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Abstract

Compression changes both the information retained by a large language model and the
resources required to complete a request. This narrative review examines quantization,
pruning and sparsity, knowledge distillation, low-rank factorization, and token, context,
and key—value cache compression for autoregressive text generation, principally with
decoder-only LLMs. Its central contribution is a synthesis of changes relative to each study’s
baseline, connecting compression mechanisms to capability and deployment choices. Four
numerical tables distinguish quality changes at stated compression budgets, distillation
gains over same-size students, and paired or independent deployment measurements.
Reporting is appraised by source identity, comparison conditions, measurement scope,
artefacts, and uncertainty. The reviewed cases illustrate how capacity constraints change
the feasible precision choices, how allocating a shared budget changes different task scores,
and how compact-model construction and request compression address complementary
resource demands. A deployment-validation sequence turns these findings into candidate
checks for a target workload. Remaining questions concern transfer across capabilities,
delayed use of compressed information, interactions between compression stages, and
complete-task cost, including agent interactions.

Keywords: large language models; model compression; quantization; pruning; knowledge
distillation; context compression; efficient inference

1. Introduction

Large language model (LLM) compression must preserve useful behaviour while
reducing the resources needed to deliver it. Autoregressive generation repeatedly accesses
W) Check for updates persistent weights and a key—value (KV) cache storing attention states from preceding
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select parameters or computation, and low-rank factorization restricts transformations to

smaller subspaces. Distillation supplies supervision through which a compact student

learns or recovers teacher behaviour [3]. Request-state and input compression extend these

decisions to history and prompt content [4-6]. Learned context representations provide a

further choice of information channel, while reasoning-output compression reduces the

trajectory generated to answer a question [7,8]. The categories overlap because a deployed

model can use a distilled architecture, quantized weights, and a compressed cache together.

Interpreting such combinations requires separating the object changed from the mechanism

used to change it.

Existing reviews provide substantial coverage of this landscape. Zhu et al. survey the

four model-compression families together with metrics and benchmarks [3]. Wan et al.

review efficient LLMs from model, data, and framework perspectives, covering com-

pression alongside training, adaptation, and serving [9]. Zhou et al. organize inference

optimization at data, model, and system levels and include comparative experiments on

representative techniques [10]. Li et al. organize KV management at token, model, and

system levels [11]. Chen et al. examine quantization across the model lifecycle and its

kernel implementation, while the on-device survey by Chen et al. connects compression

to system optimization and accuracy-latency—energy—-memory evaluation [12,13]. Li et al.

further organize prompt compression into hard and soft approaches [14]. Table 1 selects

surveys spanning broad model compression, inference efficiency, numerical representation,

request state, and prompt compression. This coverage provides complementary reference

points for the review’s main contribution: a synthesis that links compression mechanisms to

source-relative quality costs, measured resources, and deployment choices. The organizing

fields are the object changed, the capability evaluated, and the resource measured.

Table 1. Positioning relative to selected surveys, summarized by their organizing emphasis.

Review

Organizing Emphasis

Role in This Review’s Positioning

Zhu et al. (2024) [3]

Compression families, metrics, and
benchmarks

Broad methodological foundation

Wan et al. (2024) [9]

Model-, data-, and
framework-centric efficiency

Broad efficiency landscape
spanning training and inference

Zhou et al. (2024) [10]

Data-, model-, and system-level
inference optimization;
comparative experiments

Inference bottlenecks and
interactions across optimization
levels

Li et al. (2025) [11]

Token-, model-, and system-level
KV management

Detailed request-state perspective

Chen et al. (2026), quantization [12]

Quantization lifecycle and
hardware execution

Numerical representation and
kernel perspective

Chen et al. (2026), on-device [13]

Compression, systems, and
multi-resource evaluation

Deployment and
evaluation perspective

Li et al. (2025), prompt compression [14]

Hard and soft prompt compression

Input and
learned-representation perspective

This review

Mechanisms, source-relative quality
evidence, and execution scope

Budget allocation, student recovery,
and deployment checks

Two interpretation problems motivate that sequence. First, equal nominal compression

levels can conceal different approximations. A sparse pattern constrains which values can

survive; a composite representation divides storage among a backbone and corrections.

Second, a resource result can describe a different setting from its associated quality test.
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Palu’s cache representations and QServe’s format—system co-design demonstrate why state
size, reconstruction, and implementation must be considered together [5,15]. Capability evi-
dence has its own scope: The Pitfalls of KV Cache Compression finds unequal effects across
instruction categories, and ACBench tests compressed models on task families including
interactive behaviour [16,17]. Context-compression evaluations likewise distinguish task
scores from grounding, entity retention, and precise recall [18,19]. These findings motivate
a capability profile matched to the intended use.

The synthesis proceeds from a method map, through reported trade-offs, to candidate
checks for a target workload:

1. A map of compression targets and interventions. The compression-target map locates
interventions on model parameters, structure, activations, input representations, KV
state, and generated reasoning within preparation and inference. Teacher supervision
appears separately as a way to construct or recover a model. Sections 3-7 explain the
corresponding approximation choices and execution requirements.

2. Source-relative quantitative evidence. The quantitative synthesis relates compression
budgets to quality changes and distinguishes paired from independent deployment
measurements. Distillation comparisons evaluate teacher-guided improvements over
same-size students, with model-size savings referenced to the teacher. Together, they
separate representation loss, student recovery, and execution benefit.

3.  Constraint-based candidate checks. The deployment checklist maps eight appli-
cation constraints to interventions, access requirements, and minimum measure-
ments. Section 8.3 applies these checks to a reported hardware and workload setting;
Section 8.4 draws out their implications for capacity screening, capability-based allo-
cation, and combined model/request compression.

Figure 1 outlines the review’s progression from compression mechanisms to deploy-
ment choices. Section 2 establishes the scope, taxonomy, and comparison criteria for the
reviewed literature. Sections 3-6 examine quantization, pruning and sparsity, distillation,
and low-rank factorization; Section 7 extends the analysis to inputs, context, the KV state,
and generated reasoning. Section 8 combines this evidence to assess method combina-
tions under quality, capacity, and latency constraints. Sections 9 and 10 present the open
challenges and principal conclusions, respectively.

Survey structure ‘

[ 1 Introduction ‘ [ 2 Scope, Taxonomy, and Comparison Criteria ‘
NP t X 5 Knowledge Distillation
\ 3 Quantization ‘ \ 4 Pruning and Sparsity ‘ \ and Compact Models ‘
i i 5.1-5.3 Supervision and
3.2 Weight-only quantization 4.2 Unstructured pruning training objectives
33 Weight-and-activation p 5.4 Instruction and
quantization - B reasoning transfer
34 Extreme low-bit and i 55 Heterogeneous students
structured weights &) STy and deployment roles
35 KV-cache quantization 45 Input-dependent sparsity
6 Low-Rank Factorizati 7 Token, Context, and 8 Combined Compression
W 2o KV-Cache Compression and Deployment Trade-offs
6.1-6.3 Objectives and 7.2 Input selection 8.1 Mechanisms and
rank allocation and summarization compression order
6.4 Decomposition and 73 Learned context 8.2 Combined-method
cross-layer sharing representations evidence
6.5 Low-rank compression 7.4-7.5 KV selection, merging 8.3 Quality, capacity
for MoE models and representation and latency constraints
7.6 Reasoning compression 8.4 Cross-method findings
and length control for deployment selection

i 9 Open Challenges and Future Directions ‘

I I I
9.1-9.2  Capability and 9.3 Joint compression 9.4-9.5 Execution cost and
context retention under coupled budgets agent evaluation

[ 10 Conclusions J

Figure 1. Organization of the review with selected subsection themes. Number ranges group related
subsections.
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2. Scope, Taxonomy, and Comparison Criteria
2.1. Scope of the Review

This narrative review examines compression for autoregressive text generation, prin-
cipally with decoder-only LLMs. The core families are quantization, pruning and spar-
sity, knowledge distillation, and low-rank factorization. The scope extends to input text,
learned context representations, KV state, and generated reasoning length because they
change the resources required to complete a request. Earlier encoder and encoder-decoder
studies provide methodological origins, and MoE examples clarify stored versus active
capacity. Recovery training and assisted decoding are discussed as roles within compres-
sion pipelines; agent tasks appear as a future application in Section 9.5. General training
acceleration, parameter-efficient adaptation, multimodal architectures, and unrestricted
test-time-compute optimization fall outside the main taxonomy.

2.2. Literature Search, Study Selection, and Bias Control

The literature search covered publications from 2023-2026 in Scopus, Web of Science,
and arXiv, supplemented by citation searching and reviewer recommendations. Selected
earlier studies provided methodological background. Retained records document thematic
searches on 28 and 30 September 2026 and a targeted update on 12 October 2026. Examples
include “KV cache compression eviction merging LLM”, “prompt compression information
preservation”, and “large language model quantization rotation 2025 2026”. These examples
are topic queries used in the search and update process. Publisher pages, proceedings, and
author repositories supplied source identification and technical evidence.

Eligibility required an identifiable source explaining a compression mechanism, re-
tained capability, resource use, or a relevant deployment condition. Original studies
supplied technical evidence; surveys and foundational works supported positioning and
methodological context. Duplicate versions and studies outside these criteria were excluded.
Two authors screened the literature, with disagreements resolved through discussion and
adjudication with the third author. Titles, DOIs, and arXiv identifiers linked versions
of a study across chapters. Both published papers and preprints were eligible. Formal
publication records established bibliographic identity where available, while the version
inspected supplied the numerical evidence; material version differences are identified with
the corresponding results.

Figure 2 summarizes the initial screening round. The searches identified 689 records:
247 from Scopus, 74 from Web of Science, and 368 from arXiv. Removing 77 duplicates left
612 records for abstract screening. After 448 exclusions, 164 reports underwent full-text as-
sessment, of which 82 were excluded using the scope and relevance criteria above. Citation
searching added 20 reports and reviewer recommendations added 3; all 23 were retrieved
and assessed. The two routes yielded 105 included publications. The bibliography also
contains supporting references and papers added in the numerical update described below.

Selection bias was addressed through complementary discovery routes, shared scope
and relevance criteria across method families, and reconciliation of multiple versions of the
same work. To limit selective interpretation, the synthesis considers reported quality losses,
failure conditions, and preparation costs alongside resource savings.

The numerical tables were expanded retrospectively during revision, with source
checks through 13 October 2026. The update selected cases from the covered method
families with identifiable models, configurations, metrics, and source baselines, and it
then inspected original method papers for deployment observations. Quantization and
pruning quality cases prioritize Llama 2-7B to reduce architectural variation; student and
request-compression blocks retain their source models because teacher—student pairs and
request interfaces define the experiment. Severe quality losses and missing deployment
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Identification
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|

Screening

results remain visible. Cases lacking a usable baseline or a clearly defined resource were
omitted from the corresponding relative comparison. This selection illustrates mechanisms
and trade-offs across practical budgets.

The targeted literature-search cut-off is 12 October 2026; the numerical source registry
was consolidated on 14 October 2026. Supplementary Evidence S1 identifies the publication
record and the extraction version separately, with the source URL, result location, and
checksum of the inspected PDFE. Publisher-issued online-first articles count as published.
A formal version is preferred when it contains the selected result; a retained arXiv version
is identified explicitly when it supplies that result. Later revisions require a new record
and recalculation of the affected comparison rather than replacement of isolated values.
The registry covers the current numerical synthesis.

Identification of studies via databases ] [ Identification of studies via other methods
Records identified (2023—-2026): Records removed before
Scopus (n = 247) screening: Records identified from:
Web of Science (n = 74) Du Iicateg.records Citation searching (n = 20)
arXiv (n = 368) 977 Reviewer recommendations (n = 3)
Total (n = 689) (n=77)
Records screened by abstract Records excluded Reports sought for R?[_)ortsdnot
(n=612) (n = 448) retrieval (n = 23) E‘; Qea’)e
Reports assessed for Full-text reports excluded Reports assessed for
eligibility (n = 164) (n=82) eligibility (n = 23)
Studies included in review
(n=105)

llncluded‘ |

Figure 2. Literature identification and selection for this narrative review. The two routes distinguish
database/repository searches from citation searching and reviewer recommendations. Counts refer to
records before screening and to retained publications after version reconciliation. The layout adapts
PRISMA 2020 flow-diagram conventions [20] (CC BY 4.0).

2.3. Compression Objects and Method Relationships

Compression objects and mechanisms are separate classification axes. Weights and
KV states can each be quantized or factorized; pruning removes parameters or structures,
while dynamic sparsity reduces the active subset. Distillation supplies supervision for con-
structing or recovering a compact model. Figure 3 separates persistent model parameters
and structure from request-dependent information and generated output, with teacher
supervision above the inference flow. Their compression effects are expressed through
reduced representation, stored or active structure, retained history, or generated trajectory.

Persistent parameters and request-dependent state create different resource demands.
Section 3.5 covers numerical KV representation; Section 7 covers retained positions, features,
input evidence, and output length. These interventions require access ranging from a text
interface to model weights, caches, or attention kernels. Execution optimizations provide a
complementary layer: Paged Attention changes KV allocation and sharing, FlashAttention-
2 changes attention work partitioning, and batching or offloading changes scheduling
or placement [1,21-23]. They can improve execution without discarding represented
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B Persistent model

Optional teacher supervision

information. We discuss them where they explain whether a compressed representation
produces a measured deployment benefit.

B Request input / state W Generated output

Distillation / recovery KV cache

Precision / selection / merging / rank

Input / context

Model Generated output

Weight precision / sparsity / rank
Channel, head or layer removal

Text selection / summary
Learned representations

I

Activation precision Reasoning-length control

Figure 3. Compression targets in autoregressive generation. Blue denotes persistent model parame-
ters and structure, teal denotes request-dependent inputs and states, and amber denotes generated
output. Optional teacher supervision supports model construction or recovery. Solid arrows show
inference data or state flow; dashed arrows show preparation. Labels identify interventions at
each target.

2.4. Quality, Resources, and Comparable Evidence

Quality measures probe different properties. Reconstruction error measures a local
approximation, perplexity (PPL) evaluates token prediction, and downstream scores test
selected capabilities. Context evaluations additionally examine grounding, entity preser-
vation, and precise recall [18,19]; output-compression studies pair answer correctness
with actual generated length. Comparisons retain the model, data, metric, and source
baseline. A configuration comprises its checkpoint, precision or structural budget, calibra-
tion/recovery procedure, and evaluation protocol. Source-relative changes express each
result against its study’s baseline, with task and runtime fields specifying its relevance to
an application. Comparisons across sources retain differences in calibration, recovery, and
evaluation protocols.

Table 2 summarizes the resource terminology used in the synthesis. Resource account-
ing distinguishes parameter count, stored weight bytes, KV payload, and peak process
memory. Parameter count excludes precision; stored bytes include the representation and
its metadata; process memory also includes buffers and runtime allocation. For any stated
resource, the retained fraction is p = R./Rj, the removed fraction is 1 — p, and the compres-
sion factor is 1/p. Thus, a 4x factor means 25% retained and 75% removed. Preparation
includes calibration, decomposition, teacher generation, and recovery. Online selection,
reconstruction, and budget estimation belong to request cost; offline document encoding
and index storage have separate time and storage budgets.

Time to first token, time per output token, complete-request latency, and aggregate
throughput use different timing boundaries. Input length determines prompt work and
initial state; output length determines decoding steps and subsequent cache growth; batch
size changes weight reuse and concurrent state occupancy. Deployment results retain these
variables together with hardware, runtime, and baseline. Section 8.2 applies the distinctions
to hybrid cases, and Section 8.3 connects them to candidate checks.

The quantitative synthesis uses the following transformations. For a resource amount
R, the reduction is 100(1 — R./Ry); for latency T, speedup is T,/ T;; for throughput V,
speedup is V./Vj. Relative perplexity change is 100(PPL./PPL;, — 1), and task change
is A; — Ap. Subscripts b and ¢ denote the stated reference and evaluated configuration.
For distillation, parameter savings use the teacher as reference, whereas quality changes
use the same-size supervised fine-tuned (SFT) student. Accuracy and win-rate differences
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use percentage points; ROUGE-L and LongBench differences use score points. These
transformations retain the original metric and baseline within each experiment.

Table 2. Resource terminology used throughout the synthesis. Subscripts b and c denote baseline and
compressed configurations.

Term

Definition and Accounting Boundary

Retained /removed fraction

o = R:/Ry/1 — p, for the named resource.

Compression factor

Ry /Rc = 1/p; 4x means 25% retained.

Nominal bit width/effective bits

Quantizer code width/8Bgored / Noriginal; the latter includes reported metadata
and exceptions.

Parameter count/weight bytes Number of stored parameters/bytes for their representation, including metadata.

KV payload/peak memory

Retained key—value representation/maximum process allocation, including
weights, cache, and runtime buffers.

Target/actual retention

Requested budget/observed retained positions or generated tokens relative to the
stated reference.

Nominal/ideal /measured

Configured budget/representation calculation with stated exclusions/observed
quantity under a specified workload.

Method citations identify originating papers; table notes identify the studies supplying
quality comparisons. Positive perplexity changes and negative task-score changes indicate
losses. S denotes a separate deployment experiment and P denotes paired quality and
execution measurements. Resource entries distinguish measured savings, nominal budgets,
ideal payloads, and analytical estimates. Ideal weight/KV payloads exclude metadata and
higher-precision exceptions; weight-format estimates use reported effective bits. Kernel,
block, model, and serving results retain their execution labels, including simulations.

2.5. Evidence Quality and Reproducibility Appraisal

The numerical synthesis is appraised along five reporting dimensions: (i) source iden-
tity, version and result location; (ii) the model, configuration, preparation, and comparison
baseline; (iii) the resource boundary, hardware, runtime, and workload; (iv) reported code,
checkpoints, or configuration artefacts; and (v) repetitions, seeds, and uncertainty. Fields
are treated as reported, partly reported or unreported according to the information needed
to interpret the selected result. These judgments remain dimension-specific: a code link
documents an artefact route, while baseline and measurement details determine the scope
of a comparison.

Supplementary Evidence S1 records the 63 quality configurations in the four numerical
tables and their associated deployment cases. It separates method-origin citations from
result-supplying studies, preserves baseline and compressed values, and records source-
specific protocols and reporting gaps. The source appraisal and the kernel, block, model, or
serving boundary provide an operational description of evidence coverage. A reported
code link establishes an access route; replication on the intended workload remains a
separate validation step.

Applying these checks changes the interpretation of several cases. DistiLLM reports
means and standard deviations over five evaluation seeds for the OpenLLaMA2 compar-
ison; the distillation synthesis uses changes in those means [24]. CALDERA’s selected
rank—precision comparison supplies point estimates without uncertainty for the observed
task reversal [25]. GPTQ’s OPT-175B decoding comparison changes the GPU count from
five to one, so the gain includes placement effects [26]. OptiShear describes its CUTLASS-
based latency evaluation as simulation, which remains explicit in the pruning synthesis [27].
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QServe maximizes batch size separately by configuration, making its result a throughput-
capacity comparison [15].

Artifact reporting also varies. QulP# supplies code and prequantized-model links,
while the inspected Tyr-the-Pruner version describes a future release [28,29]. Missing work-
load fields remain NR, quality-only cases retain an empty deployment entry, and separate
experiments retain S. Small differences without uncertainty are interpreted descriptively.
These checks guide the synthesis and the deployment-validation sequence in Section 8.3.

Uncertainty can arise from calibration sampling, generation seeds, prompt templates,
benchmark samples, and evaluation-harness versions. Runtime also depends on warm-up,
clocks and thermal state, CUDA and kernel versions, memory allocation, batching, and
scheduling. Missing records for these factors limit claims about small gains and transfer
between systems. Available repetitions and dispersion are preserved in Supplementary
Evidence S1; absent variance is not reconstructed from rounded means.

3. Quantization

Quantization allocates a bit budget through error compensation, coordinate trans-
formations, and richer representations for sensitive values. These choices affect retained
quality and the operations needed to execute the compressed model. The following sections
connect them to weights, activations, and cached attention states.

3.1. Scope and Design Dimensions

The compressed object determines the immediate resource effect. Weight-only quanti-
zation changes parameter storage while keeping activations at higher precision; weight-and-
activation quantization also changes operands used in selected arithmetic operations; and
KV quantization changes the persistent keys and values used during generation [2,26,30].
Labels such as W4A16 and W4A8KV4 identify nominal tensor precisions. Accumulators,
exceptional values, and operators outside the quantized path can retain different precisions.

Figure 4 contrasts precision reduction with changes to connectivity and subspace
dimension. Quantization changes the values representable in each entry, while preserving
the tensor shape in this schematic.

A uniform scalar representation rounds a value onto a scaled grid as in Equation (1):

g(x) = clip(round(x/S) +2,0,2" - 1>/ X =s(q(x) - z), @

Here, s > 0 is a quantizer scale, z an integer zero point, and b the code width.
The notation is generic: scales and zero points may be assigned per tensor, channel, or
group, depending on the quantizer. Scale selection depends on calibration and the quantizer
objective. Smaller groups adapt the grid to local distributions at the cost of metadata. Non-
uniform scalar quantizers learn reconstruction values, while vector codebooks encode
groups jointly [31,32]. For N weights stored in By bytes, begs = 8Bw /N counts codes,
scales, codebooks, sparse side information, and packing/alignment padding. Source-
reported average rates retain their stated accounting convention. Activations, caches, and
workspaces contribute separately to inference memory.

Preparation changes different variables across methods. Post-training quantization
(PTQ) may optimize clipping or transformation parameters, as OmniQuant does through
block reconstruction [33]. Quantization-aware training (QAT) adapts parameters under sim-
ulated quantization: LLM-QAT uses teacher-generated examples and distillation, with data-
free meaning independence from the original training corpus [34]. EfficientQAT first opti-
mizes all parameters within blocks and then tunes quantization step sizes end to end with
the other parameters fixed [35].
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a Precision: quantization b Connectivity: sparsity ¢ Dimension: low rank
High-precision values Irregular zeros Replace one matrix with two factors
——— 9o 9o —9o —0o —0 —0 > ]ndividua]
weights removed
Local 2:4 pattern W ~ Al X B
Two retained
} } } } — o __—_ pergroup of four
0 ) ! . 2 J Structured deletion mXxn mxr rxn
Reconstruction: @ = s(q — z) - - .
1 Smaller
i — dense sl — r(m+n) t
Values change; tensor shape is preserved. : | dense shape mn P 1) parameters
Saving requires r(m + n) < mn.
Cost: rounding / clipping error Cost: removed connections Cost: subspace approximation

Figure 4. Three mathematical interventions and their approximation costs. (a) Quantization maps
high-precision values to discrete codes. The unsigned codes 0-3 illustrate b = 2, consistent with
Equation (1); s and z denote a scale and zero point in reconstruction. Tensor shape is preserved.
(b) Individual zero entries, local 2:4 groups, and channel deletion impose different structural con-
straints. Filled cells are retained; the dashed region marks removed channels. (¢) A rank-r factorization
replaces W € R"™*" with AB. The parameter-count reduction shown excludes any correction residual
or metadata. Values, dimensions, and patterns are illustrative.

3.2. Weight-Only Quantization

Weight-only quantization targets storage and weight traffic, particularly in batch-one
decoding [26,31]. Three approaches to retaining quality are reconstruction, activation-aware
scaling, and sensitivity-weighted representation.

GPTQ (OPTQ in the final ICLR paper) minimizes local output error on calibration
inputs. Second-order reconstruction information compensates unquantized weights after
each rounding step, with shared ordering, block updates, and a Cholesky reformulation
enabling LLM-scale processing [26]. AWQ instead uses activation statistics to select channel
scales, with compensating weight/input transformations preserving the linear map before
rounding [36]. Its final representation protects salient channels through scaling without a
separate FP16 branch or gradient-based weight reconstruction.

SqueezeLLM uses diagonal Fisher information to weight non-uniform clustering
and optionally retains outliers and sensitive weights in an FP16 sparse component [31].
The additional representation capacity costs stored values, locations, and lookup tables.
These sparse entries preserve selected weights, giving sparsity a different role from removal
during pruning.

SqueezeLLM compares representations at the same reported average bit rate.
For LLaMA-7B on C4, FP16 perplexity is 7.08. At 3.24 average bits, SqueezeLLM with a
0.45% sparse component gives 7.56, GPTQ 7.89, and AWQ 7.90 (Table 1 in [31]). GPTQ
and AWQ use groups of 128 weights, and GPTQ includes activation ordering. The source
evaluates them with its common perplexity protocol, using official AWQ checkpoints or
code; calibration remains method-specific. SqueezeLLM estimates sensitivity from 100 sam-
ples. These conditions support a comparison of complete representations at a reported rate,
with lower perplexity for the dense-and-sparse design in this experiment.

Execution depends on the operations required by each representation. AWQ supplies
TinyChat, while SqueezeLLM supplies lookup and sparse kernels; QServe examines the
cost of dequantization when serving at larger batch sizes [15,31,36]. A representation that
preserves quality efficiently in bits still needs an execution path suited to its codes and
exceptional values.
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3.3. Weight-And-Activation Quantization

Large activation values stretch a uniform quantizer’s range, leaving fewer useful
reconstruction levels for typical values. SmoothQuant transfers part of this difficulty into
weights through channel scaling. Using column-wise input samples X and W € Rout*in
throughout, an invertible input-channel diagonal matrix S gives WX = (WS)(S1X).
This preserves the unquantized linear map while changing both operand distributions.
SmoothQuant selects this balance to enable W8A8 computation [30]. The mechanism is a
redistribution of range, so the scale choice determines how much quantization difficulty
each operand carries.

OmniQuant jointly optimizes clipping and equivalent transformations through block
reconstruction for weight-only and weight-activation quantization [33]. The optimized
range and coordinate system determine the distributions seen by the quantizers.

Rotations distribute extreme coordinates across a transformed space. QuaRot combines
computational invariances with Hadamard transformations; SpinQuant learns selected
rotations while retaining online Hadamard operations [37,38]. FlatQuant uses learned
affine transformations parametrized through Kronecker products and implements them
with kernel fusion [39]. The practical distinction is where a transformation can be absorbed
into parameters and where it must operate on incoming activations. Greater freedom in
the transformed representation can therefore bring preparation work or online operations,
even when the main matrix operands share the same nominal precision.

Preserving exceptions provides another response to outliers. QUIK routes most chan-
nels through low-bit computation and selected outliers through higher precision, with ded-
icated kernels [40]. Atom combines mixed precision with channel reordering, group-wise
representation, and dynamic activation quantization for serving [41]. These designs retain
a heterogeneous numerical path where distributing outliers across coordinates would use a
different path.

3.4. Extreme Low-Bit and Structured Weight Representations

At very low rates, AQLM represents weight groups as sums of learned codebook
vectors. Discrete assignments, codebook optimization, and block adjustment fit the repre-
sentation [32]. QulP# combines randomized Hadamard transforms, block-wise compen-
sation, and lattice codes; QTIP uses trellis coding to link reconstruction choices across a
code sequence [28,42]. These structured representations trade richer reconstruction choices
against codebook or decoding costs.

3.5. KV-Cache Quantization

Cache quantization addresses a state that expands with requests and retained con-
text. For a homogeneous decoder with unpadded sequences of the same retained length,
the approximate payload is given by Equation (2):

My ~ BLT Hygy dy @ bytes, @)

Here, B counts sequences, L layers, T retained tokens per sequence, Hxy heads shared
by keys and values, and dj, dimensions per head; by, by are bits per key/value element.
For unequal lengths, replace BT by Y2 | T;. The equation counts one copy of the unpadded
payload; metadata, protected high-precision regions, tensor-parallel replication, alignment
padding, and allocator fragmentation add storage. For example, B =1, L = 32, T = 4096,
Hyy = 32,d;, =128, and bx = by = 16 give 231 bytes (2 GiB). Quantizing both tensors to
4 bits gives 0.5 GiB of ideal payload at the same dimensions.
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Keys and values need not share a quantization layout. KIVI uses per-channel keys and
per-token values together with a higher-precision residual region [2]. KVQuant applies
per-channel key quantization before rotary positional encoding and combines calibrated
non-uniform representation with sparse outlier treatment [43]. Both exploit differences
between the stored tensors, but they allocate precision through different representations
and exception handling.

The streaming update policy adds another design axis. SKVQ combines channel
reordering and clipped dynamic quantization with a recent window retained at higher
precision [44]. MiniKV couples low-bit representation to persistent context selection and
a compatible attention implementation [45]. Quantization alters the values of retained
states; selection removes states from future attention. Their combination changes both
representation fidelity and accessible history. Section 7 develops this latter distinction
alongside merging, low-rank caches, and input compression.

3.6. From Compressed Formats to Executable Inference

Two execution problems recur: converting stored codes into arithmetic operands and
organizing work around the target processor. QServe coordinates W4A8KV4 with progres-
sive quantization and data layouts that reduce dequantization overhead in serving [15].
FLUTE targets lookup-table-quantized weights by restructuring them offline, vectorizing
table access, and fusing dequantization into GPU matrix multiplication [46]. Both make
representation decoding part of the matrix-operation design rather than an independent
preprocessing step.

Other systems exploit the mathematical structure of their codes. LUT-GEMM uses
binary-coded weights and lookup of reusable partial products with higher-precision acti-
vations [47]. T-MAC adapts bitwise decomposition and lookup layouts to CPU memory
and register resources [48]. Quant-LLM’s FP6-LLM design uses specialized packing and
conversion for low-bit floating-point computation on GPUs [49].

Workload shape determines which path is attractive. Larger batches reuse weights
more extensively, whereas additional sequences and longer contexts enlarge the KV state.
Prefill and decoding also expose different matrix shapes. LLMC provides facilities for
organizing compression configurations and evaluation [50].

3.7. Quantization Trade-Offs and Open Issues

Table 3 groups 20 quantization configurations into weight-only, weight-activation
and joint weight-activation-KV cases. It reports source-relative changes in WikiText-2
perplexity and zero-shot accuracy, estimated weight-storage savings, and independent
deployment results. Task codes link each quality comparison to its source; memory entries
report running or peak memory, with block memory explicitly labelled.

In the AMQ-source weight-only group, GPTQ, AWQ, and AMQ imply approximately
75% weight-storage reduction, while their relative perplexity increases range from 3.8% to
11.3%. In the DuQuant-source W4A4 group, DuQuant and SmoothQuant show increases of
14.8% and 1419.6%, respectively. SmoothQuant's original W8AS8 decoding result concerns
a different precision. The W4A4 comparison shows that large quality differences remain
between methods with the same nominal bit budget.

The deployment reports show where implementation benefits have been measured:
GPTQ at whole-model decoding, AQLM at matrix-vector multiplication, and QuaRot and
OSTQuant at transformer blocks. They guide selection of an execution path for a quality-
qualified representation. Extending activation or KV quantization beyond weight-only
storage also changes arithmetic or state access, motivating the distinct configuration groups
in Table 3.
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Table 3. Quantization: weight-storage savings and quality changes for Llama 2-7B relative to each source’s FP16 baseline, alongside independent deployment results.

Quality/Storage Case Independent Deployment (S)
Method/Configuration Weight Storage Saving APPL (%) Atask (pp) Result/Tested Configuration
Weight-only
GPTQ [26] 75.0% (ideal) +11.3 —1.94 A6 3.24x decode
W4; group NR OPT-175B; W3; batch 1; out 128
FP16: 5 A100s; W3: 1 A100
AWQ [36] 75.0% (ideal) +6.6 —1.39 A6 3.73x generation
W4; group NR TinyChat vs. HF FP16; RTX4090
Batch 1; in/out 4/200
AMQ [51] 75.0% (reported bits) +3.8 —1.20 46 Up to 2.67x decode
avg. W4.0 g128 L2-7B; bit sweep; L40S
SqueezeLLM [31] 73.3% (format) +1.8 - Peak memory | 68.5%; 1.70x speed
W4 A16 + 0.45% side L1-7B; A6000; batch 1; out 128
AQLM [32] 74.8% (format) +1.8 —0.23 Qe 1.57 X matvec
W~4 Al6 L2-7B; 2-bit; RTX3090
QulP# [28] 75.0% (ideal) +1.4 +0.13 Q4 3.21x generation
W4 Aleé L.2-7B; W2; RTX4090
Weights and activations
SmoothQuant [30] 75.0% (ideal) +1419.6 —19.20 be 1.34x decode; mem. | 47.4%
W4 A4KV - OPT-30B; W8AS; A100
Batch 1; length 512
OS+ [52] 75.0% (ideal) - —16.57 5 1.51x generation
W4 A4KV - OPT-13B; W8AS; hardware NR
OmniQuant [33] 75.0% (ideal) +160.7 —12.34 D6 1.94x decode; mem. | 60.4%
W4 A4KV - L1-7B; W4A16; A100
AffineQuant [53] 75.0% (ideal) +132.0 —11.08 6 -
W4 A4 KV -
QLLM [54] 75.0% (ideal) +114.8 —10.63 P> 1.96 x sequence throughput
W4 A4 KV - L1-7B; W4A4; RTX3090; length 2048
DuQuant [55] 75.0% (ideal) +14.8 —3.15 D6 1.93x prefill; mem. | 68.7%
W4 A4 KV - L2-7B; batch 1; RTX3090
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Table 3. Cont.

Quality/Storage Case Independent Deployment (S)
Method/Configuration Weight Storage Saving APPL (%) Atask (pp) Result/Tested Configuration
Weights, activations and KV cache
QuaRot [37] 75.0% (ideal) +11.5 —4.78 F6 2.16x block prefill
W4 A4 KV4; GPTQ L2-7B; RTX3090; batch 64; length 2048
SpinQuant [38] 75.0% (ideal) +9.0 —3.56 Fé 2.77x decode
W4 A4 KV4; GPTQ L3-8B; W4AS8; M1 Pro CPU
OSTQuant [56] 75.0% (ideal) +8.2 —3.217F6 2.14 % block; block mem. | 65.0%
W4 A4 KV4; GPTQ L2-7B; RTX3090; batch 4; length 2048
FlatQuant [39] 75.0% (ideal) +5.7 —2.32F6 2.30x prefill; 1.76 x decode
W4 A4 KV4; GPTQ L2-7B; RTX3090; batch 64
In/out 2048 /256; vs. FP16
FPTQuant [57] 75.0% (ideal) +11.0 —3.35F6 2.8-3.9x block prefill
W4 A4 KV4; GPTQ Model sweep; RTX3080Ti
Batches 1/16; length 1024
Atom [41] 75.0% (ideal) +11.9 —925Q 3.40x GEMM
W4 A4 KV4 g128 W4A4; batch 512; RTX4090
QoQ (QServe) [15] 75.0% (ideal) +3.7 -1.039% 5.39 x max. throughput
W4 A8 KV4 g128 L2-7B; L40S 48GB; in/out 1024 /512
Vs TensorRT-LLM FP16; max. batches
AWQ (adapted) [15,36] 75.0% (ideal) +6.6 - -

W4 A8 KV4 g128

Bold labels identify headings and configuration groups. |: decrease in the named resource or rate. Source status/versions: Supplementary Evidence S1. Quality sources: A6 [51];
D5/D6 [55]; F6 [57]; Q4c [28]; Q5/adapted AWQ [15]; SqueezeLLM [31]. All task means are zero-shot. A6/D6 use ARC-e/c, PIQA, HellaSwag, WinoGrande, and BoolQ; D5/Q5 omit
BoolQ; F6 replaces BoolQ with LAMBADA; Q4c averages ARC-e/c, PIQA, and WinoGrande. L1/L2/L3: LLaMA /Llama 2/Llama 3; HF: HuggingFace; NR: not reported; —: unavailable.
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Quantization changes numerical precision, while pruning changes which connections,
structures, or computations remain. Section 4 examines how that choice affects capabil-
ity retention and the conversion of sparsity into executable savings under the intended
workload.

4. Pruning and Sparsity

Sparsity granularity determines which information can survive and how the result can
run. Individual-weight selection permits fine control, structural deletion produces smaller
dense operators, and input-dependent selection changes active computation. The evidence
below connects these choices to quality, preparation, and execution.

4.1. Sparsity Targets, Granularity, and Accounting
Static weight pruning applies a binary mask M to W € R¥ut*din a5 in Equation (3):

— [Wsllo
doutdin’

Ws=MOW, sy=1 (3)

Here, ® is element-wise multiplication and || - ||p counts nonzeros; sy is the zero
fraction of this matrix. Unstructured masks choose individual entries, semi-structured
masks constrain local groups, and structured deletion removes channels, heads, or layers
together with their dependent parameters [58-60]. We use N:M to mean at most N nonzeros
in each designated group of M entries. The grouping direction remains part of the pattern.
Figure 4b illustrates how irregular zeros, a local 2:4 mask, and channel removal impose
different structural constraints. A zero fraction within selected linear layers also differs
from the fraction of all model parameters removed.

Input-dependent sparsity changes the selected subset at a token, sequence, or batch
time scale [61-63]. It can leave parameter storage intact while reducing activity. Static
zeroing also leaves dense allocation intact unless the representation changes: sparse storage
adds indices or masks to surviving values, whereas structural deletion yields reduced
dense dimensions. Thus, the key distinction is between reducing stored capacity, reducing
the active subset, and changing the shape of the computation.

4.2. Unstructured Weight Pruning and Error Control

Pruning one weight changes a layer’s output in a way that other weights may partly
compensate. SparseGPT uses calibration inputs and second-order information to make
such compensation part of pruning [58]. The underlying reconstruction problem can be
written as Equation (4):

min |[WX — WX||? subjectto ||[W|o <k, 4)
W

with calibration inputs in the columns of X and nonzero budget k. Approximate updates,
shared column processing, and adaptive mask selection make the problem manageable.
The calibration-input Gram matrix supplies information about this local loss, rather than
the full training Hessian. Surviving weights can consequently change even though the
procedure does not retrain the model end to end.

Wanda spends less preparation effort on correcting values. It ranks weights within

each output channel using |W;;|[|X;.||2, combining weight magnitude with the magnitude of
the corresponding input feature [64]. The selected weights keep their values. This contrast
separates two uses of activation evidence: Wanda uses it to decide what to remove, while

SparseGPT also uses it to adjust what remains. Both depend on the calibration distribution.
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The pruning budget can be allocated across layers as well as within them. OWL assigns
non-uniform layer-wise ratios using outlier distributions and can accompany an existing
pruning rule [65]. ALPS instead changes the reconstruction solver: operator splitting
optimizes support and surviving weights, followed by conjugate-gradient refinement [66].
Layer allocation and sparse reconstruction therefore provide complementary controls over
a model-wide budget.

The Wanda experiments distinguish the effect of weight selection from that of sparsity
constraints. For LLaMA-7B on WikiText, dense perplexity is 5.68. At 50% unstructured
sparsity, magnitude pruning gives 17.29, SparseGPT 7.22, and Wanda 7.26. Under a 2:4
constraint, SparseGPT and Wanda give 11.00 and 11.53, respectively (Table 3 in [64]).
These are the source table’s results for a fixed calibration set; Appendix D.2 of the Wanda
paper [64] separately reports means and standard deviations across five calibration seeds.
Activation-informed selection and compensated reconstruction both improve substantially
over the tested magnitude rule. The higher perplexities under 2:4 show a separate cost:
equal nominal sparsity can preserve different information when local constraints restrict
which weights may survive.

4.3. Semi-Structured Sparsity and Learnable Masks

Semi-structured patterns make retained positions predictable for supported kernels
while forcing nearby weights to compete. RIA combines relative weight importance and
activation information with channel permutation [67]. Corresponding input transforma-
tions preserve the original map before pruning; the reordered groups then change which
weights can survive.

MaskLLM freezes weights and optimizes a distribution over admissible masks through
Gumbel-Softmax sampling, then uses a discrete mask at inference [60]. This adds end-to-
end preparation while retaining the pattern constraints required by the execution kernels.

4.4. Structured Pruning and Compact Dense Models

Coarser deletion sacrifices selection freedom to produce smaller dense matrices. LLM-
Pruner identifies interdependent structural groups, estimates importance with gradient
information, and recovers quality through low-rank adaptation [59]. Removing a feed-
forward channel, for example, must modify the projections on both sides consistently. All
parameters in that group share the deletion decision. The advantage is that the resulting
dimensions can expose savings to conventional dense computation.

SliceGPT changes the basis before making this coarse decision. Computational in-
variance around normalization and principal-component transformations allow it to slice
low-contribution rows and columns in transformed coordinates [68]. The transformation
preserves the mapping; dimension removal creates the approximation. FLAP takes another
route by using activation fluctuations to estimate recoverability, standardizing importance
scores for adaptive selection, and constructing bias compensation from baseline activa-
tions [69]. These methods improve structural deletion through, respectively, the coordinates
being removed and the correction applied afterward.

Depth pruning targets the sequential chain of blocks. ShortGPT estimates block in-
fluence through changes in hidden-state direction and removes low-influence blocks [70].
The operation reduces both retained parameters and the number of transformations tra-
versed. Its selection proxy captures limited change on the observed inputs, however, so the
retained capability is determined by the jointly shortened model rather than by an isolated
block score.

Sheared LLaMA organizes pruning around a target architecture and a larger recovery
budget. It learns masks across structural dimensions, continues pretraining after pruning,
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and adjusts domain mixtures through dynamic batch loading [71]. Together, these examples
distinguish direct structural selection, constructed compensation, and continued model
adaptation as routes to a compact dense model.

4.5. Input-Dependent Activation and Contextual Sparsity

Deja Vu predicts active feed-forward neurons and attention heads, combining sparse
computation with asynchronous execution [61]. Both prediction accuracy and the cost of
selecting components affect the result.

TEAL selects activation thresholds and allocates sparsity through block-wise recon-
struction without updating weights [72]. CATS thresholds gated-MLP outputs and supplies
sparse kernels, evaluating both training-free operation and optional fine-tuning with fixed
thresholds [73]. Comparisons must identify the CATS branch because recovery changes
preparation cost and quality.

ProSparse changes the distribution more explicitly. It converts activations to ReLU
and combines progressively scheduled sparsity regularization with activation threshold-
ing [74]. The resulting inactivity is learned through adaptation. The reported sparsity
belongs to the adapted model, making activation changes and their training cost part of the
deployment choice.

GRIFFIN selects neurons from prompt activations and reuses the subset during gen-
eration [62]. Probe Pruning combines a small batch probe with historical information to
select a batch-specific structure [63]. Longer reuse amortizes selection but assumes that the
selected components remain relevant.

4.6. Calibration, Recovery, and Combined Compression

Calibration is the evidence from which many masks and thresholds are inferred.
Beware of Calibration Data for Pruning Large Language Models reports that changing the
calibration source can alter pruning outcomes and that simply adding samples does not
eliminate every source mismatch [75]. This result bears directly on activation-informed
scores and reconstruction: greater precision in estimating one distribution need not repair
its mismatch with the desired tasks.

Recovery can modify support, surviving values, or auxiliary updates. DSnoT repeat-
edly prunes and regrows connections using reconstruction error without conventional
weight fine-tuning [76]; its dynamic mask changes occur during preparation. LaCo holds
the mask fixed and sequentially optimizes surviving weights to align hidden states with the
dense reference [77]. LORAPrune uses low-rank adaptation for importance estimation and
iterative recovery alongside structured pruning [78]. REP-LIE also estimates importance
from LoRA gradients and combines progressive structural pruning with updates restricted
to the low-rank adaptation parameters [79]. Its proposed pruning procedure incorporates a
ranking-stability criterion and resource constraints. Evaluations on LLaMA-7B and Mistral-
7B extend the study beyond encoder models. Here, low-rank adaptation supplies an
importance signal and a recovery mechanism; structural removal determines the compact
model. This example therefore connects the cost of preparing a pruned model to the quality
retained after recovery. These mechanisms act on different parts of the approximation,
making the optimized object more informative than a binary fine-tuning label.

Combined methods distribute recovery across representations. Minitron couples archi-
tecture pruning to distillation-based retraining [80]. OATS constructs sparse-plus-low-rank
weight approximations using activation-derived outlier information, while STBLLM com-
bines structured sparsification with binarization and differentiated weight treatment [81,82].
OATS retains an additional low-rank path; STBLLM changes the precision of retained
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weights. Their mechanisms therefore extend the pruning decision itself. Section 3 explains
the corresponding representation choices, and the later synthesis considers their combinations.

4.7. Sparse Execution and Deployment Conditions

Fine-grained sparsity creates irregular access even when it reduces the weight payload.
Flash-LLM resolves this tension by loading compressed sparse weights, reconstructing dense
tiles on chip, and executing arithmetic with Tensor Cores [83]. It accepts dense arithmetic
within the tile to retain an efficient computation path after reducing external weight traffic.

PowerlInfer links input-dependent activity to placement. Frequently activated neurons
reside on the GPU and less frequently activated neurons on the CPU; predictors and neuron-
aware operators coordinate their use [84]. This arrangement targets models whose full
storage exceeds GPU capacity. Its success depends on concentrating much of the activity in
the GPU-resident subset while managing CPU work and communication.

SPDP combines static sparse storage with activation-dependent skipping. A column-
oriented bitmap represents the sparse weights, and separate kernels accommodate prefill
and decoding [85]. The decoding path can skip work using current activations, while the
prefill path addresses its different operator shapes. Its model-level decoding results and
prefill kernel measurements consequently describe different parts of that coordinated design.

These systems connect the selection time scale to reuse. Across a batch, the union
of active neurons can exceed the subset required by one sequence, weakening sparsity in
shared computation [61,84]. GRIFFIN’s longer-lived selection and Deja Vu's contextual
prediction also incur different selection frequencies. The useful question is therefore where
reuse occurs: in weight access, in an active subset, or in a device placement decision.

4.8. Pruning Trade-Offs and Open Issues

Table 4 collects 21 source-relative comparisons for Llama 2-7B, grouped by unstruc-
tured, 2:4, and structural pruning. Budgets describe zero weights or removed backbone
parameters; deployment entries report execution savings. The structural comparison
evaluates quality immediately after pruning, before recovery training.

Table 4. Pruning and sparsity: budgets and quality changes for Llama 2-7B relative to each source’s
dense baseline, alongside independent deployment results.

Quality/Pruning-Budget Case

Independent Deployment (S)

Method Resource Budget APPL (%) Atask (pp) Result/Tested Configuration

Unstructured (reported budgets)

Magnitude 50% zeros +190.8 —8.57%7 -

SparseGPT [58] 50% zeros +27.1 —3.477%7 1.82x CPU inference
OPT-2.7B; DeepSparse; i9-7980XE
18 cores; 400-token batch; vs. Dense

Wanda [64] 50% zeros +25.4 —3.47%7 -

Pruner-Zero [86] 50% zeros +22.3 —0.8477 -

RIA [67] 50% zeros +27.6 —4.05 97 1.50x inference
1.2-7B; 2:4; 2 A100s; batch 64; in 128

OptiShear [27] 50% zeros +26.0 —2.25%7 1.35x speedup (CUTLASS sim.)
1L.2-7B; 2:4; RTX A6000

DSnoT [76] 70% zeros +1420.1 —26.77 %7 -

ALPS [66] 50% zeros +25.6 - -

Semi-structured (2:4)

SparseGPT [58] 50% zeros +98.6 —8.77%7 1.54-1.79 x matmul kernel
OPT-175B shapes; 2:4; 2048 token rows

Wanda [64] 50% zeros +115.2 —10.96 7 1.24x speedup
L1-7B; 2:4; A6000

Pruner-Zero [86] 50% zeros +105.5 —7.69%7 -

ALPS [66] 50% zeros +82.6 - -
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Table 4. Cont.

Quality/Pruning-Budget Case

Independent Deployment (S)

Method Resource Budget APPL (%) Atask (pp) Result/Tested Configuration
Structured (25% backbone removed; no recovery)
ShortGPT [70] 25% removed +357.2 ~11.28 ™ Throughput 1 16.5%
L2-7B-GPTQ; 25% layers removed
Baseline also GPTQ-quantized
LaCO+ [70,87] 25% removed +268.0 —12.49 T8 -
1.33 x layer matmul
SliceGPT [68] 25% removed +228.9 —6.56 18 L2-7B; A100 80GB; length 2048
Token latency | 12%
L2-70B; A100 40GB; batch 1; out 128
Dense: 4 GPUs; sliced: 3 GPUs
Wanda-sp [64,69] 25% removed +79.9 —8.0418 -
LLM-Pruner [59] 25% removed +125.8 —13.87 T8 Latency | 15.5%; mem. | 19.5%
L1-7B; 20%; A5000; in 64
ZipLM [88] 25% removed +46.3 —5.3718 2.10x throughput
GPT2-124M; V100; batch 16; length 1024
OSSCAR [89] 25% removed +45.7 —5.9718 2.00x inference
OPT-2.7B; V100
FLAP [69] 25% removed +62.3 —8.60 18 Throughput 1 31.2%; mem. | 24.7%
L1-7B; 20%; A100
Tyr-the-Pruner [29] 25% removed +46.7 —332T18 TTFT | 22.1%; decode throughput 1 15.2%

Llama 3.1-8B; MI250; in/out 2048/2048
Batch NR; vs. Dense

Bold labels identify headings and configuration groups. 1/|: increase/decrease in the named resource or rate.
Source status/versions: Supplementary Evidence S1. Quality sources: P7 [86]; O7 [27]; D7 [90]; T8 [29]; ALPS [91].
P7/07/D7 are source-specific seven-task zero-shot means; T8 adds five-shot MMLU. Backbone budgets exclude
embeddings and the output head. LaCO+/Wanda-sp are source-adapted variants. OptiShear reports WikiText;
other sources specify WikiText-2. ¥ OptiShear uses arXiv v2. L1/L2: LLaMA/Llama 2; NR: not reported; —
unavailable.

In the Pruner-Zero-source comparison, Wanda’s 50% unstructured configuration raises
perplexity by 25.4%, whereas its 2:4 configuration raises it by 115.2%. SparseGPT exhibits
the same direction within that source. The mask constraint thus carries a quality cost that
accompanies its execution structure. The 70% DSnoT row evaluates a more aggressive
budget; the structural rows instead test immediate quality after backbone removal.

Pruning consequently involves selecting a surviving structure and a recovery pro-
cedure. SparseGPT’s CPU and sparse-kernel results and FLAP's compact dense model
illustrate distinct execution options. The RIA and OptiShear runtime cases use 2:4 patterns,
whereas their quality rows use unstructured masks; ShortGPT's throughput case starts
from a GPTQ-quantized model. These cases identify the additional configuration choices
needed after specifying a zero fraction.

After selecting a compact structure, a further question is how to retain or recover
its capabilities. Section 5 examines teacher supervision as a means of training compact
students or recovering compressed models, with its associated preparation costs.

5. Knowledge Distillation and Compact Models

Knowledge distillation supplies supervision through which a compact student ac-
quires or recovers teacher behaviour. Its resource effects arise from the student architecture,
numerical representation, and generation procedure. Three questions therefore organize
this section: what information is transferred, how training contexts and supervision are
constructed, and which models remain in deployment.

5.1. Transfer Targets and Teacher Access

The transfer target determines the information required from the teacher. Gener-
ated responses provide sequence supervision and can be retokenized for another student.
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Distribution matching requires output scores over suitable corresponding events; a few
returned token probabilities provide less information than a complete vocabulary dis-
tribution. Hidden-state or attention matching additionally requires internal activations
and may need projections between representation spaces. Specifying these requirements
directly makes the feasible methods clearer than the inconsistently used labels black-box
and white-box.

Sequence-Level Knowledge Distillation transfers teacher-decoded translation outputs;
TinyBERT matches embeddings, states, attention, and predictions; MiniLM matches atten-
tion distributions and value relations [92-94]. These earlier translation and encoder studies
establish transfer mechanisms for the subsequent discussion of autoregressive LLMs.

The student’s starting point determines what that supervision adds. An indepen-
dently pretrained student brings capabilities learned before distillation, whereas a student
initialized by pruning inherits selected teacher parameters. Task-specific imitation, instruc-
tion adaptation, and compact-model pretraining consequently represent different transfer
scopes. The contribution of distillation is assessed against a stated student baseline, such as
its initialization or a same-size SFT model, alongside the final student configuration.

5.2. Distribution Matching and the Capacity Gap

Let pr(v | ¢) and pg(v | ¢) denote teacher and student next-token probabilities given a
common context ¢ and vocabulary V. Two common Kullback-Leibler (KL) divergences are

defined in Equation (5):
pr(v|c)
D = 1 ,
HO = L@l Olos o 1) o
_ ps(v|c)
oxe = I e s 215

Forward KL penalizes missing teacher probability mass; reverse KL penalizes student
mass where the teacher assigns low probability. When a limited-capacity student cannot
reproduce the full teacher distribution, these tendencies change which discrepancies receive
attention. Their effect on generation also depends on the contexts visited during training
and on optimization [95,96].

MiniLLM combines reverse-KL minimization, policy gradients, teacher-mixed sam-
pling and length normalization [95]. For LLaMA-13B-to-7B transfer, Table 1 reports SelfInst
ROUGE-L of 20.2 for conventional KD, 20.8 for SeqKD and 23.2 for MiniLLM, against 23.4
for the teacher. Evaluation uses temperature-1 sampling and averages five generations with
different random seeds. MiniLLM adds a three-epoch supervised initialization chosen by
validation loss before policy optimization. Final checkpoints for MiniLLM and the baselines
are selected by validation ROUGE-L. The result compares complete training procedures;
isolating KL direction requires controlling these preparation and optimization choices.

Other objectives change how the capacity mismatch enters optimization. DistiLLM
compares a distribution with a teacher-student mixture through skew KL variants [24].
DistiLLM-2 assigns skew forward and reverse objectives to teacher- and student-generated
responses, respectively, and combines them with adaptive weighting and data curation [97].
Successful teacher continuations and imperfect student continuations thus contribute
differently to learning. These methods change both the discrepancy being minimized and
the examples on which it is evaluated.

TAID adaptively interpolates detached student and teacher logits, while Concrete Score
Distillation matches relative vocabulary-logit differences [98,99]. They change target difficulty
or the information matched before normalization. Together with skew divergences, these
choices can alter training while leaving the deployed student architecture fixed.
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5.3. Training Contexts and Supervision Construction

A student trained only on teacher continuations encounters different prefixes when
it conditions generation on its own mistakes. GKD obtains teacher feedback on student-
generated sequences and studies the interaction between divergence choice, quality, and di-
versity [96]. Its autoregressive T5 experiments provide evidence for this context-selection
mechanism. DistiLLM combines adaptive use of student responses with off-policy reuse,
while DistiLLM-2 collects responses in batches before each training epoch [24,97]. Reuse
reduces repeated generation but increases the distance between stored trajectories and the
evolving student; reported training acceleration concerns this preparation process.

Speculative Knowledge Distillation places teacher intervention inside trajectory construc-
tion: the student proposes tokens and the teacher replaces proposals that fail its acceptance
criterion [100]. The resulting contexts retain student behaviour while limiting severely de-
graded continuations. Once training finishes, this student can generate independently.

Teacher guidance can also be moved into a reusable corpus. MiniPLM selects pretrain-
ing examples using the difference between teacher and reference-model log-likelihoods,
then trains students from scratch on the refined data [101]. Teacher evaluation is performed
offline and can support multiple students.

Text-based supervision follows the objective in Equation (6):

7]
Liext = —E(y )~y Y logps(t | x,5<t), (6)
=1

Here, Dt contains prompts and teacher responses. Unnatural Instructions con-
structs and reformulates instruction-response pairs, WizardLM expands instruction com-
plexity through Evol-Instruct, and BalDistill allocates teacher queries across long-tailed
tasks [102-104]. Their preparation budgets include scoring, generation, and filtering,
with accepted tokens and task coverage distinguishing corpora of similar sample counts.

Figure 5 contrasts two deployment roles under teacher supervision: an independent
student and a distilled draft paired with a retained target. The deployed role determines
whether larger-model execution remains part of inference.

Preparation: teacher supervision Deployment: models that remain active
a Independent student Request
Targets / features
or generated examples | \ 1
,,,,,,,,,,,,,, > — 111
Answer
Teacher Student Student

Only the student is served; teacher execution ends.

b Distilled draft for speculative decoding

Distillation objective = =
— U000 — — 10

Candidate Accepted prefix

Draft Target verifies

tokens + target token

Teacher / target Draft

Model sizes and token counts are illustrative. Both models contribute to memory and computation.

Figure 5. Teacher supervision and inference participation are separate choices. (a) An independent
student uses teacher targets, features, or generated examples during preparation and serves requests
without teacher execution. (b) A distilled draft proposes tokens that a retained target verifies during
speculative decoding. The schematic output shows an accepted prefix as filled tokens and a target-
generated continuation as an outlined token. The two deployment roles require different memory
and computation accounting. Model glyph sizes are schematic. Relevant examples are Minitron and
DistillSpec [80,105].
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5.4. Instruction and Reasoning Transfer

Instruction transfer uses the constructed corpus to shape responses to user requests.
Reasoning transfer extends that supervision to intermediate explanations, introducing
another choice: whether the student must produce those explanations during inference.
Fine-tune-CoT trains smaller models on diverse teacher-sampled rationales [106]. Symbolic
Chain-of-Thought Distillation likewise transfers multiple reasoning paths and evaluates
greedy decoding separately from self-consistency [107]. Multiple paths broaden supervi-
sion, while voting over several deployed responses spends additional inference computation.

Distilling Step-by-Step uses separate prefixes for labels and rationales, allowing pre-
diction without generating a rationale. Socratic CoT uses a decomposer and solver that
exchange subquestions [108,109]. SCOTT combines contrastive teacher decoding and
counterfactual student training to test answer dependence on rationales [110]. This tests
consistency under rationale changes; factual validity remains a separate property. Its
teacher decoding requires scores beyond text-only access.

DeepSeek-R1 transfers reasoning to Qwen- and Llama-based students through super-
vised fine-tuning on approximately 800,000 examples, without an additional RL stage for
those distilled students (Supplementary Sections 2.4.3 and 6 of [111]). Supplementary Ta-
ble 513 of that study reports AIME 2024 pass@1 of 72.6 for DeepSeek-R1-Distill-Qwen-32B
and 47.0 for Qwen2.5-32B-Zero, the direct-RL comparator trained for over 10,000 steps.
This comparison holds student size at 32B while changing training data, teacher-derived
supervision and preparation resources. The higher score therefore supports the complete
distillation pipeline in this setting; a comparison of training objectives or total cost would
also need to control those inputs and account for teacher creation.

Reasoning supervision can also increase response length. Skip-Thinking uses chunk-
wise rationale training followed by a procedure that skips less important intermediate
chunks [112]. In its principal GPT-2 and T5 student settings, the compression target includes
the externalized reasoning trajectory. Together with Step-by-Step and Socratic CoT, this
illustrates three ways to deliver reasoning-related capability: rationale-free task prediction,
shortened traces, and interactive decomposition. Answer quality, emitted tokens, and time
to the answer resolve those differences more directly than parameter count alone.

Training for compact reasoning links distillation to request compression. TokenSkip
uses shortened correct trajectories as supervision, while CoT-Valve and TALE’s post-training
route learn controls over generated length [8,113,114]. These objectives can reduce generation
without reducing parameter count. Section 7.6 compares their deployed controls and actual
output lengths; Section 7.7 examines the accompanying accuracy-latency trade-off.

5.5. Heterogeneous Students and Deployment Roles

Changing the student tokenizer complicates Equation (5): vocabulary indices and
token positions no longer identify corresponding output events. Universal Logit Distillation
uses a Wasserstein-motivated comparison approximated with padded, sorted probability
vectors, alongside token-level cross-entropy [115]. It transfers probability structure without
an explicit shared vocabulary; sorting itself does not align token meanings. DSKD instead
projects teacher and student hidden states into common output spaces and uses cross-
model attention to align differently tokenized sequences [116]. The distinction is an access
and alignment choice: DSKD learns correspondence using internal states, whereas ULD
operates on probability structure. Training projections and alignment modules must be
distinguished from the final student architecture.

Architectural transfer changes the computation more directly. The Mamba in the Llama
initializes recurrent components from Transformer attention projections and progressively
distils hybrids retaining some attention layers [117]. Attention and recurrent components
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have different context-state requirements, so the resource change depends on their mixture
and implementation, without requiring proportional parameter reduction. Any additional
speculative-decoding acceleration belongs to a further deployment choice.

For standalone students, teacher execution ends after preparation (Figure 5). Minitron
prunes a dense architecture and recovers capability through teacher-guided retraining;
LLM-QAT trains a low-precision student on model-generated sequences [34,80]. Architecture
or precision sets the resource constraint, while distillation supplies recovery supervision.

DistillSpec keeps the larger target in service: a distilled draft proposes tokens for spec-
ulative decoding, and the target verifies them [105]. Alignment can improve acceptance,
but target and draft together determine memory and execution cost. Distribution preserva-
tion follows from the exact acceptance and correction procedure; lossy variants change the
quality-latency trade-off. Thus, unlike the training intervention in Speculative Knowledge
Distillation, target intervention continues on deployed requests. Draft latency, acceptance,
and verification cost determine whether this auxiliary student use accelerates generation.

5.6. Quantitative Synthesis

Table 5 asks how much teacher supervision improves a chosen compact student. Each
source fixes the student family and size. Parameter savings describe the teacher-to-student
size difference; quality changes measure gains or losses relative to the same-size SFT
student. This comparison evaluates the training pipeline within a fixed student capacity.

Conventional KD falls below the OpenLLaMA2 SFT student on all five reported
tasks, while MiniLLM, GKD, and DistiLLM improve the reported means. In the Qwen2
comparison, DistiLLM-2 improves mean win rate over SFT by 28.36 percentage points,
compared with 26.02 for DistiLLM. The student size reduction is shared within each
block, so the differentiating result is the capability obtained through training. Distillation
can therefore support a chosen compact architecture or recover another compression
intervention, as illustrated by Minitron and LLM-QAT above.

Distillation specifies how a compact model learns; its capacity also depends on the
representation it uses. Section 6 examines low-rank factorization as a complementary route
that allocates capacity across matrix subspaces, with consequences for quality, storage,
and execution.

Table 5. Distillation: nominal model-size savings relative to the teacher, and quality gains or losses
relative to the same-size SFT student.

Method ADolly ASelf-Instr. AVicuna ASuper-Nat. AUnnatural
OpenLLaMA2: 7B — 3B; nominal parameters | 57.1%; A ROUGE-L points vs. SFT
KD [118] —4.16 —0.40 —0.94 -1.35 —4.01
SeqKD [92] —0.44 —0.69 +0.73 —0.22 —0.61
ImitKD [119] —0.58 +1.28 +1.03 +2.22 +0.37
MiniLLM [95] +2.77 +3.42 +4.17 +7.63 +7.16
GKD [9¢6] +1.19 +3.04 +2.33 +6.43 +3.40
DistiLLM [24] +4.62 +3.87 +3.29 +8.36 +8.39
Method A AlpacaEval A Evol-Instruct A UltraFeedback A Mean
Qwen2: 7B — 1.5B; nominal parameters | 78.6%; A win rate (pp) vs. SFT
DistiLLM [24] +15.24 +26.61 +36.25 +26.02
DistiLLM-2 [97] +18.82 +29.13 +37.12 +28.36

Bold labels identify headings and configuration groups. —: teacher-to-student size; |: parameter reduction.
Source status/versions: Supplementary Evidence S1. Quality sources: OpenLLaMAZ2 [24]; Qwen?2 [97]. Positive
values indicate gains over SFT. OpenLLaMA2 uses five-seed means; Qwen2 means retain source-reported averages.
Qwen2 win rates compare against text-davinci-003 (AlpacaEval) or gpt-3.5-turbo (Evol-Instruct/UltraFeedback).
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6. Low-Rank Factorization

Low-rank compression restricts a transformation to a smaller subspace. The central
problem is deciding which directions the model can lose: directions that contribute little
to weight reconstruction need not be unimportant to the activations encountered during
generation. This has motivated three connected developments: objectives informed by
data, unequal allocation of rank, and decomposition units that extend beyond individual
matrices. Together, they explain why the same number of retained parameters can represent
different amounts of useful information.

6.1. Representation, Rank, and the Compression Budget

Figure 4c illustrates the two-factor representation. For a weight matrix W € R"*",
a rank-r replacement takes the form in Equation (7):

r(m-i-n).

W =~ AB, AeR™", BeR™", Ppar =
mn

)

The retained parameter fraction ppar counts both dense factors and excludes bias and
auxiliary storage. At equal precision, storage falls when r < mn/(m + n). For a 4096 x 4096
matrix, r = 1024 retains half the parameters, whereas r = 2048 retains all of them across the
two factors. Each rank increment costs m + n parameters, so differently shaped projections
incur unequal costs. Shared bases, quantized factors, and residuals require their own
storage accounting.

Truncated singular value decomposition (SVD) minimizes the Frobenius reconstruc-
tion error of the decomposed matrix at a given rank. The choice of matrix is therefore
consequential. Decomposing weights preserves their dominant directions; decomposing
transformed weights or activations can emphasize directions important to actual inputs.
Dobi-SVD develops this distinction alongside the storage limitations of conventional fac-
torization [120]. Low-rank adaptation has a different starting point: adding adapters to
an intact base model leaves its original storage requirement in place. Low-rank model
compression replaces base matrices with compact factors; any retained recovery adapters
also contribute to storage.

6.2. From Weight Reconstruction to Data-Aware Objectives

The effect of a weight error depends on the inputs that encounter it. For calibration
activations X, this motivates Equation (8):

min

PN 2
rank(W)<r (W_ W)XHF. 8)

Unlike unweighted reconstruction of W, this objective can tolerate errors along direc-
tions weakly represented in X while protecting directions that contribute strongly to layer
outputs. Its information about importance comes from calibration data; rare or shifted
inputs can emphasize a different subspace.

Methods differ in the signal used to express that importance. Fisher-weighted factor-
ization assigns greater weight to task-sensitive parameters [121]. Its encoder and earlier
language-model experiments provide historical motivation for unequal error weighting.
ASVD instead incorporates activation statistics into the decomposition and searches layer
sensitivities when choosing compression levels [122]. These approaches connect trunca-
tion to model use, but employ different approximations to the consequences of losing
a direction.

SVD-LLM whitens the calibration inputs to align truncation with local output er-
ror [123]. If XX = SS' is full rank, S1X has orthonormal rows; truncating WS and
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mapping back through S~! then solves the transformed reconstruction problem. Sampling,
covariance conditioning, and regularization affect practical whitening.

The full SVD-LLM procedure subsequently updates each factor using low-rank adap-
tation, holding the other fixed and then reversing their roles [123]. Merging these updates
preserves factor shapes. Whitening selects the initial subspace; factor-wise training recovers
behaviour within that representation, adding preparation work beyond the whitening-
only variant.

SVD-LLM illustrates the quality cost of reducing weight storage. Its nominal com-
pression ratio denotes parameter reduction: the 20% and 40% settings retain 80% and 60%
of parameters, respectively. For LLaMA-7B, the source lists weight memory of 10.2 and
7.76 GB and WikiText-2 PPL of 7.73 and 9.27, compared with 13.5 GB and 5.68 for the
uncompressed reference (Table 1 in [123]). These results use the full procedure, including
factor updates with 50,000 Alpaca examples; the whitening-only variant is reported sep-
arately. The memory values use the source’s reported units and account for a different
quantity from the nominal parameter budget.

6.3. Allocating Rank Across Unequal Modules

Once the objective reflects output sensitivity, the next question is where to spend
rank. Uniform compression assigns the same retained fraction to projections with different
dimensions and functions. SVD-LLM V2 uses truncation loss to distribute compression
non-uniformly and refines singular-value truncation [124]. This moves the budget de-
cision from independent matrix size reduction toward balancing local losses across the
model. The resulting allocation and the reconstruction objective are coupled: changing the
importance measure can change which modules receive capacity.

Dobi-SVD learns truncation positions through differentiable optimization, introduces
stable SVD backpropagation, and reconstructs weights from truncated activation informa-
tion [120]. Incremental principal component analysis addresses the memory required for
reconstruction. LLRC takes a related optimization route by learning masks over singular
values, using representation matching while freezing the original model parameters [125].
Both make subspace selection an optimized component of compression. Their preparation
budget includes rank-search optimization, which can use backward passes and teacher
activations even with frozen model weights.

Rank search selects surviving directions, while recovery repairs the selected represen-
tation. Comparing allocation rules therefore requires the same final budget and recovery
effort. Sensitivity-based allocation can assign additional rank to a difficult matrix by
reducing capacity elsewhere.

6.4. Modular Decomposition and Cross-Layer Sharing

Choosing the unit of decomposition changes what redundancy can be removed. MoD-
eGPT groups matrix pairs into functional modules and treats their nonlinear structure
explicitly [126]. It uses Nystrom, column-row, and singular value decompositions for differ-
ent approximations, folding transformations into reduced matrices. This retains a module’s
functional relationships that independent matrix reconstructions can overlook. A nonlin-
earity between two maps constrains which operations can be folded together, so modular
decomposition also determines the shape of the computation left after compression.

Basis Sharing exploits a different relationship: selected matrices across layers can
use a common basis with individual coefficients [127]. Activation information guides the
approximation, and the basis is stored once. The saving grows through reuse of the stored
representation, subject to how well the chosen layers fit the common subspace. This differs
from reducing every matrix independently, where each matrix carries its own basis cost.
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A shared basis reduces parameter storage but may still be applied separately to
the hidden states at each layer. MoDeGPT reduces module dimensions, whereas Basis
Sharing reuses stored parameters; the two savings need not produce the same reduction in
execution cost.

6.5. Low-Rank Compression for Mixture-of-Experts Models

Mixture-of-experts (MoE) models extend allocation to a collection of conditionally
active transformations. Many expert matrices remain resident even though routing activates
only a subset for each token. MoE-SVD uses selective decomposition, shared factors, and
expert importance to exploit this structure [128]. It considers expert-layer sensitivity
and chooses which components to retain, combining approximation within experts with
redundancy across them.

Here, the distinction between stored and active parameters becomes central. Com-
pressing seldom activated experts still reduces the model’s total footprint, but it does not
reduce every token’s computation by the same amount. Conversely, changing frequently
selected components directly affects the executed path. Rank and sharing decisions there-
fore interact with routing and expert placement. The architectural extension preserves the
underlying principle of sensitivity-based allocation, while requiring separate interpretation
of total storage, active computation, and communication.

6.6. Quality and Execution

Table 6 separates three low-rank decisions: selecting useful directions, allocating rank
across modules, and sharing stored bases. Their combination determines both the retained
subspace and its storage cost.

Explicit factors execute B followed by A, adding an intermediate representation. Rank
allocation must therefore account for matrix shapes and traffic as well as parameter count.
Section 8.2 examines CALDERA's allocation between correction rank and factor precision.
Parameter compression addresses the model's persistent representation. Long contexts and
concurrent requests also create state and processing demands, motivating the treatment of
input evidence, learned context representations, KV state, and generated reasoning length
in Section 7.

Table 6. Representative low-rank approaches and the decisions that determine their quality and
resource effects.

Approach Compression Decision Resulting Distinction
Weighted SVD; Weight task sensitivity or activation Important directions depend on the
ASVD [121,122] statistics chosen data and sensitivity signal
SVD-LLM; V2 [123,124] Whitening, factor-wise adaptation, and Decomposition, recovery, and
unequal truncation cross-module allocation have distinct roles
Dobi-SVD; Optimize truncation or singular-value Frozen model weights can coexist with
LLRC [120,125] selection optimized compression variables
MoDeGPT [126] Compress functional modules Module structure determines which
operations can be reduced or folded
Basis Sharing [127] Reuse bases across layers One stored basis can still require
repeated computation
MOoE-SVD [128] Select, factorize, and share expert Stored capacity and per-token active
components capacity change differently
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Intervention
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Select / rewrite text

Encode context

Compress KV state

Shorten reasoning

7. Token, Context, and KV-Cache Compression

Compression during a request determines both which evidence the model can use and
how much computation it performs before answering. Input selection removes supplied
text, learned context representations encode it into fewer positions, and KV methods change
the state available to attention. Reasoning-length control reduces the generated trajectory.
These interventions have different information losses and execution requirements, even
when each reports a smaller token count. This section follows their position in the request
lifecycle and the capabilities that their compressed representations must preserve.

7.1. Compression Objects and the Request Lifecycle

Four objects organize the comparison: input text, learned context representations,
stored KV state, and the generated reasoning trajectory. Hard prompt compression pro-
duces a shorter discrete text sequence through selection or rewriting. Soft compression
produces continuous representations consumed as embeddings or cached activations.
The hard /soft distinction used in prompt-compression reviews therefore concerns the form
of the compressed input [14]. A learned gist can itself be stored in a KV cache; these object
and mechanism categories overlap.

Figure 6 locates the four routes across context preparation, target prefill, and generation.
Shorter input text reduces target prefill work; learned context can be encoded offline for reuse
or during a request. KV methods operate during prefill or generation. Eviction after prompt
encoding preserves the original prefill cost while reducing later state and attention access.
Shorter output reduces autoregressive steps. These routes can be combined.

B Request input / state B Generated output

Context preparation — Target prefill — Autoregressive generation

Shorter text
Compact embeddings / gist states
Select / merge / reduce rank or precision

Fewer generated steps

Figure 6. Intervention stages for four request-compression routes: (a) select or rewrite text, (b) encode
compact context representations, (c) compress stored KV state, and (d) shorten generated reasoning.
Horizontal spans indicate applicable stages. Learned context can be prepared offline or during
request encoding. The routes can be combined.

Access requirements depend on the compressed object. Text selection uses the target’s
text interface; learned context needs compatible embeddings or cached representations; KV
changes require cache or attention access. Output-length control uses prompting or model
adaptation. Evaluation pairs retained facts, recall, and answer correctness with complete
request cost, including compression, loading, selection, and budget estimation where used.
Offline encoding and reusable storage are recorded separately.

Token counts must retain their meaning across these routes. A text token, a continu-
ous input position and a cached position have different storage and access requirements.
Equation (2) additionally depends on dimensions and precision. Reducing the initial
prompt does not by itself reduce the KV state added by each new generated token; shorten-
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ing generation reduces the number of such additions. Consequently, input length, retained
state, and output length belong in separate comparison fields.

7.2. Input Text Selection and Summarization

Text compressors differ in how they estimate what can be removed. Selective Context
ranks lexical units using self-information, treating predictable content as a candidate for
deletion [129]. LLMLingua combines budget control, iterative token compression and distri-
bution alignment between the compressor and target, while LongLLMLingua incorporates
the question and document ordering [6,130]. The distinction is consequential: low surprisal
is not the same as low relevance to a particular answer. Question-dependent selection can
protect relevant details, but its output may need rebuilding when the question changes.

Learning a selection policy moves the decision into preparation. LLMLingua-2 trains
token classification from distilled compression supervision [131]. TACO-RL further op-
timizes a classifier with downstream task rewards and length constraints [132]. Its sum-
marization, QA, and code-summary evaluations test whether task feedback improves the
retained text at specified compression levels. The encoder processes 512-token chunks;
testing compresses each chunk separately and concatenates the results. The reported qual-
ity therefore evaluates chunk-wise selection, leaving preservation of dependencies across
substantially longer inputs to be tested. Training feedback and online token scoring are
distinct cost terms.

Rewriting changes what the remaining positions can express. RECOMP studies both
extractive sentence selection and abstractive summaries of retrieved evidence, including
an empty summary when augmentation is unhelpful [133]. A summary can combine
information dispersed across the source, whereas extraction preserves original spans. This
adds a faithfulness question to relevance selection: does the rewritten evidence retain
the relations required for answering? RECOMP’s QA table reports evidence-text length
separately from in-context examples, illustrating why the denominator of a compression
ratio must be stated.

These methods expose shorter text through the target’s ordinary input interface. Their
evaluation should combine downstream quality with compressor cost and checks on
retained instructions and facts. Shorter supplied text can reduce target prefill and initial KV
occupancy; the resulting benefit belongs to the compressor—target procedure and depends
on whether the compressed text is reused.

7.3. Learned Context Representations

Continuous representations replace text with a learned channel whose capacity and
interface must be specified. Gist Tokens insert special positions after an instruction and
modify attention masks so that subsequent tokens access the instruction through those posi-
tions [134]. Their KV activations can be cached and reused. AutoCompressor instead learns
summary vectors over text segments and accumulates them for later processing [135]. The for-
mer establishes instruction compression; the latter extends the mechanism to segmented
context and evaluates language modelling, in-context learning, and retrieval applications.

The location of the representation changes both learning and execution. ICAE adapts
an encoder with LoRA to produce memory slots, using reconstruction and continuation
objectives before instruction training [7]. The slots are consumed by the target LLM, so
retaining its weights does not make the interface equivalent to ordinary text prompting.
Gist and AutoCompressor likewise require models trained to use their representations. En-
coding, representation storage, and target execution must therefore be counted separately.
ICAE explicitly separates compression and generation in its timing study; AutoCompres-
sor’s retrieval experiments exploit precomputed summaries.
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Retrieval embeddings offer a representation that may already exist before generation.
xRAG trains a bridge from a dense document embedding to the LLM input space while
freezing the retriever and language model [136]. Its experiments compress a retrieved
document into one position. COCOM makes the number of context embeddings adjustable
and adapts the decoder to consume multiple retrieved contexts; COCOM-light uses a
smaller compressor [137]. Their comparison raises two linked choices: how much represen-
tational capacity to allocate per document, and which parts of the generator must adapt.
Different numbers of retrieved passages and different decoder-training regimes remain
part of that comparison.

Reuse can make representation preparation worthwhile, but its savings depend on
the baseline. Gist’s efficiency study compares compressed instruction caching with both
no caching and full-instruction caching [134]. Gains over the latter are smaller because it
already avoids re-encoding the instruction. A useful deployment comparison therefore
retains the existing caching strategy and includes encoding, loading, and any query-
dependent processing. Section 8.3 examines COCOM’s generation and offline-storage
trade-offs within its reported settings.

7.4. KV Position Selection and Budget Allocation

KV selection estimates which positions will remain useful to later attention. H,O
combines recent positions with heavy hitters selected from accumulated attention, whereas
Scissorhands uses persistence of importance [138,139]. StreamingLLM protects initial atten-
tion sinks and a recent window to sustain bounded-state generation [140]. Sink positions
stabilize attention even when their content is unrelated to a later answer. Stable streaming
and preservation of detailed historical evidence are therefore separate capabilities.

Allocation adds structure to the retention rule. FastGen profiles attention to assign
head-dependent policies; SnapKV uses an observation window at the end of the prompt to
select clustered important positions before generation; PyramidKYV redistributes capacity
across depth [4,141,142]. These policies differ in the signal used, when it becomes available
and where the budget is spent. SnapKV compresses an already encoded prompt, while
ongoing policies update state as generation proceeds. Profiling and selection are recurring
work when repeated per request.

Permanent eviction commits the model to a restricted history. A new query cannot
directly access a discarded state without re-encoding or another recovery path. Fixed posi-
tion counts become more restrictive as context grows; fixed retained fractions allow storage
to grow. Protected sinks, recent windows, and newly generated positions also consume the
nominal budget. Grouped-query attention introduces a further constraint: independent
head policies must preserve shared KV structure or account for duplicated state.

7.5. KV Merging and Compact Representations

Merging allows removed entries to contribute through a retained approximation.
MiniCache shares information between similar states in adjacent layers, separating direction
and magnitude and preserving sufficiently distinct exceptions [143]. D20 incorporates
discarded-token information through compensation and merging within dynamic layer
allocation [144]. These methods exploit redundancy across depth or positions. Merging
approximates the original attention computation using shared or aggregated state. Its effect
on detailed recall depends on which distinctions the approximation preserves.

Low-rank representations preserve positions in fewer feature dimensions. Eigen
Attention constructs reduced attention spaces; Palu factorizes KV projections, allocates
ranks across head groups, and provides a fused execution path [5,145]. Palu can absorb
value reconstruction into the output projection, while rotary positional embeddings require
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different treatment on the key side. OjaKV updates its subspace online and protects selected
full-rank states [146]. A changing basis may follow the current context more closely, while
charging for maintenance and reconstruction.

Memory placement further changes the executed procedure. ShadowKV combines
low-rank keys with value-cache offloading and selective KV reconstruction [147]. Reduced
GPU residency can support larger batches, with transfer and selection costs attached to the
result. Here, the relevant storage record includes state retained elsewhere in the memory
hierarchy. Section 8.2 separately examines Palu’s capacity, quality, and timing settings.

Precision can be reduced alongside positions or dimensions. KIVI and KVQuant
supply the numerical mechanisms described in Section 3.5, while Palu and MiniCache
combine compact state with lower precision [2,5,43,143]. For homogeneous unshared
caches, a useful accounting approximation is given in Equation (9):

Mll:)ayload - T’Kb% + vaé/
Mpayload dy (bK + bV) ’

©)

Here, « is the position fraction retained in both keys and values, d}, is the original
dimension per KV head, rg,ry are retained dimensions, and bk, by and their primed
counterparts are original and compressed bits per element. Batch, layer, and KV-head
counts remain fixed. Retaining half the positions and half the dimensions while changing
FP16 to 4-bit storage gives 0.5 x 0.5 x (4/16) = 0.0625, or 6.25% of the original payload.
This ideal accounting excludes bases, metadata such as scales and indices, protected
windows, and reconstruction buffers; shared states or unequal key/value selection require
separate counting. Quality evaluation must also capture interactions between projection,
quantization, and selection.

7.6. Reasoning-Output Compression and Length Control

Reducing the generated reasoning trajectory targets the number of autoregressive
steps. The compression object is the trajectory produced to solve a task; the model can retain
the same parameter count. This differs from shortening an explanation after generating it,
which leaves the original decoding work unchanged. The relevant quality measure is the
success of the resulting answer, accompanied by actual generated length and measured cost.

TokenSkip compresses correct training trajectories using token-importance scores, and
it then fine-tunes the model on mixed retention ratios so it can directly generate a shorter
chain of thought [8]. CoT-Valve controls reasoning length through a learned parameter-
update direction, with training variants based on the trajectories of different lengths [113].
Both require training access, but they expose different controls over generation. TokenSkip
evaluates accuracy, actual CoT length, and per-sample latency; CoT-Valve’s accuracy-per-
computation-unit measure uses parameter count and token count as a proxy. Hardware
timing and that proxy answer different efficiency questions.

TALE provides both an estimation-and-prompting route and a post-training route [114].
The former estimates a token budget before prompting the reasoning model, adding an
estimation request. The latter internalizes budget awareness from targets constructed using
offline budget search. Label-dependent search belongs to preparation, while a deployed
estimator operates without the reference answer. These access and cost differences matter
when choosing between a text-only interface and a trainable model.

A requested length is a control signal rather than a guaranteed output size. Evaluation
should record actual tokens, correctness and termination rules, including any maximum-
generation limit. TokenSkip’s settings illustrate how stronger shortening trades accuracy
for latency in Section 7.7 and Table 7. Distillation supplies one way to construct efficient
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reasoning behaviour, discussed in Section 5.4; this subsection concerns the trajectory that
the deployed model actually generates.

7.7. Information Preservation and Comparative Synthesis

Table 7 groups KV-state, learned-context and reasoning-output compression, with a
source baseline and resource unit for each group. KV percentages refer to the initial
prompt: fixed capacity holds the retained count during decoding, while growing caches
retain generated tokens as well. KIVI retains all positions; MiniKV Pyramid varies prompt
allocation across layers at the stated mean. These policies follow the quality comparison
in MiniKV; the separate deployment settings retain their own budgets. The context group
uses full-context retrieval-augmented generation (RAG) as its quality reference. COCOM
decode timing excludes retrieval and offline encoding. The output comparison follows
TokenSkip, using greedy decoding, actual CoT token counts, and mean per-sample latency.

Table 7. KV, context, and output compression: resource savings and quality changes relative to the
source baselines specified in each group.

Method/Configuration

Resource Saving Quality Change Deployment Result (S/P)

KV: Llama 2-7B-chat; reference = full KV16; quality = LongBench-13 points

KIVI[2]

KV2; all tokens; growing

H,O [138]

KV16; 15% prompt; fixed

SnapKV [4]

KV16; 15% prompt; growing

Q-Hitter [148]

KV4; 59% prompt; fixed

MiniKV [45]

KV2; 50% prompt; growing

MiniKV Pyramid [45]

KV2; mean 50%; growing

KV scalar payload

o —0.22 2.35-3.47 x max-batch throughput (S)
+87:5% 1 Llama 2-7B; KV2; A100
Prompt tokens | 85% [B] —-1.70 1.86x vs. FlexGen (S)

OPT-6.7B; 20% KV; A100
Batch 24; in/out 2048 /2048

Prompt tokens | 85% [B] —1.59 About 3.6 x decode (S)
LWM; 16k to 2k KV; A100
Batch 2; out 512

Prompt tokens | 41% [B] —2.18 4.09x vs. FlexGen (S)

OPT-6.7B; KV4/20%; T4; in/out 512/512
KV size | 86.3% [E] —1.48 2.71x attention kernel (S)
In/out 4096 /512 Vs standard attention; A100 40GB

Length 2048; batch NR
Prompt tokens | 50% [B] —0.54 -

Context: Mistral-7B-Instruct-v0.2; reference = full-context RAG; quality = NQ EM (pp)

ICAE [7]
4:1; frozen decoder

xRAG [136]
128:1; frozen decoder

COCOM-light [137]
16:1; tuned decoder

COCOM [137]
16:1; tuned decoder

Context slots | 75% [B] —38.70 3.29x incl. compression (S)
LLaMA-7B; batch 8; A100
In/out 2048/128

Context slots | 99.2% [B] —41.30 CUDA time | 33.5% (S)
Mistral-7B; BF16; A100

GPU memory | 20.4% [M]

o —10.50 Decode latency | 80.0% (S)
Context slots | 93.8% [B] NQ; FP16; A100 40GB; batch 16
GPU memory | 20.4% [M] —5.80 Decode latency | 80.0% (S)

Context slots | 93.8% [B] NQ; FP16; A100 40GB; batch 16

Output: Llama 3.1-8B-Instruct; reference = original generation; quality = GSM8K (pp)

BeConcise [8]

No numeric target
LC-Prompt [8]

50% target retention

Truncation [8]
50% target retention

TokenSkip [8]
50% target retention

CoT tokens | 24.3% [M] —3.30 Latency | 20.6% (P)
RTX3090; batch 1
CoT tokens | 11.4% [M] —2.50 Latency | 16.6% (P)
RTX3090; batch 1
CoT tokens | 51.4% [M] —79.20 Latency | 50.5% (P)
RTX3090; batch 1
CoT tokens | 47.0% [M] —8.00 Latency | 43.0% (P)

RTX3090; batch 1

Bold labels identify headings and configuration groups. |: reduction in the named resource or latency. Comparison
sources: KV [45]; context [137]; output [8]. [M] measured; [B] nominal budget; [I] ideal scalar payload; [E]
analytical estimate. P: quality and deployment from the same evaluation; S: separate deployment experiment.
Negative quality changes indicate loss. NR: not reported; —: unavailable.
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The KV group contrasts precision reduction with position removal in the MiniKV-
source quality comparison. KIVI retains all positions, preserving their availability for
later attention; eviction removes positions. Its deployment result concerns maximum-
fitting-batch throughput, while MiniKV reports attention-kernel acceleration and slower
prefill than FlashAttention in another setting. Retained history and the request stage being
accelerated are therefore separate choices.

The context group also changes the interface and training requirements. ICAE and
XRAG use frozen decoders in the displayed comparison, while COCOM tunes the decoder;
XRAG uses one passage compared with five for RAG and COCOM. At 50% target retention,
TokenSkip actually retains 53.0% of CoT tokens, reducing token count by 47.0% and latency
by 43.0%, with an 8.0-percentage-point accuracy decrease. Truncation removes 51.4% of
tokens but loses 79.2 points. Similar generated lengths can therefore preserve very different
amounts of useful reasoning.

Task quality, grounding, and information preservation provide complementary tests.
The evaluation by Lajewska et al. compares downstream performance with support for gen-
erated claims and reconstruction of compressed contexts, including entity preservation [18].
A fluent answer or a similar summary can coexist with missing details. Grounding scores
depend on the LLM judge and its prompting, while reconstruction depends on the decoder.
Checking sensitivity to judge and prompt changes, and agreement with human judgments,
would strengthen these diagnostics of preservation.

The required information type explains important task differences. Deng et al. com-
pare gist architectures primarily on Llama 3.1-8B under common training and evaluation
conditions [19]. Stronger retrieval-augmented generation and long-document QA results co-
exist with poor precise synthetic recall; appendix experiments on Qwen2-7B and Llama 3.2-
3B show similar task-dependent patterns. The detailed boundary, unexpected-information,
and accumulation analyses remain tied to the main experimental setup. For KV eviction,
The Pitfalls of KV Cache Compression evaluates Llama 3-8B and Qwen2.5-14B: degrada-
tion differs by instruction category, model and eviction policy [16]. LongBench supplies
complementary long-context tasks [149].

Failure detection is a further decision layer. Belikova et al. test overflow detection in
xRAG on examples that the uncompressed model already answers correctly [150]. Query-
context representation probes are more informative than saturation statistics alone in that
setting. Their prediction task concerns compression-induced failures on a filtered subset,
which must remain distinct from full-dataset QA accuracy. The result motivates testing
adaptive retention or fallback when a compressed representation is unlikely to support the
current query.

Request compression targets three distinct costs: representing history, processing
input evidence and generating an answer. The recall, grounding, and reasoning tests above
diagnose losses at these different intervention points. Section 8 combines them with model
compression in deployment selection.

8. Combined Compression and Deployment Trade-Offs

A deployment can combine a compact model with compressed history and shorter
generation. The preceding sections establish the representation choices and their reported
outcomes. This section connects those choices through shared budgets, interprets their
distinct evidence, and applies them to a workload-specific selection sequence.
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8.1. Complementary Mechanisms and Compression Order

Equation (10) gives an analytical template for combining quantized, low-rank, and
sparse components:
W=Q+AB+S, (10)

where Q is the dequantized approximation of a dense component, AB a low-rank compo-
nent, and S a sparse component. Methods with additive weight representations instantiate
different subsets of these terms with their own constraints and objectives. LQER allocates a
low-rank branch to quantization error and shapes its spectrum using activation-induced
scaling [151]. CALDERA constrains both the backbone and factors to low precision under
a calibration-aware reconstruction objective [25]. In these designs, a small rank need only
represent a correction; approximating the entire weight matrix at that rank would be a
different problem.

Sparse components introduce another distinction. SpQR retains quantization-sensitive
weights as high-precision exceptions [152]. This protects selected information in an other-
wise quantized matrix. LoSparse instead learns a low-rank component and progressively
prunes a sparse residual; its DeBERTa and BART experiments establish that combination
in their respective task and architectural settings [153]. OATS combines outlier-aware
low-rank and sparse approximation, whereas STBLLM couples structured sparsity with
binary representations [81,82]. Thus, sparse exceptions, a pruned residual and a structured
zero pattern denote different retained information and execution requirements.

Equation 10 exposes allocation within one representation. Higher correction rank
can be funded by lower factor precision, while sparse exceptions consume bytes other-
wise available to the dense component. The CALDERA comparison below examines this
allocation at a fixed reported average rate.

Other combinations assign methods to modules or preparation stages. SPQ applies
factorization to attention projections, structured pruning to MLP components, and subse-
quent low-precision representation [154]. Minitron uses distillation to recover a structurally
reduced model, while LLM-QAT uses teacher-generated data in quantization-aware train-
ing [34,80]. Here, supervision recovers capability within the resource constraint imposed
by the final architecture or precision. Ordering matters because pruning changes the acti-
vations seen by a later quantizer, and quantization changes the errors that recovery must
address. Published results for a pipeline support that final configuration; identifying a
better ordering requires a controlled comparison of alternative sequences.

8.2. Interpreting Combined Evidence

Tables 3, 4 and 7 describe quality changes under representation or request compres-
sion. Table 5 measures teacher-guided gains over same-size students, with the size ratio
referenced separately to the teacher. Independent deployment columns identify tested
execution paths; paired measurements also connect quality and execution in one evaluation.
These roles determine how the evidence supports a combined configuration.

Allocating a shared representation budget.

CALDERA compares two Llama 2-7B configurations with a 2-bit backbone and
2.4 average bits overall, without additional randomized Hadamard transform fine-tuning
(Table 1 in [25]). Increasing correction rank from 64 to 256 while reducing factor precision
from 16 to 4 bits changes WikiText-2 perplexity from 7.36 to 6.19 and C4 perplexity from
9.47 to 8.14. Zero-shot RTE accuracy, evaluated with the EleutherAl Language Model
Evaluation Harness, changes in the opposite direction, from 66.4 to 60.6. These point
estimates illustrate metric-dependent allocation; uncertainty for the reversal is unreported.
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Selecting rank and precision therefore requires evaluating the intended capability alongside
perplexity.

Separating capacity, quality, and timing.

Palu provides a worked example of scope separation (Table 2 and Figure 5 in [5]). Its
Llama 2-7B WikiText-2 comparison at length 4096 reports perplexity 5.12 for the baseline
and 5.77 for a configuration that halves the unquantized KV latent-state payload through
low-rank projection and then applies 3-bit quantization. Cache sizes of 64.0 and 6.0 GB are
illustrated at 128K tokens. A separate RTX 4090 benchmark uses 4-bit linear weights and
measures attention modules or next-token decoding; its 2.59-fold decoding gain at 64K is
relative to an estimated FP16-cache baseline after memory exhaustion. The quality test, long-
context capacity illustration and decoding benchmark answer distinct feasibility questions.

8.3. Deployment Choices Under Quality, Capacity, and Latency Constraints

Table 8 screens candidates by the application constraint and available access. Quality
limits follow from application failure costs or an acceptable change from the uncompressed
reference; timing targets follow from the intended service objective. The sequence below
applies these requirements to complete configurations.

Table 8. Candidate screening and minimum deployment checks. Compression changes a representa-

tion or generated trajectory; batching, allocation, and placement determine how it is executed.

Constraint Candidates/Access First Exclusion or Failure Check Minimum Measurements
Weight quantization, structural Exclude formats lacking a supported Checkpoint bytes, peak device
Weight residency pruning, factors; weight access and  execution path or exceeding peak memory, required task scores, and

any required calibration/recovery

memory after metadata and buffers

loading cost

Long retained context

KV quantization, selection, merging
or factorization; cache/attention
access

Reject policies that lose delayed
evidence or exceed capacity after
residuals and reconstruction

Cache bytes vs. length,
delayed-recall quality, prefill/decode
latency, and peak memory

Interactive response time

Smaller dense models or supported
quantized /sparse paths; runtime
control

Exclude gains confined to unrelated
operator shapes or batches; check
online overhead

Time to first token, time per output
token, tail latency, and quality under
the arrival pattern

Offline throughput

Joint model/state compression plus
batching or placement; scheduler and
device/host access

Reject configurations violating
quality, memory or batch-completion
requirements

Throughput and completion time
together, peak memory, transfer cost,
and quality

Independent compact model

Distillation or recovery after
structural reduction; trainable
student and required teacher
interface

Verify the student can run alone and
retains the required capabilities

Student quality, parameters/bytes,
memory, latency, teacher-generation,
and training costs

Text-only access

Selection, summaries or
output-budget prompting; text
interface

Exclude methods needing
inaccessible weights/cache; check
preprocessing and estimator failures

Complete-request time/cost,
evidence retention, correctness, and
actual token counts

Repeated document retrieval

Learned context or retrieval
embeddings; encoder /bridge and
representation input

Check collection refresh cost, decoder
compatibility, and multi-document
grounding

Quality, encoding time, index
size/loading, and request time
including retrieval

Long reasoning output

TokenSkip /CoT-Valve or budget
prompting; training / parameter or
text access as required

Reject shortened traces that fail
correctness; distinguish target from
observed length

Answer accuracy, actual output
length, latency, and
preparation/estimation cost

Validation sequence.

1. Define input/output lengths, concurrency, required capabilities, and acceptable losses

against a reference evaluated under the same protocol.

2. Use Table 8 to exclude inaccessible, unsupported, or over-capacity configurations,

counting metadata and runtime buffers.
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3. Check required task quality for each survivor; record preparation data, evaluation
harness, and variability. Published evidence guides the shortlist.

4. Measure quality and resources jointly on the target runtime. Separate prefill, decoding,
and whole-request costs; repeat timings and document the baseline.

5. Compare feasible configurations using the application's latency, throughput, or cost
objective. Include preparation and refresh costs over expected reuse; reassess after
workload or runtime changes.

The QServe study supplies a concrete capacity-then-throughput example. Fix an
L40S-48GB and input/output lengths of 1024/512. For Llama 2-7B, its TensorRT-LLM
comparison reports 1271 tokens/s with W8AS8 and 681 with W4A16, each at its throughput-
maximizing batch (Table 4 in the arXiv v3 version of [15]). Both pass the capacity screen; if
both satisfy the required task quality, the reported throughput favours W8AS8. Changing
the target to Llama 2-70B excludes W8AS8 through memory exhaustion, while W4A16
reaches 119 tokens/s and remains a candidate for quality validation. Thus, the same
hardware and precision options lead to different candidate sets as model size changes.
An interactive-latency objective would require timings under the intended arrival pattern.

Reusable context representations add preparation and storage costs to the request-time
results in Table 7. COCOM reports index sizes of 6.06, 1.51, and 0.19 TB, with encoding times
of 89,77, and 73 h, for compression factors 4, 16, and 128 over 24 million passages on an
A100-80GB (Table 4 in [137]). Its decode benchmark excludes retrieval and offline encoding.
Collection updates and reuse frequency therefore determine how those preparation costs
contribute to the deployed system.

LLMC supports configuration studies for applying these checks to a chosen run-
time [50].

8.4. Cross-Method Findings for Deployment Selection

Capacity screening precedes speed selection. The QServe example changes the feasible
precision set when the model grows on fixed hardware. For long requests, KV state can
become the binding constraint after weights fit; Palu's capacity and timing cases illustrate
the additional state representation and reconstruction choices. Model size and request
shape jointly determine which compression target to examine first.

Allocation follows the required capability. CALDERA's rank—precision comparison
favours different settings for perplexity and RTE in the reported point estimates. The prun-
ing comparisons similarly attach a quality cost to local mask constraints. A storage target
defines the available budget; task requirements determine which allocation remains useful.

Student construction and request compression are complementary. The distillation
table compares learning outcomes within a chosen student capacity. KV and context meth-
ods instead change accessible history, while output control changes generation length.
This separates two deployment questions: which compact model can perform the task,
and which request information or steps it needs to do so. Evaluating the combined configu-
ration determines whether the individual gains survive their interaction, motivating the
capability-transfer, delayed-information, and complete-task evaluations in Section 9.

9. Open Challenges and Future Directions

The deployment choices above expose open questions about capability transfer, future
uses of compressed history and interactions between compression stages. The following
research directions specify evaluations that could resolve them.
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9.1. Capability Retention Beyond Local Objectives

How well do preparation objectives predict downstream capability? SparseGPT
and SVD-LLM reconstruct calibration computations; MiniLLM and GKD transfer teacher
distributions [58,95,96,123]. The calibration study in Section 4.6 also identifies preparation-
data selection as a variable to control [75].

A controlled comparison would vary preparation data and objectives at a fixed check-
point, final resource budget, and recovery effort; distilled students also require controlled
initialization and teacher access. A minimum capability profile should cover language
modelling, knowledge, reasoning correctness, instruction following, long-context retrieval,
robustness, and safety-sensitive behaviour, adding multilingual evaluation where required.
Instruction-category differences in The Pitfalls of KV Cache Compression motivate this
profile [16]; reasoning evaluations should also record generated length.

9.2. Preserving Information Across Long and Changing Contexts

A state compressor acts before all future uses of the history are known. SnapKV selects
from prompt attention, StreamingLLM preserves a bounded history policy, and Palu limits
the feature subspace used to represent states [4,5,140]. Each can preserve information
useful in its tested setting while leaving a different vulnerability to later topic or instruction
changes. The delay and change of purpose between storage and retrieval are therefore
central evaluation variables alongside total context length.

LongBench supplies varied long-context tasks [149]. A complementary delayed-
information test could (1) place a fact at a controlled position; (2) compress the history;
(3) introduce a retrieval target after compression while varying retrieval delay at fixed total
length; and (4) measure fact recovery, answer quality and cache cost under either fixed
token counts or fixed retained fractions. The gist study identifies boundary, unexpected-
information, and accumulated-loss patterns, while the information-preservation study
separates task performance from grounding and retained entities [18,19]. Varying both
information type and delay would test when protected state, periodic reselection, or
recoverable storage is useful.

Adaptation can restore flexibility at an additional cost. OjaKV updates a subspace on-
line, while ShadowKV combines compressed state, selective reconstruction, and placement
across a memory hierarchy [146,147]. The question is how much adaptation or recoverable
storage is needed for delayed information use under a fixed total budget. That budget
includes basis maintenance, reconstruction, and history retained elsewhere in the memory
hierarchy. The xRAG overflow study suggests a further question: can a query-dependent
failure signal trigger a larger representation or retrieval fallback early enough to justify its
cost [150]? Evaluation should include both detection errors and the task-level outcome of
the resulting fallback policy.

9.3. Joint Compression Under Coupled Budgets

How should budgets and stage order be optimized together? LQER and CALDERA
construct error corrections, SPQ assigns methods across modules, and Minitron recovers a
reduced architecture through teacher supervision [25,80,151,154]. Earlier transformations
change activations or capacity, potentially changing the best later allocation.

The decisive comparison is joint optimization against alternative stage orders and
single-method baselines under the same final constraint. Stored bytes and preparation
effort should be controlled separately: a larger correction or more recovery can improve
quality without establishing a better interaction between mechanisms. Component ab-
lations can test whether a residual corrects the intended error. The remaining systems
question is whether fine-grained allocations are worth their additional formats, routing,
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and kernel requirements. Allocation procedures should expose executable alternatives so
that representational gains can be assessed alongside implementation complexity.

9.4. Executable Benefits and the Full Cost of Compression

Portability remains an open execution question for the representations used by QServe,
FLUTE, and Flash-LLM [15,46,83]. Using infrastructure such as LLMC [50], a controlled
study could vary hardware or kernels at a fixed representation and then vary batch size and
context on a fixed runtime. This would measure how much of an observed gain survives
changes in accelerator and workload.

Cost evaluation should vary request volume and update frequency. COCOM provides
offline encoding and index costs, while TALE separates online budget estimation from
post-training [114,137]. Amortizing teacher generation, calibration, and recovery over reuse
would reveal when preparation pays off. Queueing belongs in tail-latency tests; energy
requires measurement at a stated device or system boundary. Joules and monetary cost per
successful task should include compression calls, tool use, retries, and failures.

9.5. Agent Tasks as a Future Evaluation Setting

Agent tasks extend the review’s evaluation questions to interactions with tools and
changing observations. ACBench reports task-dependent effects across action execution,
workflows, long contexts, and interactive environments [17]. Agent Distillation transfers
retrieval and code-tool trajectories to Qwen2.5 students; its self-consistent action generation
also incurs candidate-generation and tool-execution costs [155]. These studies motivate
evaluating complete interactions after compression.

History and communication changes can alter subsequent work. ACON learns com-
pression guidelines from trajectories that fail after condensation, showing that lower peak
context demand can coexist with extra compression calls, interaction steps or disrupted
cache reuse [156]. AgentPrune reduces connections in a spatial-temporal communication
graph, directly reducing messaging [157]. These application examples extend beyond the
core model taxonomy and illustrate why peak size alone is an incomplete task-cost measure.

A suitable protocol fixes the environment, tools, and stopping rules, then pairs success
with total tokens, model/tool calls, latency, and cost, including retries and failures. Testing
model, history, reasoning-length, and communication interventions separately before
combining them would reveal where information loss changes the later trajectory.

9.6. Limitations of This Review

This narrative synthesis prioritizes representative mechanisms and interpretable ev-
idence for autoregressive text generation. Coverage depends on indexing, topic queries,
citation tracing, and public reporting, which can favour successful configurations and
omit proprietary or unpublished results. The selection flow summarizes author-reported
screening totals; complete historical query logs and a study-level reconciliation of the
105 publications were not retained. The revision-stage numerical subset is purposively
selected and does not estimate average effects across the field.

Results expressed relative to their own baselines still depend on source-specific calibra-
tion, recovery, tasks, and execution conditions. Small differences are often point estimates
without reported variance. The S marker identifies separate quality and deployment exper-
iments; P identifies paired measurements. The reporting appraisal in Section 2.5 therefore
supports configuration-specific interpretation, with validation on the target workload
needed for deployment.

Preparation, auxiliary storage, reconstruction, and complete-request costs are incom-
pletely reported across studies. The quantitative deployment synthesis therefore centres
on representation size, memory, latency, and throughput. Energy and monetary cost
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lack sufficiently aligned device boundaries, utilization, electricity, or hardware prices and
amortization horizons for a comparable synthesis. Evidence reflects the numerical checks
through 13 October 2026 and the source-registry consolidation on 14 October 2026; rapid
changes in kernels, hardware, and model families can change deployment outcomes. Gener-
alization to multimodal and agent systems requires evaluation of their distinct information
flows and success criteria.

10. Conclusions

This review connects compression mechanisms to retained capability and deployment
choices for autoregressive text generation. Its source-relative synthesis distinguishes quality
changes under compression, teacher-guided gains within compact students, and measured
execution benefits. The method map identifies where to intervene; the numerical evidence
and candidate checks show how reported results inform a target workload.

Three deployment principles emerge from the reviewed cases. Capacity constraints
determine which representations enter a speed comparison. Within a feasible budget,
task requirements can favour different allocations of precision, rank, or retained structure.
Compact-model construction and request compression address complementary demands,
connecting student capability to the history and generation needed for each task. Deploy-
ment selection therefore proceeds from the limiting resource, through required capability,
to execution under the intended workload.

The next step is to test how these choices transfer across capabilities, changing contexts,
and combined compression stages. Evaluation that includes delayed information use,
preparation costs, and complete-task outcomes would support more reliable choices as
models and workloads evolve.
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