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Abstract

Large Language Models (LLMs) are becoming ubiquitous across
industries, where applications demand they fulfill diverse user in-
tents. However, developers currently face the challenge of manually
exploring numerous deployment configurations—combinations of
parallelism and compression techniques that impact resource usage,
latency, cost, and accuracy—to meet these intents. Previous works
automate configuration selection and deployment, but, they (a) rely
on expensive profiling, and (b) suboptimally utilize the fragmented
resource availability in multi-tenant GPU clusters, inflating oper-
ational costs for the provider. Moreover, none of these solutions
tailors deployment configuration decisions to diverse user intents.
We present MaverIQ, an LLM inference serving system that ex-
poses an intuitive interface allowing users to express their intent
(e.g., minimize latency, meet cost target). MaverIQ automatically
translates the intent into the best configuration and deploys it on
behalf of the user, while minimizing the operational cost for the
provider. To reduce profiling costs, MaverIQ introduces and ob-
serves a compact proxy of the LLM, called fingerprint, under a few
configurations, and uses novel analytical models to extrapolate the
observed fingerprint data to the full LLM. To optimize the cost for
the provider, we leverage our key observation that, unlike training,
distributing LLM layers across GPUs in an uneven manner has
little impact on the overall inference latency. Our novel deployment
algorithm exploits this insight to enable MaverIQ to utilize the frag-
mented cluster resources. Through rigorous empirical evaluation,
we show that MaverIQ reduces profiling cost by 7-15x compared
to state-of-the-art baselines. Lastly, across various LLMs, traces,
and loads, MaverIQ best meets user intents while reducing oper-
ational cost for the provider by 3.8-8.3%. Our code is available at
https://github.com/UT-SysML/MaverlQ.
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1 Introduction

Large Language Models (LLMs) are set to become ubiquitous across
industries where applications demand that they meet varied user
intents. For instance, real-time chatbots and voice assistants pri-
oritize low latency to deliver instant responses while education
platforms and automated FAQs need cost efficiency. Meanwhile,
mobile apps and IoT devices afford minimal GPU usage. To sat-
isfy these diverse intents, experts introduced various (a) compres-
sion techniques that reduce the size of the models (e.g., quantiza-
tion [11, 12, 20, 47, 102, 108], pruning [19, 54, 86]) and (b) parallelism
techniques that distribute the models across multiple GPUs (e.g.,
data [77], pipeline [31], and tensor parallelism [95]). The hundreds
of resulting deployment configurations — combinations of these
techniques — for each LLM vary across many dimensions. For ex-
ample, Llama-2-70B can be deployed in 180 ways on an 8-GPU
cluster: 15 parallelization options (4 tensor, 8 pipeline) combined
with 4 weight quantization methods and 2 KV-cache quantizations,
or 4 pruning strategies. To generate 100 tokens, inference latency
varies by 8x (2.7-21.5 seconds), memory consumption by 4.6x (33.7-
153.9 GB), and GPU time by 25X (6.9-171.5 GPU-seconds). Finally,
the user cost for serving queries, based on the Azure LLM serv-
ing trace [67], varies by 25.4X ($10.4-$264). Thus, the choice of a
deployment configuration for an LLM is key in meeting varied user
intents.

Existing work falls into three main categories. (a) The first cate-
gory consists of systems that ignore user intents and fix the con-
figuration across different models [15, 64, 114]. These result in
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suboptimal choices as the best deployment configuration is LLM-
specific, intent-specific, and depends on the availability of resources
in the GPU cluster (see § 3). (b) The second category consists of
systems that leave it to users to specify the deployment configura-
tion [5, 6, 40, 48, 61, 65]. However, this requires expertise in LLM
architectures and hardware accelerators, which many users lack.
Moreover, the search space of configurations is large and complex,
making it non-trivial for users to make this choice. (c) The third
category consists of systems that use profiling techniques to map
user-intents to deployment configurations [1, 42, 46, 57, 64, 71, 84].
However, these systems are inefficient, as they (1) profile the full
LLM [1, 46], inflating profiling resource consumption, and (2) profile
the LLM under all deployment configurations [46], inflating profil-
ing time. For example, it took us ~ 2.5 hours and 8 GPUs to profile a
subset (100) of Llama2-70B’s configurations. To select a deployment
configuration tailored to users’ intent, we need new techniques that
accurately estimate the implications of all deployment configurations
for a given LLM, without expensive profiling.

The chosen configuration now needs to be deployed in a way
that optimizes the operational cost for the provider. This is chal-
lenging in a multi-tenant environment given the varying load and
fragmented resource availability. Previous works cannot optimally
utilize the fragmented resources, as they evenly distribute LLMs
across GPUs [2, 5, 24, 40, 46, 61]. To reduce operational cost for the
provider, we must develop new deployment techniques that utilize
the fragments of the GPU cluster while still meeting user intents.
Our work. To this end, we build MaverIQ, an automated intent-
based LLM inference serving system that first translates user-ex-
pressed intents into LLM deployment configurations and deploys
the chosen configurations to improve cluster throughput and reduce
operational cost for the provider.

To translate the user’s intent to the best configuration, we de-
velop new profiling techniques that heavily reduce the profiling
costs seen in previous works. First, to reduce profiling resource
demand, we make a key observation about commonly used LLMs:
a majority of the layers within an LLM are repeated, leaving only a
few unique layers. So, instead of profiling the full LLM, we profile
only a compact proxy of the LLM containing a few unique layers,
which we introduce as LLM fingerprint. Second, to reduce profiling
time, we develop novel analytical models to accurately estimate an
LLM’s latency/memory footprint under any deployment configura-
tion from just a few observations. Combining both, we show that
observing the lightweight fingerprints under just a few configurations
is enough to efficiently and accurately understand the implications of
all deployment configurations for the full LLMs.

To efficiently utilize the fragmented resources in the GPU cluster,
we make a key observation that goes against the commonly held
assumption that LLM layers need to be evenly distributed across
GPUs to avoid delays due to synchronization. We note that while
this assumption is true for training that requires a forward and a
backward pass, it does not hold for inference as inference only needs
a forward pass. Thus, distributing LLM layers across GPUs in an
uneven manner has little impact on the overall inference latency and
can be leveraged to efficiently utilize fragmented resources in a multi-
tenant cluster. MaverIQ’s novel deployment algorithm leverages
this insight to reduce operational costs for the provider.

We summarize our contribution as follows:
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Figure 1: Architecture of a decoder-only LLM (left) and its
fingerprint (right). The fingerprint has the same components
as the full LLM, but only 1-2 hidden layers. See § 2.
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Figure 2: The best parallelism configuration (drp, dpp) is user-

intent- and LLM-specific. drp, dpp: degrees of tensor and
pipeline parallelism. See § 3.1.

e We introduce LLM fingerprints, a compact proxy that captures
the essence of the model, enabling lightweight profiling.

o We are the first to formulate an analytical model that accurately
captures the effects of parallelism techniques on inference la-
tency for LLMs. Combining both fingerprints and analytical
models, MaverIQ reduces profiling cost by 7-15X while reduc-
ing estimation error by 1.3-1.7x.

e We are the first to show that we can unevenly distribute LLM
layers across GPUs to utilize fragmented resources without
harming inference latency. This technique reduces operational
cost by up to 2x.

e We build MaverIQ atop TensorRT-LLM and show that under
strict accuracy requirements, MaverIQ reduces latency by 28-
45% for the user while reducing operational cost by 3.8-8.3x
for the provider. Under lower accuracy requirements, MaverIQ
can exploit compression techniques to further reduce both user
cost and latency by about 72%.

2 Background

Model architecture of LLMs. LLMs are based on transformers.
The original transformers (e.g., Bart [44], Pegasus [111], T5 [73],
UL2 [90]) used encoder-decoder architectures where the encoder
created fixed-sized vectors for the decoder to generate outputs.
Such encoder-decoder-based architecture was shown to be rigid,
as only fixed-sized outputs could be generated. Instead, GPT-2 [72]
introduced a more flexible decoder-only architecture that lever-
ages previously generated tokens to generate outputs of arbitrary
length. Most modern LLMs now follow this decoder-only structure,
stacking hundreds of identical layers to extract features (Figure 1).
Deployment configuration for LLMs. To efficiently deploy mod-
ern LLMs, expert users leverage techniques from two categories:
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parallelism and compression. Parallelism techniques deploy LLMs
across multiple GPUs: (1) data parallelism (DP) [77] replicates LLMs
across GPUs, (2) tensor parallelism (TP) [95] splits tensor opera-
tions across GPUs, and (3) pipeline parallelism (PP) [31] distributes
layers across GPUs. Parallelism techniques can be combined (e.g.,
TP and PP), however their extent is limited by the available GPUs.
Compression (quantization and pruning) reduces an LLM’s mem-
ory footprint. Quantization [11, 12, 20, 47, 102, 108] lowers the bit-
width of LLM weights, activations [101], and KV-caches [14, 51].
Pruning removes redundant weights/layers of an LLM or enhances
sparsity for acceleration [19, 54, 69, 86]. While both slightly affect
output quality, they are widely used for LLM deployment [37, 54].
The combination of parallelism and compression techniques
comprise an LLM’s deployment configuration. Hence, throughout
this paper, we refer to an LLM’s deployment configuration as a
selection of TP and PP degrees, the quantization applied to weights,
activations, and the KV-cache, as well as the pruning strategy.

3 Motivation & Characterization

In this section, we study how the deployment configuration param-
eters impact four different user intents: minimize inference latency,
GPU memory consumption, cost (memory X latency), and GPU-
hours. We then describe the challenges in selecting the optimal
deployment configuration for an LLM that can meet a user’s intent.
For this measurement study, we use an 8-GPU cluster with NVIDIA
RTX A6000 (48GB) GPUs and six state-of-the-art LLMs: Falcon-7B,
Falcon-40B, GPT-J-6B, Llama-2-7B, Llama-2-13B, and Llama-2-70B.

3.1 Effect of Parallelism

Figure 2 shows the cost, latency, total GPU memory, and GPU-hours
as we vary the parallelism degrees for Llama-2-13B and Falcon-40B.
Impact of PP alone. Increasing PP degree (dpp) from 1 to 8 ((1,1)
to (1,8)) has minimal impact on inference latency (0.04-0.11 sec
difference), as the time to propagate intermediate data layer-by-
layer between high-bandwidth devices is negligible (< 0.05% the
inference latency). Increasing dpp increases the total memory usage
(1.01-1.3x), but per-GPU memory decreases (1.5-6.1X). Thus, larger
PP degrees may be useful in multi-tenant environments where
many GPUs have smaller fragments of free memory.

Impact of TP alone. Increasing drp from 1 to 8 decreases latency
while increasing memory consumption and GPU-hours: Falcon-
40B’s latency reduces by 1.8-2.1x, but memory and GPU-hours
increase by 1.1-1.3%X and 1.2-1.9X, respectively. For smaller LLMs
like Llama-2-13B, the increased memory footprint and all-reduce
synchronization overheads [80] of higher TP degrees (4 to 8) raise
user cost by 1.8%, while Falcon-40B only experiences a 1.05X cost
increase, making TP’s impact on cost LLM-specific.

Impact of both TP & PP. Similar to our observations when an-
alyzing TP and PP alone, the optimal combination of TP and PP
is both LLM- and intent-specific: For example, while Llama-2-13B
achieves the lowest latency with (4,2), Falcon-40B needs (8,1). How-
ever, these configurations do not minimize other intents: for both
LLMs, cost is minimized with (4,1), while memory is lowest with
(1,2) for Falcon-40B and (1,1) for Llama-2-13B.

Takeaway #1. Increasing PP inflates an LLM’s total memory foot-
print but lowers per-GPU footprint. Increasing TP reduces inference
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latency, but excessive TP can harm latency due to synchronization
overheads. The best combination of TP/PP is LLM- and intent-specific.

3.2 Effect of Unbalanced Pipeline Parallelism
LLM training consists of two passes: (1) the forward pass processes
input tokens to generate outputs, and (2) the backward pass com-
putes gradients and updates weights to minimize loss. Pipeline
parallelism (PP) splits an LLM layer-wise across GPUs to enable
microbatches of training data to be processed in a pipelined fashion.
Although PP is meant to increase efficiency, it is rarely used in
LLM training, especially with large batch sizes. PP is known to
introduce GPU processing stalls [31, 58] since all GPUs must wait
for the forward pass to process the microbatches before initiating
backpropagation (Figure 3a). Unevenly placing layers of an LLM
across GPUs (unbalanced PP) exacerbates stalls and degrades effi-
ciency due to imbalanced microbatches. Hence, if PP is used during
training, systems evenly distribute layers across GPUs to mitigate
the undesired ramifications of unbalanced PP [49].

Inference only needs a forward pass (no backpropagation) [23].
We observe that the pipeline stalls in the inference phase are sig-
nificantly reduced compared to training (Figures 3a, 3b). Thus, the
impact of PP on inference latency is negligible (Figure 2). We also
find that even if we distribute LLM layers across GPUs in an unbal-
anced manner, latency is not harmed regardless of the batch size
(Figure 3d). Instead, unbalanced PP fluctuates the per-GPU memory
consumption across an LLM’s PP partitions: deploying Llama-2-7B
with unbalanced dpp=2, where one GPU hosts 10 layers and the
other 22 layers, results in one partition using 4.53GB of memory
while the other consumes 9.97GB. We leverage this insight to uti-
lize GPUs with fragmented available memory, enabling MaverIQ to
deploy more LLMs and increase cluster throughput (§ 8.5).
Takeaway #2. We can leverage unbalanced PP in LLM inference to
utilize fragmented available GPU memory, deploy more LLMs, and
increase cluster throughput without degrading inference latency.
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Figure 5: Architecture of MaverIQ. See § 4.

3.3 Effect of Quantization

Quantization predictably reduces memory consumption: across
LLMs, INT8 cuts memory consumption by 50%, while INT4/GPTQ4
reduces it by 75%, compared to FP16. While quantization also re-
duces inference latency (the lower-precision data representations
decrease GPU compute and memory bandwidth demand), its im-
pact is LLM-specific (Figure 4). For example, quantizing with INT8
reduces Falcon-40B’s latency by 1.9x but only 1.7X for Falcon-7B.
Similarly, quantizing with GPTQ4 reduces LLama-2-7B’s latency
by 2.4x, compared to Llama-2-70B’s 3x reduction. Lastly, while
quantization reduces memory consumption and latency, it comes
at the expense of LLM output quality [20, 37].

Takeaway #3. Quantization predictably reduces memory consump-
tion across LLMs, however, its effect on latency is LLM-specific.
Moreover, quantization presents a tradeoff between memory/latency
reduction and output quality. Ultimately, there is no single optimal
quantization technique: it is LLM- and intent-specific.

3.4 Effect of Pruning

We study the impact of pruning using two state-of-the-art tech-
niques: (1) Wanda 2:4 [86], and LLM-Pruner [54] (we omit the figure
for brevity). Both techniques reduce memory footprint, either by
zeroing out weights (Wanda 2:4, 40% reduction in memory) or
completely removing weights/layers (LLM-Pruner, 19-37% reduc-
tion). However, pruning increases latency (due to matrix conversion
overheads or poor utilization of the hardware), albeit its effect is
LLM-specific. For example, pruning increases Llama-2-7B’s latency
by 21-42%, while Llama-2-13B’s latency only increases by 3-24%,
as the gains from reducing computational load with pruned ma-
trices outweigh the overheads. Finally, pruning degrades output
quality [54, 86] with varying impacts across models.

Takeaway #4. Pruning techniques present a trade-off between
accuracy, latency, and memory consumption, however, the effect
of pruning on accuracy and inference latency is LLM-specific.

4 MaverIQ Design

Given a user intent, MaverIQ finds the best deployment configura-
tion for the LLM without expensive profiling. MaverIQ then deploys
the LLM in a cost-efficient manner by well utilizing fragmented
resources in the GPU cluster. Figure 5 presents MaverIQ’s system
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Table 1: MaverIQ’s APIs. See § 4.

API Parameters

model, [compressionTechnique: accuracy]
model, maxOutputLength, intent

<minCost, minLat, 1atSLO, costSLO, accSLO>
inference_model | model, inputText

register_model
deploy_model

architecture. We first describe MaverIQ’s intent-based interface,
followed by its key components and workflow.

MaverIQ’s intent-based interface. MaverIQ is the first intent-
based LLM inference serving system. Table 1 outlines MaverIQ’s
intent-based interface. Users register LLMs via register_model,
specifying the LLM and a list of compression techniques it supports
with their respective MMLU accuracy scores. The accuracy scores
enable MaverIQ to meet accuracy needs, as it only considers config-
urations with scores above accuracy requirements; if none exist, we
notify users and optimize secondary metrics (e.g., latency or cost).
Users deploy an LLM via deploy_model, specifying the maximum
output length and user intent. Notably, users are not required to
specify any LLM configuration parameters or the number of GPUs
to use. Instead, they simply specify their intent to minimize cost or
latency (unburdening users from determining appropriate SLOs),
or meet SLOs (latency, cost, and/or accuracy). MaverIQ defaults to
minimizing cost if no intent is specified. As the cost formulation
can vary from provider to provider, we evaluate MaverIQ’s efficacy
with three cost formulations: (1) the traditional GPU memory X
latency [59, 92], (2) GPU memory consumed as cost, and (3) GPU-
hours consumed as cost. Finally, users can send inference requests
with prompt inputs to a deployed LLM via inference_model.
Profiling Controller. MaverIQ’s Profiling Controller is responsible
for accurately translating the user’s intent into the best deployment
configuration without expensive profiling. To do so, we efficiently
profile LLMs with their lightweight fingerprints and accurately
estimate each configuration’s latency/memory using our novel
analytical models (detailed in § 5).

Deployment Controller. MaverIQ’s Deployment Controller is re-
sponsible for automatically deploying the chosen configurations in
a way that utilizes the fragmented resources in the cluster while still
meeting the user intents. The Deployment Controller implements
our novel deployment algorithm that leverages unbalanced LLM
partitioning to achieve this goal (detailed in § 6).

Scheduler. Finally, the Scheduler routes inference requests to the
Workers hosting the LLMs in the GPU cluster.

MaverIQ triggers each component based on the persona interact-
ing with it: LLM developers, application developers (e.g., ChatGPT),
and application users (e.g., ChatGPT users).
© Maver1Q’s profiling workflow is triggered when a model devel-
oper registers an LLM. Upon registration, the Profiling Controller
takes charge: (a) First, the Profiling Controller’s Generator creates
the LLM’s fingerprint, a compact proxy that encapsulates the LLM’s
unique model architecture in a smaller memory footprint (§ 5.1).
(b) Its Profiler then deploys the generated fingerprint under a few
deployment configurations and issues dummy requests to observe
its latency/memory consumption. Observing an LLM’s lightweight
fingerprint greatly reduces the resource demand of MaverIQ’s pro-
filing workflow. (c) Finally, its Estimator uses the profiled data and
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Figure 6: LLM parallelism memory overheads. Weights (W),
activations (A), and pipeline activations (4,) are replicated
on drp (TP degree) and/or dpp (PP degree) GPUs. See § 5.2.

our novel analytical models to estimate the LLM’s latency and
memory footprint for all deployment configurations (§ 5.2/ 5.3).
© VaverIQ’s model-deployment workflow is triggered when
an application developer requests to deploy an LLM. They provide
MaverIQ a user intent to optimize for. Using the configuration
map with the estimated memory and latency for all configurations,
MaverIQ’s Deployment Controller chooses the configuration that
best meets the user intent and is feasible to deploy given resource
availability. It uses (a) a load-aware policy to select which GPUs
to deploy an LLM on, and (b) a fragmentation-aware algorithm for
mapping layers of an LLM to best utilize the potentially fragmented
memory resources in the selected GPUs. These two algorithms
enable MaverIQ to efficiently utilize and reduce the operational
costs of the GPU cluster. We detail this workflow in § 6.

© MaverIQ's inference-serving workflow is triggered when ap-
plication users submit inference requests. The Scheduler dispatches
them to worker nodes. We use a simple FCFS scheduler, as our
focus in this work is on efficient profiling and deployment for LLMs
to meet user intents. We design MaverIQ in a modular fashion to
enable future work on developing advanced scheduling algorithms.

5 Inexpensive yet Accurate Profiling

MaverIQ’s Profiling Controller inexpensively yet accurately esti-
mates an LLM’s memory footprint and latency under all deployment
configurations. We introduce LLM fingerprints and develop novel
analytical models to do so. In this section, we describe the need for
inexpensive profiling and our fingerprint- and analytical-modeling-
based profiling methodology, along with our intuition behind it.

5.1 LLM Fingerprints

Directly loading and profiling an LLM across all deployment con-
figurations is prohibitively expensive; it requires tens to hundreds
of GBs of GPU memory and can take hours to profile. We make a
key observation: the main components that bloat an LLM’s mem-
ory footprint are the hidden layers that are absolutely identical to
each other (§ 2). So, instead of profiling the full LLM, we profile
its compact proxy containing a few unique layers, which we in-
troduce as LLM fingerprints. Fingerprints capture the key model
architecture components: the embedding layer, hidden layers, nor-
malization layer, and activation function (Figure 1). Unlike the LLM,
the fingerprint has minimal hidden layers, reducing memory and
time needed for profiling: Llama-2-70B’s fingerprint is 41X smaller
and 63X faster to profile. We find a linear relationship between the
number of hidden layers and the LLM’s memory footprint (figure
omitted for brevity), enabling us to easily extrapolate the LLM’s
memory footprint from the fingerprint.
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5.2 Estimating Memory

We detail how we profile and extrapolate the memory requirements
from fingerprint to LLM for every deployment configuration.
Breaking down an LLM’s memory footprint. Parallelism tech-
niques replicate components across GPUs, thereby increasing an
LLM’s memory footprint. Figure 6 depicts the memory footprint un-
der different parallelism strategies [52]. Three components define
the footprint across parallelism schemes: weights (W), activations
(A), and PP activations (A,). The memory footprint without par-
allelism (mempqs.) is simply the weights and activations (W + A).
TP inflates this by (drp — 1) X A, where drp is the TP degree, as
each layer’s activations are replicated on each GPU. PP replicates
the intermediate PP activations, inflating the base footprint by
(dpp — 1) X Ap, where dpp is the PP degree. Finally, combining TP
and PP incurs both overheads. Knowing W, A, and A;, allows us to
estimate the LLM’s memory footprint for any configuration.
Candidate memory profiling techniques. We use our memory
footprint understanding to devise two candidate methods (M1 and
M?2) for estimating an LLM’s memory footprint per configuration.

M1. LLM under selected configurations: To reduce profiling costs
compared to brute force (observing all LLM configurations), we
leverage our insight that knowing W, A, and A, allows us to es-
timate any configuration’s memory footprint. To estimate these
values, we profile three configurations and solve a 3 X 3 system of
equations (Figure 6). These values change with quantization. Thus
we profile the LLM with three parallelism schemes per quantization:
drp/dpp=1, drp=1 dpp=2, and drp=2 dpp=1, which require the least
resources. This method reduces profiling time by only profiling
three configurations but still requires notable GPU memory.

M2. Fingerprint under selected configurations: To reduce profiling
resource demands, we profile the LLM’s fingerprint using M1’s
approach. However, solving the system of equations using the fin-
gerprint’s footprint yields W, A, and A, specific to the fingerprint,
not the LLM. Thus, we first linearly extrapolate the LLM’s footprint
from the fingerprints, using two fingerprints per configuration,
under the three parallelism schemes. Then, we solve the equations
with the extrapolated footprints to estimate W, A, and Ap.

5.3 Estimating LLM Inference Latency

Unlike memory, an LLM’s inference latency scales with output
length, which is unknown until deployment time. Therefore, during
profiling, we capture key metadata (e.g., time to first token) that
enables MaverIQ to trivially estimate latency during deployment
time. We outline our insights and latency profiling strategies.

Breaking down an LLM’s inference latency. LLMs generate
outputs token by token using autoregressive decoding. Aside from
the first output token, which an LLM generates by processing all
input tokens, an output token depends on previously generated
tokens. The KV-cache avoids recomputing preceding tokens, ensur-
ing consistent latency for each new token generation. Thus, LLM
inference latency is formally broken down into the time to first
token (TTFT), time per output token (TPOT), and the output length:

L =TTFT + output_length x TPOT (1)

TTFT/TPOT are specific to an LLM’s deployment configuration. Hence,
to estimate an LLM’s latency under any configuration, we would
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need to obtain the TTFT and TPOT for every configuration dur-
ing profiling. However, we formulate novel analytical models that
estimate the impact of parallelism (TP/PP) on inference latency.
This enables us to estimate the latency for any configuration by
determining the TTFT/TPOT for only three configurations.

Equation 2 presents our analytical model that captures how TP
and PP affect inference latency. Increasing the TP degree distributes
the computational workload across GPUs. Therefore, we divide the
base latency without parallelism, L(1,1), by drp in the first term.
However, TP introduces overhead (Orp) with all-reduce synchro-
nization operations, which we empirically observe is non-linear
with respect to drp, captured in the second term. Using PP intro-
duces its own overheads (Opp) because of its send-recv operations,
which we empirically observe scales non-linearly with respect to
dpp, captured in the third term. However, increasing PP reduces the
per-GPU work by partitioning the LLM’s layers across GPUs. This
decreases the overall latency non-linearly by dpp, captured in the
first term. Moreover, PP reduces the amount of data that traverses
the GPU interconnect, reducing the overhead of TP non-linearly
by dpp, captured in the second term. With this understanding, we
can estimate inference latency as parallelism changes with:

L(LY  (drp-1)F
drp x dpp, dyp

L(drp,dpp) = x Orp + (dpp —1)° x Opp  (2)
where a, f, y, and § are constants that modulate the scaling and
overhead effects of parallelism. To determine the constants, we
collect a couple hundred data points (a one-time cost) across di-
verse LLMs and configurations and employ a Gradient Descent
algorithm [76] with a Mean Absolute Error (MAE) loss function.
MAE when applied to Equation 2 with respect to these constants is
a non-convex function, precluding direct analytical solutions.

With fixed scaling constants applied across LLMs, the only re-
maining unknowns in Equation 2 are Orp and Opp. We can calculate
these values using Equation 2 and the latency of three reference
configurations: L(1,1), L(1,2), and L(2,1):

L(1,1) L(1,1)
— & Opp=L(1,2) -
5 pp =L(1,2) a

Orp =L(2,1) - (3)

However, we cannot determine the latencies of these three reference
configurations during profiling time, as they depend on the output
length. Instead, our goal is to efficiently determine the metadata
(TTFT/TPOT) for the three reference configurations via profiling. Then,
during deployment time, we calculate L(1,1), L(1,2), and L(2,1) for a
given output length using Equation 1, estimate the overheads Orp
and Opp with Equation 3, and then estimate the latency under any
configuration using Equation 2. We detail our two strategies that
obtain this metadata for the three reference configurations next.
Candidate latency profiling techniques. We devise two profiling
strategies for latency estimation.

L1. LLM under selected configurations. This method observes the
latency for the three reference configurations (drp/dpp=1, drp=1
dpp=2, and drp=2 dpp=1) to obtain their metadata. For each config-
uration, we measure the latency for two output lengths. We then
solve a 2 X 2 system of equations with Equation 1 to estimate the
unknowns TTFT and TPOT. This method reduces profiling time
but still requires significant GPU memory.

L2. Fingerprint under selected configurations. To reduce resource
consumption, we profile the fingerprint (not the LLM) to determine
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TTFT/TPOT for the three reference configurations. However, these
values we measure are specific to the fingerprint, not the LLM with
more hidden layers. Therefore, we break down TTFT and TPOT
into the latency through the LLM’s building blocks: the hidden
layers and the other layers (§ 2). Formally,

TTFT = num_layers X TTFTjqyer + TTFTosher (4)
TPOT = num_layers X TPOTjqyer + TPOT,sper (5)

where num_layers is the number of hidden layers in the LLM,
TTFTayer is the latency for one hidden layer to produce the first
token, TPOTjqyer is the latency for one hidden layer to produce an
output token, and TTFT,sper and TPOTysp,, are the latencies of the
other basic building blocks for their respective token generation.
With knowledge of these four variables in Equations 4 and 5, we can
compute the LLM’s TTFT and TPOT with num_layers hidden lay-
ers per configuration. Hence, in this method, we profile the LLM’s
fingerprints to efficiently obtain TTFTjqyer, TPOTiayers TTFTother
and TPOTy;per per selected deployment configuration.

We observe two fingerprints per LLM, each with one and two hid-
den layers. We send each two requests with different output lengths.
Then, for each fingerprint, we solve a 2 X 2 system of equations
with Equation 1 to obtain its TTFT/TPOT. We use these values to
solve a 4 X 4 system of equations with Equations 4/ 5 to estimate
TTFTiayers TPOTiayers TTFTothers and TPOT,;per per configuration.
We then extrapolate the TTFT /TPOT using Equations 4 and 5.

5.4 Design Exploration of Profiling Techniques

We evaluate the efficacy of our proposed profiling methods by
analyzing profiling accuracy and cost (profiling memory, time, and
GPU-hours) in Figure 7. We combine methods that use the full LLM
(L1 and M1) and those that use fingerprints (L2 and M2).
Full-model profiling provides more accurate memory estima-
tions, as it uses the base model directly to solve the system of
linear equations. However, its latency estimation accuracy is either
comparable to the fingerprint-based method (GPT-J-6B) or inferior,
particularly for larger LLMs (Falcon-40B, Llama-2-70B). The size
of the large models exceeds the capacity of a single GPU; L1 thus
profiles the LLM at higher degrees of TP and PP. Consequently, the
derived equations grow increasingly complex, incorporating all the
hyperparameters («, f, y, 8) as opposed to the single parameter o
required by Equation 3 used by L2. This amplifies the estimation
error due to compounded dependencies and cascading errors.
Fingerprint-based profiling (L2,M2) greatly reduces profiling cost.
It only requires a fraction of the memory the full-model profiling
(L1,M1) consumes (3.8-18x less). For small models (e.g., Llama-2-7B),
the profiling time and GPU-hours of the fingerprint-based method
are slightly larger compared to the full-model profiling. This oc-
curs, as the fingerprint-based profiling requires more runs than the
full-model profiling to enable accurate extrapolation. Therefore, for
small LLMs, where fingerprint and full-model latencies are similar,
this overhead accumulates, making full-model profiling slightly
faster. Nonetheless, the extra profiling time is minimal (~23-124
seconds, ~36-252 GPU-seconds), and offset by memory savings
due to fingerprints. However, with larger LLMs (e.g., Llama-2-70B),
the advantages of fingerprint-based profiling become apparent:
profiling the Llama-2-70B’s fingerprint reduces profiling time and
GPU-hours by 2.5x and 3.8x, respectively, compared to profiling
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Figure 7: Design exploration of profiling methods. We show
profiling error (col. 1) and cost (col. 2) for each method.

MaverIQ uses (L2,M2) to reduce profiling cost. See § 5.4.

the full LLM. Thus, we deploy MaverIQ with the (L2,M2) profiling
methods due to its lower profiling cost and relatively similar accu-
racy to full-model profiling. Our modular design allows operators
to easily swap techniques.

5.5 Support for Various Batch Sizes

Batched requests to the same model can increase GPU utilization
and cluster throughput [40, 46]. While we described our profiling
techniques for batch size 1, MaverIQ supports larger batch sizes:
we observe that the latency and memory overheads of batched
requests, O s and OQ’IS, inflate latency and memory linearly when
batch size is > 1. We develop a model capturing this observation:

L(BS) =L(1) + (BS— 1) x OLg & M(BS) = M(1) + (BS — 1) x OM, (6)

where L(BS) and M(BS) are the latency and memory for batch
size BS. To estimate the overheads with batch sizes > 1, we follow
our profiling procedure (§ 5.2 and 5.3) to estimate the latency and
memory for two batch sizes (one and two) and solve a 2 X 2 system
of linear equations using Equation 6. Then, for any given batch size,
we can estimate the LLM’s latency and memory consumption.

6 Cost-Efficient Deployment

The chosen configuration now needs to be deployed in a way that
optimizes the operational cost for the provider. Multi-tenant envi-
ronments naturally lead to GPUs with varying load and fragmented
resource availability throughout the cluster. Existing systems are
unable to sufficiently utilize fragmented resources as they assume
that the LLM layers must be distributed evenly across GPUs to
avoid impacting latency due to synchronization delays. While this
assumption is true for training that requires a forward and back-
ward pass, it does not hold for inference which only needs a forward
pass. We find that distributing LLM layers across GPUs unevenly
has little impact on inference latency (§ 3.2). MaverIQ’s Deployment
Controller leverages this insight to efficiently utilize GPUs with
varying load and fragmented resources to reduce operational costs
for the provider while meeting the intents of the user. It makes two
key decisions: (1) which GPUs in the cluster to deploy the LLM on,
and (2) how to distribute layers across the selected GPUs.

Overview. With the profiling-based estimations (§ 5), we rank
configurations that best meet the given user intent (e.g., minimize
cost). However, fragmented GPU memory may not allow us to fit
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Figure 8: Design exploration of placement policies. The hy-
brid policy balances packing LLMs to reduce the # of GPUs
consumed/operational cost and dispersing LLMs across GPUs
to reduce latency. See § 6.

the best configuration. So, we traverse the ranked list and find the
first feasible configuration to deploy using our load-aware GPU
selection and fragmentation-aware layer mapping strategies.
Load-aware GPU selection. For the configuration under consid-
eration, requiring drp X dpp GPUs, we generate all GPU sets of that
size whose total free memory matches the configuration’s memory
needs. If no set exists, we consider the next configuration in the
ranked list. Otherwise, we iterate over the GPU sets and use our
load-aware GPU selection policy to select the GPUs for deployment.
We evaluate the efficacy of three deployment policies as load
varies: least-loaded, packing, and hybrid. Least-loaded disperses
LLMs across GPUs, choosing those with the least load. Packing
places LLMs on the same GPUs until saturation. Hybrid is a flexible
policy that balances packing and dispersal. It first packs LLMs on
GPUs whose load is closest to but below a threshold 6. If no set
satisfies this criterion, the LLM is deployed on the set of GPUs with
the lowest average GPU load. We define a GPU’s load as the number
of seconds it is busy over a window screen period. This definition
is more expressive than using memory utilization or number of
models loaded; it captures the meaningful work a GPU completes.
We track load every second over a 2-minute window, matching the
rate at which load changes in production LLM clusters [67, 84].
Figure 8 shows the number of GPUs used (top right), inference
latency (bottom left), and operational cost (bottom right). Following
the methodology of previous works [38, 46], we generate a 30 min
trace with fluctuating load using a Poisson process and deploy an
LLM every 3 min to assess policy responses to load spikes/valleys
(Figure 8 top left). Least-loaded reduces latency by dispersing LLMs
but inflates the provider’s operational cost by 1.63X compared to
hybrid. Packing only uses four GPUs, increasing GPU contention
and latency by 1.35x while only reducing operational costs by
1.18%. Hybrid uses five GPUs: during high load (e.g., #3 deploy-
ment), it deploys LLMs on idle GPUs rather than previously packed
ones; during low load (e.g., #4, #6-8 deployment), it deploys on
packed GPUs. While this slightly increases latency compared to
least-loaded and operational cost compared to packing, hybrid best
balances meeting the user intent while reducing operational cost
for the provider. We use the hybrid policy (6 = 0.7) to select GPUs
for deployment but provide a knob to switch policies as needed.
Fragmentation-aware layer mapping. With the selected config-
uration and GPUs for deployment, our fragmentation-aware layer
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mapping algorithm maps individual memory blocks of the LLM to
each GPU. Memory blocks are the minimum unit of deployment,
representing the memory requirement of a single layer of the LLM:

Memppoge = ——arttotal
drp X nuMjayers

where mem; ;) is the estimated memory footprint and numjqyers is
the number of hidden layers in the LLM. This basic memory block
is configuration-specific, as it captures the memory scaling for a
single layer due to the parallelism and quantization used.

We attempt to keep adjacent layers close and distribute blocks
evenly. However, if the chosen GPUs have fragmented available
memory, we adapt our layer mappings to utilize these fragmented
resources. Specifically, MaverIQ unevenly disperses memory blocks
across the fragmented GPUs, as unbalanced partitioning has little
impact on inference latency (§ 3.2). This enables MaverIQ to pack
more LLMs on fewer GPUs, maximizing total cluster throughput
and minimizing operational cost for the provider.

7 Implementation

We build MaverIQ in Python (3K LoC) atop TensorRT-LLM [61],
a widely-used LLM inference serving framework [60, 62, 63]. The
Controller is a persistent process that manages a pool of threads to
handle requests made to MaverIQ.

Fingerprint Controller. The Fingerprint Controller (a CPU pro-
cess) generates and profiles a registered LLM’s fingerprint. To create
fingerprints, we use PyTorch’s API to read a file containing LLM
weights/architecture information (provided by the LLM developer
in a safetensors format [32]) and remove redundant layers. We de-
ploy the fingerprint on GPUs, issue it dummy requests to measure
metadata, and extrapolate the memory footprint/latency per de-
ployment configuration. We store this data in a configuration map
locally for efficient access by MaverIQ’s Deployment Controller.
Deployment Controller. The Deployment Controller selects the
configuration, GPUs, and layer-to-GPU mapping to deploy an LLM
with. On the server hosting the selected GPUs, we launch a TensorRT-
LLM process and deploy the LLM under the chosen configuration.
We store the worker’s IP/port in an in-memory map that the Sched-
uler uses to dispatch requests. We extend TensorRT-LLM to allow
manual mapping of LLMs layers to GPUs; this allows MaverIQ to
unevenly distribute layers and fully utilize fragmented resources.
Monitoring Daemon. MaverIQ launches a lightweight, monitor-
ing daemon per worker (runs on CPU) that tracks GPU memory
and load via the PyTorch CUDA APL. It sends updates to MaverIQ’s
Controller every second via Linux TCP sockets [34]. The Controller
maintains a map of the available GPU memory and GPU load per
server, which it leverages during model deployment.

8 Evaluation

Workload. We follow the methodology of prior work [3, 25, 46, 57]
to create our workload.

We use two Azure LLM inference traces [67] that provide real-
world query arrival patterns: (1) the code trace with bursty requests,
and (2) the conversation trace with a steady, high query arrival
pattern. We scale the traces to different query arrival rates while
preserving the original pattern (e.g., burstiness). We compress the
trace by discretizing it into intervals, aggregating request counts
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Figure 9: MaverIQ greatly reduces latency estimation error
(col. 1) and LLM profiling time and resources (col. 2-4) com-
pared to Vidur and AlpaServe. See § 8.1.

from adjacent intervals, and scaling by a rate factor (0.1-0.4) to gen-
erate low to high load where GPU utilization is 30-100%. The scaled
traces consist of 861-7722 requests, providing sufficient queries per
model. The traces only contain a timestamp and input/output size
per query, but do not include the query input and intended LLM;
so, we use the ShareGPT dataset [78] to pick the LLM and the input
(max 512 tokens) uniformly at random. We use six state-of-the-art
LLMs (Llama-2-7B, 13B, 70B, GPT-J-6B, and Falcon-7B, 40B) varying
in size and support for parallelism and compression.

Baselines. We compare MaverIQ to three baselines.

Accelerate [24], a library used by prominent ML frameworks (e.g.,
HuggingFace [33]), automates LLM deployment by leveraging Fully
Sharded Data Parallel (FSDP) [113] to partition LLMs across GPUs.

AlpaServe [46], a state-of-the-art LLM serving system, auto-
selects parallelism to meet SLOs. It assumes prior knowledge of
request patterns, unrealistic for dynamic general-purpose inference-
serving systems [75, 110]. For fairness, we provide AlpaServe with
our full trace and deploy its configurations (DP, TP, PP) on TensorRT-
LLM. AlpaServe may drop some LLMs to improve overall SLO at-
tainment [45]; we also compare against AlpaServe”, a variant not
allowed to drop LLMs.

Vidur [1] is an LLM profiling/simulation tool that predicts the

most cost-effective parallelism configuration for an LLM using
random forest regressors. Like AlpaServe, we provide Vidur our
trace, as required. As Vidur is not a full inference serving system,
we use it as a baseline solely to evaluate profiling methodologies.
Testbed. Our testbed resembles that of prior work [2, 22, 56]. We use
8 X NVIDIA RTX A6000 (48GB) GPUs. Pairs of GPUs are connected
with NVLink, and the other connections are PCle. The server has an
AMD EPYC 7763 CPU (64 cores). We use Ubuntu 22.04 and NVIDIA
Driver 535.171.04 with CUDA Version 12.2.
Metrics. We show MaverIQ’s efficacy with both user and provider
metrics. User metrics include latency, user cost, GPU memory con-
sumption, GPU-hours, and SLO attainment. Provider metrics in-
clude cluster throughput and operational cost. We report actual
values (Figures 10-12, 14) and full distributions (Figures 10-14).

8.1 MaverlIQ’s Profiling Accuracy and Cost

As MaverIQ heavily relies on its novel profiling techniques, we
first evaluate its profiling accuracy and cost against Vidur and
AlpaServe (Figure 9), two state-of-the-art works that autoselect
LLM deployment configurations. We omit Accelerate, as it does not
profile LLMs; it deploys LLM with maximum parallelism.
Profiling error analysis. Figure 9 column 1 compares MaverIQ’s
accuracy in estimating latency with Vidur’s. AlpaServe makes no
predictions, as it requires ground truth latency as input. We report
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Figure 11: Latency and GPU throughput when deploying
several smaller LLMs under high load with the code trace.
MaverIQ continues to minimize latency while maximizing
throughput (results hold for other loads and traces). See § 8.2.

the median absolute percentage error between ground truth and
each system’s predicted latency. MaverIQ reduces estimation error
by 1.3 — 1.7X compared to Vidur. Vidur trains a regressor per LLM
to predict latency, however, MaverIQ’s analytical modeling is more
accurate than Vidur’s black-box ML-driven approach.

Profiling cost analysis. We compare MaverIQ’s profiling cost
to Vidur and AlpaServe (Figure 9, columns 2-4). The baselines
only navigate parallelism techniques. For a fair comparison, we
ensure all systems navigate the same search space size: (1) paral-
lelism and compression (we implement support for compression
in Vidur/AlpaServe), and (2) only parallelism, where MaverIQ only
navigates the parallelism search space.

Figure 9 shows that MaverIQ reduces profiling memory, time,
and GPU-hours, regardless of the search space size, by 6-28X%, 1.6-
5%, and 7-15X, respectively, compared to Vidur and AlpaServe.
AlpaServe inflates profiling cost with brute-force profiling to ob-
tain the latency and memory requirements per LLM configuration.
Vidur slightly reduces profiling time compared to AlpaServe by
profiling fewer configurations, however, it still profiles large LLMs
under many configurations that inflate profiling cost. MaverIQ’s
fingerprints greatly reduce the profiling GPU memory demands,
while our analytical models reduce profiling time and GPU-hours,
as we only need to observe fingerprints under a few configurations.

MaverIQ makes accurate estimations (1.3-1.7X less error) while
reducing profiling time (1.6-5X), GPU memory consumption (6-
28x), and GPU-hours (7-15X) compared to Vidur and AlpaServe.

8.2 MaverIQ with the Minimize-Latency Intent

We now show MaverIQ’s efficacy in meeting user intents. We first
show that MaverIQ minimizes latency across loads, arrival patterns,
and accuracy requirements. As Vidur is only a profiling tool and
not a serving system, we omit it from the rest of our evaluation.

MaverIQ under consistent high load. Figure 10a column 1 evalu-
ates MaverIQ under high load with the code trace. MaverIQ reduces

median latency by > 90% compared to all baselines. Accelerate
maximizes parallelism for each LLM, increasing GPU contention,
queuing delay, and ultimately latency since every GPU hosts all
LLMs. Moreover, Accelerate degrades latency for smaller LLMs, as
the increased communication overheads outweigh any accelera-
tion from reduced computation each GPU needs to complete with
increased parallelism: Accelerate inflates Falcon-40B’s latency by
11.5% compared to MaverIQ’s configuration of drp = 4/dpp = 1.
AlpaServe and AlpaServe®, despite autoselecting configurations
per LLM, choose to maximize parallelism for all LLMs with drp=4
dpp=2, increasing queuing delay due to GPU contention: MaverIQ
reduces queuing delay by > 10X compared to AlpaServe. MaverIQ
tailors configurations: it deploys Llama-2-70B with drp=8/dpp=1,
Llama-2-7B with d7p=2/dpp=4, and the two Falcon-40B’s with d7p=4
dpp=1. Moreover,MaverIQ’s hybrid, load-aware policy reduces GPU
contention: it places the two Llama models across all 8 GPUs, and
places the two Falcon-40Bs on a separate set of 4 GPUs, reducing
GPU contention and inference latency by 2.26X.
MaverIQ under varying query arrival rates and patterns. Fig-
ure 10a columns 1-4 show that MaverIQ is robust to varying query
arrival rates: it reduces latency by > 49% while maintaining peak
throughput across rate scales compared to the baselines. Figure 10b
shows that MaverIQ is robust to varying querying arrival patterns
using Azure’s conversation trace. Cluster throughput increases for
all systems under this trace, as it provides consistent work with its
steady, high arrival pattern. MaverIQ provides the best throughput
and latency: at high load, it increases throughput by 65-97% while
reducing latency by 83-87% compared to the baselines; at low load,
it maintains peak throughput while reducing latency by > 48%.
MaverIQ under varying model sets. Figure 11 shows MaverIQ’s
performance as it deploys a larger set of smaller LLMs under high
load with the code trace (findings hold for other loads and traces):
2xLlama-2-13B, 2xLlama-2-7B, 2xFalcon-40B, and 2xXGPT-J-6B.
MaverIQ continues to outperform the baselines, reducing median
latency by 67-98% and increasing cluster throughput by 26% on
average. AlpaServe makes sub-optimal configuration (drp=4/dpp=1
for all LLMs) and deployment decisions: despite its brute force
algorithm, it greedily skips over MaverIQ’s better configuration
and placement decisions to reduce its search space navigation time.
Hence, AlpaServe inflates GPU contention and overall inference
latency by 67%. AlpaServe achieves comparable cluster throughput
to MaverIQ despite its sub-optimal configuration decisions. This
is because (1) the load is not high enough to showcase MaverIQ’s
peak throughput, and (2) smaller LLMs have less latency variation
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across configurations, making sub-optimal choices less impactful.
Nonetheless, MaverIQ is robust to any LLM type (small or large).
MaverIQ under strict accuracy SLOs. We also evaluate MaverIQ
under strict accuracy SLOs (Figure 12), which forces MaverIQ to
only consider deployment configurations without compression. Thus,
we navigate only the parallelism search space, like AlpaServe.
MaverIQ continues to make better configuration and deployment
decisions, reducing median latency by 28-45% for the user while
increasing cluster throughput and reducing operational costs by 31-
93% and 3.8-8.3X respectively, for the provider. AlpaServe greedily
skips over MaverIQ’s better configurations and placement decisions
during its simulation, degrading latency, cluster throughput, and
operational costs compared to MaverIQ. Regardless of the accuracy
requirements, MaverIQ provides the best performance for both the
user and the provider compared to state-of-the-art baselines.

MaverIQ is robust to load, arrival patterns, models, and accuracy
SLOs. Under strict accuracy SLOs, MaverIQ reduces latency by
28-45% for the user while increasing cluster throughput by 31-
93% and decreasing operational costs by 3.8-8.3x for the provider.
Under loose accuracy SLOs, it further reduces latency by 72%.

8.3 MaverIQ with Other User Intents

We next evaluate MaverIQ’s ability to meet diverse intents: mini-
mize user cost, memory, or GPU-hours. Figure 13 shows MaverIQ’s
performance at high load under the code trace (findings hold for
other loads/traces). MaverIQ accurately estimates the impact of
parallelism and compression across intents. For example, MaverIQ
quantizes and reduces parallelism to lower memory footprint by
69-80% compared to the baselines. Minimizing user cost and GPU-
hours requires balancing resource allocation and latency. Acceler-
ate’s configurations that maximize parallelism inflate user cost and
GPU-hours by increasing resource consumption. AlpaServe config-
uration decisions attempt to optimize for latency SLO attainment,
rendering it inflexible to other intents. In contrast, MaverIQ learns
LLM-specific traits to adapt to the intent; for example, quantizing
Llama-2 variants to INT4 reduces latency by 60% compared to FP16,
as reduced-bit precision formats lower memory traffic and compu-
tational latency [13, 101, 106]. Thus, MaverIQ reduces cost by 98%
and GPU-hours by 78-96% compared to the baselines.
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Figure 14: MaverIQ maximizes the number of models de-
ployed in a fixed cluster size (top) while improving cluster
throughput (bottom) across intents. See § 8.4.

We also analyze MaverIQ’s ability to meet latency SLOs (figure
omitted for brevity). Following Proteus [3], we set SLOs as multiples
(2.5-7.5%) of the LLM’s latency under minimum parallelism and
no compression. MaverIQ consistently outperforms the baselines
in SLO attainment across different SLOs and query arrival rates
while increasing cluster throughput by 55.2% on average. Accel-
erate defaults to maximum parallelism, inflating SLO violations
due to GPU contention and intermediate overheads (all-reduce, all-
gather). At low load, AlpaServe matches MaverIQ. However, at high
load, AlpaServe violates several SLOs with its greedy configuration
selection and placement algorithm.

8.4 MaverIQ Scales with LLMs and Cluster Size

Scale with number of LLMs. MaverIQ scales as the number of
LLMs to deploy in a fixed-sized cluster increases. We use a set of
21 LLMs on our 8-GPU cluster with Azure’s conversation trace at
high load. Figure 14 shows the number of models deployed and
cluster throughput for each system. Accelerate serves all 21 LLMs
by offloading weights to CPU but incurs PCle transfer overheads,
degrading throughput. AlpaServe can only deploy 13 LLMs with its
poor configuration and placement decisions. MaverIQ deploys all 21
LLMs when minimizing memory or GPU-hours by quantizing and
minimizing parallelism. When minimizing latency or GPU-hours,
MaverIQ increases parallelism and consumes more GPU memory to
reduce latency; thus, it deploys at most 20 LLMs. However, regard-
less of the intent, MaverIQ scales effectively as the number of LLMs
grows, boosting throughput by 2-20x compared to the baselines.

Scale with cluster size. (a) In a homogeneous cluster (e.g., all
A6000 GPUs), MaverIQ’s profiling cost remains constant as the
cluster size scales. While more GPUs increase opportunity for par-
allelism (e.g., drp and/or dpp > 8), we can estimate latency and
memory consumption for each new configuration without extra
profiling using our analytical models (§ 5.2/ 5.3). (b) In a hetero-
geneous cluster (e.g., A6000s, A100s, H100s), latency and memory
profiles vary by GPU type, requiring profiling for each. However,
MaverIQ’s novel profiling techniques keep costs manageable. To
reduce cost, we could extrapolate profiles across GPU types by ad-
justing for architectural differences; we leave this for future work.

8.5 Deployment Controller Ablation Study

We assess the efficacy of MaverIQ’s fragmentation-aware layer map-
ping algorithm in reducing the operational cost to serve multiple
LLMs. We replicate the experiment in § 8.4 with the minimize-
latency intent, comparing the number of models we can load in
a fixed-sized cluster with and without our unbalanced layer map-
ping algorithm. Without it (all layers deployed evenly), MaverIQ
can only loads 17 LLMs (one less than with our algorithm) before
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requiring 8 more GPUs for the 18th LLM. Thus, without our algo-
rithm, serving cost rises by 1.4-2X (~6.5 $/hour [41]), showing that
MaverIQ’s fragmentation-aware layer mapping policy effectively
packs LLMs on GPUs to reduce operational costs for the provider.

9 Related Work

Estimating LLM performance metrics. Previous work attempts
to estimate different end metrics for LLM inference. LLMCarbon [16]
uses expensive profiling that measures an LLM’s latency under all
configurations to estimate its carbon footprint. MaverIQ’s inex-
pensive, accurate estimations via fingerprint-based profiling and
analytical modeling can further improve LLMCarbon’s efficiency.
Vidur [1] uses ML regressors to predict inference latency, however,
we show MaverIQ achieves better accuracy with much lower pro-
filing costs (§ 8.1). MAD-Max [29] and NeuSight [43] estimate LLM
inference latency, but do not account for the effects of TP and PP in
combination. We also empirically observe that Neusight is severely
inaccurate: it ignore output length and only supports older LLMs
(e.g., BERT, OPT) with learned positional embeddings; NeuSight
does not generalize to modern LLMs using rotary embeddings [85].
Finally, no previous works consider the full LLM configuration
search space with various compression techniques.

Navigating the deployment configuration search space. Previ-
ous works attempt to traverse the deployment configuration search
space [42, 46, 57, 64, 71, 84]. However, these works ignore com-
pression and only navigate parallelism. DynamoLLM [84] finds
the energy-optimal TP degree per LLM by profiling full LLMs to
obtain their energy-latency profiles. SpotServe [57] adapts LLM
parallelism to spot instance availability using latency data profiled
offline. MaverIQ’s fingerprint-based profiler can be integrated into
both systems to improve the efficiency of offline profiling. LLM-
Pilot [42] predicts the best hardware type to meet the workload
demands for an LLM. AlpaServe [46] uses a greedy ILP algorithm
to make parallelism decisions. p-Serve [71] builds on AlpaServe
to make power-efficient LLM deployment decisions All these sys-
tems require brute-force expensive profiling; we evaluate against
AlpaServe and show lower profiling cost (Figure 9).

Serving runtime optimizations. An LLM’s serving latency and
memory footprint vary depending on the framework and optimiza-
tions leveraged. A plethora of works propose new frameworks and
optimizations for inference serving [5, 9, 10, 17, 18, 24, 28, 35, 40,
61, 66, 70, 79, 83, 89, 103, 105, 109, 115], with enhancements in (1)
KV-cache memory management [5, 28, 40, 61, 70, 74, 103, 109], (2)
computation graph compilation [115], and/or (3) efficient GPU uti-
lization via custom kernels [5, 17, 28, 50, 61, 74], to name a few.
MaverIQ’s portable design makes it easy to accurately understand
the impact of such optimizations without expensive profiling.
LLM deployment optimizations. Several works propose opti-
mizations to handle the scale of LLMs: model parallelism [31, 77, 82,
87,94, 95,99, 100, 112, 113], quantization [8, 11-13, 20, 26, 39, 47, 51,
53, 96], pruning [19, 54, 86, 97], distillation [27, 91], low-rank adap-
tation [30], or a combination of those [21]. These methods add to
the configuration search space that MaverIQ efficiently navigates.
Execution and scheduling optimizations. Several works focus
on optimizing request scheduling [2, 3, 7, 22, 55, 67, 81, 88, 104,
107], reconfiguration [94], and speculative execution [56, 98]. These
works are complementary to, and can be used with MaverIQ.
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10 Discussion

Extensibility to new models. We show MaverIQ’s efficacy for

decoder-only LLMs, which are commonly used today [93]. MaverIQ’s
fingerprint-based profiling and analytical formulations can be used

for other model architectures that have repetitive structures such

as MoE-models like Mixtral-8-7B [36], that repeats experts, non-
transformer models like RWKYV [68], that repeats residual blocks,
and multimodal models like Flamingo [4], that repeats LM blocks.
For instance, Mixtral-8-7B has 32 MoE-layers, each containing 8

structurally-identical experts, of which only 2 are activated per

input token. A fingerprint involving only a single expert, a single

layer, and a single gating network can be used for profiling (instead

of 8 experts and 32 MoE-layes), thereby theoretically saving 99.61%

in GPU memory consumption. Extrapolating metrics from finger-
prints to full MoE-based models will require updating our analytical

formulations. While the proposed formulations lay a foundation for

such extensions, this warrants further work that we plan to pursue.
Extensibility to new intents. MaverIQ readily supports intents

derived from latency and memory data (e.g., throughput). For new

intents (e.g., energy or carbon efficiency), the Controller can be

extended to profile additional metrics (e.g., power consumption),

though further work is needed to accurately extrapolate these from

the fingerprint to the LLM. These techniques can be easily inte-
grated into MaverIQ.

Extensibility to new hardware. MaverIQ supports clusters with

the same GPU type (e.g., A100s, A6000s), as its fingerprint-based

profiling and analytical modeling treat hardware as an opaque

box. Deploying LLMs across heterogeneous devices introduces new

challenges (e.g., latency variation across LLM stages deployed on

different GPU types). We leave this investigation to future work.

11 Conclusion

We present MaverIQ, the first intent-based LLM inference serving
system that, through its novel fingerprint-based profiling and ana-
lytical models, translates a user’s intent to the best deployment con-
figuration. Moreover, MaverIQ efficiently utilizes fragmented GPU
resources by unevenly distributing LLM layers across GPUs with-
out impacting latency, reducing operational cost for the provider.
Across diverse models, traces, and loads, MaverIQ best meets user
intents with minimal profiling costs and reduces operational costs
for the provider compared to state-of-the-art baselines.
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Appendix: Artifact Description/Artifact Evaluation

Artifact Description (AD)

1 Overview of Contributions and Artifacts

1.1 Paper’s Main Contributions

C1 We introduce LLM fingerprints, a compact proxy that cap-
tures the essence of the model, enabling lightweight profil-
ing.

Cy We are the first to formulate an analytical model that ac-
curately captures the effects of parallelism techniques on
inference latency for LLMs. Combining both fingerprints
and analytical models, MaverIQ reduces profiling cost by
7-15X while reducing estimation error by 1.3-1.7x.

C3 We are the first to show that we can unevenly distribute
LLM layers across GPUs to utilize fragmented resources
without harming inference latency. This technique reduces
operational cost by up to 2x.

C4 We build MaverIQ atop TensorRT-LLM and show that un-
der strict accuracy requirements, MaverIQ reduces latency
by 28-45% for the user while reducing operational cost by
3.8-8.3% for the provider. Under lower accuracy require-
ments, MaverIQ can exploit compression techniques to fur-
ther reduce both user cost and latency by about 72%.

1.2 Computational Artifacts
A; https://doi.org/10.5281/zenodo.16945750

Artifact ID  Contributions Related

Supported Paper Elements
A C1,C Figures 1,6, 7, 9
A Gs Figure 3
Al Cy Table 1

Figures 5, 10, 11, 12, 13, 14

2 Artifact Identification
2.1 Computational Artifact A,

Relation To Contributions

This artifact provides the complete implementation of MaverIQ
alongside the baseline systems used for comparative analysis in Cy.
MaverIQ is built atop TensorRT-LLM, which we have extended to
support unbalanced pipeline parallelism. The code is organized into
multiple directories, each corresponding to a specific component
of MaverIQ. Each directory includes a corresponding README file
with detailed instructions to facilitate ease of use.

The tools/profiling directory contains the scripts used to generate
the LLM fingerprints (C1) and collect the metadata required by
the profiler. The tools/estimator directory includes the analytical
estimation models (Cz), which process the metadata to predict
memory footprint and inference latency for arbitrary deployment
configurations. This directory also includes the implementation
of a gradient descent algorithm, which is used to determine the
constant parameters of the analytical models.

The tools/measurement directory contains the scripts utilized in
the characterization experiments, including Cs.

Finally, the tools/controller directory includes the runtime evalu-
ation scripts responsible for executing MaverIQ, while the baselines
directory contains the instructions and code necessary to build and
evaluate the baseline systems used in Cy4.

Expected Results

Overall, MaverIQis designed to interpret high-level user intents and
automatically translate them into optimal deployment configura-
tions. It then deploys and serves LLMs accordingly. Compared to the
baselines, MaverIQ consistently reduces latency and/or cost based
on user-defined objectives, while also enhancing system through-
put and lowering operational costs. These improvements are largely
attributable to MaverIQ’s ability to accurately map user intents to
LLM configurations and its load-aware deployment strategy, which
effectively utilizes fragmented GPU memory.

Expected Reproduction Time (in Minutes)

Building MaverIQ requires approximately 5-10 minutes, whereas
downloading the necessary model weights locally may take a few
hours, depending on available internet bandwidth. Comprehensive
build and usage instructions are provided in the following sections.
Prior to running each experiment, it is necessary to generate the
corresponding computational graphs, as required by the TensorRT-
LLM framework. The graph generation process for each full LLM
typically requires 2-35 minutes, depending on the selected model
and configuration. Although each script includes predefined com-
mands to automate graph generation, it is essential—particularly
for the evaluation in C4—that users pre-generate the computational
graphs before executing the experiments. This ensures that runtime
performance measurements are not inflated by graph construction
overheads. In our main evaluation, the execution time for each ex-
periment, excluding graph generation, ranges approximately from
30 to 40 minutes.

Artifact Setup (incl. Inputs)

Hardware: All experiments are conducted on a server equipped with
8 X NVIDIA RTX A6000 GPUs, each with 48GB of memory. GPU
pairs are interconnected via NVLink, while remaining connections
utilize PCle. The server is powered by an AMD EPYC 7763 processor
with 64 cores.

Software: Our experiments are performed on Ubuntu 22.04 with
NVIDIA Driver version 535.171.04 and CUDA 12.2. The software en-
vironment includes Python-3.10.12, PyTorch-2.1.2, and a customized
version of TensorRT-LLM-0.9.0.dev2024022000. It is essential to set
Python 3.10 as the default Python to build MaverIQ.

Datasets / Inputs: We evaluate MaverIQ using six state-of-the art
LLMs: Falcon-7B, Falcon-40B, GPT-J-6B, Llama-2-7B, Llama-2-13B,
and Llama-2-70B—all available through the HuggingFace library.
We utilize Azure’s LLM inference traces, which are provided in A;
under the datasets directory. Query inputs are derived from the
ShareGPT dataset and are automatically processed through our
scripts.


https://doi.org/10.5281/zenodo.16945750

Installation and Deployment: We build MaverIQ atop TensorRT-
LLM-0.9.0.dev2024022000, which we have modified to support un-
balanced pipeline parallelism. The instructions to compile the source
code are detailed below:

e To avoid package conflicts and crashes during the initial
installation, we strongly suggest using a Docker container
for the installation of MaverIQ:

# Instal nvidia-container-toolkit:
sudo apt-get install -y nvidia-container-toolkit

# Build the Docker container:
5| docker build -t <name_of_image> MaverIQ/environment

7| # Initialize Docker container:

8| docker run --rm --runtime=nvidia --gpus all
--shm-size=10.24gb --entrypoint /bin/bash -it
<name_of_image>

10| # Create and activate a virtual environment inside
the container:

11| virtualenv -p /usr/bin/python3 /workspace/my_env
12| source /workspace/my_env/bin/activate

o Install TensorRT-LLM and required packages:

1| apt-get update &% apt-get -y install python3.10
python3-pip openmpi-bin libopenmpi-dev

2| pip3 install MaverIQ/environment/
nvidia_ammo-@.7.4.post1-py3-none-any.whl

3| pip3 install tensorrt_11m==0.9.0.dev2024022000 -U
--pre --extra-index-url https://pypi.nvidia.com
4| pip3 install -r
MaverIQ/TensorRT-LLM/requirements_MaverIQ.txt

e Ensure CUDA is installed and update it:

python -m pip uninstall -y cuda || true
python -m pip install --no-cache-dir
"cuda-python>=12,<13"

[\

e Allow OpenMPI to run as root (if required):

export OMPI_ALLOW_RUN_AS_ROOT=1
export OMPI_ALLOW_RUN_AS_ROOT_CONFIRM=1

—_

S

e Find the location of TensorRT-LLM’s installation:

1Lpip3 show tensorrt_llm J

e Overwrite installation files with the custom version of
TensorRT-LLM:

Ich -r MaverIQ/TensorRT-LLM/tensorrt_11m/ <location> J

Artifact Execution

To execute the experiments, the first step involves collecting pro-
filing metadata and determining the constant parameters of the
analytical models using the gradient descent algorithm. Once this
step is completed, users can proceed to run the evaluation scripts lo-
cated in the tools/controller directory. For baseline comparison, the
configuration data must first be generated by executing the scripts
in the baselines directory, followed by running the corresponding
evaluation scripts under tools/controller. However, for convenience,

all experiments reported in the paper include pre-defined configura-
tions embedded within the scripts. This allows users to bypass the
baseline configuration step and directly reproduce the results. Ad-
ditionally, we provide comprehensive bash scripts that include all
commands used in our evaluation experiments, enabling straight-
forward replication of our results.

Artifact Analysis (incl. Outputs)

We provide a plotting script in Aj, located in the tools/artifacts-
plotting directory, which post-processes all collected experimental
results. All output data is organized into structured subdirecto-
ries within the outputs folder, categorized by experiment. Once
the results have been collected, users can generate all the figures
presented in the paper by executing the plotting script.



Artifact Evaluation (AE)

2.1 Computational Artifact A,
Artifact Setup (incl. Inputs)

We provide detailed instructions for installing the required packages
and tools for the end-to-end evaluation, including MaverIQ and the
baselines. Additionally, we include guidelines for downloading the
models used in our experimental setup.

MaverIQInstallation. As described in the AD Artifact Setup,MaverIQ
is built atop TensorRT-LLM-0.9.0.dev2024022000, which we have
modified to support unbalanced pipeline parallelism. The instruc-
tions to compile the source code are detailed below:

e To avoid package conflicts and crashes during the initial
installation, we strongly suggest using a Docker container
for the installation of MaverIQ:

# Instal nvidia-container-toolkit:
sudo apt-get install -y nvidia-container-toolkit

# Build the Docker container:
5| docker build -t <name_of_image> MaverIQ/environment

7| # Initialize Docker container:

8| docker run --rm --runtime=nvidia --gpus all
--shm-size=10.24gb --entrypoint /bin/bash -it
<name_of_image>

9
10| # Create and activate a virtual environment inside
the container:

11| virtualenv -p /usr/bin/python3 /workspace/my_env
12| source /workspace/my_env/bin/activate

o Install TensorRT-LLM and required packages:

—_

apt-get update &% apt-get -y install python3.10
python3-pip openmpi-bin libopenmpi-dev

2| pip3 install MaverIQ/environment/
nvidia_ammo-0.7.4.post1-py3-none-any.whl

3| pip3 install tensorrt_1lm==0.9.0.dev2024022000 -U
--pre --extra-index-url https://pypi.nvidia.com

4| pip3 install -r

MaverIQ/TensorRT-LLM/requirements_MaverIQ.txt

e Ensure CUDA is installed and update it:

—_

python -m pip uninstall -y cuda || true
python -m pip install --no-cache-dir
"cuda-python>=12,<13"

V)

e Allow OpenMPI to run as root (if required):

export OMPI_ALLOW_RUN_AS_ROOT=1
export OMPI_ALLOW_RUN_AS_ROOT_CONFIRM=1

&)

e Find the location of TensorRT-LLM’s installation:

1Lpip3 show tensorrt_11lm J

e Overwrite installation files with the custom version of
TensorRT-LLM:

-
Ich -r MaverIQ/TensorRT-LLM/tensorrt_l1lm/ <location> J

Baseline Installation. In our end-to-end evaluation, we used three
state-of-the art baselines: (1) Accelerate, (2) AlpaServe, and (3) Vidur.
Accelerate is provided as a Python package through the Hugging-
Face library; its installation is included in MaverIQ’s installation
guide. AlpaServe and Vidur are provided as separate packages and
have to be manually installed. We advise users to install and ex-
ecute AlpaServe and Vidur using a Docker container, so the in-
stallation of MaverIQ is not affected. An example Dockerfile can
be found in baselines/Vidur/Dockerfile. Detailed instructions about
their installation and execution can be found within their respec-
tive README.md files in the baselines directory. Nevertheless, we
provide the instructions for their environmental setup:

o Accelerate. The required packages for Accelerate can be
installed with the following command:

1 ‘ pip install matplotlib pandas datasets torch pynvml
‘ transformers bitsandbytes

o AlpaServe. To set up the environment, users must execute
from baselines/AlpaServe/mms the following commands:

1‘ pip install -e .
2‘ pip install ray pandas datasets parameterized

o Vidur. For the Vidur installation, we detail the commands
as follows:

—_

#Step 1. Build the Docker container (inside
MaverIQ/baselines/Vidur):
docker build -t vidur_baseline .

[SSI W)

4| #Step 2. Initialize Docker container (inside
MaverIQ):

5| docker run --rm --runtime=nvidia --gpus all
--shm-size=10.24gb --entrypoint /bin/bash -it -v
./models/: /workspace/models -v
./baselines/Vidur/:/workspace/Vidur
vidur_baseline

7| #Step 3. Create and activate virtual environment
(inside the container):

8| which python3

9| virtualenv -p /usr/bin/python3
/workspace/Vidur/Vidur_virtualenv

10 | source
/workspace/Vidur/Vidur_virtualenv/bin/activate
11
12| #Step 4. Two Docker containers must be created,
one with NVIDIA-SMI support and one without.
Make sure that you commit the containers
appropriately with their respective names. To
install the NVIDIA drivers (only for the
container with NVIDIA-SMI support), execute the
following commands:

13| apt-get update

14| apt-get install -y nvidia-utils-535




15| #Step 5. Clone Sarathi-Serve and Vidur repos
(inside /workspace/Vidur):

16| cd /workspace/Vidur

17| git clone -b vidur
https://github.com/microsoft/sarathi-serve.git
18| git clone https://github.com/microsoft/vidur.git
19
20| #Step 6. Install Sarathi-Serve (inside
/workspace/Vidur/sarathi-serve):

21| cd /workspace/Vidur/sarathi-serve

22| pip install -e . --extra-index-url
https://flashinfer.ai/whl/cu121/torch2.3/

23| pip uninstall flashinfer -y

24| pip install flashinfer==0.0.5 --extra-index-url
https://flashinfer.ai/whl/cul121/torch2.3/

26 | #Step 7. Install Vidur (inside
/workspace/Vidur/vidur):

27| cd /workspace/Vidur/vidur

28| python -m pip install -r requirements.txt
29| python -m pip install -e .

Once the experiments using Vidur have been completed,
users can exit the Docker container safely.

Model Download. For our experiments we used six state-of-the art
LLMs: Falcon-7B, Falcon-40B, GPT-J-6B, Llama-2-7B, Llama-2-13B,
and Llama-2-70B—all available through the HuggingFace library.
Users need to locally download their weights and store them in the
models directory. The general commands to download a model’s
weights from HuggingFace are:

1‘ apt-get update &% apt-get install -y git git-1fs
2‘ git 1fs install
3‘ git clone <url_to_model_weights> <local_path>

Specifically for the Falcon-7B, Falcon-40B, and GPT-J-6B models
the commands to download the weights locally are as follows:

-

# falcon-7b-instruct

git clone
https://huggingface.co/tiiuae/falcon-7b-instruct
MaverIQ/models/falcon/falcon-7b

¢

# falcon-40b-instruct

git clone
https://huggingface.co/tiiuae/falcon-40b-instruct
MaverIQ/models/falcon/falcon-40b

w

~

# gptj-6b
git clone https://huggingface.co/EleutherAI/gpt-j-6b
MaverIQ/models/gptj/gptj-6b

oo

The Llama-2 models are governed by the Meta license. Therefore,
users must request access for the weights through HuggingFace.
Specifically, for each of the three models, users must access the
following links and submit their request to gain access. The links
for the Llama-2 models used in our experiments are the following:

e Llama-2-7b: https://huggingface.co/meta-llama/Llama-2- 7b-hf
e Llama-2-13b: https://huggingface.co/meta-llama/Llama-2-13b-hf
o Llama-2-70b: https://huggingface.co/meta-llama/Llama-2-70b-hf

Once access has been granted, users must create an access token
(e.g., "HF_TOKEN") through HuggingFace by navigating to "Profile
— Settings — Access Tokens — Create new Access Token". After-
wards, the model’s weight can be downloaded locally through the
following script. We note that this script refers to Llama-2-13B, but
similar instructions can be used for the other models (i.e., Llama-2-
7B and Llama-2-70B) by modifying the repo_id and local_dir.

from huggingface_hub import snapshot_download

repo_id="meta-1lama/Llama-2-13b-hf",

1

2

3| snapshot_download(

4

5 token="HF_TOKEN",

6 local_dir="MaverIQ/models/l1lama-2/11ama-2-13b",
7 local_dir_use_symlinks=False
81)

Artifact Execution

We tested and evaluated our implementation on a server equipped
with 8 X NVIDIA RTX A6000 GPUs (48GB each) with NVLink for
each GPU pair and PCle for the remaining connections. The server
uses an AMD EPYC 7763 processor with 64 cores. We used Ubuntu
22.04 with NVIDIA Driver version 535.171.04 and CUDA 12.2. The
software environment includes Python-3.10.12, PyTorch-2.1.2, and
a customized version of TensorRT-LLM-0.9.0.dev2024022000.

All the required scripts to execute the experiments and repro-
duce the results are located in the tools directory. In this section,
we provide a high-level description of the experimental workflow,
however detailed instructions can be found in the README.md file
under the tools directory. We note that our experimental setup in-
cluded 8 working GPUs, therefore all the scripts have been encoded
for this number. If the scripts are executed in a different environ-
ment, users must change appropriately the MAX_WORKERS and
MAX_WORKERS_NUM variables across all scripts from 8 to the
number of working GPUs that their setup has.

1. Measurement Study, Characterization & Profiling. We pro-
vide files used for the measurement study, characterization, and
profiling experiments used for this work. Those files are located
in the tools/measurement directory. Each script collects data for a
single experiment (see tools’yREADME.md for more details) and all
results are stored in the outputs directory. Executing those file is
straightforward, as they are Python scripts:

1 prthon3 <script_name.py> J

2. Profiling & Estimation. We provide the scripts used for the
profiling step of MaverIQ. Those files are located in tools/profiling.
To perform the profiling of an individual model, users need to
execute the following command:

lkpython3 profiler.py --model_name <model_name> J

Furthermore, we provide the scripts used for the fingerprint-based
estimation step of MaverIQ. Those files are located in tools/estimator.
Users do not need to execute them separately as those are invoked
automatically through other scripts.
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3. Runtime Controller. We provide all the files required to run and
serve MaverIQ. Those files are located in tools/controller. To execute
the end-to-end experiments we provide the MaverIQ_evaluation.sh
bash script that contains the running commands that need to be
executed for reproducing the results.

Users can also run directly MaverIQ’s controller by executing:

1 tpython3 MS_controller.py J

After initializing the controller, users can interact with it by using
the following supported APIs:

o Registering a new model:

1 Lregister <model_name> J

e Deploying a model for inference:

1| <usr_id> deploy <model_name> <output_length>
<cost_type> [OPTIONALJ<slo>
[OPTIONAL]<use_only_float16>
[OPTIONALJ<deployment_strategy>
[OPTIONAL]<batch_size> [OPTIONAL]<accuracy>

e Serving a query:

—

<usr_id> inference [AUTO-FOR-USER-INPUT]<time>
<input_text>

or

—

<usr_id> prior_inference
[AUTO-FOR-USER-INPUT]<time> <input_text>

Using inference will put the new query at the bottom of
the serving queue, while prior_inference will put it on the
top. When using the prior_inference API, the queue must
be populated by other requests; otherwise, after serving the
specified request, the connection to this client will close.

e Removing the deployed model:

1 L<usr_id> remove ‘

e End Session:

1 LCtrl+C J

An example usage for deploying and serving a single request using
GPTJ-6B is as follows:

1‘ python3 MS_controller.py

2| register gptj-6b

3‘ 1 deploy gptj-6b 20 min_cost
1 inference Hello, World!
1 remove

< Ctrl+C >

The controller contains commands to automatically build the com-
putational graphs required from TensorRT-LLM. However, to re-
duce overhead when executing the end-to-end experiments, we
advise that users pre-build the graphs in advance. The easiest way
to do so is by executing each script twice, once to ensure that
the graphs are built and a second time to gather the results for
post-execution analysis. Finally, all the results for the end-to-end
evaluation can be found within the outputs/evaluation directory.

4. Baseline Execution. We provide all the required scripts to
execute the baselines for the end-to-end evaluation. We detail the
steps that need to be followed for each of the three baselines (i.e.,
Accelerate, AlpaServe, and Vidur) used in our experiments.

o Accelerate. The scripts for the end-to-end evaluation using
Accelerate are located in the baselines/Accelerate directory.
We provide the accelerate_eval.sh bash script that contains
the running commands that need to be executed for repro-
ducing the results. However, users can generate the scaled
Azure trace and run individual experiments by executing
the following command:

<scale_factor> --trace [code, conversation]
--model_list [large, regular, twentyone]
--mapping_policy [balanced, sequential] --quant

1‘ python3 accelerate_trace_replay.py --scale_factor
‘ [16bit, 8bit, 4bit] --mode [trace, memory]

The outputs of those experiments are located in the output-
s/evaluation directory.

o AlpaServe. The files required to run and serve Alpaserve
and AlpaServe™ are located in tools/controller. We provide
the AlpaServe_evaluation.sh bash script, which contains
all the commands executed for the end-to-end experiments
using AlpaServe. We note that for the baseline evalua-
tion, the deployment configurations of AlpaServe and Al-
paServe™ have been integrated within the script tools/con-
troller/MS_trace_generator_baselines.py. However, those re-
fer to our 8-GPU setup. If users decide to use a different
experimental setup, they need to collect the baseline deploy-
ment configurations following the instructions in baselines
and modify the associated script. Finally, all the results can
be found in the outputs/evaluation directory.

e Vidur. To execute the Vidur experiments for the end-to-end
evaluation, we provide the modified script located in base-
lines/Vidur/vidur_modified_scripts alongside the executable
scripts located in baselines/Vidur. Detailed instructions for
collecting the required data can be found in the associated
README file under baselines/Vidur. To collect the required
profiling outputs for comparison, users must execute the
following commands:

-

# Step I. Profiling using Vidur (inside
/workspace/Vidur)

# Collect MLP and ATTN information for all models
and GPU utilization metrics (in the Docker
container with NVIDIA-SMI support):

python vidur_profiling_cost.py

[\S)

# Collect communication overheads (in the Docker
container without the NVIDIA-SMI support):
python vidur_profiling_cost_GPU.py

(o))

[o}

# Step II. Accuracy estimation using Vidur (inside
/workspace/Vidur/vidur)

python /workspace/Vidur/vidur_accuracy.py | tee
/workspace/Vidur/vidur_accuracy_log. txt

=]

The results of this experiment can be found in the output-
s/evaluation/profiling directory.




Artifact Analysis (incl. Outputs)

After executing all the experiments and collecting the associated re-
sults, users can utilize the Jupyter Notebook tools/artifacts-plotting/
Plotting_Functions.ipynb to generate the figures that are presented
in the paper. Although the figures presented in the paper refer to
our experimental setup, similar trends should be visible regardless
of the underlying hardware at use. More specifically, Figures 2,3,4
refer to the Characterization Study and should show the effect of
parallelism, unbalanced pipeline parallelism, and quantization on

performance metrics. Parallelism configurations create a diverse
tradeoff space across performance metrics, unbalanced pipeline par-
allelism does not affect latency and memory consumption across
different layer partition schemes, and quantization impacts serv-
ing latency in a distinct way for each LLM. Figures 7 & 9 refer
to MaverIQ’s profiling methodology, which is more accurate and
cost-efficient compared to baselines. Finally, Figures 10-14, show
the end-to-end results, where MaverIQ outperforms the baselines
across multiple traces, rate scales, and workloads.
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