop flow control (L2), and transaction-level routing

over flits (L3)—and comprise several distinct link types, including

COM-IO, IO-IO, and IO-MEM. These properties make ACNs more

complex than conventional NoCs and elevate them to a first-class

performance determinant inside modern accelerator SoCs.

However, despite being the linchpin, the ACN remains poorly un-

derstood in the networking community, making workload profiling,

diagnosis, and optimization difficult. Our MI300X/MI350X evalua-

tions show that many kernels are constrained by ACN links rather

than wavefront parallelism or HBM bandwidth. For example, in

MI300X, north-south and west-east IO-IO links peak at 2.4 TB/s, ver-

sus 6.2 TB/s for COM-IO. Yet ACN behavior is tightly coupled with

schedulers, prefetchers, and page migration, obscuring root-cause

analysis: even when developers follow vendor guidelines [15, 133],

performance often falls short due to head-of-line (HoL) blocking, un-

even bandwidth partitioning, and transient congestion [78–81, 146].

This opacity is exacerbated by limited interconnect observabil-

ity [17, 19, 46] and by the scale of modern GPU parallelism, with

thousands of in-flight requests generating irregular traffic matri-

ces at sub-𝜇s timescales, where conventional telemetry and traffic

engineering techniques [2, 30, 67, 91, 92, 174] are largely ineffective.

Unfortunately, existing tools and frameworks often overlook

the ACN, primarily attributing performance overheads to com-

pute units or memory subsystems. For example, prior GPU mi-

crobenchmark studies [82, 90, 144, 145, 169, 171], including recent

https://doi.org/10.1145/3789240.3829110
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Figure 1: The AMD MI300X accelerator. IF=Infinity Fabric. CM(CS)=Coherent Master(Slave). NS=North-South. WE=West-East.

work on MI300X [68], focus on CU scaling and HBM latency and

bandwidth, leaving the chiplet interconnect unexplored. Similarly,

AMD’s ROCProfiler [20, 21] and NVIDIA’s Nsight [127, 131] infer

interconnect behavior only indirectly through interacting-module

counters or coarse stall metrics, providing only a partial view.

To overcome these challenges, we build a programmable ACN

characterization framework (§3) that enables fine-grained control

over traffic sources and destinations through XCD pinning, HBM

stack localization, and topology-aware traffic generation. Using this

framework, we systematically probe and characterize MI300X’s la-

tency and bandwidth across directional paths and link types. First,

we find that the ACN dominates the end-to-end memory access

latency under load and exposes heterogeneous bandwidth domains

(§3.3), invalidating the assumption of a flat on-package intercon-

nect. Second, COM-IO links spread traffic across multiple channels

and behave like centralized FIFOs (§3.4), introducing bounded but

non-negligible HoL blocking under mixed workloads. Third, IO-IO

links combine deep buffering with deterministic routing (§3.5) and

sustain high throughput when flows are placed on disjoint paths,

but incur 𝜇s-scale queueing delays when requests concentrate on a

single link. Finally, IO-MEM links route requests by address over

shallowly buffered channels and apply traffic-oblivious backpres-

sure (§3.6), allowing congestion at one HBM stack to ripple across

the entire ACN.

Based on these insights, we propose PingPoint (§4), a developer
utility to uncover ACN communication behaviors. PingPoint op-
erates as a lightweight monitoring agent that co-locates with target

applications and reports ACN-inherent performance characteris-

tics, bottlenecks, and idiosyncrasies. Our key ideas are to (a) treat

the ACN as an abstract logical graph with the hose model [4, 28,

54], (b) represent each compute adapter, IO chiplet, and memory-

side adapter with tailored queueing abstractions, and (c) perform

in-situ software probing (ping) to infer internal network condi-

tions, inspired by PingMesh [63]. PingPoint injects latency- and
bandwidth-focused probe traffic across all ⟨XCD, IOD, HBM⟩ tu-
ples while co-executing target kernels through fused GPU kernels,

ensuring precise temporal alignment and spatial isolation. Probe

results provide cycle-level distributions at link- and path-level gran-

ularity. A differentiation-based analyzer then attributes observed

delays and throughput deviations to specific ACN links, producing

a hierarchical congestion map that explains how application traffic

stresses the on-package network.

We evaluate PingPoint’s effectiveness in profiling, diagnos-

ing, and guiding optimization with minimal overhead (§5). Our

Specification

Clock/Power 2100 MHz/750W (TDP)

Accelerator Microarch. CDNA3

Overall Chiplet Config. 8 XCDs (5nm) and 4 IODs (6nm)

Throughput 1307 TFLOPS (FP16), 2614 TFLOPS (FP8)

Compute
Chiplet (XCD)

CU # 38 (2 for yield management)

L1D 32KB per-CU, 128B CL, 1 CH, per-CH 64W4S

L2 4MB per-XCD, 128B CL, 16 CHs, per-CH 16W128S

IO
Chiplet (IOD)

XCD-IOD 3D, Copper-to-Copper, 4.3 TB/s per CC

IOD-IOD 2.5D, USR-PHY, 1.2/1.5 NS/WE TB/s per CC

LLC 64MB per-IOD, 64B CL, 32 CHs, per-CH 16W2048S

IOD-HBM 2.5D, HBM-PHY, 1.3 TB/s per CC

HBM Size/Bus/Rate 192GB HBM3, 8192 bit width, 5.2 Gbps

Module Paging 2MB page under 4KB interleaved

Table 1: Hardware specification of the AMD MI300X. CL=Cache line.
CH=Channel. 𝑥W𝑦S=𝑥-way 𝑦 sets. CC=Chiplet Cluster.

results include: kernel-level decomposition (§5.1), input-driven

slowdown variation (§5.2), cross-workload interference diagnosis

(§5.3), overhead/tuning tradeoffs (§5.4), application optimization

(§5.5), and cross-GPU portability (§5.6). PingPoint is available at

https://github.com/netlab-wisconsin/pingpoint.

2 Background and Motivation

2.1 Chiplet-based Accelerator

Chiplets are a semiconductor technology that is increasingly used to

build modern processors [11, 73, 74, 87, 160]. They divide traditional

monolithic chips into modular, function-specific building blocks,

and allow different IC (e.g., cores, IO, and memory) compositions

via advanced packaging technologies [39, 72, 101, 106]. Chiplets (a)

improve manufacturing yield and cost efficiency by reducing the

probability of defects within a single module; (b) enable flexible

silicon customization via heterogeneous integration of different

node processes; (c) expedite time-to-market by allowing indepen-

dent development, testing, and verification; (d) enhance power effi-

ciency and performance by reducing the physical distance of data

movement—a common bottleneck. Recently many chiplet-based

accelerators have emerged, including AMD’s MI300X/MI350X [7, 8],

NVIDIA’s B100/B200 [88, 126], Intel’s Gaudi 3 [75], and Tenstor-

rent’s Blackhole [164].

We use the AMD MI300X as an exemplar to describe how an

accelerator SoC (System-on-Chip) is constructed from chiplets. Ta-

ble 1 shows its hardware specification. As depicted in Figure 1a, it

comprises 8 compute chiplets (Accelerator Complex Dies; XCDs), 4

IO chiplets (Input/Output Dies; IODs), and 8 HBM stacks (192GB to-

tal memory). An XCD (Figure 1b) encloses 38 Compute Units (CUs)

and a 4MB shared L2 cache, interconnected via a crossbar [40]. A

CU has numerous features, including a 32KB private L1D cache

and 4 SIMD execution units. Each unit has an 8-slot wavefront

https://github.com/netlab-wisconsin/pingpoint
https://github.com/netlab-wisconsin/pingpoint
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Figure 2: A conceptual overview of ACN architecture.

engine, where each scheduling slot runs a 64-thread group (called

a wavefront in AMD GPUs, analogous to a CUDA warp), yielding

up to 2,048 (4 × 8 × 64) threads per CU. Appendix §A summarizes

the key terms used in this paper.

An IOD (Figure 1c) connects the XCDs and HBMs via its Infinity

Fabric (IF) [13], which is built atop different physical layers. The

XCD-IOD link employs 3D hybrid bonding Copper-to-Copper (Cu-

Cu) [102, 118] and achieves 4.3 TB/s. IOD-IOD and IOD-HBM ones

use Ultra-Short-Reach (USR) PHY [52, 157] and HBM PHY [83]

atop 2.5D silicon interposers, delivering 1.2-1.5 TB/s and 1.3 TB/s.

An IOD contains cache coherence managers (containing coher-

ent master and slave), LLC slices (64MB per-IOD), and upstream-

ing/downstreaming/peering communication interfaces (INTF) for

talking to XCDs, HBMs, and neighboring IODs. An INTF has 16

parallel channels, each of which is provisioned with TX/RX ports

for bidirectional traffic. The 8 HBM stacks run at 1.3 GHz, use 2MB

pages, and serve data at an 8192-bit width. Each group of physi-

cally proximate components—an IOD and its attached 2 XCDs and

2 HBM stacks (outer box in Figure 1a)—forms a tile; we call it a

Chiplet Cluster (CC) in this paper.

2.2 Accelerator Chiplet Networking (ACN)

The ACN connects compute chiplets, IO chiplets, and memory mod-

ules. It defines the chiplet-chiplet (not intra-chiplet) communication

behaviors and characteristics of memory requests/responses, cache-

coherent messages, data signaling, and IO traffic. More generally,

the ACN is part of an accelerator SoC and its interface integrates

with other on/off-chip interconnects, like PCIe [139], GMI [12],

xGMI [96], NVLink [128], and UALink [47]. An ACN differs from

an intra-(compute or IO) chiplet NoC (Network-on-Chip) in that

it covers multiple heterogeneous hardware domains with a broad

range of data traffic types and requirements, yielding a more com-

plex networking substrate.

An ACN (Figure 2) encompasses (a) chiplet communication in-

terfaces where data originates or drains; (b) intermediate hops that

relay/forward traffic to another segment; and (c) stateful routers

enclosing ingress/egress traffic management, congestion control,

and queueing with certain scheduling disciplines, organized in a

graph topology (e.g., Mesh [70], Torus [122], Cube [61], or Drag-

onfly [94]). The ACN has three hierarchical layers. The physical

layer (L1), containing silicon wires and specialized circuits, handles

(de)modulation, time synchronization, signal integrity check, and

transmission model control. The link layer (L2) ensures reliable and

ordered data delivery via frame-level error control and hop-by-hop

flow control [98–100]. The transaction layer (L3) routes data from

the source to the destination following the channel semantics at

the link-stipulated granularity (e.g., FLIT).

The ACN’s data path has four link types: Compute-IO chiplet

(COM-IO link), IO-IO chiplet (IO-IO link), IO-Memory (IO-MEM link),
and IO-other interconnect (IO-EXT link). For example, in Figure 1c,

an XCD’s L2misses are delivered to the IOD’s CoherentMaster (CM)

via a COM-IO link. The CM contains a memory mapping table and

sends the request to a Coherent Slave (CS) based on the requested

address [41]. The CS (working as a caching home agent [97]), en-

closing 2MB LLC slices, a snoop filter [6], and a memory controller,

then forwards the request to neighboring IODs [57, 157] or HBM

stacks through IO-IO or IO-MEM links depending on where the

data is located.

2.3 Problem, Challenges, and Prior Solutions

Problem. The networking community lacks a sufficient and system-

atic understanding of the ACN’s communication capabilities and

limitations, rendering workload profiling, performance diagnostics,

and system optimization challenging on chiplet-based accelerators.

First, since the ACN bridges the compute, memory, and IO subsys-

tems, it often acts as a data movement choke point. Thus, it cannot

be overlooked. As we show in §3 and §5.6, application throughput

on MI300X and MI350X is often restricted by ACN links rather than

by wavefront parallelism or HBM memory bandwidth. For exam-

ple, on MI300X, IO-IO links sustain 2.4 TB/s, while COM-IO links

provide 6.2 TB/s (§3.3). Second, the tightly coupled ACN imbues

many architectural intricacies, complicating root-cause exploration

when encountering performance anomalies. However, even after

applying recommended best practices [15], developers still strug-

gle to achieve peak performance. We find that many culprits are

inherent to the ACN (§5), including: head-of-line blocking slows

down synchronization, uneven bandwidth partitioning reduces a

wavefront’s data feed rate, and ephemeral contention due to un-

coordinated scheduling causes significant queue buildup. Third,

developers strive to optimize software stacks given emerging needs,

like performance, multi-tenancy, reliability, and energy efficiency.

The ACN is mostly viewed as a transparent piece and not treated

separately today. For example, LithOS’s fine-grained GPU resource

management via kernel atomization [48] would see diminished

returns due to ACN contention.

Challenges. However, there are three non-trivial challenges. First,
the ACN lacks clear hardware boundaries. There are also minimal

tracking and logging modules: MI300X exposes 259 performance

counters [17], only 28 of which are interconnect-related, including

sampled IOD stall, idle, and busy events (Table 4 in Appendix §B).

Second, ACN characteristics correspond closely to compute chiplet

execution andmemory access patterns [154–156], making it difficult

to isolate them. For example, MI300X’s work-conserving wavefront

scheduler [158, 159], opportunistic page migration [161, 167], and

temporal/spatial-locality driven prefetching [31, 170] can alter traf-

fic profiles, making ACN drill-down analysis challenging. Third,

dissecting the ACN requires an accurate and timely top-down map-

ping between co-located workloads and the underlying hardware.

However, GPUs have massive parallelism and thousands of in-flight

memory transactions at a sub-microsecond granularity. This cre-

ates large, sometimes irregular traffic and intertwined, opaque data

paths which conventional network telemetry and traffic manage-

ment techniques barely tackle [2, 30, 67, 91, 92, 174].
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Algorithm 1 XCD Pinning.

1: kernel fn prelude_xcd (target_xcd, kernel_entrypoint, *args):
2: asm volatile ("s_getreg_b32 %0,hwreg(HW_REG_XCC_ID)":"=r"(xid));
3: if xid == target_xcd:
4: kernel_entrypoint(*args);

Algorithm 2 HBM Stack Localizer.

1: kernel fn hbm_probe (data, n_chunks, cycles):
2: asm volatile ("s_getreg_b32 %0,hwreg(HW_REG_XCC_ID)":"=r"(xid));
3: for i = 0 to n_chunks - 1:
4: idx = i * blockDim.x + threadIdx.x; // Calculate data index per-thread
5: synchronize(); // Cross-XCD synchronize
6: start = clock(); load(data[idx]); end = clock(); // Measure latency
7: cycles[xid * n_chunks + i] = end - start; // Store result
8: fn hbm_analyzer (home_hbm, n_chunks, cycles):
9: for i = 0 to n_chunks - 1:
10: for xcd = 0 to NUM_XCDS - 1:
11: if cycles[xcd * n_chunks + i] < min_cycles:
12: min_xcd = xcd; min_cycles = cycles[xcd * n_chunks + i];
13: home_hbm[i] = (min_xcd->cc)->hbm; // HBM stack within CC of min_xcd

Inadequacies of Prior Solutions. Existing hardware characteri-
zation frameworks, system utilities, and development toolchains

largely overlook the impact of ACN, instead attributing perfor-

mance overheads to other SoC components. For example, AMD’s

CDNA3microbenchmark suite [68] analyzes CUs, CU scaling behav-

ior, and the latency and bandwidth of on-chipmemories and off-chip

HBM, ignoring the interconnect that connects these components.

Likewise, AMD’s ROCProfiler [20, 21] decomposes the GPU into

functional blocks and applies a Top-Down [173] or VTune-style [76]

approach. However, due to Performance Monitoring Unit limita-

tions, interconnect behavior is only indirectly inferred through

counters of interacting modules or coarse-grained stall statistics

which aggregate cycles stalled by factors often related to inter-

connect congestion, yielding only partial and indirect information.

NVIDIA’s Nsight [127, 131] has similar limitations. It provides stan-

dalone benchmarking for SMs and memory subsystems but relies

on kernel replay techniques [55, 66, 135] to track interconnect data

flows rather than directly exposing communication fabric proper-

ties (e.g., bandwidth allocation and congestion dynamics). Appendix

§B discusses these limitations in detail.

Our work fills this gap through ACN-native characteriza-
tion and profiling.We first systematically dissect the MI300X’s

ACN at link and path granularity, uncovering its performance ca-

pabilities and bottlenecks and motivating a hose-based graph ab-

straction (§3). Building on these insights, we develop PingPoint,
a lightweight probing-based profiler for online, kernel-level ACN

visibility (§4); and then demonstrate its effectiveness in identifying,

localizing, and attributing ACN-induced performance effects (§5).

3 Understanding ACN

3.1 Experimental Methodology

Hardware Testbeds. Our experiments run on MI300X GPUs (Ta-

ble 1) in AMD’s AI & HPC Cluster, which consists of an AMD EPYC

9684X processor, 2.3TB DDR5, 8× MI300X, and 2TB storage [9].

The Genoa-X CPU has 16 sockets, each with 6 cores, and runs at

2.55GHz [33]. There are a 64KB per-core L1, a 1MB per-core L2,

and a 1152MB shared L3. We disable frequency scaling (Precision

Boost) to provide more consistent results across runs.

Software Benchmarks. We develop a synthetic benchmarking

framework based on prior work [36, 68, 82, 144, 145, 171], and tailor

it to chiplet-based GPUs. Specifically, we created two basic kernel

primitives: (a) lat, performing pointer-chasing over an array using

Algorithm 3 Traffic Generator.

1: let target_xcd, target_hbm;
2: hipMalloc(data, n_chunks * chunk_size);
3: hipMalloc(cycles, NUM_XCDS * n_chunks * sizeof(uint32_t));
4: hbm_probe<<<NUM_XCDS,blockDim,0,0>>>(data, n_chunks, cycles);
5: hbm_analyzer(home_hbm, n_chunks, cycles);
6: args->data = filter(data, i => home_hbm[i] == target_hbm);
7: mask_cu(cu_mask, enabled_cu_ids); // Appendix §C details mask_cu
8: hipExtStreamCreateWithCUMask(stream, cu_mask_size, cu_mask);
9: prelude_xcd<<<gridDim,blockDim,0,stream>>>(target_xcd, benchmark_kernel, args);

a single thread; (b) bw, a reduction of multiple arrays across all

threads. The former accesses array elements in random order such

that each cacheline is hit exactly once, while the latter touches data

in an interleaved manner to maximize memory-level parallelism.

Moreover, bw stresses different components of the accelerator SoC

and measures the maximum achieved bandwidth. We further en-

hance the framework with software-controlled computation and

data allocation to enable flexible traffic generation (§3.2).

Performance Metrics.We primarily report average/tail latency

and per-CU/XCD bandwidth. Our framework provides fine-grained

instrumentation for latency breakdown. We also collect ROCPro-

filer [20, 21] architectural counters.

3.2 Benchmarking Programmability

Chiplet accelerators (like MI300X and MI350X) expose limited soft-

ware control over thread scheduling and data placement, constrain-

ing our characterization. Thus, we develop two techniques: (a) XCD
Pinning, which uses a prelude kernel [43, 48] and, optionally, CU

affinity mask [22, 134] to spawn and run threads on specified XCDs,

or even specified CUs; (b) HBM Stack Localizer, which identifies

the mapping between data and HBM stacks via latency differentia-

tion [84] among CCs.

XCD Pinning. Algorithm 1 shows how we send work to a spe-

cific XCD. We use prelude_xcd, which first identifies the XCD on

which a thread is scheduled (xid) via inline assembly (L2), and then

invokes the actual benchmark kernel (kernel_entrypoint), either
lat or bw, only if xid matches the target_xcd (L3–4). We further

reverse-engineer the CU mask for AMD’s chiplet GPUs (Appendix

§C) to pin a lat thread to a specific CU or to modulate the number

of active CUs for bw to stress test at different levels of bandwidth.

HBM Stack Localizer. Algorithm 2 shows how we localize data to

an HBM stack. The MI300X uses 2MB-sized pages, interleaved into

4KB chunks across HBM stacks. hbm_probe launches 256 probing
threads per XCD to load these 4KB chunks in lockstep (16B per

thread × 256 threads = 4KB). The kernel iterates through all target

chunks (L3), calculating the global data index for each thread (L4).

To ensure accurate timing, it synchronizes all XCDs (L5), measures

per-XCD load latency (L6), and stores the results for analysis (L7).

hbm_analyzer determines the physical location (home_hbm) of each
chunk. It iterates over the profiled data for each chunk (L9), compar-

ing the load latency observed by each XCD (L10–11) to identify the

min_xcd with the lowest latency (L12). Based on chiplet distance

characteristics [84] and intra-CC spatial affinity, it determines the

HBM stack within the CC of the min_xcd as the physical location
of the chunk (L13).

Traffic Generation. Algorithm 3 integrates these primitives to

launch traffic between a source XCD (target_xcd) and destination
HBM (target_hbm). First, we allocate n_chunks data chunks (L2),
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Figure 3: (a)/(b) present the latency breakdown of a local,WE, NS, and
diagonal memory access under unloaded/loaded cases; (c) reports
the bandwidth capacity of different path segments; (d) shows the
achieved bandwidth when increasing the number of concurrent
benchmarking threads.

identify each one’s position via hbm_probe and hbm_analyzer (L4–
5), and store only the chunks located on target_hbm in args->data
(L6). Next, we construct a CU mask for enabled_cu_ids using

mask_cu (Algorithm 6 in Appendix §C) and create a HIP streamwith

hipExtStreamCreateWithCUMask that is restricted to the specified
CUs/SEs with (L7–8). Last, we issue the prelude_xcd wrapper on

this stream (L9), where the benchmark_kernel runs on threads

scheduled on the target_xcd and accesses args->data, whose
chunks all reside on the target_hbm.

Based on this, we create four traffic patterns: (a) local (XCD→local

CC); (b) WE (XCD→x-axis neighbor CC); (c) NS (XCD→y-axis neigh-

bor CC); (d) diagonal (XCD→diagonal CC). Taking latwith local
as an example, a thread pinned at XCD0 performs pointer chasing,

accessing HBM stacks 0 and 1, thereby siloing ACN traffic within

CC0 and excluding inter-CC effects. Taking bw with WE as another

example, every two XCDs on CC 0, 1, 2, 3 reduce over CC 1, 2, 3, 0,

ensuring all traffic traverses IO-IO links at least once.

Together, these patterns exercise all ACN paths by varying source

XCDs and targeting either HBM stacks or IOD LLCs. We select LLC

or HBM destinations by sizing the working set𝑊 relative to the per-

XCD L2 and per-IOD LLC capacities (Table 1); when L2<𝑊 <LLC, a

warmup sweep populates the LLC.
1
By comparing paths that differ

by a single segment, we isolate the contribution of individual ACN

links: e.g., paths from XCD0 to IOD0’s LLC, IOD1’s LLC, and HBM2

attached to IOD1 traverse progressively one additional COM-IO, IO-

IO, and IO-MEM segment, allowing incremental decomposition of

per-segment latency. The following §3.3–§3.6 focus on MI300X, but

the methodology generalizes to chiplet GPUs like MI350X (§5.6).

3.3 Performance Basis

Latency Breakdown. We first examine end-to-end data access

from a CU to an HBM stack from different directions and quantify

latency variation across paths. To do this, we gradually increase the

working set, launch the lat kernel to the designated data location,

and measure elapsed time via instrumentation. When the system is

unloaded (Figure 3a), the HBM access dominates, consuming 156 ns

and contributing 42.3% of the total latency (372 ns) on average

1
OnMI300X/MI350X, each per-IOD LLC caches only its two/four attached HBM stacks.
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Figure 4: (a) compares the achieved local/remote access bandwidth
when increasing the number of threads; (b) depicts the load distribu-
tion over 16 channels; (c) presents the latency of local-/remote-CC
traffic when increasing the intra-/inter-CC load; (d) shows the hard-
ware counter breakdown when increasing the load of the COM-IO
link (y-axis is log scale).

across the four cases, followed by the LLC (61 ns), L1 (57 ns), ACN

(54 ns), and L2 (45 ns). Routing in the ACN is not free, accounting

for 14.4%, where one IO-IO hop takes ≈50 ns. When the accelerator

is loaded with bw kernels running in the background (Figure 3b),

the ACN dominates, consuming 436 ns and contributing 43.1% of

the total (949 ns), followed by HBM, L2, LLC, and L1. The IO-IO

link is the most costly segment, consuming 324 ns on average due

to its deep buffering and associated queueing delay (§3.5).

Bandwidth Domain. Figure 3c shows that the ACN introduces

several implicit bandwidth domains, whose capacity is lower than

the memory hierarchy. Specifically, the COM-IO, IO-IO, and IO-

MEM links sustain 6.2 TB/s, 2.4 TB/s, and 4.4 TB/s, whereas L1,

L2, LLC, and HBM can deliver 38.6 TB/s, 25.5 TB/s, 18.1 TB/s, and

5.9 TB/s. The issue becomes even worse when concurrent streams

compete for the same link, or traffic is partitioned over channels

(discussed in §3.5). We validate this by examining the bandwidth

scalability of four directional accesses (Figure 3d). The local case,

bypassing the IO-IO link, achieves 5.3 TB/s, while WE, NS, and

diagonal ones are throttled at 3.3 TB/s.

Implication #1: The ACN contributes a substantial and, under

load, often dominant share of end-to-end memory-access latency,

especially on multi-hop paths. Its bandwidth is highly non-uniform:

different link types form distinct capacity domains, creating “thin

pipes” and heterogeneous bandwidth-delay products (BDPs) along

a path. Thus, modeling the ACN as a flat, opaque substrate hides

first-order performance bottlenecks. Effective diagnosis requires

exposing the ACN as a structured, topology-aware network whose

links and paths can be explicitly modeled, measured, and attributed.

3.4 COM-IO: Partial-Isolated Multi-Channel Link

Multi-channel with Spraying. A COM-IO link comprises 16 data

channels, shared by the local- and remote-CC traffic. As shown in

Figure 4a, the COM-IO link from a single XCD sustains 1.1 TB/s

(70.6 GB/s per channel) for local access when the XCD is fully acti-

vated, i.e., each CU running 2K benchmarking threads, 2K×38=76K
in total. For remote traffic, the link only achieves 0.8 TB/s (52.1 GB/s

per channel) because each request, traversing the ACN, takes a
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Figure 5: (a) presents the latency of intra-/inter-CC communication;
(b) compares the maximum achieved bandwidth of IO-IO links; (c)
shows the latency when increasing the link load; (d)/(e) report the ag-
gregate bandwidth of concurrent flows without and with contention
on an IO-IO link.

longer time to complete (§3.3). The sawtooth behavior while increas-

ing the number of threads is due to batched wavefront/workgroup

scheduling [32, 138, 148]—since the GPU does not have enough re-

sources to launch all wavefronts at the same time, as each group of

wavefronts completes, another group is launched. We then examine

load distribution using TCC (L2) and TCC_EA0 (L2-Fabric) hardware

counters, and find that the COM-IO link performs traffic-agnostic,

uniform spraying across its 16 channels (Figure 4b).

Controlled Head-of-Line (HoL). Since each channel is oblivious

to the request type, HoL blocking starts to occur when the link be-

comes 43.7–66.8% loaded, as shown in Figure 4c. Local-CC latencies

under intra-/inter-CC load increase by up to 76 ns, and remote-CC

latency under inter-CC load by up to 41 ns. In contrast, remote-CC

latency under intra-CC load increases much more (up to 160 ns),

suggesting that local-CC requests can HoL-block remote-CC re-

quests on shared COM-IO channels. Figure 4d further shows that

queueing mainly stems from three reasons: CU backpressure, L1/L2

stalls due to a lack of free Miss Status Holding Registers (MSHRs),

and the COM-IO interface (see Appendix §D for details). These

hardware-level mechanisms bound the HoL-induced overheads.

Implication #2: The COM-IO link comprises multiple parallel

channels, and traffic-agnostic spraying makes them collectively

behave as a centralized FIFO. Because each channel carries both

local and remote requests, heterogeneous flows can experience HoL

blocking in shared queues. However, we find that interface-level

arbitration, L1/L2 caching, and backpressure propagation bound

the impact of HoL blocking. Hence, accurate ACN analysis requires

explicit modeling of channel-level multiplexing and flow control,

rather than assuming independent or idealized links.

3.5 IO-IO: Buffered Link with Deterministic Routing

Link Homogeneity. IO-IO links connect IODs, yielding a scale-

out accelerator architecture. We denote the unidirectional IO-IO

link from IOD𝑥 to IOD𝑦 as IO𝑥,𝑦 . Thus, the full set of IO-IO links

in a 2 × 2 IOD mesh of an MI300X is: IO0,1, IO0,3, IO1,2, IO1,0, IO2,3,

IO2,1, IO3,0, IO3,2. We measure the latency and bandwidth of intra-

/inter-CC memory accesses across different directions. As shown in

Figures 5a/5b, all IO-IO links in an MI300X are equivalent, taking

53 ns for traffic forwarding and sustaining 820.0 GB/s.

Deep Buffering. An IOD employs a multi-channel switching ar-

chitecture with a large SRAM buffer for each IO-IO link at the

egress to accommodate the temporary burst under traffic incast.

This causes the queue build-up and increases the memory access

latency dramatically. As shown in Figure 5c, when an IO-IO link

is heavily loaded and close to the bandwidth limit, the average

request latencies over IO0,3, IO3,0, IO1,2, and IO2,1 rise to 4005 ns,

3903 ns, 3818 ns, and 3787 ns, which are 17.1×, 16.7×, 16.6×, and
16.0× increases over each link’s unloaded latency, respectively.

Deterministic Stateless Routing. Existing chiplet-based accelera-
tors [7, 8, 75, 88, 126, 164] employ a location-based oblivious routing

scheme to streamline the design and reduce the engineering cost.

The MI300X uses the canonical YX routing algorithm [27, 95, 137]

for traffic forwarding between IODs. This indicates: (a) the request

and response take asymmetric routes; (b) physically adjacent IODs

always choose the shortest path without detouring. Taking Fig-

ure 1a as an example, when XCD0 writes to HBM7, data flows

through IO0,3 and IO3,0 regardless of the link loading status or

whether there are other longer paths (like IO0,1→IO1,2→IO2,3) of-

fering more available bandwidth. Given such deterministic routing,

one could determine traffic congestion based on flow (memory ac-

cess) characteristics (like source XCD, destination HBM, size, and

in-flight request depth). Thus, as shown in Figures 5d/5e, when

there is no overlap among concurrent flows, accessing the same

target HBM can use all IO-IO links, yielding a bandwidth of 1.5 TB/s.

However, when overlapping happens, the aggregated bandwidth

sustains 791.1–820.0 GB/s, throttled by the shared link, where band-

width is partitioned among competing flows opportunistically.

Implication #3: IO-IO links exhibit largely uniform performance

characteristics, independent of their physical placement in the topol-

ogy or the specific IODs they interconnect. To absorb traffic bursts,

each IO-IO link is provisioned with deep buffering at the IOD, which

stabilizes throughput but induces substantial queueing latency un-

der sustained load. Further, an IOD employs deterministic, stateless

routing, making traffic distribution across IO-IO links highly pre-

dictable.When flows use disjoint IO-IO links, bandwidth scales with

the number of links. In contrast, when they contend on a shared link,

bandwidth is dynamically partitioned, and queueing delay domi-

nates. These observations suggest that ACN performance hinges

on explicit, topology-aware traffic placement rather than reactive

congestion handling.

3.6 IO-MEM: Addr-Directed Traffic-Oblivious Link

Address-Directed Multi-Channel. The IO-MEM link bridges

an IOD and an HBM stack, carrying traffic between the LLC and

memory controller. Since an LLC is usually divided into several

segments, an IO-MEM link has multiple channels, each of which is

dedicated to one partition. For example, an IOD of the MI300X has a

64MB LLC (256MB in total) and 32 channels, with the IO-MEM link

bandwidth capped at 737.5 GB/s. Unlike the COM-IO link, which

employs spraying (§3.4), the IO-MEM link restricts each memory

request to a single channel, determined by its destination address.

Thus, for flows targeting the same HBM partition, as shown in

Figure 6a, channel sharing causes up to a 37 ns latency increase

when the link is over-subscribed, indicating that a shallow buffer is

provisioned compared with the IO-IO link (§3.5). Flows issuing to

different partitions would see little interference. Because of this, to
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Figure 6: (a) shows the latency when increasing the load of an IO-
MEM link; (b) presents the average latency of four XCDs in different
CCswhen accessing 16 subpages; (c) depicts how a congested IO-MEM
link propagates contention across IODs. IO𝑥,𝑦=IO-IO link from IOD𝑥

to IOD𝑦 .

fully drive the memory bandwidth under data locality, the MI300X

performs page interleaving at the sub-page (4KB) granularity, where

the default page size is 2MB. We also observe that the page inter-

leaving order obeys a pre-defined clockwise direction as follows:

H0→H2→H4→H6→H1→H3→H5→H7, where H𝑥 denotes HBM 𝑥 .

We identify this behavior using the HBM Stack Localizer (§3.2), and

Figure 6b shows it at CC granularity.

Backpressure Storm. The IO-MEM link is traffic-oblivious. When

it becomes congested (queue builds up at the channel), it would

throttle the transmission of the connected IOD blindly instead of

figuring out the culprit flows, e.g., IOD1 in Figure 6c. As such, all

traffic targeting the choked chiplet is affected, where the back-

pressure propagates along the IO-IO links (e.g., IO0,1 and IO2,1).

Consequently, the victim region is expanded to IOD0 and IOD2

and eventually to all IODs. This phenomenon resembles the PFC

pause frame deadlock issue in RDMA networks [62]. As shown in

Figure 6c, we observe that (a) a completely disjointed flow with

no link sharing between the source XCD and destination HBM

experiences up to a 139 ns latency increase; (b) the performance

anomaly would take tens to hundreds of microseconds to resolve.

Implication #4: The IO-MEM link comprises shallow-buffered

channels that route memory requests deterministically based on

destination address. This traffic-oblivious design is effective under

moderate load but becomes problematic under congestion: when a

single flow overwhelms an IO-MEM link, backpressure propagates

from the attached IOD to all others, indiscriminately throttling un-

related traffic. Such congestion persists for a non-negligible amount

of time before dissipating, introducing significant and system-wide

performance perturbations. These findings highlight the need for

flow-aware congestion control or isolation mechanisms in the ACN,

beyond coarse-grained, reactive backpressure.

4 PingPoint: an ACN Profiler

Based on gathered insights (§3), we build the PingPoint utility to

profile and analyze the ACN. Our design goals are:

• Informative. PingPoint should provide adequate running sta-

tistics of the ACN from multiple angles, capturing traffic loads

User Application (Target Kernel)
TargetFn:

__device__ operator( ) (TargetArgs*, PingPointCtx*) : 
// Invoke unmodified user-defined  kernel logic 
// While replacing execution context w/ PingPointCtx

Profiling Workload (PingPlan)
...PingSpec (§4.5) :

type, path, resource

Profiling Report (PingReport)

Kernel Fusion (§4.4)

Profiling Analyzer (§4.7)

Ø DCA Analyzer
Ø Bottleneck Localization
Ø Performance Diagnostics

...PingResult :
time (cycles per iter)

System Interface (§4.3)

Profiling Engine (§4.6)

fused_kernel(TargetFn*, TargetArgs*, PingPlan, PingReport) :
// Each thread block queries scheduled hardware (XCD/CU) 
for each (PingSpecin PingPlan, PingResultin PingReport):

if scheduled at resourcefor the ping :
// Dispatch typeimpl. at path& Save elapsed timeto result

else : // Populate PingPointCtx& Dispatch TargetFn

Controlled Replay
Cooperative 
Groups

In-situ 
Pinging

Figure 7: PingPoint System Overview.

across links/paths, localizing queueing-induced stalls, and iden-

tifying congestion-affected victim regions.

• End-to-end. PingPoint should take a holistic view and place the

ACN in the context of applications running atop an accelerator. It

draws the interactions between the ACN and other architectural

components for the given workload.

• Lightweight. The ACN carries TB/s-scale traffic and delivers

massive transactions for thousands of threads. It is pivotal to

ensure PingPoint incurs minimal overheads with a marginal

impact on the profiled applications.

4.1 Key Idea and Overview

Our key idea is to model the ACN as an abstract logical graph,

perform in-situ software pinging within the accelerator SoC, and

apply conventional traffic analysis techniques to infer network

conditions. This design is inspired by PingMesh [63, 110], an es-

tablished latency-SLA diagnostic system for data center networks.

First, PingPoint tailors the hose model [4, 28, 54] to the ACN and

augments each communication entity and link with a specialized

device abstraction and queueing model, enabling software-level ob-

servability without hardware instrumentation. Second, PingPoint
injects designated probe traffic for each ⟨XCD, IOD, HBM⟩ tuple.
By collecting end-to-end latency distribution snapshots at both link

and path granularities, PingPoint analyzes the load and contention
of each modeled ACN component, revealing otherwise opaque

architectural behaviors. Third, PingPoint correlates application

execution, ACN traffic flows, and memory accesses, and applies

delay-based inference [24, 58] to identify performance bottlenecks.

As shown in Figure 7, PingPoint comprises five components.

(1) An input parser in the system interface (§4.3) extracts the appli-

cation description, user-specified inputs, and profiling objectives.

(2) A kernel fusion module (§4.4) composes application kernels

with profiling kernels under a unified execution interface, enforc-

ing performance isolation while preserving application semantics.

(3) A ping constructor (§4.5) synthesizes structured probing plans

and associated measurement contexts. (4) A profiling engine (§4.6)

executes online measurements through controlled replay and bulk

synchronization to ensure high-fidelity observations. (5) A profiling

analyzer (§4.7) applies performance-differentiation techniques to

attribute observed effects to ACN communication behaviors.

4.2 ACN Hardware Model

The sheer volume and granularity of memory traffic between CUs

and HBM stacks make per-flow tracing within the ACN prohibi-

tively expensive. Inspired by pioneering networking abstractions,

we apply the hose model [4, 28, 54] and view each ACN link as a
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hose link that captures aggregate, rather than per-flow, behavior.

Each hose link is parameterized by three quantities: (a) the maxi-

mum sustainable aggregate outgoing rate, (b) the maximum sus-

tainable aggregate incoming rate, and (c) a performance envelope

conditioned solely on the total traffic observed at the hose interface.

This aligns with our findings (§3), where each link is governed by

aggregate utilization rather than by per-packet forwarding.

Based on the measured behavior of COM-IO, IO-IO, and IO-MEM

links, we model the controlling hardware entities—compute adapter,

IO chiplet, and memory controller—using three queueing abstrac-

tions that reflect the dominant sources of latency and contention

uncovered (§3). We further adopt Kendall’s notation [86] for dis-

cussion: in a queue A/S/c/K/N/D, A denotes the arrival process, S
the service-time distribution, c the number of servers, K the queue

capacity, N the number of sources, and D the service discipline.

• Central-FCFS. We model the COM adapter as a centralized first-

come-first-served queue (𝐺/𝐺/1/𝑄/𝑋/𝐹𝐶𝐹𝑆) that aggregates re-

quests from multiple producers (𝑋 ≥ 1). This reflects our ob-

servation that traffic-agnostic channel spraying and shared per-

channel buffering induce bounded HoL blocking at COM-IO links

(Implication #2), while hardware flow control limits pathologi-

cal queue growth.

• Split-FCFS. We model the IO Chiplet as a collection of coupled

FCFS servers (𝐺/𝐺/𝑋/𝑄/1/𝐹𝐶𝐹𝑆) arranged along the execution

pipeline. This captures both the deep buffering provisioned at

IO-IO links and the deterministic, stateless routing logic that

makes contention predictable and topology dependent (Implica-
tion #3). Prior work, such as S3-FIFO [172], has explored similar

queueing structures.

• Central-PS.We model theMemory-Side Adapter as a central-
ized processor-sharing queue (𝐺/𝐺/1/𝑄/𝑋/𝑃𝑆), reflecting token-

ring arbitration [49] and the coarse-grained backpressure mech-

anisms that throttle multiple IO chiplets when a single IO-MEM

link saturates (Implication #4). The processor-sharing discipline
approximates the opportunistic bandwidth sharing we observe

under congestion.

4.3 System Interface

PingPoint exposes an interface for developers to (a) onboard target
kernels for profiling, (b) specify structured probing workloads over

the ACN, and (c) define the profiling report.

User Application. We encapsulate the user’s target kernel in a

C++ function object, termed TargetFn (Figure 7). Its template de-

fines an operator() with a __device__ signature, indicating GPU
execution, and two arguments: (a) TargetArgs, which carries the

kernel’s original parameters, and (b) PingPointCtx, which conveys
runtime context to launch the kernel. The target kernel body is

encoded in this operator, and CUDA/HIP built-ins (e.g., gridDim,
blockDim, and blockIdx) are replaced with the corresponding

fields in PingPointCtx. This indirection allows PingPoint to in-

voke unmodified application logic through the profiling engine (§4.6)
while retaining control over the execution context.

Profiling Workload. The probing workload is defined by a list

of pings, called PingPlan. A ping acts as an atomic probing unit,

executing a specific microbenchmark across a defined hardware

datapath, specified by PingSpec (§4.5).

Profiling Report. The profiling report, called PingReport, mirrors

the PingPlan structure and maintains a strict one-to-one corre-

spondence between each profiling specification (PingSpec) and its

output record (PingResult). For each ping, PingResult allocates
a buffer that records raw elapsed clock cycles across profiling itera-

tions. These measurements serve as proxies for ACN congestion

induced by the target kernel. Aggregated across the full plan, the

results enable reconstructing the logical ACN graph and quantify-

ing link-level contention under application load. Upon completion,

PingReport is transferred to host memory and becomes the pri-

mary dataset consumed by the result analyzer (§4.7).

4.4 Kernel Fusion

PingPoint fuses the target kernel (TargetFn) with profiling logic

into a single GPU kernel, termed fused_kernel (Figure 7), enabling
fine-grained temporal alignment between application-induced traf-

fic and probing traffic. fused_kernel’s launch configuration is

determined dynamically to satisfy the combined resource demands

of the target computation and profiling pings, including registers,

shared memory, and probe-reserved thread blocks. The kernel is

parameterized by TargetFn, and its corresponding TargetArgs,
PingPlan, and PingReport. The fused kernel is launched using the
Cooperative Groups API [18, 129], which provides grid-wide syn-

chronization primitives (e.g., sync) spanning all thread blocks, inde-
pendent of their physical placement on CUs or XCDs. PingPoint
uses these global barriers to precisely align the start and end of

each ping with the execution window of the target kernel, ensuring

that probe traffic reflects the instantaneous ACN state induced by

the application.

Within fused_kernel, each thread block queries its hardware

locality—specifically, its assigned XCD and CU—and determines

its role at runtime. A subset of blocks, specified by each PingSpec
and placed on the designated source XCD, executes the ping mi-

crobenchmark. The remaining blocks execute the application logic

by invoking TargetFn with a runtime context dynamically popu-

lated in PingPointCtx, including role assignment and hardware

identifiers. This allows unmodified application code to run while

exposing placement information to the profiling framework.

To minimize measurement noise, PingPoint spatially isolates

probing and application execution by assigning them to disjoint

CUs. This design eliminates interference from thread-block sched-

uling and resource contention, ensuring that measured latency and

bandwidth variations reflect ACN behavior rather than on-XCD

compute effects.

4.5 PingSpec Structure

PingSpec describes the parameters of a ping, including the mi-

crobenchmark type, e.g., latency or bandwidth (§3.1); the probed

datapath, expressed as a source XCD and destination HBM pair

(§3.2); and the resource configuration, like the number of active

CUs, which controls probe intensity. Bandwidth pings use 10–16

CUs, with probe bandwidth scaling approximately linearly (e.g.,

≈50 GB/s/CU on MI300X), whereas latency pings use a single CU.

Further, it specifies the number of profiling iterations, e.g., pointer-

chasing operations for latency pings, and the memory buffer pinned

to the destination HBM by the HBM Stack Localizer (§3.2).
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Algorithm 4 Differential Congestion Attribution (DCA)

1: Deviates(𝑝): compares ping 𝑝 against its calibrated baseline 𝑝 in mean/tail latency or bandwidth.

2: CommonSlowdown(𝐺𝑙 ): returns minimum slowdown among pings in𝐺𝑙 that traverse link 𝑙 .
3: for all ping 𝑝 ∈ PingReport do
4: if not Deviates(𝑝) then continue
5: for all link 𝑙 ∈ Path(𝑝) do
6: 𝐺𝑙 ← ping 𝑞 | 𝑞 traverses link 𝑙

7: if ∀𝑞 ∈ 𝐺𝑙 , Deviates(𝑞) then
8: 𝜆𝑙 ← CommonSlowdown(𝐺𝑙 )

9: Normalize 𝜆𝑙 into attribution shares 𝑠𝑙 such that

∑
𝑙 ∈Path(𝑝)

𝑠𝑙 = 1

10: for all link 𝑙 ∈ Path(𝑝) do
11: ∆𝐿𝑙 (𝑝)← 𝑠𝑙 · ∆𝐿(𝑝)

By default, PingPoint synthesizes an exhaustive PingPlan con-

taining PingSpecs spanning all supported ping types, topological

endpoint pairs, and sampled resource allocations. PingPoint cur-
rently implements two built-in ping types, lat and bw in §3.1, while

allowing users to register new ping implementations, add them to

a PingPlan, and customize the plan to focus on specific datapaths

or reduce profiling overhead. Once constructed, a PingPlan can be

reused across target kernels within the same application. For ex-

ample, in §5, we profile four Mixture-of-Experts kernels in a single

execution by reusing a common PingPlan.

4.6 Profiling Engine

PingPoint orchestrates controlled probe injection and applica-

tion replay to profile the ACN from multiple angles. It executes

PingPlan in two phases: a baseline calibration phase and a concur-

rent profiling phase. During calibration, the engine sequentially

executes each ping in isolation, without co-running the target ker-

nel, to establish baseline latency and bandwidth distributions for

each probed datapath and resource configuration. These unloaded

measurements capture the steady-state characteristics of the ACN

and serve as ground truth for the analyzer when attributing subse-

quent performance deviations to application-induced contention.

In the concurrent profiling phase, the engine executes each probe

in PingPlan alongside the target kernel using a fused_kernel
that synchronizes probe and application execution via barriers

(§4.4). For each PingSpec, the engine dispatches the correspond-
ing microbenchmark to thread blocks pinned to the designated

source XCD and passes both the specification and its output record

(PingResult) to the probe logic. Latency pings perform pointer

chasing over destination buffers to expose end-to-end delay, while

bandwidth pings stream over the same buffers and apply reductions

to sustain traffic at the configured footprint (§3.1). During each pro-

filing iteration, the engine records cycle-level timing samples into

the associated PingResult structure, preserving fine-grained dis-

tributions that enable downstream inference of queueing dynamics

and contention inside the ACN.

4.7 Profiling Result Analyzer

PingPoint analyzes profiling results using Differential Conges-
tion Attribution (DCA) to attribute observed congestion to in-

dividual ACN links. Algorithm 4 outlines the workflow of the an-

alyzer, which operates on each ping result and uses two helper

functions: Deviates checks whether the profiled measurement (𝑝)

differs considerably from its calibrated baseline (𝑝) in mean/tail

latency or bandwidth; CommonSlowdown computes the minimum

latency increase or bandwidth drop among pings 𝐺𝑙 sharing link 𝑙 ,

providing a conservative estimate of congestion on that link.

Algorithm 5 DCA Helper Methods

1: function Slowdown(𝑝)

2: 𝛿mean ← 𝐿mean(𝑝)−𝐿̂mean(𝑝)

𝐿̂mean(𝑝)

𝛿p99 ←
𝐿
p99

(𝑝)−𝐿̂
p99

(𝑝)

𝐿̂
p99

(𝑝)

𝛿
bw
← 𝑇

bw
(𝑝)−𝑇

bw
(𝑝)

𝑇
bw

(𝑝)

3: return (𝛿mean, 𝛿p99, 𝛿bw)

4: function Deviates(𝑝)

5: (𝛿mean, 𝛿p99, 𝛿bw)← Slowdown(𝑝)

6: return (𝛿mean > 𝜖mean) ∨ (𝛿p99 > 𝜖p99) ∨ (𝛿
bw

> 𝜖
bw

)

7: function CommonSlowdown(𝐺𝑙 )

8: return min𝑞∈𝐺𝑙
max (Slowdown(𝑞))

Algorithm 5 details the helper methods. For a latency ping 𝑝 , the

analyzer extracts the mean latency 𝐿mean(𝑝) and tail latency 𝐿p99(𝑝).

For a bandwidth ping 𝑝 , it extracts the achieved throughput 𝑇bw(𝑝).

These runtime measurements are compared against their calibrated

baselines: 𝐿̂mean(𝑝), 𝐿̂p99(𝑝), and 𝑇bw(𝑝). Slowdown(𝑝) converts the

runtime measurements into normalized deviations from baseline:

𝛿mean, 𝛿p99, and 𝛿bw. The latency terms quantify the relative latency

increase over baseline, while the bandwidth term captures the rel-

ative bandwidth drop from baseline. Deviates(𝑝) compares these

deviations against tolerance thresholds, 𝜖mean, 𝜖p99, and 𝜖bw, and

returns true if any metric exceeds its threshold. This condition

allows DCA to detect contention that manifests as mean-latency

inflation, tail-latency inflation, or bandwidth degradation. Empir-

ically, we set 𝜖bw to 0.15, while 𝜖mean and 𝜖p99 are much smaller.

Given a group of pings 𝐺𝑙 that all traverse link 𝑙 , CommonSlow-

down(𝐺𝑙 ) first reduces each ping 𝑞’s three-dimensional slowdown

tuple to a scalar by taking the maximum across the metrics. It then

returns the minimum scalar slowdown among pings in 𝐺𝑙 . This

value provides a conservative estimate of the slowdown common

to all traffic crossing link 𝑙 and is used as the congestion indicator

for link 𝑙 (i.e., 𝜆𝑙 in Algorithm 4).

In the main DCA (Algorithm 4), it iterates over each record 𝑝 in

PingReport (L3). If the observed runtime metrics closely match the

baseline, it concludes that the ping’s datapath experiences no ACN-

induced contention and skips further attribution (L4). Otherwise,

the deviation indicates that at least one ACN link along the datapath

is congested. To localize the contention source, it inspects each

link 𝑙 on the ping’s datapath (L5) and forms 𝐺𝑙 , the set of pings

whose datapaths also traverse link 𝑙 (L6). If all pings in 𝐺𝑙 exhibit

statistically significant slowdowns from their baselines, it infers

that the shared link 𝑙 is a common congestion point (L7). It then

records the minimum contention magnitude common to these pings

as 𝜆𝑙 (L8), capturing a lower bound on congestion attributable to

link 𝑙 .

The analyzer normalizes the congestion indicators of all links

on the ping’s datapath into proportional shares 𝑠𝑙 (L9). Finally, it

attributes the ping’s excess end-to-end latency, ∆𝐿(𝑝), across the

traversed links according to these shares (L10–11), ensuring that

the per-link attributions sum to the observed latency increase. The

resulting decomposition produces a link-level congestion profile

that localizes ACN bottlenecks and explains how the application

stresses the network, forming the basis of PingPoint’s perfor-

mance reports.

5 Evaluation

Weuse the same experimental setup as in §3.1 and evaluate PingPoint
with MoE kernels [56, 152, 178], widely used in modern LLMs [51,

60, 132]. MoE augments standard Transformer layers with a routing
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Figure 8: ACN-centric performance report of four applications.

mechanism and relies on four core kernels: Attention (ATTN), Scatter
(Scat), Feedforward Network (FFN), and Gather (Gath). In the MoE

execution pipeline, tokens are first processed by ATTN, distributed
to experts via Scat according to a gating function, transformed by

FFN, and finally merged by Gath. Our experiments instantiate eight

experts, each mapped to a single XCD, and evaluate both uniform

and highly skewed (90%) routing distributions [56, 178] to stress

different ACN traffic patterns.

5.1 Case #1: ACN-Centric Performance Profiling

PingPoint exposes ACN behaviors that prior profiling tools cannot

observe by decomposing end-to-end slowdowns into per-link contri-

butions. In Figure 8a, the PingPoint analyzer shows that IO-MEM

links dominate Gath, consistent with many-to-one incast from mul-

tiple IO chiplets into a single HBM stack. By contrasting calibrated

baselines with co-running measurements, it further reveals that

ACN traversal accounts for 53.3–67.4% of memory-request tail la-

tency across kernels (Figure 8b), demonstrating that on-package

communication frequently lies on the critical path. Additionally,

PingPoint infers link-level bandwidth intensity via bandwidth

pings (Figure 8c), enabling us to distinguish ACN-saturated phases

from compute- or memory-limited ones. For example, at the high-

est bandwidth ping intensity, the ACN-induced latencies of ATTN,
FFN, Scat, and Gath rise to 701 ns, 739 ns, 718 ns, and 910 ns, re-

spectively, which are 2.4×, 2.2×, 1.2×, and 2.7× higher than in the

low-intensity case (Figure 8d). PingPoint attributes these increases
to transient queue buildup inside COM-IO, IO-IO, and IO-MEM links

rather than to reduced wavefront occupancy or HBM throttling,

illustrating how ACN-centric profiling diagnoses otherwise opaque

performance bottlenecks.

5.2 Case #2: Input-Dependent Perf. Exploration

PingPoint allows developers to connect application-level inputs to
ACN stress patterns by correlating kernel execution with per-link

latency and contention. We compare two MoE routing scenarios:

a uniform distribution, where tokens are evenly spread across ex-

perts, and a skewed distribution, where seven experts target a single

destination. As shown in Figure 9, PingPoint reports markedly

higher tail latency under skew, reflecting concentrated incast into

a subset of HBM stacks. For Scat, it attributes the slowdown pri-

marily to IO-MEM links, whose average and tail latencies rise to
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Figure 10: ACN-level performance interference under collocation.

112 ns and 223 ns, consistent with the workload’s many-to-one

traffic pattern. For Gath, it shows that beyond a 2.4× increase on
IO-MEM, IO-IO links also experience a 1.4× latency increase. These
results demonstrate the effectiveness of PingPoint’s in-situ prob-

ing and link-level attribution, enabling developers to reason about

mitigation strategies such as expert placement and traffic shaping.

5.3 Case #3: Performance Interference Diagnostic

PingPoint enables reasoning about cross-application interference

and collocation even when kernels are spatially isolated on dis-

joint CUs. We co-run Scat or Gath with a background ATTN kernel

placed on a separate stream and pinned to non-overlapping CUs

(Figure 10a), ensuring that any slowdown arises from shared ACN

links rather than compute contention. Despite this spatial separa-

tion, PingPoint reports severe interference (Figures 10b/10c): for
Scat, mean and P99 latencies rise by 6.2× and 10.6×, respectively,
while achieved bandwidth drops by 58%; for Gath, the correspond-
ing slowdowns are 6.1× and 6.2×, with bandwidth reduced by 85%,

indicating that collocation is substantially more harmful for incast-

heavy gathers. These degradations are primarily attributed to queue

buildup inside shared ACN components. Under collocation, Scat’s
mean latency is decomposed into 108 ns (COM-IO), 1826 ns (IO-IO),

and 111 ns (IO-MEM), while Gath’s breaks down into 70 ns, 2747 ns,

and 254 ns, respectively. Tail-latency attribution further exposes

severe IO-IO congestion: for P99, Scat reaches 4038 ns on IO-IO,

and Gath climbs to 5564 ns, far exceeding COM-IO and IO-MEM

contributions. Hence, PingPoint can provide concrete guidance

for collocation policies that must account for on-package network

pressure rather than CU utilization alone.

5.4 Case #4: System Overhead Under Deployment

PingPoint Overhead. PingPoint’s primary overhead is band-

width (BW) pings. A BW ping measures the residual bandwidth 𝑃

of a shared datapath and estimates the target application’s band-

width as 𝑇 = (𝐶 − 𝑃 )/(1 − 𝑞𝑏 ), where 𝐶 is the path’s calibrated

peak bandwidth and 𝑞𝑏 is the calibrated slowdown induced by a

BW ping of intensity 𝑏.2 As shown in Table 2, PingPoint achieves

high estimation fidelity, with 7.2% average MAPE across staircase

2𝑏 is determined by the number of CUs launching BW probes. On MI300X, BW pings

using 10–16 CUs yield 𝑞𝑏 values of 0.174, 0.204, 0.234, 0.257, 0.285, 0.304, and 0.329.
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Staircase Random

MAPE Eff. ratio BW Cost MAPE Eff. ratio BW Cost
1 Ping

5.4–7.0

60.9 409.1/460.5

7.7–8.5

78.1 383.7/426.9

Ping set 91.0 454.8/536.5 96.9 418.6/478.0

Table 2: Comparison of BW ping error estimation (%), probe effec-
tiveness ratio (%), and mean/peak bandwidth cost (GB/s).

0

5

10

15

20

25

30

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

S
lo
w
d
o
w
n
(%
)

BW Ping Frequency

Prefill Decode

Figure 11: Application slowdown
varying BW ping frequency.

2

10

50

0.8 0.9 1.0 1.1 1.2 1.3 1.4 1.5

H
P
P
9
9
la
te
n
c
y
(µ
s
)

HP Offered load (M queries/s)

Unmanaged
BE migrate
BE throttle (20%)
BE throttle (50%)
BE throttle (75%)
PingPoint-guided
Ideal

Figure 12: Tail latency of HP ap-
plication under BE contention.

and random traffic patterns, but causes mean and peak bandwidth

costs of 409.1 and 460.5 GB/s for staircase, and 383.7 and 426.9 GB/s

for random. Further, increasing the number of BW pings improves

profiling coverage by exposing a broader range of traffic conditions.

To quantify this, we define the Probe Effectiveness Ratio (PER) as the
fraction of measurements that observe sufficient signal for reliable

estimation. Compared to a single-ping, a seven-ping set increases

PER by 24.4% across the two traffic patterns while incurring at

most 14.2% additional bandwidth cost. Thus, PingPoint exposes a

tunable tradeoff between profiling fidelity and bandwidth cost.

PingPoint Application Impact. To evaluate PingPoint’s impact

on target applications, we use Prefill andDecode, two LLM inference

phases with distinct resource demands. Prefill is compute-bound,

whereas Decode is memory-bound [45, 165]. Both are instrumented

from the MoE kernels under a uniform expert-token distribution

(§5.2). We vary the BW-ping frequency from 0.1 to 1.0, controlling

how often pings are injected during continuous inference. Fig-

ure 11 shows Prefill experiences marginal slowdown (1.6%/4.2%

mean/peak), since its kernel consumes only a small fraction of ACN

bandwidth. In contrast, Decode sees higher overhead (13.2%/27.9%

mean/peak) because its token-by-token execution exposes limited

parallelism and is highly sensitive to ACN contention due to weight

and KV-cache accesses. Note that this overhead hinges on the ping

frequency. For example, injecting BW pings once every three it-

erations reduces Decode’s slowdown to 7.9%. Thus, PingPoint’s
overhead is controllable and can be tuned to balance profiling fi-

delity against application slowdown.

PingPointProvisioningOverhead.Wealso quantify PingPoint’s
setup/calibration cost and runtime resource usage. End-to-end sys-

tem initialization takes 8.98s. During calibration (§4.6), executing

a full ping set, comprising 64 latency probes (8 XCDs× 8 HBMs)

and 320 bandwidth probes (8 XCDs× 8 HBMs× 7 CU allocations),

requires 6.0s with 10K iterations per ping and increases linearly to

62.3s with 100K iterations. This calibration incurs a one-time cost.

Runtime memory peaks at 6GB (≈3% of MI300X capacity), with

buffers streamed to the host to minimize footprint.

PingPoint Deployment Tax. We develop and evaluate an end-

to-end, adaptive overhead-control scheme. In the recommended

configuration, latency pings remain always-on, while BW pings are

triggered only after a latency anomaly is detected. We evaluate this

strategy on MoE Decode under intermittent skew: one hot expert
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Figure 13: E2E deployment with two-tier online monitoring.

receives 12× more tokens for 25% of wall-clock time, matching

observations from real MoE traces [103]. As shown in Figure 13,

skew appears at 𝑡1, where latency pings detect a surge on the hot

datapath and trigger BW pings. PingPoint runs the full BW-ping

set until 𝑡2, then falls back to latency-only monitoring; the anomaly

subsides by 𝑡3. When another anomaly occurs at 𝑡4, PingPoint
reduces overhead by using only the 10-CU BW ping, lowering

generated-tokens/s degradation by 15.9% relative to the full BW-

ping set. Overall, adaptive two-tier monitoring incurs only 3.5%

mean target slowdown, 28.1× lower than always-on BW pinging

(98.2%), demonstrating that PingPoint can be deployed with low

runtime overhead.

5.5 Case #5: Development Optimization Guidance

We evaluate how PingPoint can guide application optimization

in a multi-tenant GPU-DB setting [50] with a high-priority (HP)

ANN search service (10 𝜇s P99 SLO) co-located with a bandwidth-

intensive best-effort (BE) Vector Scan workload. HP runs on a dedi-

cated XCD, while BE uses the remaining XCDs. Our primary met-

ric is HP’s SLO capacity: the maximum query rate that satisfies

the latency SLO. We compare five policies: Unmanaged (default

placement), BE migrate (randomly migrates BE embedding vectors),

BE throttle (reduces BE execution intensity by 20%, 50%, or 75%),

PingPoint-guided (relocates BE threads and data to avoid ACN

contention with HP), and Ideal (HP alone).

As shown in Figure 12, PingPoint-guided achieves an SLO capac-

ity of 1.43M queries/s, within 2% of Ideal (1.45M), compared to 1.1M

for Unmanaged and 1.33M for BE migrate. This improvement comes

from identifying BE datapaths that contend with HP traffic in the

ACN and relocating BE threads and embedding vectors to reduce

overlap.While aggressive BE throttling reaches up to 1.4M queries/s,

it sacrifices 30.3–47.6% of BE throughput relative to PingPoint-
guided. Appendix §F also shows that ACN-aware GPU partitioning

can improve locality: under NPS4, COM-IO links allocate more

channels to local traffic than under the default NPS1 configuration,

benefiting applications whose working sets fit within a Chiplet Clus-

ter (CC; §2.2). These results demonstrate that PingPoint exposes
practical opportunities for ACN-aware optimization.

5.6 Case #6: Portability across Chiplet GPUs

We evaluate PingPoint’s portability on AMD’s latest chiplet-based

GPU, MI350X [8], launched in June 2025. Since it has two CCs (Ap-

pendix §E), we consider two traffic patterns: (a) local (XCD→local

CC); (b) remote (XCD→non-local CC). Benchmarking follows the

methodology in §3.2. Figure 14 shows that ACN bottlenecks per-

sist, and become even more pronounced, on MI350X. The unloaded

IO-IO hop latency increases to 96 ns (1.8× MI300X), while the

ACN accounts for up to 57.0% of loaded memory-access latency

(486 ns of 853 ns). IO-IO links alone contribute 51.0% of the total
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Figure 14: MI350X performance results: (a)/(b) show the latency
breakdown of a local and remote memory access under un-
loaded/loaded cases; (c) reports the bandwidth capacity of different
path segments; (d) shows the achieved bandwidth when increasing
the number of concurrent benchmarking threads.

latency, and remote-CC bandwidth saturates at nearly half of local-

CC bandwidth (3.6 TB/s vs. 6.1 TB/s). These results suggest that

ACN-induced bottlenecks are not specific to MI300X but remain a

first-order performance concern in future chiplet-based GPUs.

Porting PingPoint to MI350X only requires a few hardware-

specific knobs for programmable benchmarking, including thread-

to-XCD identification [77, 116] and cross-HBM memory-allocation

granularity (e.g., 4KB vs. 8KB interleaving). PingPoint automati-

cally discovers these parameters during initialization of the XCD

Pinning and HBM Stack Localizer (§3.2), requiring neither hardware

modifications nor privileged access. Moreover, PingPoint’s generic
approach (§4.2) is also applicable to NVIDIA’s chiplet GPUs [88,

126], which have similar metrics to AMD GPUs (Appendix §B).

6 Related Work

Architectural Profiling. Our work is inspired by prior work on

building hardware counter-assisted architectural profilers. For ex-

ample, the Top-Down analysis [173] views the processor pipeline

as a frontend-backend structure, and identifies dominant perfor-

mance bottlenecks via a principled hierarchical approach. Google’s

GWP [147] randomly samples server counters continuously across

the data center, symbolizes the collected samples’ call stacks, and

aggregates the data into the Dremel database [120] for workload

analysis. Researchers then use it to uncover the “data center tax”

and explore optimization opportunities [85]. Melody [109] develops

a CXL memory characterization framework and introduces a stall

cycle-based slowdown prediction approach. Tintin [104] develops

an elastic profiling window adjustment algorithm based on learned

mismatched errors and introduces a newOS primitive (ePX) to unify
architectural profiling. Like these works, PingPoint also performs

profiling, but it specifically targets ACNs, which require specialized

mechanisms that prior solutions do not provide.

Host Networking. Researchers have revisited the design of the

host network under high bandwidth and new interconnect pro-

tocols. PCIe-bench [123] characterizes the PCIe subsystem and

uncovers the impact of PCIe features (like IOMMU). Cai et al. [35]
present the limitations of the Linux networking stack for 100Gbps

links. HostCC [3] develops a host-native congestion-control archi-

tecture based on curated signals to allocate bandwidth resources.

Vuppalapati et al. [166] introduce an abstract domain-by-domain

credit-based flow control scheme to study the host network concep-

tually. PathFinder [107] dissects the CXL.mem protocol using Intel
performance counters. CEIO [108] proposes proactive rate control

and elastic buffering to achieve zero LLC misses in the IO data path.

MemChannel [65] develops a CSFQ-inspired transport for switched

CXL memory pooling. However, we target new chiplet networks

inside accelerators like GPUs, not CPU servers [23].

Network-on-Chip (NoC). The ACN is a special type of NoC. Bjer-

regaard et al. [34] survey prior NoC efforts and define the basic net-

working structure that motivates PingPoint. Our characterization
shows that an ACN follows the networking topology [5, 93, 119],

routing protocol [1, 53, 59], resource management [42, 105, 121,

125], and traffic control [37, 115, 162] of a NoC, but differs in

chiplet-induced communication idiosyncrasies. Besides, we believe

that the ACN can greatly benefit from our past exploration on

programmable networks [38, 64, 150, 151, 168, 175–177] and in-

network computing [69, 111–114, 117, 140, 142, 143, 149].

Chiplet Architecture Optimization. Recent work has improved

chiplet accelerator designs. For example, MGvm [141] maps virtual

addresses to chiplets and places page tables using chiplet-related

statistics. CLAP [136] predicts page groups and pre-organizes them

into contiguous physical frames based on chiplet locality. Although

these works improve the efficiency of chiplet-based accelerators,

they solve different problems from PingPoint, which introduces

an abstract ACN model and can easily adapt to new chiplet designs.

GPU Kernel Optimizations. Recently, there has been a shift to-

wards application-defined scheduling [48, 124, 153]. Chiplet-aware

scheduling remaps computational work to physical compute chiplets

by considering thread-scheduling context [43, 44, 71]. Co-locating

thread blocks and memory pages [25, 29, 89] enables application-

defined memory allocation. These techniques highlight the variety

of ways to improve efficiency for GPU kernels. However, they often

rely on ad hoc or heuristic-based solutions. Thus, PingPoint can
facilitate further development of similar techniques.

7 Conclusion
This paper introduces the Accelerator Chiplet Network (ACN) and

shows that its opaque behavior fundamentally limits profiling and

optimization with existing tools. By developing a programmable

ACN characterization framework and PingPoint, we demonstrate

that modeling the ACN as a hose-based logical graph with tailored

queueing abstractions and in-situ software pinging enables precise

link-level diagnosis of congestion and performance bottlenecks.

Our evaluation shows that PingPoint uncovers hidden contention,

guides kernel placement and traffic shaping, and delivers actionable

optimization insights with marginal overhead. Given the increasing

prevalence of chiplets, PingPoint thus provides important, broadly

applicable capabilities for chiplet-based systems.
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APPENDICES
Appendices are supportingmaterial that has not been peer-reviewed.

A Acronyms and Terminologies
Table 3 defines the important chiplet and memory acronyms used

in the paper.

B Limitations of Existing GPU Profilers
Vendor-provided profilers, such as AMD’s ROCProfiler [20, 21] and

NVIDIA’s Nsight [127, 130, 131], expose and leverage hardware per-

formance counters to provide cycle-accurate kernel performance

metrics across architectural components. However, most provided

counters focus on compute units and L1/L2 caches within an XCD,

and largely treat the communication fabric beyond the L2 as a flat

memory interface [88, 126]. As a result, ACN behavior can only

be inferred through partial and indirect information. For exam-

ple, ROCProfiler exposes 259 counters for AMD MI300X/MI350X

GPUs [7, 8]; 236 are XCD-related, while only 28/24 are related to

IOD/HBM [17]. Table 4 shows a detailed list of these counters. How-

ever, even these IOD/HBM counters mostly focus on L2-to-Infinity

Fabric (TCC_EA0) information such as request volume and credit

stalls of XCD-side L2 misses and evictions. NVIDIA’s Nsight for

B100/B200 [88, 126] (partial list of their relevant counters outlined

in Table 5) exhibits similar limitations. Thus, activity on both indi-

vidual ACN links (§2.2) and non-XCD components such as the IOD

NoC, LLC, and HBM-facing memory controllers, are collapsed into

coarse signals.

Furthermore, adding additional counters would not completely

remove current limitations due to the difficulty ofmapping low-level
events to link-level models of COM-IO, IO-IO, and IO-MEM behav-

ior, and composing these link models into path-level analysis across
multiple chiplets. Conversely, PingPoint provides this missing in-

formation through a system model (§4.2) that enables converting

controlled path-level probes (§3.2) into link-level diagnosis (§4.7),

thereby making ACN bottlenecks interpretable and actionable.

C Reverse-engineered CU Affinity Mask
Vendor-provided software stacks from AMD and NVIDIA expose

Compute Unit (CU) masks for configuring the GPU’s CU usage [22,

26]. As shown in Figure 15, we reverse-engineer how this bit layout

maps to the architectural hierarchy on AMDMI300X/MI350X. They

have 8 XCDs, 4 Shader Engines (SEs) per XCD, and 9/8 CUs per SE.

For the MI300X, the CU mask is a three-dimensional structure,

cu_mask[c][s][x], where 𝑐 is the CU index within an SE, 𝑠 is the

SE index within an XCD, and 𝑥 is the XCD index. Physically, the

three dimensions are packed into word, byte, and bit positions, re-

spectively. The 32-bit word cu_mask[c] encodes CU index 𝑐 across

all 4 SEs and 8 XCDs. Within each word, the four bytes correspond

to SE3, SE2, SE1, and SE0 from MSB to LSB, and each byte contains

8 bits corresponding to XCD0–XCD7. Thus, each bit conceptually

controls whether CU 𝑐 in SE 𝑠 of XCD 𝑥 is enabled.

For the MI350X, the CU mask has different three-dimensional

structure, cu_mask[w][s][x], where 𝑤 is the mask-word index,

𝑠 is the SE index within an XCD, and 𝑥 is the XCD index. The

difference is that 𝑤 does not map directly to the CU index for all

SEs. Instead, bit cu_mask[w][s][x] controls CU𝑤 in even-indexed

SEs, i.e., SE0 and SE2, but CU 𝑤 +1 in odd-indexed SEs, i.e., SE1

Acronym Definition

ACN Accelerator Chiplet Network

XCD Accelerator Complex Die; Compute chiplet in MI300X/MI350X

IOD Input/Output Die; IO chiplet in MI300X/MI350X

HBM High-bandwidth memory

CC Chiplet Cluster; a tile composed of physically proximate chiplets

COM-IO Compute-to-IO link between an XCD and an IOD

IO-IO IO-to-IO link between two IODs

IO-MEM IO-to-memory link between an IOD and an HBM stack

IO-EXT IO-to-other interconnect link between an IOD and host/other device

Table 3: Acronyms.

Counter Description

TCC_MISS #L2 misses

TCC_WRITEBACK #L2 writebacks (dirty, uncached writes, atomics)

TCC_NORMAL_WRITEBACK #L2 writebacks (non-writeback reqs)

TCC_ALL_TC_OP_WB_WRITEBACK #L2 writebacks (TC_OP writeback reqs)

TCC_NORMAL_EVICT #L2 evictions (non-invalidate or probe reqs)

TCC_ALL_TC_OP_INV_EVICT #L2 evictions (TC_OP invalidate reqs)

TCC_EA0_WRREQ #Transactions to TC_EA_wrreq IF (non-probes)

TCC_EA0_WRREQ_64B #64B transactions (write, CMPSWAP) to TC_EA_wrreq IF

TCC_EA0_WR_UNCACHED_32B #32B/64B write or atomic to TC_EA_wrreq IF due to un-

cached traffic

TCC_EA0_WRREQ_STALL #Cycles a write req is stalled

TCC_EA0_WRREQ_DRAM_CREDIT_STALL #Cycles EA write req is stalled due to HBM credits

TCC_TOO_MANY_EA_WRREQS_STALL #Cycles L2 cache is unable to send EA write req due to it

reaching maximum pending EA write reqs

TCC_EA0_WRREQ_LEVEL #Accumulated EA write reqs in flight

TCC_EA0_ATOMIC #Atomic reqs to TC_EA_wrreq IF

TCC_EA0_ATOMIC_LEVEL #Accumulated EA atomic reqs in flight

TCC_EA0_RDREQ #Read reqs to EA

TCC_EA0_RDREQ_32B #32B read reqs to EA

TCC_EA0_RD_UNCACHED_32B #32B EA reads due to uncached traffic (64B counts as 2)

TCC_EA0_RDREQ_DRAM_CREDIT_STALL #Cycles EA read req is stalled due to HBM credits

TCC_EA0_RDREQ_LEVEL #Accumulated EA read reqs in flight

TCC_EA0_RDREQ_DRAM #EA read reqs to HBM

TCC_EA0_WRREQ_DRAM #EA write reqs to HBM

GRBM_TC_BUSY #Cycles any of the texture cache blocks are busy

GRBM_EA_BUSY #Cycles the EA block is busy

Table 4: ROCProfiler’s IOD/HBM-related hardware counters.
IF=Interface. TCC=L2. EA=Efficiency Arbiter.

Counter family Description Example counters

ctc__rx_* Blackwell C2C receive traffic ctc__{rx|tx}_bytes
ctc__tx_* Blackwell C2C transmit traffic ctc__{rx|tx}_bytes_data_user
lts__*ltcfabric* Cross-partition L2 traffic lts__t_sectors_srcunit_ltcfabric
dram__* HBM endpoint traffic dram__.*bytes.*, dram__.*sectors.*

Table 5: Nsight’s chiplet-to-chiplet (C2C) and HBM-related hardware
counters.

and SE3, on XCD 𝑥 . Thus, each bit must be interpreted using an

SE-dependent translation from mask-word index𝑤 to the enabled

CU position.

Both CU masks have a practical caveat. As noted in Algorithm 6,

although each byte nominally contains one bit per XCD, we only ob-

serve reliable control at byte granularity: each byte is effectively us-

able as either 0x00 or 0xff, not as an arbitrary 8-bit subset of XCDs,
forcing CU selection uniformly across all XCDs. Consequently,

thread-to-CU pinning necessitates an additional XCD-filtering step

using a prelude kernel in Algorithm 1 from §3.2.

D Hardware Counters for XCD stalls

We use ROCProfiler [20, 21] to examine hardware counters that cap-

ture stalls and credit-based flow control at three levels of an XCD:

(a) TA_ADDR_STALLED_BY_TC_CYCLES (CU-level), which counts cy-

cles the CU’s address path stalls by the cache/memory pipeline;

(b) TCP_PENDING_STALL_CYCLES (L1/L2-level), which counts cycles
the L1D cache stalls while waiting for data from L2 cache; and (c)

TCC_EA0_{RD|WR}REQ_DRAM_CREDIT_STALL (L2-Fabric-level), which
counts cycles in which the read/write interface to Efficiency Ar-

biter (EA) stalls due to a lack of credits. If the L2-Fabric credit stall
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Algorithm 6 CU Masking (MI300X).

1: fnmask_cu (cu_mask, enabled_cu_ids):
2: for i = 0 to CUS_PER_XCD - 1:
3: if (enabled_cu_ids >> i) & 1:
4: // Each byte enables a CU across all 8 XCDs in MI300X due to caveat
5: cu_idx = i / SES_PER_XCD; se_idx = i % SES_PER_XCD
6: cu_mask[cu_idx] |= (0xffu << (SES_PER_XCD-1-se_idx) * BITS_PER_BYTE)

cu_mask[0]
CU mask bits:  ff 00 ff 00  ff 00 00 00  ff 00 00 00  ff 00 00 00  ff 00 00 00  !!!

All XCD, SE 3, 
CU 0: Enabled 

All XCD, SE 2, 
CU 0: Disabled 

All XCD, SE 1, 
CU 0: Enabled 

All XCD, SE 0, 
CU 0: Disabled 

All XCD, SE 3, 
CU 1: Enabled 

MI300X

All XCD, SE 3, 
CU 1: Enabled 

All XCD, SE 2, 
CU 0: Disabled 

All XCD, SE 1, 
CU 1: Enabled 

All XCD, SE 0, 
CU 0: Disabled 

All XCD, SE 3, 
CU 2: Enabled 

MI350X

Figure 15: Reverse-engineered MI300X/MI350X CU mask.

Specification

Clock/Power 2200 MHz/1000W (TDP)

Accelerator Microarch. CDNA4

Overall Chiplet Config. 8 XCDs (3nm) and 2 IODs (6nm)

Throughput 2307 TFLOPS (FP16), 4614 TFLOPS (FP8)

Compute
Chiplet (XCD)

CU # 32 (4 for yield management)

L1D 32KB per-CU, 128B CL, 1 CH, per-CH 64W4S

L2 4MB per-XCD, 128B CL, 16 CHs, per-CH 16W128S

IO
Chiplet (IOD)

XCD-IOD 3D, Copper-to-Copper, 9.0 TB/s per CC

IOD-IOD 2.5D, USR-PHY, 5.5 TB/s per CC

LLC 128MB per-IOD, 64B CL, 64 CHs, per-CH 16W2048S

IOD-HBM 2.5D, HBM-PHY, 4.0 TB/s per CC

HBM Size/Bus/Rate 288GB HBM3E, 8192 bit width, 8.0 Gbps

Module Paging 2MB page under 8KB interleaved

Table 6: Hardware specification of the AMD MI350X. CL=Cacheline.
CH=Channel. 𝑥W𝑦S=𝑥-way 𝑦 sets. CC=Chiplet Cluster.

counters are unavailable [46], we use TCC_EA0_{RD|WR}REQ_LEVEL,
which accumulates cycles with in-flight read/write requests at EA.

We further detail Figure 4d from §3.4, which shows the normal-

ized values of these three counters as COM-IO load increases. The

plotted series, labeled (a) CU backpressure, (b) L1-L2 stalls, and (c)

Queue@COM-IO IF, correspond to counters (a), (b), and (c) above.

Starting at the COM-IO queueing onset identified earlier in §3.4,

43.7% load (≈500 GB/s), the L1-L2 and L2-Fabric stall counters in-

crease by 4.89× and 4.38×, respectively, as their Miss Status Holding

Registers (MSHRs) become saturated, while the CU stall counter

remains nearly constant. After COM-IO load exceeds 74.0% (≈850
GB/s), backpressure reaches the CU, causing it to stall and stop

issuing new instructions. This increases the CU stall counter by

2.27×. These XCD-internal mechanisms are triggered by queueing

at the COM-IO link and bound its HoL-induced overheads (§3.4).

E MI350X Specification

Table 6 summarizes the AMD MI350X [8] hardware specification.

MI350X is based on the CDNA4 architecture [10] and contains

8 XCDs, 2 IODs, and 8 HBM stacks. Each IOD, together with its

attached 4 XCDs and 4 HBM stacks, forms a Chiplet Cluster (CC),

yielding two CCs in total (§2.1). For memory allocation, MI350X

alternates 8KB chunks across HBM stacks attached to the two IODs,

with the interleaving order flipping at 2MB page granularity.

F GPU Partitioning

Multi-chiplet GPUs like MI300X support compute and memory par-

titioning modes [14]. For compute, (a) Single Partition X-celerator

(SPX) treats the GPU as a single device, while (b) Core Partitioned

X-celerator (CPX) views each XCD as an individual logical GPU. For

memory, (a) Unified Memory (NPS1) exposes all 8 HBM stacks as

one unified memory pool, whereas (b) Partitioned Memory (NPS4)
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Figure 16: MI300X performance under GPU partitioning.

makes only the pair of HBM stacks within a CC directly visible to

the logical devices in that CC. Switching modes requires a GPU

driver reset for hardware reconfiguration, utilizing Single Root

I/O Virtualization (SR-IOV) [16] to apply the new crossbar con-

figuration for CPX and modifying address interleaving for NPS.

The default configuration is SPX+NPS1. However, since CPX+NPS4

makes all memory requests local (§3.2), we also investigate whether
the channel partitioning is further adjusted with respect to GPU

partitioning.

Figure 16a compares the latency of NPS4 against NPS1 within

the L2 range (32KB to 4MB). Surprisingly, we observe a smooth

increasing trend in NPS4, unlike the stepped jump in NPS1. This be-

havior implies a potential shift in cache management strategies due

to the elimination of Non-Uniform Cache Access (NUCA) penalties;

specifically, the L2 cache appears to move away from strict working

set residency guarantees toward a more probabilistic or holistic ap-

proach since all evictions in NPS4 have uniform costs of spilling to

local LLC. With NPS4’s modified address interleaving, each XCD’s

L2 presumably caches data predominantly from its local memory

partition.

Moreover, we observe that NPS4 dedicates a larger portion of

the COM-IO channels to the local CC. Figure 16b presents the band-

width achieved by an XCD when comparing NPS4 and NPS1, both

with CPX, using dataset sizes (16MB to 256MB) larger than L2 cache

(4MB). NPS4 achieves an average of 13.0% higher bandwidth than

NPS1. This result contrasts with NPS1 mode, in which ordinary

contiguous memory requests are uniformly distributed across CCs

and consistently outperform explicit local-CC access by 12.8%. This

suggests that the strict hardware isolation in NPS4 drives a recon-

figuration of the COM-IO channels to optimize local data paths. In

turn, for workloads that fit within the partitioned memory capacity,

this provides NPS4 net latency and bandwidth advantages, similar

to those reported in prior studies [16, 163].
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