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Abstract

Adapting Large Language Models (LLMs) to
dynamic constraints typically requires expen-
sive fine-tuning. While training-free test-time
guidance offers a flexible alternative, the lit-
erature remains fragmented across isolated
subfields. This paper presents a unified re-
view of LLM-training-free guidance, system-
atizing methods that steer behavior without
parameter updates. We propose a taxonomy
based on the inference lifecycle, categorizing
interventions into Input-Space, Latent-Space,
Decoding-Space, and Output-Space guidance.
Furthermore, we analyze critical trade-offs
regarding model accessibility, computational
cost, and control granularity. Finally, we dis-
cuss emerging frontiers, highlighting the con-
vergence of control mechanisms towards uni-
fied architectures and the shift toward rigorous,
interpretability-driven steering.

1 Introduction

Large Language Models (LLMs) have evolved into
general-purpose foundations capable of solving di-
verse tasks (OpenAl et al., 2024; Touvron et al.,
2023; Guo et al., 2025). To adapt these broad
models to specific domains or safety policies, the
standard approach is Post-Training, such as Su-
pervised Fine-Tuning (SFT) and Reinforcement
Learning from Human Feedback (RLHF) (Ouyang
et al., 2022; Rafailov et al., 2023). While effec-
tive, relying on parameter updates creates three
significant bottlenecks in real-world deployment.
First, the process is computationally expensive,
as iteratively re-training models for every new re-
quirement consumes massive resources (Hu et al.,
2022; Ning et al., 2025). Second, it involves signifi-
cant risks, specifically "catastrophic forgetting" (Li
et al., 2024a), where optimizing for a narrow task
degrades the model’s general capabilities (Harmon
et al., 2025). Finally, adaptation is often impossible
in commercial settings where models are deployed

as black boxes, blocking user access to weight mod-
ification.

Fortunately, parameter updates are not the sole
mechanism for adaptation. A parallel and flexible
paradigm involves steering the inference process
itself while keeping the base model frozen. This ap-
proach is pluggable, reversible, and highly efficient,
allowing practitioners to modulate behavior on-the-
fly. In practice, interventions can occur at vari-
ous levels: from injecting external knowledge via
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020; Fan et al., 2024) to adjusting internal
neuron activations for surgical style control (Turner
et al., 2024). Other techniques involve filtering to-
ken probabilities to enforce strict constraints (Lu
et al., 2021) or employing iterative search algo-
rithms for complex reasoning (Yao et al., 2023a;
Besta et al., 2024). Notably, recent evidence sug-
gests that simple, well-structured prompting can
sometimes outperform complex fine-tuning, chal-
lenging the assumption that heavy engineering is
always necessary (Zhou et al., 2023a; Schulhoff
et al., 2025).

Despite this momentum, the research landscape
remains fragmented. Broad surveys typically focus
on general model capabilities (Zhao et al., 2025a)
or post-training scaling (Lai et al., 2025), while
reviews on prompting (Schulhoff et al., 2025),
retrieval (Fan et al., 2024), and interpretability
(Rai et al., 2025) are usually studied in isolation.
Although recent works explore test-time scaling
(Zhang et al., 2025b), cooperation (Huang et al.,
2025a), and alignment (Pan et al., 2025), they pri-
oritize specific objectives rather than offering a
holistic view of the control mechanism(see Ta-
ble 1 in Appendix for a detailed scope comparison).
There lacks a mechanism-centric unified frame-
work that connects the entire inference lifecycle,
leaving methods that operate on similar principles
treated as unrelated simply because they intervene
at different stages.



This survey aims to fill this gap by presenting a
unified Test-Time Lifecycle Taxonomy for LLM-
Training-Free Guidance. We treat test-time guid-
ance as a holistic control problem, organizing meth-
ods based on where the intervention occurs in the
generation process. This perspective allows us to
compare disparate techniques—from simple sys-
tem prompts to surgical activation guidance—on a
single map. It also reveals common trade-offs re-
garding access assumptions (Black-box vs. White-
box), control granularity, and test-time latency. We
use the term LLM-Training-Free to mean that the
target LLM weights are not updated, while al-
lowing the use of pluggable auxiliary components
(Cunningham et al., 2023).

This survey makes three key contributions:

* Lifecycle Taxonomy. We synthesize frag-
mented methods into a unified framework
spanning Input, Latent, Decoding, and Output
spaces (Sec.2).

* Analysis. We analyze the capabilities of each
paradigm regarding model access, inference
cost, and steering precision (Sec.3).

e Future Frontiers. We identify the emerg-
ing trend of "full-stack" architectures and
interpretability-driven control mechanisms
(Sec.4.2).

2 Problem Formulation and Taxonomy

This section formalizes the concept of LLM-
Training-Free Test-Time Guidance and introduces
a taxonomy organized by the specific stage within
the inference lifecycle where an intervention oc-
curs.

2.1 Definition and Problem Formulation

Consider a target Large Language Model (LLM)
parameterized by 6, which defines an autoregres-
sive conditional distribution over an output se-
quence y = (y1,...,yr) given an input context

Z:
T

poy | z) = [[pelwe |z y<r) (1
t=1
Test-Time Guidance. We define fest-time guid-
ance as the introduction of a guidance operator G
that transforms the original generative process into
a guided distribution:

oy |z, 9)=Ge(- | x),9) 2)

where g denotes the guidance signal. This sig-
nal can manifest as textual instructions (Wei et al.,
2022), a latent direction vector (Turner et al., 2024,
Zou et al., 2023), a decoding penalty (Li et al.,
2023b), or a verifier scoring function (Yao et al.,
2023a). Equation 2 is deliberately broad to encom-
pass hybrid systems that may combine multiple
signals (e.g., a safety system prompt combined
with logit-level constraints).

LLM-Training-Free Constraint. The term
LLM-Training-Free imposes a strict constraint on
the target model parameters: during guidance, 6
must remain frozen (A6 = 0). This explicitly
excludes methods that update the base model, such
as full fine-tuning (Devlin et al., 2019) or LoRA
(Hu et al., 2022). Crucially, this definition does not
forbid the use of external auxiliary modules, even
if those modules are trained, as long as they are
structurally separate from the LLM. Representative
examples include dense retrievers (Karpukhin
et al., 2020), sparse autoencoders (Huben et al.,
2024), and reward models (Stiennon et al., 2022).
This modularity is a key practical advantage,
allowing us to upgrade control mechanisms
without the high computational cost and stability
risks associated with re-training the base model.

2.2 Taxonomy: A Lifecycle View

We classify guidance methods based on the prin-
cipal interface through which G intervenes. As
illustrated in Figure 1, this taxonomy maps meth-
ods to four distinct stages of the inference lifecycle:
the input context, the internal representation, the
decoding distribution, and the output space.

Input-Space Guidance. Input-space guidance
transforms the raw input x into a modified context
2’ using the guidance signal g:

a' = f(x;9),

Here, the guidance signal g typically manifests
as demonstrations for In-Context Learning (ICL)
(Brown et al., 2020; Min et al., 2022), external
knowledge injection via Retrieval-Augmented Gen-
eration (RAG) (Lewis et al., 2020; Ram et al.,
2023), or system-level instructions (commonly
known as system prompts) (Ouyang et al., 2022;
Touvron et al., 2023).

pog(y |z g) =pe(y|a) (3

Latent-Space Guidance. Latent-space guidance
intervenes directly on the internal representations
computed during the forward pass (Zou et al., 2023;
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(c) Decoding-Space Guidance (d) Output-Space Guidance

Figure 1: Overview of the four paradigms for LLM-Training-Free Test-Time Guidance. The snowflake denotes
that the base model parameters remain frozen, while red elements highlight the intervention of guidance signals at

distinct stages of the inference lifecycle.

Li et al., 2023a). Let h{ denote the hidden state
at layer ¢ and time step t. A latent intervention
applies a transformation:

hy = Ti(h; 9) 4)

where subsequent layers consume the modified ﬁf.
The guidance signal g typically encodes a direc-
tion in the semantic space (Turner et al., 2024; Zou
et al., 2023) or a sparse feature clamp (Huben et al.,
2024; Yan et al., 2024). Unlike input guidance,
which operates on discrete tokens, latent guidance
manipulates the continuous semantic manifold of
the model, offering finer granularity for attributes
such as sentiment (Subramani et al., 2022) or hal-
lucination mitigation (Li et al., 2023a).

Decoding-Space Guidance. Decoding-space
guidance intervenes directly at the token selection
interface, reshaping the local probability landscape
without updating parameters. Let 2; € RV denote
the raw logits at time step t. We formalize the
intervention as a logit transformation function r
applied prior to normalization:

ét :T(Zt,l‘,y<t;g) (5)
P06 (Yt | ,y<¢) = softmax(Z;) (6)

The operator r can enforce hard lexical constraints
via masking (Lu et al., 2021), or implement soft
contrastive adjustments (Li et al., 2023b; Chuang
et al., 2024) where logits from an "amateur" model
or early layers are subtracted from z;. This ap-
proach directly modulates the output distribution,
providing robust control over specific attributes
(Yang and Klein, 2021) and formatting, though it

requires balancing steering strength against poten-
tial coherence degradation.

Output-Space Guidance. Output-space guid-
ance shifts the locus of intervention from the step-
by-step generation process to the evaluation of com-
plete sequences. Rather than shaping local token
probabilities, the system generates a set of candi-
date hypotheses and selects the optimal output 3*:

y* = argmax R(y; z, g) )
yeC

Here, C represents candidates sampled from the
base distribution py(-|z), while R acts as a post-
hoc filter or a verifier (Cobbe et al., 2021) or search
heuristic (Yao et al., 2023a). This paradigm treats
the frozen LLM purely as a proposal distribution,
delegating alignment entirely to the selection pro-
cess.

3 Guidance Methodologies
3.1 [} Input-Space Guidance

Input-space guidance steers black-box models by
systematically transforming the query x rather than
internal parameters. As summarized in Figure 2,
we categorize these structured frameworks into
Contextual Augmentation, Prompt Design and Op-
timization, and Alignment and Safety Prompting.

3.1.1 Contextual Augmentation

This paradigm bridges the gap between paramet-
ric memory and query needs by injecting exter-
nal information. Retrieval-Augmented Generation
(RAG) has evolved from static passage injection
(Ram et al., 2023; Shi et al., 2024b) to active,



Contextual Augmentation

IC-RAG (Ram et al., 2023), REPLUG (Shi et al., 2024b), CoK (Li et al., 2024b), RQ-
RAG (Chan et al., 2024), GMR (Lee et al., 2022), RAG-Fusion (Rackauckas, 2024), KRA-
GEN (Matsumoto et al., 2024), SimRAG (Xu et al., 2025), SEER (Zhao et al., 2024a),
L-RAG (Lin et al., 2025a), HopRAG (Liu et al., 2025a), KERAG (Sun et al., 2025¢), TC-
RAG (Jiang et al., 2025b), HyKGE (Jiang et al., 2025¢), UniRAG (Li et al., 2025¢), Om-
niRAGMed (Chen et al., 2025¢), MolRAG (Xian et al., 2025), EventRAG (Yang et al.,
2025d), KiRAG (Fang et al., 2025a), FaithfulRAG (Zhang et al., 2025a), Dialogue-RAG
(Li et al., 2025d), SGIC (Chen et al., 2025a), MedGraphRAG (Wu et al., 2025a), Astute
RAG (Wang et al., 2025a), DualRAG (Cheng et al., 2025), T-GRAG (Li et al., 2025b),
SafeDriveRAG (Ye et al., 2025), RecipeRAG (Yang et al., 2025¢), HM-RAG (Liu et al.,
2025c¢), DynamicRAG (Sun et al., 2025b), What-makes-ICL (Liu et al., 2022), Lost-in-
Middle (Liu et al., 2024a), L2R-ICL (Wang et al., 2024a), CED-Select (Iter et al., 2023),
RGER (Lin et al., 2025b), GENICL (Zhang et al., 2025¢), MLSM/TTF (Liu et al., 2025b),
UniICL (Gao et al., 2025), FLARE (Jiang et al., 2023b), CoVe (Wang et al., 2024c),
ToG2(Ma et al., 2025)

Prompt Design and Optimization

Chain-of-Thought (Wei et al., 2022), Zero-shot CoT (Kojima et al., 2022), Self-Consistency
(Wang et al., 2023), Tab-CoT (Ziqi and Lu, 2023), Auto-CoT (Zhang et al., 2023), Logical
CoT (Zhao et al., 2024b), CDW-CoT (Fang et al., 2025b), RankCoT (Wu et al., 2025c),
PCoT (Modzelewski et al., 2025), SemCoT (He et al., 2025a), APE (Zhou et al., 2023b),
OPRO (Yang et al., 2024), BPO (Cheng et al., 2024a), RLPrompt (Deng et al., 2022),
PromptAgent (Wang et al., 2024b), PEARL-plan (Sun et al., 2024b), PromptBreeder (Fer-
nando et al., 2024), Structure-Guided (Cheng et al., 2024b), AutoPrompt (Shin et al.,
2020), Automate-CoT (Shum et al., 2023)

Alignment and Safety Prompting

Self-Reminders (Xie et al., 2023), URIAL (Lin et al., 2024), LLaMA-2 cfg. (Touvron

et al., 2023), ICAG (Zhou et al., 2024b), SmoothLLM (Robey et al., 2025), ROSE (Zhong
et al., 2024) , Intention Analysis (Zhang et al., 2025d), CIP (Hahm et al., 2025), LLM-
Self-Defense (Phute et al., 2024), SelfDefenD (Wang et al., 2025f), P-Aligner (Song et al.,
2025b), ICDPO (Song et al., 2025a)

Figure 2: Input-Space guidance methods.

structure-aware inference. Recent frameworks in-
terleave retrieval with reasoning steps (Li et al.,
2024b; Chan et al., 2024; Rackauckas, 2024) or
leverage graph-based and domain-specific struc-
tures—such as knowledge graphs (Liu et al., 2025a;
Wu et al., 2025a), molecular fingerprints (Xian
et al., 2025), and interaction histories (Li et al.,
2025d)—to handle complex queries. Active strate-
gies further empower models to decide when to
retrieve (Jiang et al., 2023b; Yao et al., 2023b),
optimizing the information flow dynamically.

Parallelly, In-Context Learning (ICL) optimiza-
tion focuses on the precise selection and compres-
sion of demonstrations. Instead of simple similarity
matching, modern approaches align exemplars with
task-specific reasoning patterns (Iter et al., 2023;
Lin et al., 2025b; Zhang et al., 2025¢) or compress
extensive contexts into efficient "memory tokens"
to reduce computational overhead (Gao et al., 2025;
Liu et al., 2025b).

3.1.2 Prompt Design and Optimization

Treating the prompt as a programmable interface,
this stream optimizes the instruction format to elicit
specific capabilities. Structured Reasoning meth-
ods extend standard Chain-of-Thought (Wei et al.,
2022) by imposing strict logical, tabular, or se-
mantic constraints (Ziqi and Lu, 2023; Zhao et al.,
2024b; He et al., 2025a) and ranking reasoning

paths (Wu et al., 2025¢) to minimize hallucinations.

To eliminate manual trial-and-error, Automated
Prompt Optimization formulates instruction de-
sign as a search problem. Black-box optimization
methods utilize task feedback to iteratively refine
prompts (Yang et al., 2024; Zhou et al., 2023b;
Cheng et al., 2024a), while advanced planning al-
gorithms employ Monte Carlo Tree Search (Wang
et al., 2024b) or evolutionary strategies (Fernando
et al., 2024; Cheng et al., 2024b) to navigate the
prompt space, effectively turning prompt engineer-
ing into an algorithmic search process.

3.1.3 Alignment and Safety Prompting

Input-space guidance also serves as a critical,
training-free defense layer. While early work re-
lied on static system prompts to define behavioral
boundaries (Lin et al., 2024; Touvron et al., 2023;
Xie et al., 2023), 2025 methodologies have shifted
towards Active Instance-Level Alignment. Ap-
proaches like P-Aligner and ICDPO dynamically
rewrite user queries into principled forms based on
alignment preferences (Song et al., 2025b,a). Fur-
thermore, Agentic Defense mechanisms decouple
safety evaluation from response generation; by em-
ploying shadow models or causal reasoning agents
to screen inputs and monitor potential risks (Phute
et al., 2024; Wang et al., 2025f; Hahm et al., 2025;
Zhou et al., 2024b; Zhang et al., 2025d), these sys-
tems provide robust protection against jailbreaks
and adversarial attacks without modifying model
weights.

3.2 @ Latent-Space Guidance

Latent-space guidance intervenes on the internal
representations of a frozen LLM during inference.
Formally, a guidance operator transforms hidden
states h! into h! via a transformation Ty(h¢; g)
driven by a guidance signal g. Unlike input-space
methods that manipulate discrete tokens, these ap-
proaches operate on continuous activation vectors,
utilizing probes, autoencoders, or geometric projec-
tions to steer model behavior. We categorize these
methodologies based on their geometric granularity
and dynamic nature as follows.

Global Directional Arithmetic. The most foun-
dational approach treats guidance as a global shift
along learned directions in the residual stream,
typically formalized as an additive update ht =
h{ + av. PPLM (Dathathri et al., 2020) pioneered
this paradigm by utilizing test-time gradient up-
dates to shift hidden states toward target attributes.



Activation Addition (Turner et al., 2024) and Rep-
resentation Engineering (RepE) (Zou et al., 2023)
extract these steering vectors by contrasting acti-
vations from paired positive and negative prompts,
successfully modulating high-level traits like help-
fulness, honesty, or political framing. Inference-
Time Intervention (ITT) (Li et al., 2023a) derives
truthfulness directions from linear probes trained
on labeled datasets, while In-Context Vectors (ICV)
(Liu et al., 2024b) and Function Vectors (Todd et al.,
2024) distill task-specific directions directly from
few-shot demonstrations. Recent empirical studies
focus on optimizing the application of these vectors,
analyzing layer sensitivity and scaling laws to max-
imize control efficacy while minimizing perplexity
degradation (Stoehr et al., 2024; Stolfo et al., 2025;
Liu et al., 2025d).

Decomposition and Fine-Grained Control.
Moving beyond raw residual directions, this
paradigm decomposes representations into an inter-
pretable basis before intervention. Sparse Autoen-
coders (SAEs) have emerged as a powerful tool
to disentangle polysemantic neurons into monose-
mantic features; steering in this context implies
identifying features correlated with specific behav-
iors and clamping their coefficients (Huben et al.,
2024; Soo et al., 2025; Yan et al., 2024). At the
neuron level, methods identify "target atoms" or
clusters of neurons responsible for hallucinations
or toxic content, selectively dampening them to
mitigate adverse behaviors while preserving gen-
eral reasoning capabilities (Zhang et al., 2025f;
Huang et al., 2025c¢; Han et al., 2025). Work in
2025 further refines this by mapping safety-critical
concepts to sparse bases to decouple refusal mech-
anisms from reasoning logic (Wang et al., 2025c;
Valentino et al., 2025; Sakarvadia et al., 2025).

Geometric Constraints and Projection. To min-
imize the side effects of steering, this category
employs linear operators that respect the geo-
metric structure of the representation space. In-
stead of simple addition, methods like AlphaSteer
(Sheng et al., 2025) and ASGuard (Park et al.,
2025) compute steering vectors within the null-
space of task-relevant representations, ensuring
that safety edits remain orthogonal to core com-
petencies. Projection-based steering (Postmus and
Abreu, 2024) and probe-free low-rank interventions
(Jiang et al., 2025a; Oozeer et al., 2025) parameter-
ize guidance as a low-rank update h=h+Wh,
learning a structured transformation that aligns acti-
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Latent steering vectors (Subramani et al., 2022), IDANI (Antverg et al., 2022),

PPLM (Dathathri et al., 2020), ITI (Inference-Time Intervention) (Li et al., 2023a), Ac-
tivation Engineering (Turner et al., 2024), Representation Engineering (RepE) (Zou et al.,
2023), (Huben et al., 2024), (Yan et al., 2024), EAST (Entropic Activation Steering) (Rahn
et al., 2024), NL-ITI (Hoscilowicz et al., 2024), (Fatahi Bayat et al., 2024), In-context Vec-
tors (ICV) (Liu et al., 2024b), Activation scaling (Stoehr et al., 2024), (Postmus and Abreu,
2024), Steering Target Atoms (STA) (Wang et al., 2025¢), SCANS (Cao et al., 2025), FLO-
RAIN (Jiang et al., 2025a), SADI (Wang et al., 2025¢), DSAS (Do et al., 2025), (Valentino
et al., 2025), (Sakarvadia et al., 2025), (Zhao et al., 2025b), (Oozeer et al., 2025), (Cy-
berey and Evans, 2025), AlphaSteer (Sheng et al., 2025), (Jorgensen et al., 2023), (van der
Weij et al., 2024), (Todd et al., 2024), (Konen et al., 2024), (Stolfo et al., 2025), (Lee

et al., 2025a), (Wang et al., 2025d), (Hegazy et al., 2025), (Rodriguez et al., 2024), (Zhang
et al., 2025f), (Park et al., 2025), (Wu et al., 2025b), (Sun et al., 2025a), (Soo et al., 2025),
(Karnik and Bansal, 2025), (Huang et al., 2025¢), (Han et al., 2025), (Liu et al., 2025d),
(Scalena et al., 2024)

Figure 3: Latent-space guidance methods.

Decoding-Space Guidance

GeDi (Krause et al., 2021), Contrastive Decoding (Li et al., 2023b), DoLa (Chuang et al.,
2024), NeuroLogic Decoding (Lu et al., 2021), FUDGE (Yang and Klein, 2021), DEx-
perts (Liu et al., 2021), Grammar-Constrained Decoding (Raspanti et al., 2025), ROSE
(Zhong et al., 2024), Instructive Decoding (Alajrami et al., 2025), MOD (Shi et al., 2024a),
RMOD (Son et al., 2025), PAD (Chen et al., 2025b), DeAL (Huang et al., 2025b), DeRa
(Liu et al., 2024c), SAFEINFER (Banerjee et al., 2025), IBD (Zhu et al., 2024), Nudging
(Fei et al., 2025), CDT (Yang et al., 2025a), UACD (Lee et al., 2025b), SLED (Zhang

et al., 2024), RGD (Maiias et al., 2025), PRGD (Nguyen et al., 2025), ACD (Zhang et al.,
2025c), Drift (Kim et al., 2025), RSD (Liao et al., 2025), Air-Decoding (Zhong et al.,
2023), CARDS (Li et al., 2025a), CARE (Hu et al., 2025b), CDT (Yang et al., 2025b),
MCA (Fu et al., 2025).

Figure 4: Decoding-space guidance methods.

vations with a target distribution rather than a single
direction (Rodriguez et al., 2024). These methods
emphasize "surgical" interventions that mathemat-
ically constrain the edit distance in task-critical
subspaces.

Context-Adaptive Dynamics. Fixed interven-
tions may lead to over-control. Adaptive methods
resolve this by modulating the intervention strength
« or direction v based on the current context. Non-
linear ITI (Li et al., 2023a) and entropy-aware steer-
ing (Hoscilowicz et al., 2024) scale interventions
based on model uncertainty, applying corrections
only when hallucination risk is high. Semantics-
adaptive controllers (Wang et al., 2025e,d) dynam-
ically adjust activation scales according to the se-
mantic topic of the input. In safety domains, meth-
ods like SCANS (Cao et al., 2025) and preemp-
tive detectors (Karnik and Bansal, 2025) employ
lightweight gating mechanisms to trigger steering
only when harmful intent is detected. Extensions to
multimodal settings, such as AutoSteer (Wu et al.,
2025b) and Layer-Navigator (Sun et al., 2025a), dy-
namically route guidance across layers depending
on joint vision-language activation patterns, ensur-
ing context-sensitive safety alignment.

3.3 ,Jj Decoding-Space Guidance

Decoding-space guidance intervenes on the log-
its z; at each generation step, modifying token



probabilities via a guidance operator r before sam-
pling. This enables fine-grained steering of style,
safety, and task behavior without parameter up-
dates. As summarized in Figure 4, we categorize
these methodologies into Score-based Reweighting
and Constraint-based Filtering.

Score-based Reweighting. Most decoding-time
methods retain the full vocabulary but adjust the
relative probability of tokens to favor desirable
behaviors. GeDi (Krause et al., 2021) and DEx-
perts (Liu et al., 2021) achieved this by reweight-
ing predictions using logits from external auxil-
iary models (experts) or anti-experts. Contrastive
strategies leverage the model’s own capabilities to
"self-correct” logits: methods like Contrastive De-
coding (Li et al., 2023b) and DoLa (Chuang et al.,
2024) subtract the logits of a "weak" model from
a "strong" one to amplify factual signals. Newer
variants such as UACD (Lee et al., 2025b) and
SLED (Zhang et al., 2024) introduce uncertainty
and stability metrics to modulate this contrastive
penalty, avoiding noise when the model is uncon-
fident. In safety alignment, ROSE (Zhong et al.,
2024), Instructive Decoding (Alajrami et al., 2025),
and ACD (Zhang et al., 2025¢) down-weight tokens
favored by unsafe or noisy prompts while boosting
those aligned with clean instructions. A second
cluster fuses base logits with scores from external
auxiliary models or reward functions. Frameworks
like MOD (Shi et al., 2024a) and DeAL (Huang
et al., 2025b) combine task utility scores with base
probabilities, while PAD (Chen et al., 2025b) and
Drift (Kim et al., 2025) inject user-specific pref-
erence vectors for personalized alignment. Sim-
ilarly, methods such as SAFEINFER (Banerjee
et al., 2025) and CDT (Yang et al., 2025b) fuse
risk estimation or truthfulness comparator scores
to dynamically suppress toxic or hallucinatory con-
tinuations.

Constraint-based Filtering. A complementary
paradigm treats decoding as a constrained search
problem, using the guidance operator to strictly
rule out invalid tokens rather than merely reshaping
their scores. Classical methods employ symbolic
masks to enforce validity: NeuroLogic Decoding
(Lu et al., 2021) applies predicate logic constraints,
while Grammar-Constrained Decoding (Raspanti
et al., 2025) uses formal grammars to ensure syn-
tactically valid code generation. Extending this
to dynamic trajectory control, recent approaches
explicitly prune the search space based on interme-

Output-Space Guidance

ToT (Yao et al., 2023a), GoT (Besta et al., 2024), RAP (Hao et al., 2023), Multi-Agent De-
bate (Zhou et al., 2024a), Reflexion (Shinn et al., 2023), Self-Refine (Madaan et al., 2023),
CRITIC (Gou et al., 2024), Training Verifiers (Cobbe et al., 2021), SelfCheckGPT (Man-
akul et al., 2023), MBR Decoding (Suzgun et al., 2023), Universal Self-Consistency (Chen
et al., 2024), Speculative Rejection (Sun et al., 2024a),((Ren et al., 2023)), COOPER-
ATE(Feng et al., 2024), LLM-Blender (Jiang et al., 2023a), Selection-Inference (Creswell
et al., 2023), Mutual Reasoning (Qi et al., 2025a)

Figure 5: Output-space guidance methods.

diate quality assessments. CARE (Hu et al., 2025b)
introduces a "rollback and introspection" mecha-
nism that detects unsafe trajectories mid-generation
and reverts to a safe state. Similarly, CARDS (Li
et al., 2025a) and Reward-Guided Speculative De-
coding (RSD) (Liao et al., 2025) implement cas-
cade sampling or verifiers to filter out low-quality
speculative candidates before they are committed,
effectively pruning undesirable paths to guarantee
alignment constraints.

34 4 Output-Space Guidance

Output-space guidance steers generation at the
response level via post-hoc scoring or structural
search, enabling complex reasoning without pa-
rameter updates. As summarized in Figure 5, we
categorize these methods into Search and Plan-
ning, Iterative Refinement, Candidate Selection
and Reranking, and Multi-Model Collaboration.

Search and Planning. These methods structure
generation as a search process over a space of
reasoning steps. Tree of Thoughts (ToT) (Yao
et al., 2023a) allows the model to explore multiple
branches and backtrack when necessary. Graph of
Thoughts (GoT) (Besta et al., 2024) extends this to
arbitrary graphs, enabling the aggregation of infor-
mation from different thoughts. RAP (Hao et al.,
2023) and LATS (Zhou et al., 2024a) treat the LLM
as a world model within a Monte Carlo Tree Search
framework, simulating future outcomes to plan the
optimal reasoning path.

Iterative Refinement. Instead of searching mul-
tiple branches, refinement methods optimize a sin-
gle response through feedback loops. Self-Refine
(Madaan et al., 2023) generates an initial draft and
iteratively prompts the model to critique and im-
prove its own output. Reflexion (Shinn et al., 2023)
introduces "verbal reinforcement learning," where
the agent reflects on past failures to update its mem-
ory for future trials. CRITIC (Gou et al., 2024)
enhances this cycle by using external tools to ver-
ify outputs and guide revisions based on execution



feedback.

Candidate Selection and Reranking. This
paradigm follows a "generate-then-select" work-
flow: sample multiple candidates and select the
best one. Verifier-based methods (Cobbe et al.,
2021) and SelfCheckGPT (Manakul et al., 2023)
score candidates based on correctness or hallucina-
tion probability. Universal Self-Consistency (Chen
et al., 2024) and MBR Decoding (Suzgun et al.,
2023) select the consensus output that minimizes
risk or maximizes consistency across diverse sam-
ples. To improve efficiency, Speculative Rejection
(Sun et al., 2024a) and Self-Evaluation (Ren et al.,
2023) use reward models or confidence scores to
prune low-quality candidates early in the process.

Multi-Model Collaboration. Guidance can also
emerge from the interaction of diverse models.
LLM-Blender (Jiang et al., 2023a) employs a rank-
ing and fusion module to synthesize the best com-
ponents from multiple model outputs. Selection-
Inference (Creswell et al., 2023) decomposes rea-
soning into modular selection and inference steps
handled by specialized prompts. Recent collab-
orative frameworks like Mutual Reasoning (Qi
et al., 2025a) and COOPERATE (Feng et al., 2024)
demonstrate that diverse models can correct each
other’s errors through voting or abstention mecha-
nisms, leveraging the wisdom of the crowd without
training.

4 Discussion

We synthesize these paradigms into a comparative
framework to highlight trade-offs in access, cost,
and granularity, followed by an analysis of critical
deployment challenges.

4.1 Comparative Analysis

The Access Divide: Black-box vs. White-box.
The most immediate constraint in real-world de-
ployment is model access. Input- and output-space
methodologies treat the LLM purely as an API
endpoint, making them the only viable options for
proprietary models like GPT-5 or Gemini. Tech-
niques such as Contextual Augmentation (Ram
et al., 2023) and Tree of Thoughts (Yao et al.,
2023a) scale naturally with stronger base mod-
els without requiring internal visibility. In con-
trast, latent- and decoding-space guidance neces-
sitate access to activation vectors or vocabulary
logits. While this restricts their application to open-
weights models, it unlocks a level of "surgical"

precision impossible via prompting alone. For in-
stance, Activation Engineering (Turner et al., 2024)
and Inference-Time Intervention (ITI) (Li et al.,
2023a) can suppress specific hallucination patterns
or safety risks by directly dampening the corre-
sponding internal features, bypassing the model’s
tendency to rationalize instructions in the prompt.

The Precision-Coherence Trade-off. Does finer
control always lead to better outcomes? Evi-
dence suggests a delicate balance between steering
strength and semantic coherence. Decoding-space
methods like NeuroLogic (Lu et al., 2021) and
Contrastive Decoding (Li et al., 2023b) enforce
strict token-level constraints, effectively pruning
the probability mass of undesirable outputs. How-
ever, aggressively reshaping the output distribution
can force the model off its natural "manifold," lead-
ing to disjointed or ungrammatical text. Similarly,
latent interventions face the challenge of "manifold
distortion": as noted in recent studies on activation
scaling (Stolfo et al., 2025; Liu et al., 2025d), push-
ing internal states too far along a steering vector
often causes a spike in perplexity and a degrada-
tion of general capabilities. This contrasts with
input-space methods, which, by operating through
natural language, generally preserve fluency but
often fail to enforce negative constraints.

Inference-Time Compute as the New Scaling
Law. A parallel trend connects these paradigms
through the lens of compute allocation. While la-
tent and decoding methods typically incur negligi-
ble overhead—often just a single vector addition
or logit subtraction per step—output-space guid-
ance represents a fundamental shift towards "test-
time scaling." By generating multiple candidates
or searching through reasoning trees, methods like
ToT (Yao et al., 2023a) and RAP (Hao et al., 2023)
effectively trade inference latency for intelligence,
enabling System-2 reasoning. This mirrors the ob-
servation that difficult reasoning tasks benefit more
from verifying multiple paths than from optimizing
a single forward pass. Thus, the choice of method
often reduces to a resource decision: is it more
efficient to "patch"” a model’s intuition via latent
steering, or to spend compute on explicit search via
output guidance?

Convergence of Control Spaces. Although cate-
gorized into distinct spaces, recent advancements
indicate a blurring of boundaries where effective
systems hybridize these approaches. Contrastive



Decoding (Li et al., 2023b), nominally a decoding
method, relies heavily on engineered "negative"
prompts (input-space) to derive its steering signal
(Zhong et al., 2024). Similarly, Latent-space vec-
tors are often distilled from In-Context Learning
examples (Liu et al., 2024b), effectively projecting
input demonstrations into the residual stream. Most
notably, safety frameworks like CARE (Hu et al.,
2025b) now integrate decoding-time monitoring
with output-space rollback mechanisms. This con-
vergence suggests that future guidance will likely
be "full-stack": leveraging prompts for intent, la-
tent/decoding methods for constraints, and output
search for verification.

4.2 Challenges and Future Directions

While training-free guidance offers flexibility, it
faces critical hurdles in efficiency and reliability.
We highlight four fundamental contradictions and
the emerging frontiers promising to resolve them.

The Alignment-Capability Dilemma and Glass-
Box Steering. A persistent challenge in current
interventions is the trade-off between safety and ca-
pability, often resulting in an alignment tax where
steering a model towards safety degrades its gen-
eral reasoning. This phenomenon largely arises
because standard activation steering operates on
entangled, polysemantic representations, where a
single direction encodes multiple distinct concepts.
Consequently, blindly adding a steering vector of-
ten induces manifold distortion, leading to spikes in
perplexity or over-refusal. To resolve this, the field
is transitioning from coarse-grained direction arith-
metic to interpretability-driven steering. By lever-
aging Sparse Autoencoders to decompose dense
activations into overcomplete, monosemantic fea-
tures (Yan et al., 2024; Cunningham et al., 2023),
future methods will move towards precise feature
clamping. This technique allows for the surgical
suppression of specific behaviors, such as decep-
tion or bias, without disrupting the broader seman-
tic manifold, effectively enabling control with min-
imal side effects (He et al., 2025b).

Inference Efficiency and Unified Architectures.
Guidance shifts the computational burden from
training to inference, where heavy retrieval or it-
erative search mechanisms can prohibit real-time
deployment. To address this, future systems must
evolve into unified "Full-Stack" architectures that
employ hierarchical routing to optimize the com-
putational budget per query, rather than applying

a uniform processing chain. A meta-controller as-
sesses input complexity, directing simple prompts
to lightweight latent interventions (System-1) while
reserving expensive tree-search algorithms for
high-stakes reasoning tasks (System-2). Recent
breakthroughs in scaling test-time compute (Snell
et al., 2024) and reasoning-star strategies (Qi et al.,
2025b) demonstrate that such adaptive allocation
can simulate the performance gains of reinforce-
ment learning without parameter updates, establish-
ing inference-as-alignment as a resource-efficient
paradigm.

Reliability Crisis and Theoretical Guarantees.
Real-world applications require satisfying conflict-
ing constraints simultaneously (e.g., conciseness
vs. detailed reasoning), often leading to destructive
interference in linear steering combinations. Mov-
ing beyond empirical tuning requires establishing
a "Control Theory for LLMs." Emerging research
treating generation as a Markov Decision Process
(MDP) suggests that verifiable safety properties
may be achievable through constrained decoding
policies (Kumar et al., 2025) and Pareto-optimal
multi-objective optimization (Son et al., 2025), en-
suring convergence to safe states.

The Generalization Gap and Multimodal Steer-
ing. AsLLM:s evolve into Multimodal Large Lan-
guage Models, text-only guidance is becoming in-
sufficient. Visual inputs often bypass text-based
safety guardrails, leading to "visual jailbreaks"
where adversarial images trigger harmful outputs
despite safe textual prompts. The frontier lies in de-
veloping cross-modal interfaces that bridge this gap
by establishing a shared control space. Emerging
research focuses on using textual prompts to di-
rectly modulate visual encoders (Wu et al., 2025b)
or intervening on joint vision-language represen-
tations (Wang et al., 2025b). This points toward a
modality-agnostic control layer capable of aligning
video, audio, and text generation simultaneously.

5 Conclusion

This survey systematizes training-free guidance
through a mechanism-centric Inference Lifecycle
Taxonomy. By unifying interventions across input,
latent, decoding, and output spaces, we highlight
key trade-offs in accessibility, cost, and precision.
We envision a future shift toward "full-stack” archi-
tectures that dynamically bridge static models with
evolving user needs.



Limitations

This survey establishes a structural foundation for
training-free guidance, yet we acknowledge the gap
between our theoretical taxonomy and engineering
reality. Our mechanism-centric classification in-
evitably abstracts over complex implementation
nuances—such as inference latency trade-offs and
memory optimization—that are critical in deploy-
ment but distinct from conceptual categorization.
Furthermore, we deliberately abstain from a unified
quantitative benchmark, as the efficacy of guidance
is deeply coupled with the rapidly evolving capa-
bilities of base models; techniques essential for
weaker models may become redundant as reason-
ing scales, rendering static comparisons scientifi-
cally fragile. Thus, this work serves as a qualitative
synthesis of representative control paradigms rather
than an exhaustive empirical leaderboard.
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A Scope and Rationale of this Survey

Rationale: Unifying a Fragmented Landscape.
As illustrated in Table 1, the field of LLM adap-
tation is undergoing a fundamental shift from
parameter-heavy training to flexible test-time in-
terventions. However, the current literature treats
these interventions as distinct, unrelated fields.
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Researchers working on Prompt Engineering (In-
put Space) often operate independently from
those studying Mechanistic Interpretability (Latent
Space) or Constrained Decoding (Decoding Space).
Existing surveys typically focus either on isolated
subfields (Schulhoff et al., 2025; Rai et al., 2025) or
on specific objectives like safety (Pan et al., 2025)
or efficiency (Zhang et al., 2025b), obscuring the
underlying control mechanisms. This survey is
essential to bridge these silos. By proposing the
first mechanism-centric taxonomy, we reveal how
the same mathematical principles can be applied
across different stages of generation, providing re-
searchers with a "full-stack" view of model control-
lability that existing goal-oriented reviews lack.

Scope: Defining Training-Free Guidance. To
ensure clarity, we strictly define Training-Free Test-
Time Guidance based on two criteria: (1) Frozen
Parameters, meaning the parameters of the back-
bone LLM are strictly frozen and cannot be trained,;
and (2) Inference Intervention, where the method
actively alters the model’s generation probability
or trajectory to satisfy specific constraints. Un-
der this definition, our review covers the entire
inference lifecycle: Input Space, Latent Space, De-
coding Space, and Output Space. We explicitly
exclude system-level optimizations focused solely
on throughput and permanent weight-editing tech-
niques, as they aim for computational efficiency
rather than control.

B Terminology: Why We Use the Term
“Guidance”

In this survey, we use guidance as an umbrella term
for LLM-training-free, test-time mechanisms that
inject additional signals into the inference process
(in the input space, latent space, or decoding pro-
cess) to direct a frozen model toward a behavioural
objective, without updating its parameters. This
notion is close to the role of a guidance module in
control systems, which specifies the desired trajec-
tory of a system given its current state and mission
goal, distinct from both navigation and low-level
control (Wikipedia contributors, 2025a).

We deliberately distinguish guidance from sev-
eral related terms. Steering typically denotes chang-
ing the direction of motion (Wikipedia contributors,
2025b) and, in the LLM literature, is often used
for activation-level representation engineering—
adding or modifying directions in hidden space
to control behaviour (Zou et al., 2025). Interven-
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Table 1: Comparison with existing surveys related to LLM adaptation. ¢/ = Primary focus with detailed taxonomy;

= Partial coverage or sub-topic discussion;

= Little to no coverage. Our survey is the first to provide a unified

framework covering the entire test-time inference lifecycle.

Survey Core Focus Intervention Space (Lifecycle) U\I;ilgvf:;d
Input Latent Decoding Output

General & Training-Based Surveys

Zhao et al. (Zhao et al., 2025a) General LLM Capabilities

Tie et al. (Lai et al., 2025) Post-Training Scaling

Subfield-Specific Surveys

Schulhoff et al. (Schulhoff et al., 2025) Prompt Engineering Techniques 4

Fan et al. (Fan et al., 2024) Retrieval-Augmented Generation v

Rai et al. (Rai et al., 2025) Mechanistic Interpretability v

Goal-Oriented Test-Time Surveys

Zhang et al. (Zhang et al., 2025b) Test-Time Scaling v

Pan et al. (Pan et al., 2025) Training-Free Alignment v 4

Huang et al. (Huang et al., 2025a) Human-AI Cooperation v

Ours Test-Time Guidance Mechanism (4 4 4 v 4
tion usually emphasises the concrete act of edit-  in Figure 6):
ing internal activations at specific layers or tokens .
during inference (Li et al., 2023a). Mitigation de- P(ylz; g) = Tz (Po(-|z), 9) ¢))
scribes a safety-oriented objective (e.g., reducing
hallucinations or toxicity), rather than a particular
mechanism. Sulekne:

In this paper, we therefore use guidance as the
method-agnostic, trajectory-oriented term for test- -
Fy(e|x) P(y|x:g)

time control of LLMs; we treat steering and inter-
ventions as specific implementation families within
this space, and mitigation as one important class of
guidance objectives (safety and robustness).

C A Unified Guidance Theoretical
Framework from a Conditional
Distribution Shaping Perspective

To synthesize the diverse methods categorized in
our taxonomy, we propose a unified framework
based on Conditional Distribution Shaping (Ji et al.,
2024; Hu et al., 2025a; Li et al., 2025c). Fun-
damentally, a pre-trained LLM defines a base au-
toregressive distribution Py(y|x). The objective of
any training-free guidance method is to construct
a transformed distribution P(y|z; g) that satisfies
specific constraints imposed by the guidance signal
g.

We formalize this transformation as the applica-
tion of a shaping operator 7 at a specific interface
T of the model’s computational graph (as illustrated
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Figure 6: Schematic of the Unified Guidance Theoreti-
cal Framework from a Conditional Distribution Shaping
Perspective.

The four intervention spaces in our taxonomy
correspond to applying 7 at four distinct depth
levels of the generative process.

1. Input Space (Tinput):  In input-level guidance,
the shaping operator intervenes on the conditioning
variable itself. Rather than modifying the model’s
mapping function, it seeks a perturbation § in the
discrete token space (or embedding space) such
that the base model naturally projects the input to
the desired output region.

P(ylz;g) = Po(y | ¢(z.9)) ©9)

where ¢(z, g) represents the transformation func-
tion (e.g., prepending a system prompt or retriev-
ing context). Theoretically, this leverages the pre-
training manifold continuity: it relies on the as-
sumption that there exists a neighborhood ¢(x, g)



in the context space that maps to the target dis-
tribution P solely through the frozen parameters
0.

2. Latent Space (Tjaent):  Latent interventions
operate by warping the intermediate feature map-
ping. Let Fy(hy_1) be the transformation at layer .
Guidance introduces an affine transformation (steer-
ing vector v) to the hidden state hy. The shaped
distribution is the result of forward-propagating
this perturbed state:

P(y|z;g) = Head (... Fr(he 4+ Avg)...) (10)

Unlike input guidance which is discrete, this op-
erator performs a geometric translation on the se-
mantic manifold. By shifting the representation hy
along the direction v, the operator Tiyen: biases
the subsequent layers to process the context as if
it possessed the attribute g, effectively reshaping
the downstream probability surface before it is pro-
jected to the vocabulary.

3. Decoding Space (7gecoding):  Decoding guid-
ance acts directly on the output probability mass
function at each step ¢. The operator 7 transforms
the logits z; into Z; via an additive or masking term
¥(g), followed by re-normalization:

P(yily<t, 3 g) = Softmax (z; + A - 9(yt, 9))

(a1
Here, 1 can be a constraint mask or a contrastive
bias. This represents a local re-weighting strat-
egy. The shaping operator explicitly "carves" the
distribution, suppressing the probability mass of
tokens that violate g and re-allocating it to com-
pliant tokens, ensuring strict or soft adherence to
constraints at the token level.

4. Output Space (Toutput):  Output guidance op-
erates on the distribution over complete sequences.
Theoretically, this can be viewed as applying a se-
lection filter over the support set ). The shaped
distribution becomes:

Po(ylz) - I[R(y, g) > 7]
7

P(ylz;g) = (12)
where [ is an indicator function (or soft score) from
a verifier R, and Z is the normalization constant.
This operator performs global pruning. It shapes
the distribution by truncating the tail and concen-
trating the probability mass solely on the candidate
y* that maximizes the global verification score.
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D Literature Search Methodology

To ensure a comprehensive coverage of the land-
scape, we conducted a systematic search across
major academic databases, including ACL Anthol-
ogy, Google Scholar, and Semantic Scholar Com-
plementing these traditional repositories, we ac-
tively monitored real-time research trends using
Al-driven discovery platforms such as PaSa', Pa-
pers.cool?, and Hugging Face Papers®. We also
employed a "snowballing" strategy, leveraging bib-
liographies from existing related surveys (as dis-
cussed in Table 1) to identify relevant training-free
mechanisms. We strictly filtered papers based on
the criteria of keeping the backbone model frozen
and involving active inference-time intervention.
The complete consolidated list of surveyed litera-
ture, categorized by intervention space, is visual-
ized in Figure 7.

1https: //pasa-agent.ai/
2https: //papers.cool/
3https://huggingface.co/papers/trending
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I. Input-Space Guidance

Contextual Augmentation: IC-RAG (Ram et al., 2023), REPLUG (Shi et al., 2024b), CoK (Li et al., 2024b), RQ-RAG (Chan et al.,
2024), GMR (Lee et al., 2022), RAG-Fusion (Rackauckas, 2024), KRAGEN (Matsumoto et al., 2024), SImRAG (Xu et al., 2025),
SEER (Zhao et al., 2024a), L-RAG (Lin et al., 2025a), HopRAG (Liu et al., 2025a), KERAG (Sun et al., 2025c), TC-RAG (Jiang
et al., 2025b), HyKGE (Jiang et al., 2025c), UniRAG (Li et al., 2025¢), OmniRAGMed (Chen et al., 2025c), MolRAG (Xian et al.,
2025), EventRAG (Yang et al., 2025d), KiRAG (Fang et al., 2025a), FaithfulRAG (Zhang et al., 2025a), Dialogue-RAG (Li et al.,
2025d), SGIC (Chen et al., 2025a), MedGraphRAG (Wu et al., 2025a), Astute RAG (Wang et al., 2025a), DualRAG (Cheng et al.,
2025), T-GRAG (Li et al., 2025b), SafeDriveRAG (Ye et al., 2025), RecipeRAG (Yang et al., 2025c), HM-RAG (Liu et al., 2025¢),
DynamicRAG (Sun et al., 2025b), What-makes-ICL (Liu et al., 2022), Lost-in-Middle (Liu et al., 2024a), L2R-ICL (Wang et al.,
2024a), CED-Select (Iter et al., 2023), RGER (Lin et al., 2025b), GENICL (Zhang et al., 2025¢), MLSM/TTF (Liu et al., 2025b),
UnilCL (Gao et al., 2025), FLARE (Jiang et al., 2023b), CoVe (Wang et al., 2024c), ToG2 (Ma et al., 2025).

Prompt Design and Optimization: Chain-of-Thought (Wei et al., 2022), Zero-shot CoT (Kojima et al., 2022), Self-Consistency
(Wang et al., 2023), Tab-CoT (Ziqi and Lu, 2023), Auto-CoT (Zhang et al., 2023), Logical CoT (Zhao et al., 2024b), CDW-CoT
(Fang et al., 2025b), RankCoT (Wu et al., 2025c), PCoT (Modzelewski et al., 2025), SemCoT (He et al., 2025a), APE (Zhou et al.,
2023b), OPRO (Yang et al., 2024), BPO (Cheng et al., 2024a), RLPrompt (Deng et al., 2022), PromptAgent (Wang et al., 2024b),
PEARL-plan (Sun et al., 2024b), PromptBreeder (Fernando et al., 2024), Structure-Guided (Cheng et al., 2024b), AutoPrompt (Shin
et al., 2020), Automate-CoT (Shum et al., 2023).

Alignment and Safety Prompting: Self-Reminders (Xie et al., 2023), URIAL (Lin et al., 2024), LLaMA-2 cfg. (Touvron et al.,
2023), ICAG (Zhou et al., 2024b), SmoothLLM (Robey et al., 2025), ROSE (Zhong et al., 2024), Instructive Decoding (Alajrami

et al., 2025), Intention Analysis (Zhang et al., 2025d), CIP (Hahm et al., 2025), LLM-Self-Defense (Phute et al., 2024), SelfDefenD
(Wang et al., 2025f), P-Aligner (Song et al., 2025b), ICDPO (Song et al., 2025a).

II. Latent-Space Guidance

Global Directional Arithmetic: Activation Engineering (Turner et al., 2024), PPLM (Dathathri et al., 2020), RepE (Zou et al., 2023),
ITI (Li et al., 2023a), In-Context Vectors (Liu et al., 2024b), Function Vectors (Todd et al., 2024), Latent steering vectors (Subramani
et al., 2022), IDANI (Antverg et al., 2022), Scaling Laws (Stoehr et al., 2024), Layer Sensitivity (Stolfo et al., 2025), Fractional
Reasoning (Liu et al., 2025d).

Decomposition and Fine-Grained Control: SAE-based Steering (Huben et al., 2024; Yan et al., 2024), Interpretable Steering (Soo
et al., 2025), Sparse Neurons (Zhang et al., 2025f), Neuron Dampening (Huang et al., 2025¢c), Dual Mechanisms (Han et al., 2025),
Steering Target Atoms (Wang et al., 2025¢), Concept Clamping (Valentino et al., 2025; Sakarvadia et al., 2025).

Geometric Constraints and Projection: AlphaSteer (Sheng et al., 2025), ASGuard (Park et al., 2025), Projection Steering (Postmus
and Abreu, 2024), FLORAIN (Jiang et al., 2025a), Low-Rank Interventions (Oozeer et al., 2025), Diffusion Control (Rodriguez et al.,
2024).

Context-Adaptive Dynamics: NL-ITI (Hoscilowicz et al., 2024), EAST (Rahn et al., 2024), SADI (Wang et al., 2025¢e), Adaptive
Steering (Wang et al., 2025d), SCANS (Cao et al., 2025), Preemptive Detection (Karnik and Bansal, 2025), AutoSteer (Multimodal)
(Wu et al., 2025b), Layer-Navigator (Sun et al., 2025a), DSAS (Do et al., 2025).

ITII. Decoding-Space Guidance

Score-based Reweighting: GeDi (Krause et al., 2021), DExperts (Liu et al., 2021), Contrastive Decoding (Li et al., 2023b), DoLa
(Chuang et al., 2024), UACD (Lee et al., 2025b), SLED (Zhang et al., 2024), ROSE (Zhong et al., 2024), Instructive Decoding (Ala-
jrami et al., 2025), ACD (Zhang et al., 2025c), MOD (Shi et al., 2024a), DeAL (Huang et al., 2025b), PAD (Chen et al., 2025b),
Drift (Kim et al., 2025), SAFEINFER (Banerjee et al., 2025), CDT (Yang et al., 2025b), RMOD (Son et al., 2025), IBD (Zhu et al.,
2024), Nudging (Fei et al., 2025), DeRa (Liu et al., 2024c), MCA (Fu et al., 2025), Air-Decoding (Zhong et al., 2023), FUDGE
(Yang and Klein, 2021).

Constraint-based Filtering: NeuroLogic Decoding (Lu et al., 2021), Grammar-Constrained (Raspanti et al., 2025), CARE (Hu et al.,
2025b), CARDS (Li et al., 2025a), RSD (Liao et al., 2025), RGD (Maiias et al., 2025), PRGD (Nguyen et al., 2025).
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IV. Output-Space Guidance

Search and Planning: ToT (Yao et al., 2023a), GoT (Besta et al., 2024), RAP (Hao et al., 2023), Multi-Agent Debate/LATS (Zhou
et al., 2024a).

Iterative Refinement: Reflexion (Shinn et al., 2023), Self-Refine (Madaan et al., 2023), CRITIC (Gou et al., 2024).

Candidate Selection and Reranking: Training Verifiers (Cobbe et al., 2021), SelfCheckGPT (Manakul et al., 2023), MBR Decoding
(Suzgun et al., 2023), Universal Self-Consistency (Chen et al., 2024), Speculative Rejection (Sun et al., 2024a), Self-Evaluation (Ren
et al., 2023).

Multi-Model Collaboration: COOPERATE (Feng et al., 2024), LLM-Blender (Jiang et al., 2023a), Selection-Inference (Creswell
et al., 2023), Mutual Reasoning (Qi et al., 2025a).

J

Figure 7: A comprehensive summary of the surveyed literature, organized by the taxonomy detailed in Section 3.
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