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Abstract. Research Context: The rapid adoption of Large Language Models
(LLMs) offers unprecedented opportunities for Intelligent Information Systems.
However, their high computational cost creates significant deployment barriers
in resource-constrained environments. This limited access for smaller organiza-
tions and developing regions reinforces social and economic disparities in the
adoption of those systems. Scientific and/or Practical Problem: LLMs demand
excessive resources, which hinders their integration into sustainable INFOR-
MATION SYSTEMS. Furthermore, there is a lack of systematic evidence on how
compression affects robustness, factuality, and applicability in different contexts.
Proposed Solution and/or Analysis: This work presents a systematic literature
review analyzing 30 peer-reviewed studies on LLM compression methods. The
review identifies trade-offs, evaluate empirical results, and highlight gaps for
future research. Related IS Theory: We interpret computational efficiency and
accessibility as strategic resources (Resource-Based View) that enable the deve-
lopment of sustainable, and equitable digital infrastructures. Research Method:
This study follows PICO structure with inclusion/exclusion criteria to works pu-
blished between 2018 and January 2025. It was centered around eight research
questions addressing efficiency, robustness, hardware compatibility, knowledge
preservation, hybridization, architectural adaptation, evaluation metrics, and
industrial viability. Summary of Results: Our study shows that efficiency and
system-focused methods are the most developed and investigated for LLM com-
pression for training and inference efficiency. Among these techniques, quan-
tization consistently outperforms pruning and error-based methods, balancing
performance and design savings. However, research on robustness, generaliza-
tion, and practical use remains limited. Recent advances in shared hardware
designs show potential for scalability and lower power consumption. Howe-
ver, practical studies on the long-term sustainability, ethical issues, and social
impacts of LLM compression are rare in current scientific literature. Contribu-
tions and Impact to 1S area: This work contributes by mapping key challenges
in LLM compression research, offering insights to design efficient, sustainable,
and socially responsible intelligent systems that align Al’s technical progress
with goals of inclusion and environmental responsibility.



1. Introduction

The rapid expansion of LLMs has significantly advanced the field of Natural Lan-
guage Processing (NLP), enabling state-of-the-art performance across diverse tasks
such as text classification, machine translation, summarization, and question answering
[Vaswani et al. 2017, [Devlin et al. 2018|, Brown et al. 2020]. Such models, characterized
by their Transformer architectures and extensive parameter counts, often exceeding hun-
dreds of billions, have demonstrated remarkable abilities in learning and generalization
across multiple domains [Touvron et al. 2023]].

However, the exponential growth in model size and computational demand has rai-
sed serious concerns regarding scalability, energy efficiency, and equitable accessibility
[Ganesh et al. 2020, Rasheed et al. 2023]]. Training and deploying such large models ty-
pically require specialized hardware, such as high-end Graphics Processing Units (GPUs)
or Tensor Processing Units (TPUs), and substantial energy resources, contributing to envi-
ronmental and economic constraints [Strubell et al. 2019, [Schwartz et al. 2020]]. Conse-
quently, their use remains largely restricted to major research institutions and technology
corporations, limiting broader adoption in resource-constrained environments such as pu-
blic universities, educational institutions, and small enterprises.

Model compression has emerged as a response, with quantization, pruning,
knowledge distillation, and hardware-aware strategies reducing model size and infe-
rence costs while preserving performance [Han et al. 2015, \Gholami et al. 2021]. Re-
cent methods, including AWQ [Lin et al. 2024a], GPTQ [Frantar et al. 2023]], QLoRA
[Dettmers et al. 2023a], and SparseGPT [Frantar and Alistarh 2023]], show that compres-
sion is not only a computational optimization but also a key enabler for intelligent
systems across domains such as healthcare, education, and government. But, open
challenges persist, notably regarding robustness, fairness, and knowledge preservation
[Rasheed et al. 2023| [Hooker et al. 2020, Xu et al. 2024]], as well as ethical concerns
such as the environmental and social sustainability of Al systems [Strubell et al. 2019,
Li et al. 2024, Bender et al. 2021]].

In that regard, our systematic review, grounded in the PICO methodology (Popu-
lation, Intervention, Comparison, and Outcomes), systematically synthesizes studies on
LLM compression techniques published between 2018 and January 2025. Our work fo-
cuses on evaluating multiple dimensions of model performance, including computational
efficiency, predictive accuracy, robustness, knowledge retention, and environmental sus-
tainability. By integrating evidence from empirical research, it aims to map how compres-
sion approaches affect the balance between model compactness and functional reliability
in NLP applications deployed in organizational environments, where people, processes,
and technologies converge to enhance information systems and decision support.

Ultimately, our study seeks to identify trade-offs that reconcile technical inno-
vation with the ethical, organizational, and societal imperatives of deploying intelli-
gent information systems. In doing so, it contributes to the ongoing discourse on res-
ponsible Al, highlighting how model efficiency intersects with accessibility and sus-
tainability in the broader ecosystem of large-scale machine learning. This perspective
aligns with current reflections on sustainable and ethical Al deployment, which empha-
size that innovation must be accompanied by environmental awareness and social res-
ponsibility [van Wynsberghe 2021, [Sanderson et al. 2024]. Within the Brazilian rese-



arch context, similar discussions have emerged in the field of Information Systems,
where ethical principles and governance frameworks for artificial intelligence are in-
creasingly recognized as central to the responsible adoption of intelligent technologies
[Siqueira de Cerqueira et al. 2021].

LLM compression goes beyond reducing model size and inference cost: it directly
impacts how Information Systems that embed language models are designed, deployed,
and governed (e.g., conversational agents, decision support, RAG pipelines, and automa-
tion). In IS settings, compression affects operational cost and scalability (SLA-driven
latency/throughput), infrastructure choices (cloud vs. edge/on-premise), maintainability
and monitoring (updates, drift, observability), and organizational risk management (pri-
vacy, security, compliance). Because efficiency gains also reduce compute and energy
demand, compression can support more sustainable and inclusive IS by enabling broader
access in resource-constrained environments and aligning Al adoption with cost—benefit
and environmental targets. By synthesizing evidence through IS-relevant outcomes (effi-
ciency, robustness/safety, and real-world feasibility), this review links LLM compression
research to the organizational and societal factors that shape intelligent systems in prac-
tice.

The structure of this work follows a systematic and transparent approach to en-
sure methodological rigor and analytical depth. The Methodology section details the
research design, the formulation of guiding questions, and the criteria used to include and
exclude studies, ensuring the reproducibility of the review process. Subsequently, the se-
arch and selection procedures are described, outlining how databases were queried and
how data extraction was conducted to synthesize the selected literature. The Results and
Discussion section explore the findings, offering a multidimensional analysis of trends,
trade-offs, and research gaps across LLM compression studies. Finally, the Conclusion
summarizes key insights, theoretical implications, and directions for future research, rein-
forcing the contribution of this review to the broader field of responsible and sustainable
Al

2. Methodology

Our study adopts the principles of a Systematic Literature Review (SLR), aiming to en-
sure transparency, replicability, and comprehensive coverage in the analysis of compres-
sion techniques for LLMs. The methodology is structured according to the PICO model
[Methley et al. 2014], a mnemonic framework widely used in Evidence-Based Medicine
(EBM) to formulate clear and well-scoped research questions. PICO decomposes a ques-
tion into four core components: Population, Patient, or Problem (the group or condition
of interest); Intervention (the treatment, diagnostic test, or exposure under investigation);
Comparison (the control or alternative condition, such as standard care or no interven-
tion); and Outcome (the measurable outcome of interest). Rigorous application of PICO
supports systematic and efficient retrieval of relevant literature by translating the research
question into explicit, auditable search concepts.

In our context, this structure is adapted to support the systematic formulation of
research questions by decomposing them into four key elements: (i) the Population, de-
fined as Transformer-based LLMs applied to textual Natural Language Processing tasks;
(ii) the Intervention, represented by compression techniques such as quantization, pru-



ning, and knowledge distillation; (iii) the Comparison, involving uncompressed baselines
or alternative compression approaches; and (iv) the Outcomes, encompassing computa-
tional efficiency, model quality, robustness, and sustainability. This structured approach
promotes consistent study identification, screening, and evaluation, strengthening repro-
ducibility and enabling comparative synthesis across heterogeneous contributions.

We adopted PICO to structure the research questions and operationalize se-
arch and selection because the review focuses on a clear intervention—LLM compres-
sion—and compares outcomes expressed as measurable trade-offs (e.g., quality vs. la-
tency, memory, and energy). While more common in evidence-based disciplines, PICO
provides methodological clarity by enforcing explicit inclusion/exclusion criteria and ma-
king the search strategy auditable through a direct mapping between keywords and ques-
tion elements. To reduce limitations of a single framework, we combined PICO with
a multi-database search, a transparent screening procedure, and a predefined extraction
spreadsheet for consistency. In addition, the protocol and synthesis capture not only al-
gorithmic results but also deployment-relevant variables (latency/throughput, memory fo-
otprint, hardware, and feasibility evidence), aligning the review with system-level and
organizational concerns in Information Systems.

Our goal is to identify, categorize, and evaluate compression methods applied
to Transformer-based LLMs, analyzing these techniques not only in terms of technical
contributions but also in terms of their broader implications for Information Systems,
including efficiency, robustness, sustainability, and responsible deployment.

2.1. Research Questions
The central research question guiding this study is:

Which compression techniques applied to Large Language Models (LLMs) in Na-
tural Language Processing (NLP) are most effective in balancing predictive performance
and computational efficiency, while preserving robustness, factual knowledge, and appli-
cability in real-world scenarios?

Building on this central research question, the reviewers formulated a set of eight
questions (see Table [I)), each addressing a specific analytical dimension of LLM com-
pression. These dimensions capture aspects that are both technically significant to the
Machine Learning community and strategically relevant to the Information Systems do-
main. Accordingly, the reviewers organized the research questions across complementary
analytical perspectives, as summarized in Table 2]

2.2. Inclusion and Exclusion Criteria
We established explicit criteria to ensure the relevance and quality of selected studies:
Inclusion Criteria:

* Articles published between 2018 and January 2025;

» Peer-reviewed conference or journal papers;

* Empirical studies applying compression to LLMs with at least 100M parameters;

 Studies reporting at least one relevant outcome: accuracy, perplexity, inference
speed, memory usage, robustness, or factual knowledge preservation, and;

* Articles written in English or Portuguese.



Table 1. Research questions Derived from the PICO Framework

ID Research Subquestion

Q1 What are the most effective trade-offs between accuracy and computa-
tional efficiency (memory, latency, and energy consumption), and how
do they impact system sustainability?

Q2 How does compression affect robustness against adversarial inputs and
the ability to generalize across out-of-domain tasks?

Q3 Which compression techniques are most compatible with deployment
on constrained hardware (e.g., Central Processing Units (CPUS), mo-
bile devices), supporting inclusivity and accessibility of intelligent sys-
tems?

Q4 To what extent do compression methods preserve factual knowledge
and reasoning capabilities compared to original models, guaranteeing
trust and transparency in decision-making?

Q5 How do hybrid approaches (e.g., pruning combined with quantiza-
tion) compare to isolated techniques in balancing efficiency and per-
formance?

Q6 What are the most effective strategies for specific architectures, and how
do architectural features influence compression outcomes?

Q7 Which evaluation metrics beyond accuracy (e.g., latency, throughput,
usability, energy) provide the most informative assessment for organi-
zational and societal adoption?

Q8 What industrial case studies demonstrate the long-term viability, scala-
bility, and sustainability of compressed LLMs in real-world?

Table 2. Research Questions and Their Analytical Dimensions

ID Focus Area Analytical Dimension

Ql Accuracy vs. Efficiency Trade-offs in memory, latency,
energy consumption.

Q2 Robustness Impact on adversarial resistance
and out-of-domain generalization.

Q3 Hardware Compatibility Deployment on CPUs, edge devi-
ces, and FPGAs.

Q4 Knowledge Preservation Retention of factual knowledge and
reasoning.

Q5 Hybrid Approaches Effectiveness of combining com-
pression strategies.

Q6 Architecture-Specific Strategies Adaptations for well-known LLMs

Q7 Evaluation Metrics Beyond accuracy: latency, energy,
usability.

Q8 Industrial Case Studies Long-term viability and sustainabi-

lity of compressed LLMs.




Exclusion Criteria:

Theoretical-only works without empirical validation;

Studies on small-scale models (<100M parameters);

 Narrative reviews without experimental results;

* Works irrelevant to NLP (e.g., compression of CNNs for computer vision), and;
* Duplicated publications.

2.3. Databases

We conducted searches across the following electronic databases: IEEE Xplore, ACM
Digital Library, Scopus, SpringerLink, ArXiv, and Google Scholar (for complementary
coverage).

2.4. Search Strategy

The search strategy was designed to maximize coverage and recall while maintaining
precision with respect to the scope defined by the PICO framework. To this end, the
query strings combined three main groups of terms: (i) synonyms and variations related
to LLMs, (i1) different compression techniques, and (iii) evaluation metrics relevant to
NLP. This ensured that retrieved studies included not only direct references to compres-
sion, but also works addressing efficiency, robustness, and real-world applicability. A
representative query string is as follows:

(("large language models"OR LLM OR "transformer
models") AND (compression OR quantization OR
pruning OR distillation OR "model slimming"OR
"structured pruning") AND (performance OR
accuracy OR perplexity OR inference OR memory OR
latency OR robustness OR "knowledge retention")
AND (NLP OR "natural language processing"))

The terms were iteratively refined through pilot searches to balance recall and
specificity. For instance, the inclusion of model slimming and structured
pruning allowed capturing articles that use alternative terminologies for pruning, while
knowledge retention and robustness ensured coverage of studies that evaluate
beyond accuracy metrics.

Queries were adapted to the specific syntax and indexing rules of each database.
For Scopus and Web of Science, Boolean operators and phrase matching were strictly
applied. In IEEE Xplore and ACM Digital Library, controlled vocabularies and metadata
fields (title, abstract, keywords) were leveraged to narrow down results. Google Scho-
lar was used only to complement potential gaps, given its broader coverage but lower
precision.

To ensure relevance and quality, results were filtered by:

* Publication period: 2018-January 2025, capturing both the emergence of LLMs
and the rapid evolution of compression techniques.

* Language: English and Portuguese.

* Type of publication: peer-reviewed journal articles, conference proceedings, and
selected high-impact preprints.

The resulting corpus formed the basis for the screening and eligibility stages des-
cribed in the following subsections.



2.5. Study Selection and Data Extraction

The selection process, illustrated in Figure[I] was designed to ensure rigor, transparency,
and reproducibility. It was carried out in three main stages. The first stage, identification,
involved aggregating all articles retrieved from the selected databases using the predefi-
ned search queries into a reference manager. This procedure ensured that all potentially
relevant studies were initially considered without exclusion bias. In the screening phase,
we removed duplicates, and evaluated the titles and abstracts of the remaining works ma-
nually to verify compliance with the inclusion and exclusion criteria established in the
PICO framework. At this stage, we excluded theoretical works without empirical valida-
tion, studies involving models with fewer than 100M parameters, or those not addressing
NLP tasks. Finally, in the inclusion phase, the remaing articles underwent full-text analy-
sis to confirm their relevance, and final decisions regarding inclusion were made.

)

Query searching:

IEEE Xplore (n=531)
ACM (n=325)
Scopus (n=246)
SpringerLink (n=252)
Google Scholar (n=17)

]

[ selected articles (n = 1371) |

.

[ Removing duplicates }—> Excluded Articles (n = 251)

Identification

{

Title and abstract screening Excluded Articles (n = 818)

'

[ Selected articles (n = 302) }

!

Full-text analysis and
final decisions regarding ——> Excluded Articles (n = 272)
inclusion.

!

Final selected articles
n =30

Screening

Inclusion

Figure 1. Methodology

After the identification stage, we retrieved 1,371 records. During screening, we
removed 251 duplicates and excluded 818 records based on title and abstract. In the eli-
gibility stage, we excluded 272 studies after full-text assessment, resulting in 30 included
articles. Two reviewers independently conducted screening and full-text selection using
the predefined inclusion and exclusion criteria. Disagreements were resolved through dis-
cussion until consensus, and final decisions were recorded in the extraction spreadsheet.
The complete extraction table is available in this repository. As a complementary source,
we queried Google Scholar after the primary database search to reduce retrieval bias and
capture potentially relevant studies not indexed elsewhere. We used the same keyword
groups, screened the first 10 result pages (sorted by relevance), applied the same eligibi-
lity criteria, and removed duplicates against the main database set before inclusion.


https://github.com/Lair52/a-sr-llm-compression

Table 3. Classification criteria for each Research Question in the systematic re-

view, including the corresponding Information Systems (IS) meaning.

ID 0-Low 0.5 —Moderate 1-High IS meaning (score

=1)

Ql No quantitative Partial analysis Clear balance Actionable
trade-off; focuses with limited between per- efficiency—quality
solely on effici- benchmarks or formance and trade-offs for
ency or accuracy. missing metrics.  efficiency across sizing.

multiple tasks.

Q2 Nomention of ro- Indirect eva- Explicit robust- Reliability under
bustness or gene- luation via ness evaluation drift, prompt vari-
ralization. zero/few-shot; no or mitigation. ation, and attacks.

stress testing.

Q3  Experiments li- Mentions hard- Demonstrates ef- Portability/feasibility
mited to high-end ware constraints ficiency on cons- across heterogene-
GPUs. without empirical trained or hete- ous infrastructure.

validation. rogeneous hard-
ware.

Q4 No analysis of Indirect eva- Direct asses- Trustworthiness
factuality or luation using sment of re- for  knowledge-
reasoning; only reasoning bench- asoning and intensive decision
numerical me- marks. factual retention support.
trics. with adaptive

methods.
Q5  Purely single- Partial integration Hybrid/multi- Configurable
method. with limited inte- stage design with pipelines for
raction. demonstrated workload- and
improvements. constraint-aware
optimization.

Q6  Single- Multi- Examines how Guides model
architecture architecture structure affects selection and
testing; no struc- results  without compression upgrade maintai-
tural discussion.  structural sensiti- effectiveness and nability.

vity analysis. stability.

Q7 Reports only ac- Includes limited Includes latency, Operational per-
curacy or perple- system-level me- throughput, me- formance/cost
Xxity. trics. mory, and energy. monitoring for

deployment.

Q8  Conceptual or Deployment Validated in Production  rea-
lab-only experi- potential but industrial or diness: MLOps,
ments. no production large-scale infe- observability, and

validation. rence settings. scalable serving.

For each included study, the reviewers extracted and organized information using
a predefined spreadsheet to ensure consistency and comparability across methods. The



extracted fields covered model characteristics (architecture, parameter count, and task do-
main) and the applied compression technique, including its class (e.g., post-training quan-
tization, quantization-aware training, pruning, distillation, and hybrid approaches such as
pruning+quantization or weight/activation/KV-cache quantization for serving). We also
captured the experimental setup, distinguishing calibration, training/fine-tuning, and eva-
luation datasets when applicable, and recorded the hardware platform used for experimen-
tation and deployment-oriented measurements (e.g., consumer GPUs, A100/H100-class
accelerators, multi-GPU settings, and CPU baselines). Finally, we summarized repor-
ted outcomes in terms of efficiency (latency, throughput, memory footprint, and model
size), quality (perplexity and downstream benchmark scores), robustness-related evalua-
tions when provided, and evidence of factual knowledge and reasoning retention under
compression.

Additionally, we classified each research question using a three-level scale (0-
Low; 0.5-Moderate; 1-High), as defined in Table 3] This scoring enabled the quantitative
aggregation and visualization reported in the Results and Discussion section, preserving
a clear link between extracted primary evidence and the synthesized findings.

2.6. Threats to validity.
This SLR is subject to common validity threats.

(i) Selection and publication bias: relevant studies may have been missed due to
indexing limitations, query formulation, or venue coverage, and the inclusion of selected
high-impact preprints may introduce variability in rigor relative to peer-reviewed work.

(ii) Construct validity: widely used proxies (perplexity and benchmark accuracy)
may not capture robustness, safety, or behavior under distribution shift, and reported spe-
edups may not transfer across heterogeneous deployment stacks.

(iii) External validity: conclusions may not generalize to proprietary models or
industrial workloads shaped by compliance, monitoring, and operational constraints.

To mitigate these threats, we used explicit inclusion/exclusion criteria, a prede-
fined extraction template, and cross-checked key fields (model, technique, datasets, and
hardware) during synthesis; nevertheless, some residual bias and incompleteness are una-
voidable given the fast-evolving nature of LLM compression research.

3. Results and Discussion

This section is dedicated to the systematic analysis of the Quality Assessment Table (5,
which summarizes the performance and methodological comprehensiveness of the 30
most relevant works on LLM compression Table (). Initial results demonstrate a robust
trend toward High-Quality methodologies (average score of 6.01), corroborating the tech-
nical maturity of the field. However, the central discussion lies in the divergence of focus
observed among the research criteria. While the scientific community has reached satura-
tion in the analysis of the Trade-offs between Accuracy and Efficiency (Q1=1.00) and the
Use of Comprehensive Metrics (Q7=1.00), the significantly lower average in areas such
as Robustness and Generalization (Q2=0.53) and Industrial Case (Q8=0.57) establishes
a clear research agenda for the future. The results will be detailed to identify innovati-
ons that optimize operational efficiency, while also exposing gaps that provide scope for
future works.



Table 4. Selected articles

Title

Reference

AWQ: Activation-Aware Weight Quantization

GPTQ: Accurate Post-Training Quantization

SmoothQuant: Accurate & Efficient PTQ for LLMs

Wanda: Pruning by Weights and Activations

LLM-Pruner: On the Structural Pruning of LLMs

SparseGPT: LLMs Pruned in One-Shot

SpQR: Sparse-Quantized Representation

SqueezelLLM: Dense-and-Sparse Quantization

Sheared-LLaMA: Structured Pruning + Retraining

ZeroQuant: Efficient Post-Training Quantization for Large Transfor-
mers

KVQuant: Quantization of Key-Value Cache for Efficient LLM Infe-
rence

QServe: W4A8KV4 Quantization with System Co-Design for LLM
Serving

OmniQuant: Omnidirectionally Calibrated Quantization for LLMs
QLoRA: Efficient Finetuning of Quantized Large Language Models
LLM.int8(): 8-bit Matrix Multiplication for Transformers at Scale
FlatQuant: Flatness Matters for Large Language Model Quantization
QuaRot: Outlier-Free 4-bit Inference in Rotated LLMs

QulIP#: Hadamard Incoherence and Lattice Codebooks for LLM Quan-
tization

AQLM: Additive Quantization for LLMs

LoftQ: LoRA-Finetuning-Aware Quantization

SpinQuant: LLM Quantization with Learned Rotations

EfficientQAT: Efficient Quantization-Aware Training for LLMs
APTQ: Attention-aware Post-Training Mixed-Precision Quantization
OWQ: Outlier-aware Weight Quantization

ZipLM: Inference-Aware Structured Pruning for LLMs

RPTQ: Reorder-based Post-Training Quantization for LLMs

KIVI: Tuning-Free 2-bit Quantization for KV Cache

LLM-QAT: Data-Free Quantization-Aware Training for LLMs
Efficient Post-Training Quantization with FP8 Formats

MiniCache: Compressing Key-Value Cache Along Depth

[Lin et al. 2024al|

[Frantar et al. 2023
[X1ao et al. 2024

[Sun et al. 20244

[Ma et al. 2023]]
[
[
[
[
[

Frantar and Alistarh 2023]]

Dettmers et al. 20230
Kim et al. 2024]]
Xia et al. 2024]
Yao et al. 2022]

[Hooper et al. 2024]]
[Lin et al. 2024b]]

[Shao et al. 2024
[Dettmers et al. 2023al]
[Dettmers et al. 2022]]
[Sun et al. 2024b]
[[Ashkboos et al. 2024
[Tseng et al. 2024

[Egiazarian et al. 2024
[Li et al. 2023

[Liu et al. 2024bl]
[Chen et al. 2024
[Guan et al. 2024]]
[Lee et al. 2024]
[Kurtic et al. 2023]]
[Yuan et al. 2023]]
[Zirui Liu et al. 2023]]
[Liu et al. 2023
[Shen et al. 2024
[Liu et al. 20244l



Table 5. Converting qualitative ratings into numerical values with total sum and

quality level
Article Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Total Quality
AWQ (2024) I 05 1 05 O 1 1 1 6.0 High
GPTQ (2023) I 05 05 05 O 1 I 05 5.0 Mid
SmoothQuant (2022) I 05 1 1 05 1 I 05 65 High
Wanda (2024) 1 05 1 05 05 1 I 05 60 High
LLM-Pruner (2023) I 05 05 05 1 1 1 05 6.0 High
SparseGPT (2023) I 05 1 1 1 1 I 05 70 High
SpQR (2023) I 05 1 05 05 1 I 05 6.0 High
SqueezeLLM (2024) 1 05 1 05 05 1 I 05 60 High
Sheared-LLaMA (2023) I 05 1 1 1 1 1 05 70 High
ZeroQuant (2022) I 05 1 1 05 1 1 05 65 High
KVQuant (2024) I 05 1 05 05 1 I 05 6.0 High
QServe (2024) I 05 1 05 1 1 1 1 7.0 High
OmniQuant (2024) 1 05 1 05 05 1 I 05 60 High
QLoRA (2023) I 05 1 1 1 1 1 1 7.5 High
LLM.int8() (2022) 1 05 1 05 1 05 1 05 6.0 High
FlatQuant (2024) 1 05 1 05 1 05 1 05 60 High
QuaRot (2024) 1 05 1 05 1 05 1 05 60 High
QulP# (2024) 1 05 1 05 05 05 1 05 55 Mid
AQLM (2024) 1 05 1 05 1 1 I 05 65 High
LoftQ (2023) 1 1 05 05 1 05 1 05 60 High
SpinQuant (2024) 1 05 1 05 1 1 I 05 65 High
EfficientQAT (2024) I 05 05 05 1 1 I 05 55 Mid
APTQ (2024) 1 05 1 05 1 1 1 05 65 High
OWQ (2024) I 05 1 05 1 1 I 05 65 High
ZipL.M (2023) 1 05 1 05 1 1 I 05 65 High
RPTQ (2023) I 05 05 05 1 1 I 05 55 Mid
KIVI (2023) 1 05 1 05 1 1 1 05 65 High
LLM-QAT (2023) 1 1 I 05 05 1 I 05 65 High
Efficient PTQ FP8 (2024) I 05 1 05 05 05 1 1 6.0 High
MiniCache (2024) 1 05 1 05 1 05 1 05 60 High

Table 6. Quantitative Distribution of Reviewed Works

Category Number of Studies Percentage
High (score > 6.0) 26 87%

Mid (4.0 < score < 6.0) 4 13 %

Low (< 4.0) 0 0%

Total 30 100%



https://arxiv.org/abs/2306.00978
https://arxiv.org/abs/2210.17323
https://arxiv.org/abs/2211.10438
https://arxiv.org/abs/2306.11695
https://arxiv.org/abs/2305.11627
https://arxiv.org/abs/2301.00774
https://arxiv.org/abs/2306.03078
https://arxiv.org/abs/2306.07629
https://arxiv.org/abs/2310.06694
https://arxiv.org/abs/2206.01861
https://arxiv.org/abs/2401.18079
https://arxiv.org/abs/2405.04532
https://arxiv.org/abs/2308.13137
https://arxiv.org/abs/2305.14314
https://arxiv.org/abs/2208.07339
https://arxiv.org/abs/2410.09426
https://arxiv.org/html/2404.00456v1
https://arxiv.org/abs/2402.04396
https://arxiv.org/abs/2401.06118
https://arxiv.org/html/2310.08659
https://arxiv.org/abs/2405.16406
https://arxiv.org/abs/2407.11062
https://arxiv.org/pdf/2402.14866
https://arxiv.org/pdf/2306.02272
https://arxiv.org/abs/2302.04089
https://arxiv.org/abs/2304.01089
https://arxiv.org/abs/2402.02750
https://aclanthology.org/2024.findings-acl.26.pdf
https://arxiv.org/abs/2304.01089
https://arxiv.org/abs/2405.14366

Examination of QI reveals a strong methodological convergence across the li-
terature, where all reviewed studies consistently prioritize the balance between compu-
tational efficiency and predictive accuracy, achieving the maximum score (1.0). This
consensus underscores that efficiency—performance trade-offs have become a founda-
tional objective in LLM compression research. Most works demonstrate that well-
designed compression pipelines, particularly those involving quantization and pruning,
can substantially reduce inference cost, memory usage, and energy demand while pre-
serving accuracy within statistically insignificant deviations from full-precision baselines
[Lin et al. 20244, [Frantar et al. 2023} [ Xiao et al. 2024, Shao et al. 2024, Sun et al. 2024al,
Frantar and Alistarh 2023|]. The prevalence of quantization-based methods, inclu-
ding post-training and quantization-aware approaches, reflects their superior scala-
bility and ease of deployment [Lin et al. 2024a, [Frantar et al. 2023), [Shao et al. 2024,
Chen et al. 2024} [Liu et al. 2023]]. Techniques such as 4-bit or even sub-4-bit quan-
tization, when combined with calibration or low-rank adaptation, allow models to
maintain linguistic coherence and representational fidelity while achieving notable th-
roughput improvements across hardware platforms [Lin et al. 2024a, [Frantar et al. 2023,
Dettmers et al. 2023a, [Lee et al. 2024, |/Ashkboos et al. 2024/, |Liu et al. 2024bl].

In contrast, analysis of Q2 exposes robustness and generalization as some of
the least developed dimensions in current LLM compression research, with an average
score of 0.53 indicating insufficient methodological depth. Most studies emphasize ef-
ficiency metrics, such as latency, throughput, or parameter reduction, while implicitly
assuming that preserved accuracy on standard benchmarks implies maintained robust-
ness [[Frantar et al. 2023| [X1ao et al. 2024, [Shao et al. 2024, [Frantar and Alistarh 2023|,
Sun et al. 2024a]. However, this assumption often masks fragility under real-world
perturbations, including adversarial noise, prompt variation, or domain shifts. Few
works explicitly evaluate post-compression resilience through controlled stress tests,
perturbation-based analysis, or out-of-distribution (OOD) generalization, and evaluati-
ons are often limited to perplexity and standard zero-/few-shot benchmarks rather than
robustness-specific protocols [Dettmers et al. 2022, [Liu et al. 2023, |Chen et al. 2024,
/irui Liu et al. 2023 |Hooper et al. 2024]. As a result, the field lacks a consistent unders-
tanding of how compression-induced modifications, such as quantization noise, weight
pruning, or reduced representational redundancy, affect the model’s capacity to generalize
and maintain reliable behavior under uncertainty [Ashkboos et al. 2024, [Liu et al. 2024b,
Lee et al. 2024, Ma et al. 2023| [Kurtic et al. 2023]].

Some studies mitigate these limitations with robustness-aware adapta-
tion, including quantization-aware fine-tuning and calibration-oriented optimization
[Chen et al. 2024, Liu et al. 2023, Dettmers et al. 2023al]. They indicate that compression
may increase sensitivity to distribution shifts or prompt variation, but retraining, low-rank
adaptation, and calibration can reduce downstream degradations [Dettmers et al. 2023a,
Liu et al. 2023| |Chen et al. 2024]]. However, the lack of standardized robustness ben-
chmarks for compressed LLMs still limits cross-study comparability, as most evalu-
ations rely on perplexity and standard zero-/few-shot suites rather than stress tests
[Lin et al. 20244, [Frantar et al. 2023, |Xiao et al. 2024} [Shao et al. 2024]]. Progress the-
refore requires robustness frameworks that include adversarial, stochastic, and domain-
level perturbations, which is essential for dependable deployment in Information Systems
[Lin et al. 2024b, Hooper et al. 2024, Ziru1 Liu et al. 2023| [Liu et al. 2024a].



In the context of Q3, the result reveals that hardware-aware compression
has become one of the most mature and empirically grounded areas within LLM
efficiency research, as reflected by the high average score of 0.90. Many stu-
dies report clear gains in computational efficiency, reducing latency and memory
footprint through low-bit inference and optimized execution paths on modern ac-
celerators [Lin et al. 2024a, [Xiao et al. 2024, [Frantar et al. 2023l |Ashkboos et al. 2024,
Liu et al. 2024b, Shen et al. 2024]. This progress indicates that compression is incre-
asingly guided by hardware—algorithm co-design, where methods are optimized not
only for accuracy but also for alignment with platform characteristics such as efficient
matrix-multiply kernels, memory movement patterns, and attention/K'V-cache execution
[Lin et al. 2024b, Hooper et al. 2024, Ziru1 Liu et al. 2023| [Liu et al. 2024a]. In particu-
lar, serving-oriented system work demonstrates that end-to-end throughput depends on
jointly quantizing weights, activations, and KV cache while restructuring the runtime to
reduce dequantization overhead and improve kernel efficiency [Lin et al. 2024b]]. As are-
sult, hardware-aware strategies contribute directly to scaling large models in research and
industrial infrastructures, enabling higher throughput under fixed memory budgets and
making compression a practical lever for more sustainable, high-performance Al systems
[Dettmers et al. 2022, Hooper et al. 2024, Zirui Liu et al. 2023, Shen et al. 2024].

Despite this progress, systematic evaluation on resource-constrained devices
(CPUs, mobile, edge) remains limited, as most studies benchmark primarily on
server-grade GPUs, leaving questions about portability, thermal efficiency, and long-
term reliability [Lin et al. 2024a, [Frantar et al. 2023| |Xiao et al. 2024, [Shao et al. 2024,
Ashkboos et al. 2024, [Liu et al. 2024b]]. Evidence on constrained settings (e.g.,
consumer GPUs or CPU measurements) is still fragmented [Dettmers et al. 2022,
Dettmers et al. 2023b, [Kurtic et al. 2023, [Egiazarian et al. 2024, L1 et al. 2023|], and
practical energy savings are often not quantified with operational or environmental metrics
[Lin et al. 2024b, Shen et al. 2024]. Recent advances in quantized adaptation and mixed-
precision strategies point to more hardware-tailored compression [Dettmers et al. 2023a,
Liet al. 2023, IGuan et al. 2024, [Lee et al. 2024]]; future work should extend hardware-
aware frameworks to include sustainability, cost, and scalability for real organizational de-
ployments [Lin et al. 2024bl, Hooper et al. 2024, [Zirui Liu et al. 2023| [Liu et al. 2024a,
Shen et al. 2024]].

The analysis of Q4 highlights a moderate yet uneven methodological commit-
ment to preserving factual knowledge and reasoning integrity in compressed LLMs, re-
flected in a mean score of 0.57. While many studies report stable downstream per-
formance after compression, they often infer knowledge retention indirectly through
broad benchmark suites such as GLUE or MMLU, without isolating factual con-
sistency or reasoning coherence as independent evaluation targets [Kurtic et al. 2023,
Liet al. 2023, [Dettmers et al. 2023al, [Liu et al. 2023|]. This reliance on aggregate me-
trics can obscure subtle degradations in factual recall, logical inference, and domain-
specific reasoning that are not well captured by standard accuracy or perplexity proxies
[Lin et al. 20244, [Frantar et al. 2023, [ Xiao et al. 2024, IShao et al. 2024]]. In most cases,
compression is validated primarily through accuracy-based measures and general-purpose
evaluation suites, which may fail to expose epistemic distortions introduced by parame-
ter reduction, quantization noise, or pruning-induced sparsity [Frantar and Alistarh 2023,
Sun et al. 2024a, Ma et al. 2023|]. As a result, the literature still tends to treat factual and



reasoning preservation as secondary outcomes rather than as central dimensions of model
integrity [Dettmers et al. 2022, |/Ashkboos et al. 2024, [Lee et al. 2024].

A subset of works moves beyond this limitation by incorporating fine-
tuning, distillation, or calibration stages to mitigate factual drift and reasoning decay
[Dettmers et al. 2023al L1 et al. 2023, [Liu et al. 2023, |Chen et al. 2024]]. These studies
use adaptation pipelines such as low-rank fine-tuning on quantized backbones, fine-
tuning-aware quantization, or data-free quantization-aware training, and evaluate com-
pressed models on knowledge- and reasoning-intensive benchmarks (e.g., MMLU and
commonsense suites) to probe factual and reasoning retention [Dettmers et al. 2023a),
Lietal 2023, [Liu et al. 2023| |Chen et al. 2024]. Their results indicate that degrada-
tion is architecture- and method-dependent, influenced by choices such as weight-
only vs. weight—activation quantization and by outlier/rotation handling or calibra-
tion strategies that preserve critical representational ranges [Ashkboos et al. 2024,
Liu et al. 2024Db), [Lee et al. 2024, |[Shao et al. 2024]]. However, limited standardization of
methodologies and domain-sensitive benchmarks still constrains cross-study comparabi-
lity [Lin et al. 2024a, [Frantar et al. 2023, Xiao et al. 2024]. Future work should therefore
prioritize systematic frameworks for measuring factual and epistemic reliability and make
knowledge-aware evaluation a core component of compression analysis, bridging effici-
ency and cognitive fidelity for responsible deployment in knowledge-intensive informa-
tion systems [Lin et al. 2024b, Hooper et al. 2024, Liu et al. 2024al].

The results for Q5 indicate a clear methodological transition toward hybrid
compression strategies, with an average score of 0.77 reflecting their growing promi-
nence and maturity. This trend suggests a move beyond single-technique optimization
toward multi-objective frameworks that combine quantization, pruning, and distillation
or fine-tuning in complementary ways [Frantar and Alistarh 2023|, |[Dettmers et al. 2023b,
Yao et al. 2022| [Li et al. 2023| [Dettmers et al. 2023a]. Such integration allows resear-
chers to balance conflicting goals, reducing model size and inference cost while main-
taining (or in some cases improving) predictive performance [Dettmers et al. 2023b,
Yao et al. 2022, L1 et al. 2023]]. Hybrid approaches also enhance adaptability by enabling
finer control over compression intensity under different task requirements and hardware
constraints [Lin et al. 2024b, Hooper et al. 2024} [Zirui Liu et al. 2023]]. In several cases,
these methods leverage distinct algorithmic strengths: pruning introduces structural spar-
sity, quantization reduces precision overhead, and adaptation or distillation helps pre-
serve representational capacity after aggressive compression [Frantar and Alistarh 2023,
Sun et al. 2024al, [Kurtic et al. 2023| [Dettmers et al. 2023al [L1 et al. 2023]].

Despite these advancements, many hybrid frameworks remain exploratory,
with limited methodological standardization and reproducible evaluation pipelines
[Yao et al. 2022, Dettmers et al. 2023bl L1 et al. 2023]. Systematic analysis of inte-
raction effects on robustness, energy efficiency, and cross-architecture transfer is
still rare, and validation often relies on perplexity and standard downstream suites
rather than stress tests or longitudinal evidence [Lin et al. 2024a, [Frantar et al. 2023,
Xiao et al. 2024, [Frantar and Alistarh 2023]. Moreover, few works evaluate opera-
tional feasibility under production constraints and serving stacks [Lin et al. 2024b|
Shen et al. 2024, Hooper et al. 2024]. Closing these gaps requires consolidated pro-
tocols and context-aware hybrid strategies that align technical gains with organizatio-



nal and sustainability goals [Lin et al. 2024bl Hooper et al. 2024} [Zirui Liu et al. 2023,
Liu et al. 2024al.

In the context of Q6, the results show that most studies demonstrate
strong cross-architecture generalization, with an average score of 0.90, indicating
that many compression methods transfer effectively across Transformer-based fami-
lies and variants (e.g., GPT-/OPT-like models, LLaMA-family, and encoder—decoder
backbones) [Frantar et al. 2023, |Lin et al. 2024a, |Xiao et al. 2024, [Yao et al. 2022),
Dettmers et al. 2023a, [Dettmers et al. 2022]]. This consistency suggests reliance on bro-
adly applicable techniques, such as layer-wise post-training quantization, weight-only or
weight—activation quantization, and structured pruning or adaptation methods that operate
over standard Transformer blocks [[Frantar et al. 2023, [Lin et al. 20244, |Shao et al. 2024,
Sun et al. 2024a, Ma et al. 2023, [Kurtic et al. 2023]]. However, this generality can come
at the expense of deeper architectural understanding, as many works treat models as lar-
gely interchangeable and emphasize aggregate performance metrics rather than analyzing
how internal mechanisms influence compressibility [Lin et al. 20244, [Frantar et al. 2023,
Xiao et al. 2024, [Shao et al. 2024].

Only a smaller group of studies adopts architecture-aware design, lin-
king compression outcomes and runtime bottlenecks to attention structure, activa-
tion outliers, and KV-cache organization [Hooper et al. 2024} [Zirui Liu et al. 2023,
Liu et al. 20244, [Ashkboos et al. 2024, |Liu et al. 2024b, [Lee et al. 2024]]. These works
show that compressibility depends on architectural choices and memory/activation
behavior, so ignoring such dependencies can limit optimization [Ashkboos et al. 2024,
Liu et al. 2024b, |Hooper et al. 2024, Zirui Liu et al. 2023]]. Bridging this gap requi-
res adaptive, architecture-informed compression that accounts for structural diversity
and deployment constraints [Lin et al. 2024b| |(Guan et al. 2024 |[Shen et al. 2024], which
is essential for sustainable and maintainable use in complex Information Systems
[Lin et al. 2024b, Hooper et al. 2024} Ziru1 Liu et al. 2023| [Liu et al. 2024a].

Regarding Q7, the result demonstrates complete methodological convergence
across the reviewed literature, with all studies attaining the maximum score and evi-
dencing a collective shift toward multidimensional evaluation frameworks. This con-
solidation reflects the field’s maturation: researchers increasingly assess compression
efficacy not only through accuracy or perplexity but also through a broader suite
of system and deployment indicators, including latency, throughput, memory utiliza-
tion, and efficiency under constrained execution [Lin et al. 2024a, [Frantar et al. 2023,
Xiao et al. 2024, Shao et al. 2024, [Frantar and Alistarh 2023|Sun et al. 2024al|. This pat-
tern is particularly visible in works that explicitly tie compression to runtime beha-
vior, such as serving-oriented co-design and KV-cache optimizations, where memory
movement and kernel efficiency become central drivers of end-to-end performance
[Lin et al. 2024b, Hooper et al. 2024}, [Zirui Liu et al. 2023, [Liu et al. 2024al]. By quan-
tifying efficiency across both computational and operational dimensions, these studies
establish a coherent methodological standard that links model design choices directly to
practical implications for deployment and resource management [Dettmers et al. 2022,
Shen et al. 2024, |Ashkboos et al. 2024, [Liu et al. 2024b]].

However, this consolidation also reveals a limitation: metric uniformity can obs-
cure qualitative and contextual aspects of system performance. Most studies emphasize



hardware-level indicators while underrepresenting organizational and environmental di-
mensions such as long-term energy impact, carbon footprint, and cost-benefit trade-offs
[Lin et al. 20244, [Frantar et al. 2023, Xiao et al. 2024, [Shao et al. 2024]]. Even system-
oriented work rarely integrates maintainability, interpretability, or accessibility into eva-
luation protocols [Lin et al. 2024bl, Hooper et al. 2024, [Zirui Liu et al. 2023]]. Future re-
search should extend multidimensional evaluation beyond technical efficiency to in-
clude contextual and ethical dimensions, aligning compression assessment with sustaina-
ble and responsible Al needs in Information Systems [Lin et al. 2024b, [Liu et al. 2024a,
Shen et al. 2024]].

The analysis of Q8 exposes a persistent gap between the experimental ma-
turity of LLM compression methods and their real-world operational deployment,
as reflected in the modest average score of 0.57. While the technical literature
reports substantial progress in efficiency, accuracy preservation, and hardware- or
architecture-aware optimization, most studies stop short of validating these advan-
ces in production-scale contexts [Lin et al. 2024a, [Frantar et al. 2023| Xiao et al. 2024,
Shao et al. 2024, [Frantar and Alistarh 2023| Sun et al. 2024a]. Experimental evaluations
are typically conducted under controlled conditions using benchmark datasets and single-
node hardware configurations, which only partially reflect the constraints of enterprise-
scale or distributed environments [Frantar et al. 2023| [Lin et al. 2024a, Xiao et al. 2024,
Ashkboos et al. 2024, [Liu et al. 2024b]. Consequently, deployment is often framed as
a feasible outcome rather than an empirically validated setting, leaving open ques-
tions about maintainability, reliability under sustained inference, and interoperability
with serving stacks, monitoring, and data governance processes [Dettmers et al. 2022,
Hooper et al. 2024, [Zirui Liu et al. 2023, [Liu et al. 2024a]].

Although sustainability is a recurring motivation, long-term impact is still weakly
quantified. Most studies report efficiency proxies (latency, throughput, memory) but ra-
rely translate them into lifecycle-relevant indicators such as energy use, carbon proxies,
or cost—benefit trade-offs under sustained demand. These measures are also seldom con-
textualized within organizational ecosystems where maintainability and interpretability
shape total cost of ownership and risk. Future work should adopt deployment-oriented
protocols that pair system metrics with lifecycle-aware sustainability reporting to better
link compression gains to long-term organizational and environmental outcomes.

Beyond technical constraints, limited practical validation also reflects organizati-
onal and socio-technical barriers to real-world adoption. Deploying compressed LLMs at
scale requires not only algorithmic efficiency, but also alignment with security, privacy,
and sustainability requirements that are often underrepresented in research prototypes.
Production settings further demand monitoring, incident handling, and update strategies
that fit operational budgets and environmental targets. The lack of longitudinal evidence
on cost savings, energy reductions, and end-user impact reinforces the need for evaluation
frameworks that connect compression results to Information Systems practices and real
deployment constraints.

The results also indicate a methodological evolution in LLM compression rese-
arch, marked by the consolidation of quantization as a dominant approach for balancing
efficiency and model quality, and by an increasing emphasis on scalability, hardware adap-
tability, and deployment-oriented performance.



However, this maturity is uneven. Limited coverage of robustness, generaliza-
tion, and industrial or organizational feasibility is driven by technical, economic, and
socio-organizational constraints. High-confidence robustness assessment requires expli-
cit stress-testing, yet many studies rely on indirect indicators such as few-shot or zero-shot
performance, limiting cross-study comparability. Robust generalization assessment also
increases cost because it requires broader pipelines (multiple datasets, OOD settings, and
ablations), so secondary effects such as brittleness and sensitivity to prompt variation are
often left outside the primary scope.

Industrial feasibility is difficult to document because credible evidence requires
production-like validation, while real deployments often rely on proprietary data and in-
frastructure and face compliance constraints that limit publication of end-to-end results.
As aresult, despite progress in hardware-aware co-design and inference optimization, the
literature still reports limited production-grade validation and limited use of standardized
sustainability indicators that connect efficiency gains to measurable operational impact.
These gaps motivate future work that complements efficiency with replicable robustness
and evaluation under domain and distribution shifts, industrial case studies with opera-
tional metrics, and more consistent sustainability reporting for responsible adoption in
Information Systems.

Finally, while computational efficiency and hardware awareness are well esta-
blished, robustness and the preservation of reasoning and factual reliability remain un-
derexplored and are often treated as secondary objectives rather than core requirements.
Future work should therefore prioritize holistic compression strategies that make reliabi-
lity a first-class goal, enabling compressed LLMs to operate dependably in socio-technical
environments.

4. Conclusion

This systematic review consolidates the research landscape on LLM updates applied to
NLP, synthesizing 30 empirical studies. The findings demonstrate a methodological up-
date in efficiency optimization and trade-off analyses, particularly in the relationship
between accuracy and efficiency (Q1) and in the standardization of evaluation metrics
(Q7). Quantization-based methodologies have emerged as the most dominant and wi-
despread paradigm in the field. However, the research highlights opportunities for future
research, especially in the areas of robustness of compressed models (Q2), the effective-
ness of preserving intrinsic and extrinsic knowledge (Q4), and the industrial scalability of
solutions (Q8).

The evolution of the field points to a transition toward practical applicability,
where hybrid approaches and hardware-aware methods signal a growing focus on de-
ployment in production environments and computational sustainability. From a broader
perspective of Information Systems, these results highlight the socio-technical relevance
of LLLM specifications, which establishes a direct link between the technological effici-
ency achieved and the organizational adaptability required for sustainable innovation in
the context of large-scale basic Artificial Intelligence solutions.
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