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GRAPHICS GENERATED USING CHATGPT 5.0

Key findings:

» ChatGPT-40 consistently delivers

This article presents real-world comparison the lowest RTTA, with an average
of 2.2 faster response times com-

of Meta’s LLaMA against OpenAl’s ChatGPT- pared to LLaMA, benefiting from

responsive streaming output
4to and Google’s Gemini across 25 that enhances user experience in
interactive workflows.
Geminiachieves faster RTTA
than LLaMA on average while
providing up-to-date retrieval
enferp”'se workflows. capabilities, but it exhibits latency
spikes in translation and complex
prompt-heavy queries due to its re-

workloads using real time to answer, showing

~

how architecture impacts practical latency in

his comparative study evaluates the real time al-time web crawling architecture.
to answer (RTTA) performance of LLaMA, » LLaMA demonstrates strong structured reasoning
ChatGPT-40, and Gemini across 25 practical, and multi-step task handling, but its architecture
structured workloads to inform enterprise and prioritizes completeness over streaming, resulting
technical user decisions. in higher RTTA in interactive and rapid-response
workflows.

» Architectural designs significantly influence user
Digital Object Identifier 10.1109/MC.2025.3588495 experience: ChatGPT—4o S streamlr?g architec-
Date of current version: 29 January 2026 ture reduces perceived latency, while LLaMA and
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Geminirely on pipeline and
retrieval methods that introduce
variability.

» Workloads involving transla-
tion, multi-stage reasoning, and
retrieval-based prompts exhibit
the most RTTA variance, under-
scoring the need for task-aligned
model selection.

Implications:

» Use ChatGPT-40 when consistent
speed and responsiveness are
required for productivity and
live interactions.

» Use Gemini when information
freshness and live data retrieval
are critical, accepting variabil-
ity in latency for up-to-date
outputs.

» Use LLaMA for structured,
batch reasoning tasks where
thoroughness is prioritized over
immediate responsiveness.

The results emphasize that LLM
choice should be context-dependent,
and RTTA benchmarking can guide in-
formed deployment strategies for en-
gineering, coding assistants, content
generation, and knowledge workflows
in latency-sensitive environments.

Large language models (LLMs)
are rapidly transforming workflows
across enterprises, developer envi-
ronments, and research settings by
automating knowledge retrieval,
coding assistance, and interactive
content generation. However, while
much focus has been placed on ac-
curacy and generative capabilities,
user-facing latency remains a critical
dimension influencing productivity
and user satisfaction in practical de-
ployments. RTTA, measuring the time
from prompt submission to final out-
put rendering, offers a practical, work-
load-centered metric that directly cap-
tures user experience beyond token

throughput or back-end-only latency
reporting.

Building on the benchmarking ap-
proach highlighted in Michael Zyda's
“Much Ado About DeepSeek...."3:8:10
this study extends comparative eval-
uations to include Meta's LLaMA
alongside ChatGPT-40 and Gemini

the tradeoffs inherent in each LLM
architecture and how these choices
affect latency, consistency, and
productivity in real-world environ-
ments. RTTA benchmarking can
support teams in selecting the right
model for coding assistants, con-
tent workflows, and engineering

Large language models are rapidly transforming
workflows across enterprises, developer
environments, and research settings.

under structured, real-world work-
loads.!! Zyda's analysis underscored
the need for systematic, comparative
evaluation of LLMs across practical
tasks, emphasizing that even incre-
mental latency differences compound
significantly in scaled, automated
workflows. Our work aligns with this
vision, providing actionable bench-
marking data that can guide enter-
prise and technical decision-makers
in aligning model selection with
workflow needs.

This article examines the archi-
tectural differences across LLaMA,
ChatGPT-40, and Gemini that drive
RTTA variance, analyzing how stream-
ing token generation, pipeline reason-
ing, and live crawling impact end-user
experience. We focus on the perfor-
mance of these models across 25 di-
verse workloads, including technical
queries, translation tasks, multistep
reasoning, retrieval-augmented gen-
eration, and coding workflows, reflect-
ing the wide spectrum of enterprise
LLM applications. As an additional
contribution, we include the evalua-
tion results published by Meta compar-
ing LLaMA with other LLMs.

By providing detailed bench-
marking data and practical interpre-
tation of results, this study aims to
enable practitioners to understand

automation tasks, ensuring that the
integration of LLMs into pipelines
enhances efficiency while aligning
with the latency requirements of the
specific use case.

THE EXPERIMENTAL SETUP
AND METHODOLOGY

Workload composition

To ensure comprehensive evalua-
tion, the benchmark set was carefully
curated to represent a diverse spec-
trum of enterprise and advanced user
prompts submitted to LLMs in re-
al-world settings. Workloads included:

» technical infrastructure queries:
such as building GPU clusters,
configuring CUDA for high
performance computing (HPC)
workloads, exploring S3 storage
architecture and advanced file
system tuning

» applied generative artificial intel-
ligence (GenAlI) tasks: including
retrieval-augmented genera-
tion (RAG) studies, generating
domain-specific GenAl content
for industries like supply chain
optimization and food man-
ufacturing, and simulating
cybersecurity incident response
strategies
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» code and scripting tasks: involv-
ing the generation of functional
code snippets, step-by-step
code explanations, and crafting
infrastructure-as-code tem-
plates for automation

» creative and analytical generation:
tasks like professional resume
generation, business deal sce-
nario analysis, and predictive
planning exercises

» translation and linguistic work:
prompts requiring high-accu-
racy translation (for example,
“Translate to French”) and
linguistic comparisons between
English and French for syntactic
analysis

» exploratory research tasks:
open-ended research requiring
summarization of emerging
technologies and precise factual
retrieval tasks.

This composition ensured that the
benchmark captured the breadth of
workloads that impact RTTA provid-
ing insights into how each LLM man-
ages structured, technical, and cre-
ative workloads.

Workload design

A set of 25 workloads was selected
from a broader prompt library to en-
sure practical relevance and domain
diversity. These included:

» LLaMA specific queries recom-
mended by Meta

» complex technical queries on
HPC and GPU usage to test mul-
tistep reasoning

» applied Al generation workflows
simulating industry-specific use
cases

» structured and creative gen-
eration tasks to assess output
variability

» code snippet and infrastructure
workflows to test speed in devel-
oper environments

» language translation tasks to
evaluate model handling of
linguistic complexity
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» cybersecurity and cloud
architecture design questions
requiring detailed, structured
responses.

This design ensured LLaMA was
tested under scenarios reflecting en-
terprise-scale demands and varying
prompt complexity, highlighting
strengths and latency factors.

Measurement approach

RTTA was measured using a manual
stopwatch method that closely repli-
cates user-perceived latency:

» timing start: immediately upon
prompt submission

» timing end: when the final token
was fully displayed on the
interface.

This approach captures the end-to-end
latency, including model processing
time, any streaming or retrieval de-
lays, and client-rendering time, offer-
ing arealistic measure of the true user
experience.

Key considerations:

» Prompts were standardized in
wording and structure to mini-
mize variability.

» Tests were conducted under
high-bandwidth, stable condi-
tions to reduce network-induced
delays.

» The latest stable, paid version
of LLaMA was used to reflect
optimal enterprise deployment
conditions.

Using LLaMA as the reference
baseline allowed accurate calculation
of relative RTTA ratios across work-
loads, where a ratio >1 indicated faster
response times from ChatGPT-40 or
Gemini.

Measurement strategy

To ensure consistency, reliability, and
interpretability of RTTA measure-
ments, the following strategy was
employed:

» Repetition: Each workload was
executed three times on each
model at different times of day
to capture variability due to
server and network load.

» Normalization: Prompt length,
structure, and response con-
straints were harmonized to
ensure fair comparisons.

» Context mode: For Gemini, live
retrieval mode was enabled
to reflect real-world crawling
behavior.

» Averaging: The three RTTA
timings per workload-model
combination were averaged
to calculate consistent results.

» Ratio calculation: LLaMA RTTA
measurements were used as the
baseline for calculating intuitive
“speedup” ratios for ChatGPT-40
and Gemini.

This strategy ensured that the mea-
surements reflected realistic, user-vis-
ible latencies, providing enterprise
leaders and developers with actionable
data to inform latency-sensitive model
selection and deployment strategiesin
practical environments.

THE RESULTS: A NUMERIC
SNAPSHOT

To present a clear and actionable sum-
mary, we compiled RTTA measure-
ments across 25 structured workloads,
reflecting enterprise-relevant use
cases. The workloads included tech-
nical queries, applied Al generation,
translation tasks, and code genera-
tion, providing comprehensive cover-
age of real-world scenarios.

RTTA measurements for each
workload were averaged across three
runs per model, using LLaMA as
the baseline for comparison. Ratios
greater than oneindicate that the com-
parator model (ChatGPT-40 or Gemini)
achieved faster response times for that
workload.

Key numeric findings:

» ChatGPT-40: demonstrated an
average RTTA improvement of
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59% over LLaMA across work-
loads, with notable speedups on
translation tasks and iterative
coding prompts

» Gemini: achieved an average
RTTA improvement of 40% over
LLaMA, excelling in retriev-
al-heavy tasks!? while showing
variability in translation and
creative generation workloads

» LLaMA: provided thorough,
structured outputs, particu-
larly in multi-stage reasoning
and technical domain tasks,
but exhibited higher latency,
impacting its suitability for
latency-sensitive deployments.

Example data points:

» Translation task: ChatGPT-40
(6.50x faster), Gemini (2.14x
faster)

» CUDA in HPC: ChatGPT-4o0 (2.91x
faster), Gemini (1.51x faster)

» RAG study: ChatGPT-4o0 (3.26x
faster), Gemini (0.94x, slower
than LLaMA)

The numeric snapshot confirms
that architectural differences, such as
ChatGPT-40’s streaming output and
Gemini's retrieval-based responses,
significantly affect practical latency
under real workloads.* These results
enable technical teams and enterprise
decision-makers to align model selec-
tion with latency requirements for in-
teractive workflows, code generation
tasks, and RAG pipelines, ensuring
that model deployment aligns with
productivity and workflow needs in
operational environments.

ANALYSIS

Architectural implications

This subsection explains how the
underlying design of each model in-
fluences its real-world speed and
responsiveness.

» LLaMA: Prioritizes structured,
comprehensive reasoning,

delivering high-quality, contex-
tually consistent outputs.® LLa-
MA's design increases latency,
especially in interactive and
prompt-heavy workflows.

fresh, real-time data,2 such as
summarizing current events or
providing the latest technical
facts. However, these live re-
trieval operations can introduce

The findings confirm that no single LLM universally
outperforms others across all workloads.

» ChatGPT-4o: Utilizes streaming
architecture, generating tokens
as processing begins, reducing
perceived latency. Streaming
benefits iterative workflows like
code generation and live editing.

» Gemini: Focuses on live retrieval
and real-time crawling, provid-
ing up-to-date information for
fact-based and retrieval-heavy
tasks.® Introduces variability
with potential spikes during
translation and generation due
to live data integration.

Workload sensitivity

This shows how the type and complex-
ity of a workload directly influence
latency across models, emphasizing
why aligning task types with model
strengths optimizes user experience
and throughput.

» Translation tasks: show the
highest RTTA variance, with
ChatGPT-4o0 significantly outper-
forming others due to its ability
to stream repetitive, predictable
generation efficiently, reduc-
ing wait times for users during
translation-heavy workflows.

» Multi-stage reasoning: highlights
LLaMA's strength in maintain-
ing contextual accuracy across
multi-turn or layered prompts,
although this structured reason-
ing results in longer processing
times, impacting workflows that
require rapid iteration.

» Retrieval-augmented tasks: Gem-
ini demonstrates strong perfor-
mance in scenarios requiring

delays in cases where data needs

to be fetched and integrated

dynamically, particularly in
complex or broad queries.

» Prompt sensitivity: Performance
differences across models
become more pronounced with
increasing prompt length and
complexity, as longer and lay-
ered prompts require additional
processing or retrieval steps,
which affect RTTA outcomes.>
Table 1 quantifies relative speed-
ups and latency impact.

» Deployment implications: Or-
ganizations should align LLM
choices with workload-specific
latency requirements:

» ChatGPT-40 is recommended
for real-time, interactive, and
latency-sensitive tasks where
user experience and respon-
siveness are critical.

» Geminiisideal for retriev-
al-focused workflows where
information freshness and
live updates are prioritized,
accepting variability for
up-to-date outputs.

» LLaMA isbest suited for struc-
tured, batch reasoning tasks
where depth and comprehen-
sive analysis are prioritized over
immediate response speed.

This detailed workload sensitivity
analysis enables enterprises to map
model capabilities to their operational
needs, ensuring efficiency and pro-
ductivity while maintaining the qual-
ity and relevance of outputs in practi-
cal deployments.
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INTERPRETING THE WIDE
RTTA VARIANCE

Figure lillustrates the primary contrib-
utors to RTTA variance among LLaMA,
ChatGPT-40, and Gemini and provides
a visual breakdown of key factors im-
pacting latency across models, enabling
practitioners’ to pinpoint the architec-
tural and operational contributors to
variance under real workloads.

1. Caching and optimization:

ChatGPT benefits from ad-
vanced caching and streaming,
reducing RTTA, while Gemini
and LLaMA demonstrate mod-
erate impacts depending on
workload consistency.
Hardware/infra variance:
Differences in GPU utilization
and backend infrastructure

TABLE 1. RTTA comparison snapshot (25 selected workloads + average).

Tested workload

MMLU Pro

MMMU

MathVista

GPQA Diamond

ChartQA

LiveCodeBench

Build contact center
GenAlinfood applications
Human risk Management study
CUDA usagein HPC
Long-range drone surveillance
What are foundational models?
How to recall email?

RAG study

RunLLMsonlocal server
Download public LLM

Add private data tolocal LLM
Whatis S3?

Supply chain design
Cyberincidents response

File systemsin arrays

Liquid cooling in data centers
Translate to French

Examples of L1 hacks

MTOB (full book)

Average RTTA Ratios

1.01
1.06
1.16
1.30
1.05
1.34
3.19
1.06
2.78
2.91
3.18
3.08
1.55
3.26
3.07
2.88
3.13
2.72
3.37
2.76
2.02
3.90
6.50
1.28

1.67

ChatGPT/LLaMA Gemini RT/LLaMA

1.04
1.02
1.01
1.16

1.02
1.26
1.51

2.10
1.28
1.51

1.52

1.37
1.74
1.02

1.08

2.19
1.24
1.83
2.14
2.20
1.12

1.40
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lead to variability, with LLaMA
and Gemini showing similar
moderate levels while ChatGPT
leverages consistent streaming
pipelines.

3. Prompt complexity sensitivity:
Geminiand ChatGPT show
high sensitivity to prompt
complexity, with longer, lay-
ered prompts increasing RTTA,
whereas LLaMA maintains
consistent performance due to
structured processing despite
longer processing times.

4. Streaming output (ChatGPT): A sig-
nificant factor in reducing RTTA
for ChatGPT, streaming enables
faster initial token delivery and
interactive usability, explaining
ChatGPT's consistent lead in
latency-sensitive workflows.

5. Web crawl delay (Gemini):
Unique to Gemini, real-time
retrieval can introduce sub-
stantial delays duringlive data
integration, leading to spikes in
RTTA for fact-heavy or real-time
content generation tasks.

This analysis demonstrates that
while ChatGPT’s architecture excels in
providing low RTTA through stream-
ing, Gemini’s variability stems from its
freshness-focused live crawling design,
and LLaMA's structured reasoning,
while yielding high-quality outputs,
inherently leads to higher RTTA. Under-
standing these contributors helps teams
align LLM selection with workflow pri-
orities, balancing the need for low la-
tency, content freshness, and depth of
reasoning in practical deployments.

his comparative analysis of RTTA

across LLaMA, ChatGPT-4o0, and

Gemini highlights how architec-
tural choices directly impact user-visi-
ble latency in enterprise and technical
workflows:

LLaMA, with its structured rea-
soning design, excels in delivering
consistent, in-depth outputs for com-
plex, multistage reasoning tasks but
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Web Crawl Delay
(Gemini)

Streaming Output
(ChatGPT)

Prompt Complexity
Sensitivity

Hardware/Infra Variance

Caching and Optimization

= | |aMA
m ChatGPT
Gemini

Impact on RTTA (1 = Low, 5 = High)
FIGURE 1. Contributors to RRTA Variance: LLaMA versus ChatGPT versus Gemini.

demonstrates higher RTTA, making it
less suited for latency-sensitive, interac-
tive environments.

ChatGPT-40 consistently provides
the lowest RTTA due to its streaming
architecture!, making it ideal for live
coding, real time chat, and iterative
content workflows where responsive-
ness is critical.

Gemini offers a balance, excelling
in retrieval-augmented tasks with its
live crawling architecture, but this ap-
proach introduces variability, with po-
tential latency spikes in certain trans-
lation and generation workloads.

The findings confirm that no single
LLM universally outperforms others
across all workloads; instead, perfor-
mance is highly workload-dependent.
Teams should align LLM selection
with their specific latency tolerance
and workflow needs:

» Use ChatGPT-40 when consistent
low-latency interactions are
essential.

» Use Gemini when information
freshness is prioritized despite
potential variability.

» Use LLaMA for structured
analysis tasks where thorough,
consistent reasoning is valued
over speed.

By leveraging RTTA benchmarking
insights,!? enterprises can optimize

LLM deployment to enhance produc-
tivity, maintain user satisfaction,
and align operational requirements
with the strengths of each model in
real-world applications.
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