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Abstract

The recent shift in Generative AI (GenAI) applications from cloud-only
environments to end-user devices introduces new challenges in resource
management and system efficiency. This paper presents CONSUMERBENCH,
a comprehensive benchmarking framework designed to evaluate the sys-
tem efficiency and response time of GenAI models running on end-user
devices. Unlike existing benchmarks that assume exclusive model access on
dedicated GPUs, CONSUMERBENCH simulates realistic multi-application
scenarios executing concurrently on constrained hardware. Furthermore,
CONSUMERBENCH supports customizable workflows that simulate com-
plex tasks such as multi-agent pipelines involving multiple GenAI models
and cross-application dependencies. CONSUMERBENCH monitors Service-
Level Objectives (SLOs) of applications, as well as system-wide metrics
like power, CPU/GPU utilization and memory bandwidth. Through exten-
sive experiments, CONSUMERBENCH reveals inefficiencies in existing GPU
sharing strategies under realistic concurrent executions. The paper also
provides practical insights for system and kernel designers, highlighting
the importance of implementing SLO-aware GPU sharing strategies, and
concurrency-aware kernel implementations to avoid resource contention.

1 Introduction

The deployment landscape for Generative AI (GenAI) models is undergoing a significant
transformation: once confined to hyperscale data centers equipped with powerful GPUs,
these models are now increasingly being adopted on local devices such as laptops and
smartphones (Android Developers, 2025; Apple Inc., 2024; Qualcomm Technologies, Inc.,
2023). This shift is primarily motivated by growing concerns over data privacy, latency, and
availability under various network conditions.

Meanwhile, GenAI workflows have become substantially more complex, involving multiple
stages and modalities: creating a video tutorial on an end-user device may invoke a language
model for script planning, a deep research agent to survey tools, an image generation
model for cover art, and a speech recognition model for live captions, often coordinated
through agentic pipelines. (Aflalo et al., 2025; Fireworks AI, 2025). At the same time, users
increasingly run multiple GenAI models concurrently across applications. For example,
interacting with an on-device AI chatbot while a real-time image or audio model is executing,
is a common practice (Qualcomm, 2024; Karami et al., 2025). Unlike the cloud, where such
models can be distributed across dedicated servers and GPUs, end-user devices must
accommodate all of these models on a constrainted set of resources (such as a single GPU),
shared across applications.

Existing GenAI models and inference frameworks (Dettmers et al., 2023; Frantar et al.,
2023; Lin et al., 2024; Gerganov & ggml-org contributors, 2023) typically assume exclusive,
dedicated hardware access, issuing kernels that perform poorly under concurrency (Xu
et al., 2022; Strati et al., 2024), or holding static resource allocations that hoard the GPU
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even when idle (Kwon et al., 2023; Yu et al., 2022). GPU sharing strategies for concurrently
running GenAI applications (Zhao et al., 2025; Wu et al., 2023; Coppock et al., 2025) coarsely
classify applications as high-priority or best-effort, ignoring diverse SLOs, inter-application
dependencies, and application resource utilization. Existing benchmarks reflect this same
assumption: benchmarks for GenAI inference evaluate models in isolation (Reddi et al., 2020;
Li et al., 2025; Jayanth et al., 2024; Laskaridis et al., 2024; Xiao et al., 2024), while benchmarks
for GPU sharing strategies treat concurrent applications as independent, ad-hoc processes
with no semantic relationships (Han et al., 2022; Zhao et al., 2023; Chakraborty et al., 2025).

We present CONSUMERBENCH, a benchmarking framework that evaluates GenAI applica-
tions on end-user devices under realistic multi-application, resource-constrained conditions.
Unlike prior work, CONSUMERBENCH models the semantic structure of real workloads:
users describe applications as a workflow of typed steps, spanning diverse paradigms such
as agentic pipelines, Retrieval-Augmented Generation (RAG), image generation, and live
transcription, in a unified configuration, with explicit inter-step dependencies that wire the
output of one step as the input to the next. Users additionally attach per-application SLOs to
each step (e.g., per-token latency for a chatbot, end-to-end latency for a deep research agent,
real-time factor for live captions), and CONSUMERBENCH evaluates how well each SLO is
met across a range of deployment scenarios, including static and dynamic GPU sharing
strategies, hybrid CPU/GPU setups, and so on. Beyond application-level metrics, CON-
SUMERBENCH collects system-level telemetry (GPU/CPU utilization, memory bandwidth,
power consumption) to identify inefficiencies in resource management that emerge when
structured, dependency-aware workloads compete on shared resources.

Through the evaluation of a diverse set of GenAI applications and workflows on consumer-
grade hardware, CONSUMERBENCH discovers novel bottlenecks and opportunities for
efficient infrastructure tailored to support end-user devices. CONSUMERBENCH reveals that
existing static and dynamic GPU sharing strategies are unable to effectively meet the SLOs
of concurrent applications. Furthermore, GenAI models designed assuming exclusive GPU
access cause severe resource contention when run concurrently, highlighting the need for
concurrency-aware kernel implementations.

In summary, this paper makes the following contributions:

• It highlights unique challenges in running diverse GenAI applications concurrently on
end-user devices, including resource contention and unmet SLOs, that are not exposed
by prior benchmarks.

• It introduces a benchmarking framework called CONSUMERBENCH that supports realistic
multi-application workflows, tracks both application- and system-level metrics, and
allows flexible configurations for evaluation on end-user devices.

• It evaluates diverse applications and workflows such as agentic pipelines on different
GPU sharing strategies, reveals key system inefficiencies, and offers unique insights into
building efficient systems for end-user devices.

2 Related Works

2.1 Modern on-device AI applications

Recent advances in resource-efficient models (Abdin et al., 2024; Meta AI, 2024; Yang et al.,
2024), model compression (Dettmers et al., 2023; Frantar et al., 2023; Lin et al., 2024), efficient
runtimes (Gerganov & ggml-org contributors, 2023) and edge-oriented hardware (Apple Inc.,
2024; Qualcomm Technologies, Inc., 2023; Android Developers, 2025) have made credible
on-device inference possible.

GenAI inference has evolved from a simple chatbot, to complex multi-step workflows
spanning different models with various input and output modalities, invoking language
models for reasoning, vision models for image understanding and generation, and speech
models for transcription, coordinated through agentic pipelines (Aflalo et al., 2025; Fire-
works AI, 2025). Industry reports and user studies further show that users run multiple
such applications concurrently on the same device (Qualcomm, 2024; Karami et al., 2025).
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Benchmark SLO-
aware

System
Perf.

Workflow
Modeling

Supported
Modalities

GPU
Sharing

MLPerf Inference (Reddi et al., 2020) Yes Yes – Multi-modal –
PalmBench (Li et al., 2025) – Yes – Text –
MELT (Laskaridis et al., 2024) – Yes – Text –
Mobile-Bench (Deng et al., 2024) – – Yes Text –
MobileAIBench (Murthy et al., 2024) – Yes – Multi-modal –
LithOS (Coppock et al., 2025) – Yes – Multi-modal Yes
CONSUMERBENCH Yes Yes Yes Multi-modal Yes

Table 1: Comparison with representative benchmarks and systems under 5 criteria: SLO-
aware (evaluating application-specific metrics), System Perf (evaluating system-level perfor-
mance metrics), Workflow Modeling (evaluating workflows and multi-step dependencies),
Supported Modalities (types of models supported), and GPU Sharing (evaluating concur-
rent execution of applications on a GPU).

2.2 Benchmarks for on-device AI inference

As Table 1 summarizes, MLPerf Inference (Reddi et al., 2020), PalmBench (Li et al., 2025),
MELT (Laskaridis et al., 2024), MobileAIBench (Murthy et al., 2024), and related bench-
marks (Xiao et al., 2024; Jayanth et al., 2024) measure individual-model system performance.
Mobile-Bench (Deng et al., 2024) evaluates the accuracy of multi-step agent tasks but not sys-
tem performance. GPU-sharing studies (Strati et al., 2024; Han et al., 2022; Zhao et al., 2023;
Chakraborty et al., 2025; Coppock et al., 2025) execute workloads concurrently but without
semantic dependencies. In contrast, CONSUMERBENCH benchmarks the concurrent execu-
tion of heterogeneous workflows comprising multiple GenAI models, and inter-application
dependencies, and diverse SLOs, thereby highlighting cross-application interference pat-
terns and system inefficiencies.

3 CONSUMERBENCH

CONSUMERBENCH is a comprehensive benchmarking framework to evaluate the runtime
performance of GenAI applications on end-user devices under realistic conditions.

3.1 Goals

• G1 : Evaluate diverse applications. CONSUMERBENCH supports various GenAI applica-
tions. They range from long-running background services to short-lived, latency-sensitive
interactive tasks with tight SLOs, and with different modalities (e.g., text-to-text, text-to-
image). See §3.3.

• G2 : Evaluate concurrent execution of applications. CONSUMERBENCH evaluates
performance and SLO attainment when multiple applications run concurrently on shared
and limited hardware and use different GPU sharing strategies. See §3.2.

• G3 : Evaluate end-to-end user workflows. CONSUMERBENCH evaluates workflows
consisting of multiple applications that collaborate to perform end-to-end user tasks.
This includes multi-agent pipelines consisting of GenAI models and tool invocations,
Retrieval-Augmented Generation (RAG) pipelines, and so on. See §3.2.

• G4 : Collect system-level holistic metrics. CONSUMERBENCH collects detailed metrics
such as compute utilization, memory bandwidth utilization, and power consumption.
These metrics help users not only understand whether an application meets its SLO,
but also diagnose why it might fail, which is crucial for improving system design and
optimizing on-device deployment strategies. See §3.2.

3.2 Methodology

Fig. 1 shows the design overview of CONSUMERBENCH. Given a user configuration of
the workflow, CONSUMERBENCH orchestrates the execution of the workflow through a
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Figure 1: The overall design of CONSUMERBENCH.� �
1 Analysis (DeepResearch):
2 model: Llama-3.2-3B
3 num_requests: 1
4 device: cpu
5 Creating Cover Art (ImageGen):
6 model: SD-3.5-Medium-Turbo
7 num_requests: 5
8 device: gpu
9 slo: 1s

10 Generating Captions (LiveCaptions):
11 model: Whisper-Large-V3-Turbo
12 num_requests: 1
13 device: gpu
14 ...� �

(a) Task Definition

� �
1 analysis_1:
2 uses: Analysis
3 cover_art:
4 uses: Creating Cover Art
5 depend_on: ["analysis_1"]
6 analysis_2:
7 uses: Analysis
8 depend_on: ["analysis_1"]
9 generate_captions:

10 uses: Generating Captions
11 depend_on: ["cover_art",
12 "analysis_2"]
13 ...
14� �

(b) Workflow Definition

Figure 2: Example YAML configuration to define application tasks as well as user workflows.

graph representation. After the workflow finishes, it generates a benchmark report for SLO
attainment and system-level metrics.

Input user configuration ( 1 ). The input to CONSUMERBENCH is a YAML configuration file
that contains the set of applications to run, hardware placements (CPU, GPU, or CPU-GPU
hybrid), SLOs, and input requests. Applications may be GenAI applications (e.g. Chatbot,
Image Generation, etc), or external tools (e.g. database or OS tools, or retriever for RAG).
The YAML configuration also specifies dependencies between applications. The YAML
configuration can be used to specify complex scenarios such as a multi-agent pipeline, a
RAG pipeline, or a user request containing multiple steps. Fig. 2 provides an example
configuration for three applications (Deep Research agent, Image Generation, and Audio
Captioning), with dependencies and SLOs.

Creating overall workflow ( 2 ). CONSUMERBENCH builds a directed acyclic graph (DAG)
from the YAML configuration. Each node represents an application instance, with edges
denoting dependencies. Nodes are of three types: setup (application startup), exec (execu-
tion), and cleanup (resource release). CONSUMERBENCH validates the DAG to ensure that
there are no cycles and that each application includes a setup node before any exec nodes.
Fig. 1 includes an example DAG.

Executing the workflow ( 3 ). The execution engine uses the DAG to coordinate application
execution and collect metrics. Users can experiment with different dependencies between
steps to generate different DAGs, and check execution.

• The DAG scheduler manages request scheduling, respects dependencies, and enables
concurrent execution where possible, supporting realistic user-defined workflows.

• The resource orchestrator employs various GPU sharing strategies (such as time-slicing,
static GPU partitioning, dynamic GPU scheduling, and so on) to execute workflows.

• The executor is responsible for loading and unloading of the GenAI models and executing
user requests, obeying the DAG scheduler.
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• The system monitor tracks system-wide resource usage during execution. GPU compute
and memory bandwidth usage are monitored with the help of NVIDIA’s Data Center
GPU Management (DCGM) utility (Corporation, 2025b).1 CPU utilization is monitored
using the stat tool, while CPU memory (DRAM) bandwidth utilization is monitored
using the pcm-memory utility (Corporation, 2025a). For NVIDIA GPUs, CONSUMERBENCH
monitors power consumption using NVML (NVIDIA Corporation, 2025) for NVIDIA
GPUs and powermetrics utility (SS64, 2025) for Apple Silicon.

Generating benchmark report ( 4 ). After completing the workflow, CONSUMERBENCH
automatically evaluates each application’s performance against the SLOs defined in the
YAML configuration. It then generates a comprehensive report summarizing performance,
SLO satisfaction, and resource efficiency for the entire workflow.

3.3 Supporting diverse applications and models

CONSUMERBENCH provides an API that enables users to integrate their own applications
with either custom or existing models, making the framework highly extensible. To evaluate
a custom application, users simply implement three functions: setup(), to initialize the
application (for example, loading the model for a GenAI application to the GPU); execute(),
to send requests to the application; and cleanup(), to release application resources. CON-
SUMERBENCH also allows users to configure datasets where the requests are sampled from,
enabling evaluation of applications under realistic workloads. Table 2 shows the applica-
tions currently supported by CONSUMERBENCH, covering different modalities and common
use cases on end-user devices.

Application Model SLO
Chatbot Llama-3.2-3B (Meta AI, 2024) TTFT:1s, TPOT: 0.25s
DeepResearch Llama-3.2-3B (Meta AI, 2024) N/A
ImageGen SD-3.5-Medium-Turbo (Studios, 2024) Step Time: 1s
LiveCaptions Whisper-Large-V3-Turbo (Radford et al., 2022) Per-Segment Time: 2s
DBTools, OSTools N/A N/A
Retriever MiniLM-L6-v2 (Wang et al., 2021) N/A

Table 2: Summary of model and SLO used in each application.

Chatbot. This is a text-to-text generation app for chat and Q&A, featuring a frontend and a
local backend with an OpenAI-compatible API (OpenAI, 2020). The backend can use any
inference server, such as vLLM (Kwon et al., 2023), or llama.cpp (Gerganov & ggml-org
contributors, 2023), for CPU-GPU co-execution. SLO targets are based on human reading
speed (Liu et al., 2024): 1 second for Time to First Token (TTFT) and a generation speed of 4
tokens per second (Time Per Output Token - TPOT). Dataset: LMSYS (Zheng et al., 2024).

DeepResearch. This is an application for complex, multi-step reasoning and fact gathering,
adapted from smolagent’s open-deep-research (Roucher et al., 2025) and uses LiteLLM
(BerriAI, 2024) to interact with a local model via inference server. DeepResearch operates on
long contexts and functions as a persistent background application. Dataset: DeepResearch-
Bench (Du et al., 2026).

ImageGen. This is a text-to-image application with a simple frontend and a backend using
stable-diffusion-webui (AUTOMATIC1111, 2022) in API server mode. Motivated by research
on diffusion models on resource-constrained devices (Zhao et al., 2024; Li et al., 2023a), the
SLO for ImageGen is set to 1 second per denoising step (Gujarati et al., 2020; Li et al., 2023b;
Chen et al., 2025b). Dataset: COCOCaption (Chen et al., 2015).

LiveCaptions. This is an audio-to-text application for real-time scenarios (Macháček et al.,
2023). The frontend chunks an audio file into segments and sends each segment to a
backend adapted from whisper-online (Macháček et al., 2023) to support HTTP connections.
LiveCaptions can either be latency-sensitive or background. For the latency-sensitive case, a
2-second audio segment is sent every 2 seconds, requiring the model to generate captions in

1Although designed for datacenter GPUs, DCGM supports consumer-grade GPUs, including all
GeForce GPUs.
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time. The SLO for this scenario is thus 2 seconds. For background transcription of a large
audio file (5–10 minutes), there is no SLO. Dataset: Earnings21 (Del Rio et al., 2021).

External Tools (DBTools, OSTools, Retriever). CONSUMERBENCH also includes three non-
generative applications that represent common tool-use and retrieval workloads in agentic
pipelines. DBTools executes SQL queries against ephemeral MySQL instances in Docker.
OSTools executes bash commands in Ubuntu Docker containers for system administration
tasks such as file manipulation. Both tools are ported from AgentBench (Liu et al., 2023).
They are I/O- and CPU-bound with no GPU usage or latency SLOs, but contribute realistic
resource contention alongside GPU-bound applications. Retriever is a RAG component that
encodes queries and retrieves top-k passages from a FAISS index (Douze et al., 2025) via
approximate nearest-neighbor search. It can run on CPU or GPU.

4 Experimentation

We present key benchmarking results of CONSUMERBENCH; additional results are in the
Appendix. Our main goal is to understand GenAI applications’ resource utilization and
performance when executing in isolation, concurrently, and or end-to-end user workflows.

We organize our experimentation into three scenarios. First, we characterize each application
in isolation, profiling its GPU and CPU utilization, resource consumption patterns, and
latency performance relative to SLOs (§4.1). Second, we study concurrent GPU execution of
multiple applications with diverse SLOs under different static and dynamic GPU sharing
strategies (§4.2). Third, we capture dependencies between applications in an end-to-end
multi-agent workflow, where we monitor system-wide metrics and SLO violations for the
different GPU sharing strategies (§4.3).

Experimental setup. We run experiments on a local server consisting of a single RTX
6000 GPU with 24GB VRAM. The server is equipped with an Intel Xeon Gold 6126 CPU
(2.60GHz, 24 cores) and 32GB of system memory (DRAM). The applications evaluated are
listed in Table 2. Note that CONSUMERBENCH is not limited to the use of these applications;
users can add more applications by following the procedure in §3.3. For each application,
CONSUMERBENCH samples requests from the dataset, measures per-request latency, and
compares the results to the defined SLOs. To show the extensibility of CONSUMERBENCH,
we additionally run a subset of our experiments on other platforms (Apple Silicon, NVIDIA
Jetson Orin Nano, NVIDIA RTX 3060, NVIDIA RTX 4080), presented in §D.

System-wide metrics. While CONSUMERBENCH monitors a range of resource utilization
metrics such as compute, memory, and power (see §3.2), we focus primarily on GPU uti-
lization. Additional metrics are detailed in the §B. For GPU utilization, CONSUMERBENCH
tracks two key metrics: SMACT, the percentage of Streaming Multiprocessors (SMs) re-
served by an application, and SM occupancy (SMOCC), the percentage of SMs actively
running kernels. If SMOCC is significantly lower than SMACT, it implies that the appli-
cation is utilizing only a small portion of reserved SMs, suggesting inefficient use of GPU
resources.

4.1 Running applications in isolation on GPU and CPU

We study the behavior and performance of each application running in isolation on the GPU
and CPU. We use CONSUMERBENCH to collect the system-level metrics and application-level
metrics for each application.

Fig. 3 shows results for our latency-sensitive applications; DeepResearch is excluded as it
does not have an SLO.

Performance. When running on the GPU, all applications achieve 100% SLO attainment
except for LiveCaptions, where only three out of 150 audio segments incur SLO violations.
When running on the CPU, all applications experience reduced performance, though the
impact varies. Chatbot narrowly misses its SLOs, while ImageGen and LiveCaptions suffer
from significantly higher request latencies.

6



Published as a conference paper at COLM 2026

GPU CPU10 3

10 2

10 1

100

101

102

103

No
rm

al
ize

d 
La

te
nc

y 
(lo

g 
sc

al
e)

TTFT TPOT TTFT TPOT

Latency Threshold

Chatbot ImageGen LiveCaptions

(a) Normalized Latency

GPU CPU0

20

40

60

80

100

SL
O 

At
ta

in
m

en
t (

%
) 100%100% 98%

2% 0% 0%

Chatbot ImageGen LiveCaptions

(b) SLO attainment

Figure 3: (a) Latencies normalized to SLO requirements and (b) SLO attainment for Chatbot,
ImageGen, and LiveCaptions running exclusively on the GPU or CPU.
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Figure 4: GPU utilization of each application running exclusively on the GPU.

System-level metrics. Fig. 4 shows the GPU utilization when applications run exclusively
on GPU. All applications reserve almost all of the GPU cores when running exclusively,
shown using SMACT. However, their efficiencies are very different, indicated by SMOCC.
Chatbot utilizes its resources efficiently, while ImageGen and LiveCaptions under-utilize
their reserved GPU cores.

Analysis of Individual Applications. We analyze the GPU kernels launched by each
application to understand their performance and GPU utilization in Fig. 4.

• Chatbot: Spends majority of its time in decoding output tokens (i.e., token generation). It
achieves a high SMOCC (Fig. 4a) since llama.cpp customizes the thread block and grid
dimensions for its kernels during prefill and decode according to the GPU architecture.

• ImageGen: Spends most of its time in the denoising phase, which uses an attention-based
U-Net (Oktay et al., 2018). PyTorch’s attention kernel used by SD-3.5-Medium-Turbo
requires over 150 registers per thread, limiting the number of threads that can run
concurrently on each SM. This reduces SMOCC causing low GPU utilization (Fig. 4b).

• LiveCaptions: Uses the encoder-decoder Whisper-large-v3-turbo model. The encoder
phase performs parallel operations on the input audio, involving softmax and large
matrix multiplications that use tens of registers per thread with a high SMOCC. The
decoder phase, however, spends most time in performing matrix multiplications with
much smaller kernels than Chatbot or ImageGen. This phase also involves hundreds
of registers per thread and high shared memory usage, largely due to inefficient kernel
implementations. These factors contribute to the low SMOCC (Fig. 4c).

4.2 Challenges and Strategies for Concurrent Execution

We now evaluate concurrent GPU execution for applications studied in §4.1. CONSUMER-
BENCH collects both system-level and application-level metrics across static and dynamic
GPU sharing strategies whose primary goal is to maximize GPU utilization while satisfying

7



Published as a conference paper at COLM 2026

Time Slicing Static Partitioning TGS Tally Offline Profiling0
20
40
60
80

100

SL
O 

At
ta

in
m

en
t (

%
) 100% 95% 95% 90% 85%81%

0%

71%

90% 90%

40%

72%

42% 43%

75%

SLO Target Chatbot ImageGen LiveCaption

0 500
Time (s)

0

25

50

75

100

GP
U 

Ut
il 

(%
)

Time Slicing

0 1000
Time (s)

0

25

50

75

100 Static Partitioning

0 500
Time (s)

0

25

50

75

100 TGS

0 500
Time (s)

0

25

50

75

100 Tally

0 500
Time (s)

0

25

50

75

100 Offline Profiling
SMACT (Reserved SMs) SMOCC (Occupied SMs)

Figure 5: SLO attainment and GPU utilization under greedy allocation, static GPU partition-
ing, dynamic priority schedulers, and an oracle MPS upper bound.

per-application SLOs. We evaluate the following GPU sharing strategies. We choose per-
application request counts such that all applications have approximately equal end-to-end
latencies under default GPU time-slicing. This keeps every application active throughout the
experiment and sustains a consistent fully contended period. Model-server setup, weight
loading, and warm-up are excluded from request-latency and SLO accounting.

• Time Slicing: This is the default GPU time-slicing, where kernels from concurrent
applications take turns occupying the full GPU in a first-come-first-serve (FCFS) manner.

• Static GPU Partitioning: This strategy uses NVIDIA MPS (Corporation, 2025c) to equally
reserve GPU resources (33% of SMs) for each of the three latency-sensitive applications.

• TGS (Wu et al., 2023): A dynamic GPU sharing strategy that uses adaptive rate control at
kernel-level granularity to prioritize high-priority tasks over best-effort tasks. We show
the result for the best priority configuration found by brute force search.

• Tally (Zhao et al., 2025): A dynamic GPU sharing strategy performs fine-grained thread-
block-level kernel scheduling to provide performance isolation for high-priority tasks
over best-effort tasks. Similar to TGS, we show the result for the best priority configuration
found by brute force search.

• Offline MPS profiling: In this strategy, we perform offline profiling for each application
to find the minimum MPS value that just meets its SLO when running in isolation, and
use that value during concurrent execution. Since each application’s allocation is chosen
independently, the sum of allocations may exceed 100%.

Performance. Fig. 5 shows SLO attainment and GPU utilization across all five strategies.
No strategy satisfies all application SLOs. Time slicing severely starves LiveCaptions, which
attains its SLO for only 28% of requests. Static GPU partitioning improves fairness for
LiveCaptions, but causes the SLO attainment for ImageGen to drop to 0%. TGS improves
the SLO attainment of ImageGen to 71%, but starves LiveCaptions. Tally performs better
than TGS, but also starves LiveCaptions. Offline profiling achieves the best overall trade-off
(85%, 90%, and 75% for Chatbot, ImageGen, and LiveCaptions, respectively). All strategies
except for static partitioning achieve high GPU utilization.

Analysis. Time-slicing and static GPU partitioning naively provision GPU resources, and
achieve suboptimal performance. Dynamic GPU sharing policies (TGS and Tally) perform
better, but still suffer from poor SLO attainment in one or more applications due to their
coarse-grained priority settings for diverse SLOs. Offline profiling is able to achieve the best
performance overall, due to SLO-focused resource allocation. This motivates the need for
dynamic GPU sharing strategies that are aware of diverse application SLOs.
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Figure 6: Latency breakdown of concurrent workflow of a Coding Agent and a Database
Agent.

Step Isolated + Chatbot

1 23.1s 78.2s
3 32.1s 62.3s
5 38.9s 79.9s
7 41.3s 87.8s
Total 270.0s 549.1s

Table 3: Background coding agent
latency (s) running isolated or un-
der bursty Chatbot load.

Application metric (SLO) DAG Opaque

DeepResearch E2E 594s 1649s
Brainstorm TPOT (0.25s) 0.50s 0.73s
Outline TPOT (0.25s) 0.30s 0.40s
ImageGen (1s) 0.67s 0.62s
LiveCaptions (2s) 19.0s 17.0s

Table 4: DAG-aware versus opaque execution of the
content-creation workflow.

4.3 Multi-Agent Workflow

We evaluate concurrent agentic workflows that contain GenAI applications and external
tools that collaborate to perform user tasks. These workflows expose opportunities and
bottlenecks from multi-step dependencies and concurrent execution that are invisible to
benchmarks treating applications as independent processes.

LLM calls and tool calls scheduling (Coding Agent + Database Agent). This workflow
evaluates whether a scheduler can exploit the alternating LLM calls and tool calls effectively.
The workflow contains two parallel agents: a Coding Agent running Qwen3-8B (Yang et al.,
2025) with OSTools and a Database Agent running Llama-3.2-3B (Dubey et al., 2024) with
DBTools. Each agent executes a series of steps in which an LLM call is followed by a tool call.
Fig. 6 shows the end-to-end latency breakdown under Time Slicing and Offline Profiling.
With Time Slicing, overlapping LLM calls contend for the GPU, while the GPU sits idle
during tool-call phases. With Offline Profiling, we avoid concurrent LLM calls and instead
overlap each agent’s LLM call with the other’s tool call, reducing end-to-end latency from
118s to 102s and improving both TPOT and TTFT.

Long-running background agent with bursty agent (Coding Agent + Chatbot). This
workflow evaluates whether a stateful background agent remains responsive when latency-
sensitive requests arrive. We pair a background coding agent with a bursty high-priority
Chatbot sharing the Qwen3-8B (Yang et al., 2025) model launched using the vLLM inference
server on RTX 6000 GPU with 24GB VRAM. The inference server retains an approximately
50K-token KV cache for the coding agent. When bursty Chatbot requests arrive, vLLM
preempts the coding agent and discards this KV cache, forcing later steps to repeat a long
prefill. As Table 3 shows, contention increases total latency of the coding agent from 270.0s
to 549.1s (2.03×).

Workflow preserving semantic dependencies (Content-creation Workflow). This workflow
evaluates whether explicit workflow dependencies expose the correct system bottleneck.
The workflow simulates a content creation workflow using a five-stage DAG, which runs a
background DeepResearch analysis alongside Chatbot brainstorming, followed by outline
generation that waits for both, after which ImageGen creates cover art and LiveCaptions
generates captions (see Fig. 18 for the workflow definition). We run this workflow with its
inter-application dependencies modeled correctly and compare with a dependency-unaware
execution, where the same five applications are launched as opaque concurrent processes.
As Table 4 shows, the opaque run is semantically invalid and changes the bottleneck:
three LLM clients (DeepResearch and two Chatbot instances) contend on the CPU-side
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attention of llama.cpp since CPU offloading is enabled. This causes all three LLM clients
to degrade much more severely compared to the DAG execution that only runs two LLM
clients concurrently, inflating DeepResearch latency from 594s to 1649s despite lower GPU
occupancy. On the other hand, the workflow DAG preserves the intended ordering and
exposes the realistic bottleneck.

5 Design Implications from CONSUMERBENCH

CONSUMERBENCH reveals and quantifies novel bottlenecks that affect end-user GenAI
workflows, yielding concrete design targets.

Supporting SLO-aware dynamic GPU management. Static GPU sharing techniques (static
GPU partitioning, offline MPS profiling) are not able to cater to changing user requests. On
the other hand, dynamic GPU sharing techniques (e.g., TGS, Tally) are not SLO-aware, and
only support coarse-grained priority management, leading to starvation of applications
when run concurrently (§4.2 and Fig. 5).

Scheduling applications based on resource requirements. Existing GPU sharing solu-
tions do not consider resource utilization when executing workflows such as multi-agent
pipelines. This leads to either resource contention, when multiple agents try to access the
GPU simultaneously, violating SLOs, or periods of execution when the GPU is underutilized
due to tool calling, causing resource waste (§4.3 and Fig. 6).

Dynamically configuring inference servers based on application SLOs. Inference servers
are configured at boot time using parameters that determine placement of model layers, and
KV cache, independent of GenAI applications. When applications with conflicting SLOs
share a single inference server (for example, a Chatbot and a background DeepResearch
agent sharing a single LLM), the static configurations cause the applications to violate their
performance goals (§4.3, Table 3, and Fig. 15).

Having concurrency-aware kernel development. Today, GenAI models are designed and
implemented assuming that they have dedicated, exclusive access of the GPU. This results in
implementations that increase resource contention when run concurrently with other GenAI
models, and results in SLO violations (for example, ImageGen when executed concurrently
with LiveCaptions causes severe resource contention). GPU kernel libraries should be
developed in a manner that allows the GPU scheduler to achieve both high GPU utilization
and fairness in resource allocations across all running applications (Sections 4.1 and 4.2
and Figures 4 and 5).

6 Limitations

CONSUMERBENCH assumes local model deployment and does not cover edge-cloud collab-
orative speculative decoding (Hao et al., 2024; Oh et al., 2025). Its current implementation
targets laptops and servers rather than more constrained mobile devices or sensors.

We omit Orion and REEF (Strati et al., 2024; Han et al., 2022), which do not support modern
GenAI stacks, and LithOS (Coppock et al., 2025), which is not open source.

7 Conclusion

This paper presents CONSUMERBENCH, a comprehensive benchmarking framework for
evaluating GenAI applications on end-user devices. It enables users to define realistic work-
flows and monitors application-level metrics and system performance under concurrent
execution. CONSUMERBENCH reveals inefficiencies in GPU sharing and inference servers,
offering insights to develop systems tailored to end-user devices.
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8 Ethics Statement

To the best of our knowledge, CONSUMERBENCH does not raise questions regarding the
Code of Ethics.

9 Reproducibility Statement

The implementation of CONSUMERBENCH, workflow configurations, and instructions for re-
producing the paper’s results are available at https://github.com/efeslab/ConsumerBench.
An archival snapshot is preserved at https://doi.org/10.5281/zenodo.19364966.
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Appendices

A Measurement and Reproducibility Details

A.1 Metrics and Instrumentation

System-level metrics. On the Intel and NVIDIA platform, we use NVIDIA’s DCGM and
NVML interfaces (NVIDIA, 2026; NVIDIA Corporation, 2025) to collect GPU telemetry,
including GPU compute utilization, memory bandwidth utilization, GPU memory usage,
and GPU power. For CPU-side telemetry (used in figures that report CPU utilization,
DRAM bandwidth, and system power), we rely on standard Linux interfaces (e.g., /proc
and performance counters) and package-level energy reporting, such as Running Average
Power Limit (RAPL), when available. RAPL (Intel Corporation, 2022) is an energy/power
reporting and control interface provided by Intel CPUs that allows monitoring of energy
consumption at the CPU package level, enabling fine-grained measurement of processor
and DRAM power usage.

On Apple Silicon devices, we use the Mac’s powermetrics tool (SS64, 2025) to monitor GPU
activity and power consumption. Because powermetrics exposes a more limited set of GPU
performance counters than the NVIDIA monitoring tools used on our server platform, we
do not report additional metrics such as memory bandwidth utilization for Apple Silicon.
Importantly, Apple and NVIDIA metrics are not directly comparable in absolute terms:
powermetrics (SS64, 2025) reports Apple-specific accelerator activity and power metrics
and provides limited visibility into memory-subsystem counters, while DCGM and NVML
expose utilization and bandwidth counters specific to NVIDIA GPUs. We therefore interpret
cross-platform results primarily through within-platform trends rather than one-to-one
counter equivalence.

A.2 Platform-Specific Implementation Notes

Application Optimizations. Our GenAI optimizations for Apple Silicon include:

• Chatbot & DeepResearch. We configured the llama.cpp server with the –metal flag
to optimize GPU kernel execution for Apple Silicon’s ARM-based architecture. The
Llama-3.2-3B model runs efficiently through this Metal-accelerated backend, handling
both conversational and research workloads.

• ImageGen. Our local image generation server uses the MPS (Metal Performance Shaders)
backend (Apple, 2026), mirroring llama.cpp’s Apple Silicon optimizations. We employ
the SD-v1-4 model (CompVis, 2026) instead of the NVIDIA-optimized SD-3.5-medium-
turbo variant (Studios, 2024), as it demonstrates better performance on Apple’s unified
memory architecture.

• LiveCaptions. The MLX framework (Hannun et al., 2023) accelerates our Whisper-
Large-v3-turbo (Radford et al., 2022) implementation for real-time audio processing.
While maintaining model parity with our default server, we adjusted the service-level
objective (SLO) to 4 seconds (from 2 seconds) and modified audio chunking intervals to
accommodate Apple Silicon’s higher transcription latency.

B Extended Telemetry for Main-Paper Experiments

B.1 Exclusive Execution Telemetry

B.1.1 System-level Metrics for Applications Running Exclusively on GPU

Fig. 7 shows GPU utilization, memory bandwidth, memory utilization, and power con-
sumption when running latency-sensitive applications exclusively on the GPU, as reported
by CONSUMERBENCH. These are augmented results for Section 4.1 in the paper. Overall,
Chatbot consumes the most GPU bandwidth, while ImageGen requires the most GPU

17

https://huggingface.co/CompVis/stable-diffusion-v1-4


Published as a conference paper at COLM 2026

(a) Chatbot, GPU Util (b) ImageGen, GPU Util (c) LiveCaptions, GPU Util

(d) Chatbot, GPU BW (e) ImageGen, GPU BW (f) LiveCaptions, GPU BW

(g) Chatbot, GPU Mem (h) ImageGen, GPU Mem (i) LiveCaptions, GPU Mem

(j) Chatbot, Power (k) ImageGen, Power (l) LiveCaptions, Power

Figure 7: Running applications exclusively on the GPU.

memory. All applications have similar peak power consumption despite differences in GPU
utilization.

B.1.2 System-level Metrics for Applications Running Exclusively on CPU

Fig. 8 shows resource utilization when running latency-sensitive applications exclusively
on the CPU. These are augmented results for Section 4.1 in the paper. The applications are
bottlenecked by compute rather than memory, as evidenced by high CPU utilization and
low memory bandwidth consumption. Finally, applications require significantly less power
when executing on the CPU compared to the GPU.

B.1.3 System-level Metrics for Running Chatbot with GPT-OSS-20B

Fig. 9 and Fig. 10 show the performance of running Chatbot with GPT-OSS-20B (OpenAI
et al., 2025) exclusively on the GPU and CPU. Similar to running Chatbot with Llama-3.2-
3B (Meta AI, 2024) (see Fig. 7a), SMOCC for GPU utilization is high due to efficient kernel
implementation in llama.cpp. When running on CPU exclusively, Chatbot shows high CPU
utilization and low CPU bandwidth utilization, similar to findings in Fig. 8.
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(a) Chatbot, CPU Util (b) ImageGen, CPU Util (c) LiveCaptions, CPU Util

(d) Chatbot, CPU BW (e) ImageGen, CPU BW (f) LiveCaptions, CPU BW

(g) Chatbot, CPU Mem (h) ImageGen, CPU Mem (i) LiveCaptions, CPU Mem

(j) Chatbot, Power (k) ImageGen, Power (l) LiveCaptions, Power

Figure 8: Running applications exclusively on the CPU.

(a) Chatbot, GPU Util (b) Chatbot, GPU BW (c) Chatbot, Power

Figure 9: Running Chatbot with GPT-OSS-20B exclusively on the GPU

B.2 Concurrent Execution Telemetry

Fig. 11 shows the GPU metrics and power consumption when running Chatbot, ImageGen,
and LiveCaptions concurrently on the GPU. These are augmented results for Section 4.2
in the paper. Greedy resource allocation consumes more power on average compared to
static GPU partitioning. This directly follows from the fact that static GPU partitioning
underutilizes the GPU, as shown in Fig. 11d.
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(a) Chatbot, CPU Util (b) Chatbot, CPU BW (c) Chatbot, Power

Figure 10: Running Chatbot with GPT-OSS-20B exclusively on the CPU

(a) Greedy Allocation, GPU Util (b) Greedy Allocation, GPU BW
(c) Greedy Allocation, Power Us-
age

(d) GPU Partitioning, GPU Util (e) GPU Partitioning, GPU BW
(f) GPU Partitioning, Power Us-
age

Figure 11: Running applications concurrently on the GPU.
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B.2.1 SM-frequency throttling and workload switching

To separate frequency throttling from cross-workload interference, we instrument the RTX
6000’s achieved SM clock and DVFS throttle reasons and repeat the exclusive runs from §4.1
and the concurrent time-slicing run from §4.2. Fig. 12 shows the clock traces, and Table 5
summarizes the observed throttling and SLO outcomes.

(a) Chatbot, exclusive. (b) ImageGen, exclusive.

(c) LiveCaptions, exclusive. (d) Concurrent time slicing.

Figure 12: Achieved SM clock on the RTX 6000 during exclusive and concurrent execution.
Shaded intervals indicate an active software power-cap throttle reason.

Run Observed throttling Throttle reason SLO outcome

Chatbot, exclusive None (0%) None Meets
ImageGen, exclusive Most of run SW power cap Meets
LiveCaptions, exclusive Brief, intermittent SW power cap Meets
Concurrent time slicing Most contended period SW power cap LiveCaptions misses

Table 5: Frequency-throttling behavior and application SLO outcomes.

Frequency throttling alone does not explain the SLO misses. ImageGen is power-capped
for most of its exclusive run because its large compute-bound kernels saturate the power
budget, yet it meets its per-step SLO. The concurrent run exhibits the same throttle reason,
while ImageGen generally remains within its SLO and LiveCaptions is starved. Thus, these
measurements do not reveal an additional concurrency-specific DVFS penalty that accounts
for the performance difference.

Instead, the dominant effect is workload interference at the GPU scheduler. Under time
slicing, ImageGen’s large kernels delay LiveCaptions’ small decode kernels; switching
among workloads also prevents each application from sustaining its isolation throughput.
The lower effective SM occupancy in the concurrent telemetry (Fig. 11) and the resulting
LiveCaptions slowdown therefore reflect kernel-level contention and scheduling gaps rather
than frequency throttling. Offline-profiled partitioning mitigates this effect by reserving
GPU capacity for the latency-sensitive workload.

B.3 Inference-Server and Static Model-Sharing Telemetry

Fig. 13 and Fig. 14 show the GPU metrics, CPU metrics, and power usage of running Chatbot
with static model sharing via llama.cpp.
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(a) KVCache-GPU, GPU Util (b) KVCache-GPU, GPU BW (c) KVCache-GPU, GPU Mem

(d) KVCache-CPU, GPU Util (e) KVCache-CPU, GPU BW (f) KVCache-CPU, GPU Mem

Figure 13: GPU metrics of running applications with static model sharing via inference
servers.

(a) KVCache-GPU, CPU
Util

(b) KVCache-GPU, CPU
BW

(c) KVCache-GPU, CPU
Mem

(d) KVCache-GPU,
Power Usage

(e) KVCache-CPU, CPU
Util

(f) KVCache-CPU, CPU
BW

(g) KVCache-CPU, CPU
Mem

(h) KVCache-CPU,
Power Usage

Figure 14: CPU metrics and power usage of running applications with static model sharing
via inference servers.

Chatbot-KVCache-CPU overall consumes lower GPU resources, but is bottlenecked on
the CPU compute due to attention operations on the CPU, evident from the high CPU
utilization. Furthermore, performing CPU computations leads to lower power consumption
for Chatbot-KVCache-CPU compared to Chatbot.

B.4 Hybrid execution on GPU and CPU

Given the limited GPU memory on end-user devices, applications can share a single foun-
dation model across multiple GenAI applications with similar input-output modalities,
with the help of an inference server. However, these inference servers are often statically
configured, and cannot accommodate different performance needs of requests from different
applications.

We use the locally deployed llama.cpp inference server with the Llama-3.2-3B model to
serve requests for Chatbot (latency-sensitive task) and DeepResearch (background task). To
support DeepResearch’s requirement for a large context window, we configure llama.cpp
with a 16GB KV cache, matching the model’s 128K token context window. To conserve GPU
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Figure 15: Comparison of Chatbot performance and resource utilization with GPU vs. CPU
KV cache.

memory, we launch llama.cpp with the –no-kv-offload option that stores the KV cache
in CPU memory (referred to as Chatbot-KVCache-CPU). In contrast, running the default
Chatbot configuration with a smaller KV cache allows both applications to execute con-
currently on the GPU, but forces DeepResearch to use a smaller context window, resulting
in degraded output quality. Fig. 15 shows the GPU/CPU utilization and latency for both
Chatbot and Chatbot-KVCache-CPU when running alongside DeepResearch.

Performance & system-level metrics. Compared to Chatbot, Chatbot-KVCache-CPU ex-
hibits high variance in results and misses its SLO for approximately 40% of its requests. To
avoid the overhead of loading the KV cache into the GPU, Chatbot-KVCache-CPU performs
attention operations on the CPU, leading to high CPU utilization and correspondingly low
GPU utilization.

Analysis. Inference servers use static configurations for shared models, which cannot
accommodate different performance needs of multiple applications. Configuring a large KV
cache for DeepResearch negatively impacts the latency of Chatbot. Hence, naively sharing
models via inference servers leads to resource conflicts and suboptimal performance when
applications require conflicting settings.

B.5 Workflow Telemetry

(a) Greedy Allocation, GPU Util (b) Greedy Allocation, GPU BW
(c) Greedy Allocation, GPU
Mem

(d) GPU Partitioning, GPU Util (e) GPU Partitioning, GPU BW (f) GPU Partitioning, GPU Mem

Figure 16: GPU metrics of running the digital content creation workflow.
Fig. 16 and Fig. 17 show the GPU metrics, CPU metrics, and power usage of running the
digital content creation workflow using greedy GPU resource allocation and static GPU
partitioning. These are augmented results for §4.3 in the paper.

23



Published as a conference paper at COLM 2026

(a) Greedy Allocation,
CPU Util

(b) Greedy Allocation,
CPU BW

(c) Greedy Allocation,
CPU Mem

(d) Greedy Allocation,
Power Usage

(e) GPU Partitioning,
CPU Util

(f) GPU Partitioning,
CPU BW

(g) GPU Partitioning,
CPU Mem

(h) GPU Partitioning,
Power Usage

Figure 17: CPU metrics and power usage of running the digital content creation workflow.

Greedy GPU resource allocation overall consumes more GPU resources, and has a higher
peak power consumption compared to static GPU partitioning. However, the end-to-end
time required for greedy resource allocation is 45% lower than GPU partitioning. This
implies that the total power consumed in executing the digital content creation workflow is
lower for greedy allocation compared to GPU partitioning.

C Additional Workflow Evaluation

We evaluate end-user experience by simulating a digital content creation workflow with
sequential and concurrent tasks. Fig. 18 shows the YAML configuration for the digital
content creation workflow. This workflow is a representative end-to-end user scenario with
sequential and concurrent tasks:

• Brainstorming (Chatbot): ideation to brainstorm ideas.
• Analysis (DeepResearch): analysis of existing content and tools to gather relevant infor-

mation.
• Preparing outline (Chatbot): preparing a script or outline to plan the content flow.
• Creating cover art (ImageGen): generating a cover image or thumbnail.
• Generating captions (LiveCaptions): generating captions for the final content.

Notably, DeepResearch and Chatbot may share a single model instance via llama.cpp
(depending on the configuration) to mimic real-world resource constraints on end-user
devices.

Fig. 19 shows latencies for workflow tasks with and without GPU partitioning.

Analysis: Greedy GPU allocation shortens the end-to-end workflow time by 45% compared
to partitioning, mainly due to faster completion of DeepResearch. In contrast, GPU parti-
tioning limits the resources for DeepResearch, causing delays for subsequent tasks. GPU
partitioning, on the other hand, avoids stalling of LiveCaptions by reserving 33% of the GPU
while gracefully reducing ImageGen performance by 1.8×. Thus, despite better fairness,
partitioning increases total workflow runtime, highlighting a trade-off: greedy allocation
risks starvation but optimizes utilization, while partitioning ensures fairness at the cost of
efficiency.

D Cross-Platform and Cross-Configuration Generalization

Here, we provide additional experimental results to show generality across hardware and
model choices and to evaluate whether existing systems such as KTransformers (Chen
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� �
1 Brainstorm (chatbot):
2 model: openai/meta-llama/Llama-3.2-3B-Instruct
3 num_requests: 10
4 device: gpu
5 type: chatbot
6 mps: 100
7 slo: [1s, 0.25s]
8
9 Analysis (deep_research):

10 model: openai/meta-llama/Llama-3.2-3B-Instruct
11 num_requests: 1
12 device: gpu
13 type: deep_research
14 mps: 100
15
16 Preparing Outline (chatbot):
17 model: openai/meta-llama/Llama-3.2-3B-Instruct
18 num_requests: 20
19 device: gpu
20 type: chatbot
21 mps: 100
22 slo: [1s, 0.25s]
23
24 Creating Cover Art (imagegen):
25 server_model: stable-diffusion-3.5-medium-turbo
26 num_requests: 10
27 device: gpu
28 type: imagegen
29 mps: 100
30 slo: 1s
31
32 Generating Captions (live_captions):
33 num_requests: 1
34 device: gpu
35 type: live_captions
36 mps: 100
37 slo: 2s
38
39 workflows:
40 analysis:
41 uses: Analysis (deep_research)
42 background: true
43
44 brainstorm:
45 uses: Brainstorm (chatbot)
46
47 outline:
48 uses: Preparing Outline (chatbot)
49 depend_on: ["brainstorm", "analysis"]
50
51 cover_art:
52 uses: Creating Cover Art (imagegen)
53 depend_on: ["outline"]
54
55 generate_captions:
56 uses: Generating Captions (live_captions)
57 depend_on: ["outline"]
58
59� �

Figure 18: Full YAML configuration of the content creation workflow.

et al., 2025a) already resolve the bottlenecks exposed by CONSUMERBENCH. Overall, the
added results reinforce the main findings of the paper: (1) starvation of latency-sensitive
workloads persists across a wider set of hardware, software, and model configurations,
and (2) systems optimized for a single model do not directly solve interference among
concurrent heterogeneous GenAI applications.

D.1 Apple Silicon Replication

We conducted all experiments on an Apple MacBook Pro (M1 Pro chip) with 32GB unified
memory, 6 performance cores, 2 efficiency cores, and 200 GB/s memory bandwidth.
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(a) Greedy GPU allocation
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(b) GPU resource partitioning

Figure 19: E2E latency & SLO attainment for content-creation workflow w/ and w/o GPU
partitioning.
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Figure 20: (a) Latencies normalized to SLO requirements and (b) SLO attainment for Chatbot,
Image Generation, and Live Captions running exclusively or concurrently on Apple Silicon.

D.1.1 Running Applications Exclusively vs. Concurrently

Fig. 20 shows the normalized latency and SLO attainment of the applications when they run
exclusively and concurrently on Apple Silicon. Fig. 21 further shows the GPU utilization
and power usage of each scenario. When applications are run in isolation, they are able to
meet their SLOs for the majority, if not all, of their requests. However, when applications
are executed concurrently, we observe a different pattern compared to the Intel server setup.
Specifically, ImageGen experiences a slight performance degradation, while LiveCaptions
suffers a significant decline. This behavior suggests that Apple Silicon attempts to fairly
schedule GPU compute resources among applications, but the scheduling is suboptimal,
leading to resource starvation for LiveCaptions. Additionally, Apple Silicon does not
support static GPU partitioning, and we were unable to explore alternative application
configurations.

(a) Chatbot, GPU Util (b) ImageGen, GPU Util
(c) LiveCaptions, GPU
Util

(d) Concurrent, GPU
Util

(e) Chatbot, Power (f) ImageGen, Power (g) LiveCaptions, Power (h) Concurrent, Power

Figure 21: Metrics of running applications exclusively and concurrently on Apple Silicon.
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Figure 22: Normalized latency and SLO attainment for Chatbot and Chatbot-KVCache-CPU
on Apple Silicon.

D.1.2 Static Model Sharing via Inference Servers

Fig. 22 shows the normalized latency and SLO attainment of running Chatbot and Chatbot-
KVCache-CPU on Apple Silicon. Fig. 23 (a, b) show the GPU utilization, while Fig. 23 (d, e)
shows the power usage of each scenario. The performance for Chatbot-KVCache-CPU is
similar on Apple Silicon compared with the Intel server. This is for similar reasons. Chatbot-
KVCache-CPU does not use GPU cores for attention computation in Chatbot-KVCache-CPU,
incurring slowdowns compared to Chatbot.

(a) KVCache-GPU, Power (b) KVCache-CPU, GPU Util (c) Content Creation, GPU Util

(d) KVCache-GPU, GPU Util (e) KVCache-CPU, Power (f) Content Creation, Power

Figure 23: Metrics of running Chatbot, Chatbot-KVCache-CPU, and the content creation
workflow on Apple Silicon.

D.1.3 End-to-end Workflow

We execute the digital content creation workflow on Apple Silicon and present its perfor-
mance in Fig. 24. Fig. 23c and Fig. 23f show the workflow’s GPU utilization and power
usage. This workflow demonstrates improved fairness in resource allocation on Apple
Silicon. Overall, the end-to-end application latency remains comparable to that of the Intel
server, while LiveCaptions experiences slightly less resource starvation than greedy resource
allocation on the Intel platform (8× on Apple Silicon compared to 9.5× on the Intel server).
Consequently, Apple Silicon achieves a slightly more balanced trade-off between application
SLO adherence and overall workflow efficiency compared to the Intel server.
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Figure 24: E2E latency & SLO attainment for the content-creation workflow running on
Apple Silicon.

D.2 Other Hardware and Models

D.2.1 Kernel Level Generalization

To confirm the kernel contention mechanism is not specific to the RTX 6000, we add kernel-
level profiling on an NVIDIA Jetson Orin Nano, which is a consumer/embedded platform
commonly used for on-device AI, confirming the mechanism generalizes. Following the
setup in Table 2, we provide profiles for Chatbot and LiveCaptions respectively.

Chatbot in Jetson Nano does not occupy the SMs efficiently. Each decode step launches
kernels that reserve a large number of SMs but only utilize 60-70% of SMs reserved. On
the Jetson Nano’s small SM count, one Chatbot does not saturate compute, yet it still
monopolizes the GPU at the scheduling granularity.

LiveCaptions’ decode phase issues small kernels at low SM occupancy. These are exactly the
kernels that should interleave into the gaps Chatbot leaves on the SMs, but under default
time-slicing they are queued behind Chatbot’s large kernels instead. This is the same pattern
as shown in Fig. 4, now confirmed on a consumer-grade platform.

For Apple Silicon, equivalent kernel-level analysis is currently limited because Apple’s
Metal System Trace (https://developer.apple.com/metal/tools/) does not expose a directly
comparable Nsight-style per-kernel profiler with launch metrics such as registers per thread,
shared-memory usage, and occupancy-related limits. We will note this as an important
direction for future Apple-platform support in ConsumerBench.

To test whether our observations generalize beyond the main setup in the paper, we eval-
uated CONSUMERBENCH on six additional configurations spanning consumer GPUs, an
embedded device, multiple operating systems, and different model choices for each modal-
ity. We consider the RTX 4080 and RTX 3060 on Windows WSL, the Jetson Orin Nano
on Ubuntu, and several RTX 6000 configurations on Ubuntu with different chatbot, im-
age generation, and speech models. The models span multiple open model families, in-
cluding Gemma-2B (Google, 2026), Llama (Meta AI, 2024), Qwen2.5-7B (Team, 2026b),
DeepSeek (DeepSeek-AI, 2024), Stable Diffusion variants (CompVis, 2026; AI, 2026; Studios,
2024), Kandinsky (Team, 2026a), and Whisper (Radford et al., 2022).

Because MPS is unavailable in WSL and on Jetson Orin Nano, these runs use greedy
allocation. The resulting SLO attainment is shown in Table 7. Across all six configurations,
the same qualitative trend holds: LiveCaptions is consistently the most vulnerable workload
under concurrent execution and substantially exceeds its 2 s SLO, even when chatbot and
image generation often remain near or within their SLOs. For example, LiveCaptions
reaches 23.242 s on configuration A, 91.504 s on B, and 40.274 s on D. These results suggest
that the starvation pattern identified in the main paper is not tied to a single GPU, model
family, or software stack.

Takeaway. The central failure mode from the main paper persists across a broader set
of environments: when multiple GenAI applications share the same device, lightweight
latency-sensitive tasks such as live captioning are easily starved by heavier GPU workloads.
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Config. Hardware OS Chatbot Model ImageGen Model LiveCaption Model

A RTX 4080 WSL Gemma-2B SD-3-medium Whisper-large-v3-
turbo

B RTX 3060 WSL Llama-3.2-1B SD-3.5-medium-
Q8

Whisper-small

C Jetson Orin Nano Ubuntu Llama-3.2-1B Q8_0 – Whisper-tiny
D RTX 6000 Ubuntu Llama-3.2-3B SD-3.5-medium-

turbo
Whisper-large-v3-
turbo

E RTX 6000 Ubuntu Qwen2.5-7B kandinsky-2-2-
decoder

Whisper-medium

F RTX 6000 Ubuntu GPT-OSS-20B kandinsky-2-2-
decoder

Whisper-small

Table 6: Additional configurations spanning more hardware platforms, operating systems,
and model choices.

Hardware
Setup

Chatbot TTFT
(SLO = 1s)

Chatbot TPOT
(SLO = 0.25s)

ImageGen
(SLO = 1s)

LiveCaption
(SLO = 2s)

A 0.070 0.026 0.621 23.242
B 0.062 0.026 1.651 91.504
C 0.097 0.031 – 45.488
D 0.100 0.039 0.874 40.274
E 0.060 0.017 0.126 6.217
F 0.098 0.011 0.121 15.479

Table 7: Additional results on different hardware/software/model configurations under
greedy allocation.
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D.2.2 Kernel-level Profiling on Jetson Orin Nano

To test whether the kernel-contention mechanism in §4.1 is specific to the RTX 6000, we
repeat the kernel-level profiling on the Jetson Orin Nano, an embedded consumer platform.
We use configuration C from Table 6: a Llama-3.2-1B Q8_0 Chatbot and Whisper-tiny
LiveCaptions.

GPU Util (%) Zoom-in View
100

0

Token i Token i+1

Medium SM Occupancy
Large Kernels

Medium SM Occupancy
Large Kernels

Kernel-level Characterization, Chatbot, Jetson Nano

Latency of token generation (34ms/token)

(a) Chatbot token generation.

GPU Util (%) Zoom-in View
100

0

Encode Decode

Medium SM Occupancy
Large Kernels

Low SM Occupancy
Small Kernels

Kernel-level Characterization, LiveCaptions, Jetson Nano

Latency of a single user request (710ms/req)

(b) LiveCaptions encode and decode phases.

Figure 25: Kernel-level characterization on Jetson Orin Nano. Gray denotes reserved SMs
(SMACT), while yellow denotes occupied SMs (SMOCC).

As Fig. 25 shows, each Chatbot decode step launches large kernels that reserve many SMs
but occupy only approximately 60–70% of the reserved capacity. On the Jetson’s small
SM count, the Chatbot therefore does not saturate compute, yet it can monopolize the
GPU at the scheduler’s kernel granularity. LiveCaptions exhibits a complementary profile:
its encode phase uses larger kernels, while its decode phase issues small, low-occupancy
kernels. Those decode kernels could use the capacity left idle by Chatbot, but default time
slicing queues them behind the larger kernels. This reproduces the contention pattern from
Fig. 4 on a second NVIDIA platform.

Equivalent kernel-level validation is currently limited on Apple Silicon because Metal
System Trace does not expose directly comparable system performance metrics. We therefore
restrict the kernel-level generalization claim to the NVIDIA platforms evaluated here.

D.3 Concurrently Executing Applications with Larger Models

We use CONSUMERBENCH to evaluate the performance of applications with larger models
that do not concurrently fit in the GPU memory of our server. Specifically, we change the
model used in Chatbot from Llama-3.2-3B to Llama-3.1-8B, which requires 16GB of memory
(not counting the KV cache). We execute Chatbot exclusively on the CPU while concurrently
running ImageGen and LiveCaptions on the GPU. Fig. 26 shows the performance of the
applications using greedy GPU allocation and static GPU partitioning. These are augmented
results for §4.2 in the paper. Fig. 27 and Fig. 28 further show the GPU metrics, CPU metrics,
and power usage of the different GPU management strategies.

Overall, Chatbot exhibits reduced performance with the larger model compared to Llama-
3.2-3B, leading to SLO violations. Although LiveCaptions also experiences SLO violations,
its resource starvation is alleviated due to reduced contention when not all three applica-
tions share the GPU simultaneously. Lastly, partitioning the GPU between ImageGen and
LiveCaptions effectively eliminates starvation for LiveCaptions, though it causes ImageGen
to run slightly slower compared to scenarios with greedy resource allocation.

E Comparison to Existing Systems and Scheduling Mechanisms

E.1 Single-Model Optimization vs. Cross-Application Scheduling

KTransformers (Chen et al., 2025a) is a system designed to accelerate single MoE-style
LLM inference through heterogeneous CPU/GPU execution, including mechanisms such
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Figure 26: Normalized latency of running larger applications concurrently using greedy
allocation and static GPU partitioning
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Figure 27: GPU metrics of running larger applications concurrently.

as expert placement and specialized kernels. In other words, it optimizes one model’s
execution path by distributing model components across heterogeneous resources. This
design point is fundamentally narrower than the setting studied by CONSUMERBENCH,
which focuses on multiple concurrent applications with different modalities and competing
SLOs sharing an end-user device. In particular, CONSUMERBENCH highlights needs such as
global cross-application resource management, request-level SLO-aware scheduling, and
inference-server configurability for mixed workloads, none of which are the primary target
of KTransformers.

To test this directly, we evaluated KTransformers on DeepSeek-V2-Lite (DeepSeek-AI, 2024)
models in both standalone and concurrent settings, where the LLM runs alongside Live-
Captions and ImageGen. The results are shown in Table 8. Under standalone execution,
both quantization settings comfortably meet the chatbot SLOs. Under concurrent execution,
however, TTFT increases substantially: DeepSeek-V2-Lite Q4 rises from 0.205 s to 1.035 s,
and Q8 rises from 0.719 s to 1.180 s. TPOT also degrades, though it remains within the 0.25 s
SLO in these measurements. These results indicate that a system optimized for efficient
single-model execution does not automatically prevent contention-induced latency inflation
once multiple heterogeneous applications share the device.

Takeaway. KTransformers is effective for optimizing a single model, but our results show
that this is not sufficient to resolve cross-application interference in realistic concurrent
GenAI workflows. CONSUMERBENCH therefore targets a complementary systems prob-
lem: scheduling and resource management across heterogeneous applications rather than
optimization of a single model alone.
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Figure 28: CPU metrics and power usage of running larger applications concurrently.

Model Setting TTFT (SLO = 1s) TPOT (SLO = 0.25s)

DeepSeek-V2-Lite Q4 Standalone 0.205 0.025
DeepSeek-V2-Lite Q4 Concurrent 1.035 0.142
DeepSeek-V2-Lite Q8 Standalone 0.719 0.037
DeepSeek-V2-Lite Q8 Concurrent 1.180 0.161

Table 8: Additional evaluation of KTransformers in standalone and concurrent settings.

E.2 Comparison of GPU Scheduling and Runtime Mechanisms

This subsection provides a framework-level comparison of prior GPU-sharing and schedul-
ing mechanisms. The main point is not that adaptive scheduling is unimportant; rather,
many existing systems do not transparently support arbitrary, unmodified GenAI applica-
tions running concurrently on a single end-user GPU. We refer to representative systems
including TGS (Wu et al., 2023), Orion (Strati et al., 2024), REEF (Han et al., 2022), NVIDIA
MPS (Corporation, 2025c) and MIG (NVIDIA, 2025b), FaaSwap (Yu et al., 2024) and Tor-
por (Yu et al., 2025), CUDA Green Contexts (NVIDIA, 2025a), CUDA priority streams, and
LLM-serving runtimes such as LightLLM (Gong et al., 2025).

Table 9 summarizes the comparison of representative scheduling strategies and runtime
systems. The comparison focuses on three properties that matter in our setting: whether
the system transparently supports arbitrary GenAI models on a single GPU, whether it
schedules resources across applications rather than only within one application, and whether
it supports an arbitrary number of concurrent applications.

• CUDA Priority Streams and Green Context. These mechanisms are useful for prioritiza-
tion within a single CUDA context (NVIDIA, 2025a), but they do not provide effective
scheduling across independent applications. As a result, they are not sufficient for
CONSUMERBENCH, where multiple applications run concurrently with separate contexts.

• REEF and Orion. These schedulers (Han et al., 2022; Strati et al., 2024) are closer in spirit
to cross-application GPU management, but they are limited in practice for this workload
class: REEF supports only a restricted set of DNN models, while Orion requires offline
kernel profiling and application-level adaptation, and is likewise oriented toward DNN
kernels rather than arbitrary modern GenAI stacks.

Takeaway. Table 9 summarizes how existing mechanisms differ at a high level; we present
additional scheduler-specific empirical results in the next subsection (§E.3).
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System
Transparent support for arbitrary

GenAI models
on a single GPU

Cross-application
scheduling

Arbitrary number
of concurrent
applications

TGS Y Y N (only one
high-priority app)

Orion N Y Y
REEF N Y Y
MPS, MIG Y Y Y
FaaSwap, Torpor N Y Y
Green Context Y N N
Priority Streams Y N N
KTransformers,
llama.cpp

N N N

Apple Silicon Y Y Y

Table 9: Comparison of existing GPU scheduling and runtime strategies in the CONSUMER-
BENCH setting.

Configuration & Priority ImageGen LiveCaptions

ImageGen (Low) + LiveCaptions
(High)

Severe SLO Violation Meets SLO

ImageGen (Low) + LiveCaptions
(Low)

Meets SLO Starvation

Table 10: Evaluation of TGS on concurrent ImageGen and LiveCaptions.

E.3 Additional Scheduler-Specific Results

This subsection reports additional empirical results and sensitivity checks for specific
schedulers and mechanisms (see Tables 10 to 12).

• TGS. Among the more relevant dynamic schedulers, TGS (Wu et al., 2023) still has
important restrictions: it supports only two concurrent applications with predefined
binary priority. It also has implementation-level incompatibilities with newer frameworks
such as diffusers (von Platen et al., 2022) and faster-whisper (SYSTRAN, 2026). In an
added experiment with ImageGen and LiveCaptions, TGS exhibits a strong trade-off:
giving LiveCaptions high priority lets it meet its SLO but causes severe slowdown for
ImageGen; assigning equal low priority allows ImageGen to meet its SLO but starves
LiveCaptions.

• MPS and MIG. These are among the few practical mechanisms that can be applied
transparently to unmodified applications (Corporation, 2025c; NVIDIA, 2025b). We add
an MPS baseline on RTX 6000 and show that assigning MPS=100 to all applications
reduces contention compared with greedy allocation, but still leaves LiveCaptions far
above its 2 s SLO (11.756 s). Static partitioning helps LiveCaptions more than default MPS
but hurts ImageGen, illustrating the fairness–efficiency trade-off.

• Oracle adaptive MPS. To quantify the potential headroom of adaptive scheduling, we
simulate an oracle policy by grid-searching per-application MPS thresholds and selecting
the smallest value that preserves standalone SLOs. Under this optimal setting, all appli-
cations satisfy their SLOs, with LiveCaptions improving from 11.756 s under default MPS
to 1.25 s. This does not provide a deployable scheduler on its own, but it does show that
the resource conflict is, in principle, schedulable.

• Other systems. Fairness in Serving Large Language Models (Sheng et al., 2024),
LithOS (Coppock et al., 2025), and Torpor/FaaSwap (Yu et al., 2025; 2024) are incomplete
fits for the target setting. Fairness in Serving Large Language Models is specialized to
LLM-serving stacks such as LightLLM (Gong et al., 2025) rather than arbitrary multimodal
applications; LithOS was not open-sourced, and Torpor/FaaSwap targets serverless or
non-concurrent execution settings rather than continuous concurrent GPU sharing on
end-user devices.

33



Published as a conference paper at COLM 2026

Application (SLO) MPS All 100 Static Partitioning Greedy Allocation

Chatbot – TTFT (1s) 0.092 0.124 0.103
Chatbot – TPOT (0.25s) 0.022 0.034 0.039
ImageGen (1s) 0.687 1.870 0.980
LiveCaptions (2s) 11.756 2.436 28.916

Table 11: Comparison of default MPS, static partitioning, and greedy allocation.

Application (SLO) MPS Optimal MPS All 100 Greedy Allocation

Chatbot – TTFT (1s) 0.154 0.092 0.103
Chatbot – TPOT (0.25s) 0.039 0.022 0.039
ImageGen (1s) 0.927 0.687 0.980
LiveCaptions (2s) 1.25 11.756 28.916

Table 12: Oracle adaptive MPS configuration from grid search.

Summary. The existing GPU scheduling work is highly relevant, but most current systems
either optimize a narrower workload class, require model/framework-specific modifica-
tions, or do not directly support concurrent heterogeneous GenAI applications on a single
consumer device. This gap motivates CONSUMERBENCH as a benchmarking framework for
identifying where deployable cross-application scheduling remains inadequate.
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