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Abstract

Large models are increasingly improved not only through training, but also
through interventions applied during testing and inference. Prompting, retrieval
augmentation, test-time adaptation, reasoning-time search, verification, memory,
tool use, and agentic workflows have therefore become closely related, yet they
are often reviewed as separate research lines. This survey introduces Test-Time
Improvement (TTI) as a bounded inference-stage research space for studying
how trained models improve their current task performance by using informa-
tion, computation, feedback, state, or external actions available at inference time.
To organize this heterogeneous field, we develop a Locus × Source research
map. The Locus axis distinguishes whether an intervention acts on the input,
inference-relevant state variables, or the inference process, while the Source axis
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identifies whether the useful signal comes from internal model knowledge, static
knowledge resources, live tools or environments, test streams, or self-generated
and verifier-based feedback. Based on this map, we review input-level, state-
level, and process-level interventions and trace how local interventions migrate
into coupled TTI systems, such as context-to-memory, trace-to-search, tool-to-
experience, and feedback-to-verifier trajectories. We further analyze how TTI
methods convert capacity, context, and feedback bottlenecks into resource-control
problems over inference-time computation, reusable state, and reliable evalua-
tion. Finally, we analyze landscape-level research patterns and identify future
directions for controllable, evaluable, and stable test-time improvement.

Keywords: Test-Time Improvement, Large Models, Inference-Stage Intervention,
Test-Time Adaptation, Test-Time Scaling, Resource Control

1 Introduction

Large models are increasingly used not only as static predictors, but also as inference-
time systems. In many applications, their behavior is shaped not only by parameters
learned during training, but also by the information, computation, state, and feedback
available during inference. Tasks may be reformulated through prompts or demon-
strations, external evidence may be retrieved, test samples may trigger adaptation,
and generation may be organized through reasoning, search, verification, tool use, or
memory. These developments suggest that the test or inference stage has become an
important site of model improvement. Although these directions differ in technical
form, they share a common concern with how a trained model can improve inference-
time task performance after training by intervening in the process through which it
solves a current problem (Brown et al. 2020; Lewis et al. 2020; Guu et al. 2020; Sun
et al. 2020; Schick and Schütze 2021; Wang et al. 2021; Wei et al. 2022; Wang et al.
2023b).

Figure 1 illustrates how representative inference-stage directions are coupled
around a trained large model through input-side intervention, state-side adaptation
or memory, and process-side control.

This shift creates an organizational challenge for reviewing the field. Prompting,
retrieval augmentation, test-time adaptation, test-time scaling, verification, memory,
tool use, and agentic systems are often discussed through separate lines of work.
Recent systems, however, increasingly combine these components within the same
inference procedure. A review organized only around method names cannot fully
explain how these directions interact. This survey therefore uses Test-Time Improve-
ment (TTI) as a bounded perspective for analyzing where inference-stage interventions
act, what information they use, whether their effects persist, and what additional cost
they introduce.

The survey starts from the coupling of inference-stage methods, introduces
a bounded TTI perspective, develops a Locus × Source research map, analyzes
mechanism development and cross-locus migration, examines bottleneck conversion

2



Fig. 1 A TTI system view of inference-stage resource coupling. Representative inference-stage direc-
tions are coupled around a trained large model through input-side intervention, state-side adaptation
or memory, and process-side control, motivating the unified TTI perspective adopted in this survey.

and resource control, synthesizes landscape-level research patterns, and discusses
limitations and future directions.

This survey uses TTI as a bounded inference-stage perspective on post-training
methods or systems that directly affect a model’s current solving behavior during
testing or inference. The formal definition, boundary conditions, and inclusion criteria
are developed in Section 2.

Existing surveys have examined important subregions such as test-time scal-
ing, test-time adaptation, retrieval-augmented generation, tool learning, memory-
augmented systems, and LLM agents (Zhang et al. 2025c; Alomrani et al. 2025;
Venktesh et al. 2025; Liang et al. 2025; Wang et al. 2025b; Xiao and Snoek 2024; Gao
et al. 2024; Fan et al. 2024; Ni et al. 2025; Zhou et al. 2024; Peng et al. 2026a; Qu
et al. 2025; Chen et al. 2025b; Mialon et al. 2023; Wu et al. 2025a; Zhang et al. 2025d;
Wu et al. 2025b; Wang et al. 2024b; Huang et al. 2024c; Li 2025). These surveys pro-
vide essential foundations, but they usually organize the field around specific method
families or resource types. This motivates a cross-direction view that asks how these
lines of work jointly form an inference-stage improvement space. Section 2.2 provides
the detailed positioning against adjacent survey areas.

The core framework of this survey is a Locus-first research map. The Locus axis
specifies where a test-time intervention acts on three parts of the inference pipeline,
including the input presented to the model, state variables that are accessed, updated,
or preserved during inference, and the process through which outputs and actions
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are produced. The Source axis complements this axis by specifying where the useful
test-time information comes from. Temporal persistence and inference-time cost are
retained as auxiliary descriptors rather than additional primary axes. Together, these
descriptors support method positioning and help analyze how local inference-stage
interventions become coupled system resources.

Figure 2 summarizes the organization of the survey.

Fig. 2 Roadmap of the survey on Test-Time Improvement (TTI).

This survey makes four main contributions.

• A bounded TTI object of review. We formulate TTI as a bounded inference-
stage research space. This allows prompting, retrieval, adaptation, reasoning,
verification, memory, tools, and agents to be compared under a shared principle of
inference-stage coupling, rather than being treated as unrelated techniques or as
generic post-training improvements. This object of review complements specialized
surveys by focusing on how these directions jointly form a broader inference-stage
improvement space.

• A Locus × Source positioning map. We introduce a Locus-first map that posi-
tions heterogeneous methods by intervention locus and information source. This
map helps distinguish superficially similar methods and connect technically differ-
ent methods that play comparable roles during inference. It provides a common
coordinate system for relating compute-, retrieval-, adaptation-, memory-, tool-,
and agent-centered research lines.

• A cross-locus analysis of mechanism migration. We trace how local test-
time interventions become components of coupled TTI systems, including context-
to-memory, trace-to-search, tool-to-experience, and feedback-to-verifier or reward
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trajectories. This analysis highlights how mechanisms initially studied within one
area can migrate into another and become reusable system resources.

• A resource-control and evaluability perspective on research oppor-

tunities. We relate TTI gains to bottleneck conversion and resource-control
requirements, and identify opportunity cells according to mechanism linkage,
resource-control relevance, and evaluability rather than map gaps alone. This per-
spective emphasizes not only where new mechanisms may appear, but also whether
they can be controlled, evaluated, and stabilized under realistic inference-time
constraints.

The remainder of this survey is organized as follows. Section 2 establishes the
scope of TTI and the Locus × Source map. Section 3 traces mechanism development
and cross-locus migration across input, state, and process loci. Section 4 examines
bottleneck conversion and the resulting resource-control requirements. Section 5 ana-
lyzes landscape-level research patterns and opportunity cells. Section 6 concludes with
limitations and future directions.

2 Scope and Framework

2.1 Scope and Boundaries

Test-time improvement (TTI) refers to a family of methods that improve model behav-
ior after the original training stage by changing the information presented to the
model, adapting or steering the state variables that are accessed, updated, or pre-
served during inference, reorganizing the inference procedure, or introducing external
evidence and feedback during testing. The defining property of TTI is not that the
base model must remain completely unchanged, nor that the intervention must be
limited to prompt manipulation. Rather, the improvement process is coupled to the
test or inference stage because the method uses information, computation, feedback,
or state resources available during inference to improve output quality, adaptation,
reliability, or long-term usability.

The boundary of TTI is equally important. Conventional pretraining, standalone
supervised fine-tuning, offline domain retraining, and independent post-training
pipelines are not treated as TTI solely on the basis of post-training performance
improvement. They fall within the scope only when their signals, objectives, or state
updates are directly coupled to the testing process. For example, entropy-minimization
adaptation on incoming test batches and prompt-parameter tuning at inference time
are within scope, whereas a separately trained domain model is not. Similarly, a
retrieval system is considered TTI when retrieval is invoked to supply inference-time
evidence for a current query; a corpus construction paper or a benchmark paper is
treated as context rather than as a core TTI mechanism.

Such a scope is necessary because inference-stage improvement methods have
increasingly extended beyond their original subfield boundaries. Prompt engineer-
ing, retrieval augmentation, test-time adaptation, reasoning-time search, verification,
memory, and tool-augmented agents were often developed in separate research commu-
nities, but recent systems combine them into hybrid inference architectures. Retrieval
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pipelines may retrieve, critique, and iterate; agents may convert tool traces into
reusable experience; state-level adaptation may use verifier or reward signals; and rea-
soning methods may scale through search, candidate selection, or execution feedback.
A method-name taxonomy would obscure these mechanism-level connections. The
locus-first map introduced next therefore organizes TTI by where an intervention acts
in the inference pipeline, while source, temporal persistence, and cost describe how
the intervention obtains information, persists over time, and consumes inference-stage
resources.

2.2 Related Survey Areas

Several adjacent survey areas have examined important subregions of inference-stage
improvement, including test-time scaling, test-time adaptation, retrieval-augmented
generation, tool learning, memory-augmented systems, and LLM agents. These sur-
veys provide essential foundations for understanding specific method families, resource
types, and system settings. However, because they are typically organized around
particular technical directions or research communities, their primary focus is not
to describe how these directions jointly operate within a broader inference-stage
improvement space.

The present survey adopts a different level of analysis. Instead of treating these
areas as separate lines of work, it uses Test-Time Improvement (TTI) as a bounded
inference-stage perspective to position them within a common Locus × Source frame-
work. Table 1 summarizes this relationship at a high level and clarifies the scope of
the present survey relative to adjacent reviews.

Table 1: Positioning of adjacent survey areas relative to the present survey.

Adjacent
survey area

Representative
surveys and related
support

Main organizing
focus

Positioning in this
survey

Test-time
scaling and
test-time
compute

(Zhang et al. 2025c;
Alomrani et al. 2025;
Venktesh et al. 2025);
(Snell et al. 2025) as
analysis-oriented support

Additional inference-
time computation for
reasoning, search,
verification, and
budget allocation.

Positioned mainly as
a process-side route
of TTI and connected
with retrieval,
adaptation, memory,
tools, and feedback.

Online
test-time
adaptation

(Liang et al. 2025; Wang
et al. 2025b; Xiao and
Snoek 2024)

Adaptation to test
samples, batches, or
streams under
distribution shift.

Positioned as a
state-side route of
TTI driven mainly by
test-stream
information.
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Adjacent
survey area

Representative
surveys and related
support

Main organizing
focus

Positioning in this
survey

RAG,
trustworthy
RAG, and
GraphRAG

(Gao et al. 2024; Fan
et al. 2024; Ni et al. 2025;
Zhou et al. 2024; Peng
et al. 2026a)

Retrieval, grounding,
evidence organization,
and
knowledge-augmented
generation.

Positioned mainly as
an input-side route
that may also migrate
into memory,
verification, and
search.

Tool learning (Qu et al. 2025; Chen
et al. 2025b; Mialon et al.
2023) as broader
augmented-LM support

Tool selection, tool
calling, external
actions, and tool-use
evaluation.

Positioned as a
process-side route
that links live
external information
with action and
experience reuse.

Memory
mechanisms
and long-term
interaction

(Zhang et al. 2025d; Wu
et al. 2025a); (Wu et al.
2025b) as
benchmark/evaluation-
oriented
support

Storage, retrieval,
updating, and reuse of
information across
interactions or tasks.

Positioned mainly as
a state-side route that
connects retrieval,
demonstrations,
feedback, and agent
experience.

LLM agents
and agentic
workflows

(Wang et al. 2024b;
Huang et al. 2024c; Li
2025) as review-oriented
support

Planning, role
organization, tool use,
memory, feedback, and
environment
interaction.

Positioned as a hybrid
process-oriented
setting in which
multiple inference-
stage resources are
combined.

This survey – Bounded inference-
stage improvement
through information,
computation, state,
feedback, and action.

Provides a Locus ×

Source map with
Temporal and Cost
descriptors to
compare these
directions at a shared
level.

Note. The table is intended for positioning rather than evaluation. It summarizes the main organizing focus

of representative adjacent survey areas and clarifies how this survey uses TTI as a cross-direction inference-

stage perspective. Related support works are included when they help position the scope of an adjacent

area, even if they are not themselves survey papers.

This positioning clarifies how the present survey complements specialized reviews.
Existing surveys usually focus on a specific method family or resource type, such as
inference-time computation, online adaptation, retrieval, tool use, memory, or agen-
tic workflows. In contrast, this survey examines how these directions function as
inference-stage interventions that differ in intervention locus, information source, tem-
poral persistence, and inference-time cost. From this perspective, prompting, retrieval,
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adaptation, reasoning, verification, memory, tools, and agents are not treated as iso-
lated topics, but as related intervention routes that may be combined within the
same inference procedure. This positioning motivates the Locus × Source framework
developed in the following sections.

2.3 The Locus Axis: Intervention Positions

The primary axis of this survey is locus, defined as the position at which a test-time
method intervenes in the inference pipeline. Locus is not a taxonomy of model archi-
tectures or application domains. It identifies the component of the test-time system
that is primarily changed to alter or improve the model’s inference-time outputs. At
the level of abstraction needed for this survey, three loci provide a useful organiz-
ing structure. L1 Input methods change the information presented to the model. L2
State methods update, steer, extend, or preserve the state variables that are accessed,
updated, or preserved during inference. L3 Process methods reorganize how reasoning,
search, verification, tool use, action, or collaboration unfolds.

Table 2 summarizes the three intervention loci.

Table 2: Locus axis for test-time improvement.

Locus Intervention
object

Typical mechanisms Representative evidence

L1 Input Information
presented to the
model

Prompt rewriting, task
expression, context
assembly, retrieval evidence,
ICL demonstrations, input
or view augmentation

Few-shot and instruction
prompting Brown et al.
(2020); Schick and Schütze
(2021); RAG and REALM
Lewis et al. (2020); Guu
et al. (2020); demonstration
selection Lee et al. (2026).

L2 State Internal or
external states
accessed, updated,
or preserved
during inference

Parameter or statistic
updates, activation and
hidden-state steering,
external memory, experience
routing, continual
adaptation

TTT, TENT, MEMO and
TPT Sun et al. (2020);
Wang et al. (2021); Zhang
et al. (2022); Shu et al.
(2022); representation
steering Zou et al. (2023);
Li et al. (2023); long-term
memory and agents Zhong
et al. (2024); Packer et al.
(2023); Wang et al. (2023c).

L3 Process Inference
procedure itself

CoT, decomposition, multi-
path search, verifier-guided
decoding, self-refinement,
tool use, agents, multi-agent
workflows

CoT and self-consistency
Wei et al. (2022); Wang
et al. (2023b); tree and
graph search Besta et al.
(2024); self-refinement and
tools Madaan et al. (2023);
Schick et al. (2023).
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2.3.1 Input Intervention

L1 Input methods improve inference by changing the form, content, or organization
of information presented to the model. These methods operate on the input side by
rewriting the prompt, specifying an output schema, retrieving documents, selecting
demonstrations, producing formalized representations of visual information, or assem-
bling context that the model cannot reliably access from parametric knowledge alone.
Input-level intervention should therefore be understood functionally rather than tem-
porally. In many systems, input construction is iterative because a query may be
rewritten after retrieval feedback, a context may be expanded after partial reason-
ing, or demonstrations may be selected adaptively. Even when such construction is
iterative, the central intervention remains the information supplied to the model.

The literature illustrates three recurring input-level families. Prompting and task-
expression methods exploit the sensitivity of large models to instructions, templates,
roles, query formulations, and output formats (Bsharat et al. 2023; Zheng et al. 2024b;
Nori et al. 2023). Context assembly and RAG methods address the limits of parametric
knowledge by injecting retrieved documents, graph facts, domain evidence, or other
external observations into the current inference context (Asai et al. 2024; Jiang et al.
2023a; Trivedi et al. 2023). Demonstration-based in-context learning methods use
few-shot examples as a temporary task program, where the selection, ordering, and
construction of demonstrations can substantially alter model behavior (Fang et al.
2025; Tian and Peng 2025). These families are not mutually exclusive in modern
systems, but they clarify three major ways in which input-side interventions improve
inference by shaping task expression, supplying evidence, or inducing behavior from
examples.

2.3.2 State Intervention

L2 State methods act on the state variables that are accessed, updated, or preserved
during inference. These states include model parameters, normalization statistics,
adapters, learnable prompt parameters, hidden states, activation directions, exter-
nal memory stores, tool histories, and long-lived experience buffers. The term state
is therefore broader than model weights. The unifying criterion is not whether the
base weights are changed, but whether an inference-relevant state variable is updated,
steered, extended, retrieved, or preserved so that the system behaves differently at
test time.

The state locus is central to classic test-time adaptation, where unlabeled test
samples or test streams provide signals for parameter, statistic, or prompt-parameter
updates. Test-time training, entropy minimization, augmentation-consistency adapta-
tion, and test-time prompt tuning are anchor examples (Sun et al. 2020; Wang et al.
2021; Zhang et al. 2022; Shu et al. 2022). The same locus also covers representation-
level interventions that steer hidden states without full test-time adaptation, including
activation addition, function vectors, representation engineering, truthfulness- or
factuality-oriented interventions, and contrastive layer decoding (Turner et al. 2023;
Zou et al. 2023; Li et al. 2023; Todd et al. 2024; Chuang et al. 2024; Zhang et al. 2024b).
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External memories and experience stores become state-level when they allow informa-
tion, interaction history, or tool experience to be written, retrieved, and reused beyond
a single context window, as in memory-augmented transformers, long-term chat mem-
ory, generative agents, and tool-experience systems (Zhong et al. 2024; Packer et al.
2023; Wang et al. 2023c; Wu et al. 2022; Wang et al. 2023a; Park et al. 2023; Xiao
et al. 2025).

2.3.3 Process Intervention

L3 Process methods improve inference by reorganizing the procedure through which an
output, action, or decision is produced. Their intervention lies in the control structure
of inference, including how intermediate steps are generated, how alternative paths
are explored, how feedback is incorporated, how tools or environments are used, and
how roles are coordinated. The defining feature of this locus is therefore procedural
organization rather than any particular method name.

Process-level methods can be characterized as different ways of organizing addi-
tional inference-time computation. Some methods make the computation more explicit
by externalizing or decomposing reasoning into intermediate steps, as in chain-of-
thought and least-to-most prompting (Wei et al. 2022; Zhou et al. 2023). Others
increase diversity and robustness by sampling multiple reasoning traces and aggregat-
ing answers, as in self-consistency (Wang et al. 2023b). Search-based methods extend
this approach by transforming a single generation into candidate-space exploration
over trees or graphs (Yao et al. 2023b; Besta et al. 2024). Feedback and verification
methods add an evaluative loop, allowing outputs to be judged, selected, or revised
before a final response is produced (Madaan et al. 2023; Shinn et al. 2023; Hosseini
et al. 2024). Tool and agent methods extend the procedure beyond the language model
itself, allowing the system to search the web, execute code, interact with environments,
or delegate subtasks (Yao et al. 2023a; Schick et al. 2023; Surís et al. 2023; Zheng
et al. 2024a). Across these variants, the central contribution of L3 is not limited to
increasing test-time computation, but lies in making that computation procedurally
organized and controllable.

The three loci above define the main intervention positions used throughout this
survey. For later discussion, Table 3 summarizes the recurring branches that appear
under each locus. These branches should be read as compact descriptors of common
intervention patterns, not as additional Section-level axes.

Table 3: Recurring branches under the locus axis.

Locus Branch Core function

L1 Input L1.A Prompt and task
expression

Shapes task interpretation and response
formation through the input surface.

L1.B Context assembly and
retrieval augmentation

Supplies evidence or domain information
through the current input context.

L1.C Demonstration-based
in-context learning

Conditions local task behavior through
examples placed in context.
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Locus Branch Core function

L2 State L2.A Test-time
parameter/statistic
adaptation

Updates inference-relevant variables
using current samples, batches, or
streams.

L2.B Activation and
representation steering

Steers hidden states or representation
trajectories without full test-time
adaptation.

L2.C External memory and
experience state

Extends state beyond a single context
window through persistent storage and
reuse.

L2.D Continual adaptation
and state stabilization

Maintains useful state under
non-stationary streams or repeated
updates.

L3 Process L3.A Reasoning
decomposition

Externalizes or decomposes inference
into intermediate reasoning steps.

L3.B Search and candidate
exploration

Explores multiple paths or solution
candidates before producing a final
answer.

L3.C Feedback,
verification, and refinement

Adds evaluative loops for judging,
selecting, or revising outputs.

L3.D Tool use and agentic
action

Extends inference through external
actions, tools, or environments.

L3.E Multi-agent and
role-based inference

Coordinates multiple roles or agents for
planning, solving, checking, or execution.

2.4 Sources of Inference-Time Information

Locus describes where a TTI method intervenes in the inference pipeline; source
describes where the information used by that intervention originates. This distinction
is necessary because the same intervention locus can rely on different kinds of infor-
mation. An input-side method may use only the model’s internal knowledge, retrieve
evidence from a static corpus, query a live tool, adapt to a test sample, or incorporate
feedback from a verifier. Likewise, the same information source may be used at differ-
ent loci: retrieved evidence may be inserted into the prompt, written into memory, or
used to guide a multi-step reasoning process.

Table 4 summarizes the five information-source categories.
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Table 4: Source axis for test-time improvement.

Source Meaning Typical directions Examples in the
reviewed literature

S0 Internal-
only

No new external
information is
introduced during the
inference episode; the
system reorganizes
existing model
knowledge, samples,
hidden states, or
generated traces.

CoT, self-consistency,
latent reasoning,
activation steering

CoT, self-consistency,
activation steering and
representation
engineering Wei et al.
(2022); Wang et al.
(2023b); Turner et al.
(2023); Zou et al. (2023).

S1
Static-KB

Information comes from
a static corpus,
knowledge base,
knowledge graph,
retriever index, or
prebuilt resource.

RAG, KG-RAG,
domain KB,
procedural KB,
memory-style RAG

RAG, REALM, Atlas,
graph and medical RAG
Lewis et al. (2020); Guu
et al. (2020); Izacard
et al. (2023); Mavromatis
and Karypis (2025); Wu
et al. (2024c).

S2 Live-
tool/env

Information comes from
real-time tools, web
pages, APIs, code
execution, interactive
environments, or other
external observations.

ReAct, web agents,
code agents, tool
learning, visual tools

ReAct, Toolformer,
ViperGPT, GPT-4V web
agents and ToolSandbox
Yao et al. (2023a); Schick
et al. (2023); Surís et al.
(2023); Lu et al. (2025b).

S3
Test-stream
TTA

Information comes from
the current test sample,
test batch, or
non-stationary test
stream.

Test-time training,
entropy minimization,
continual TTA,
black-box or VLM
TTA

TTT, TENT, CoTTA,
EATA and SAR Sun
et al. (2020); Wang et al.
(2021, 2022); Niu et al.
(2022, 2023).

S4 Self-
/Verifier

Information comes from
model outputs,
self-generated feedback,
critics, verifiers, reward
models, execution-based
checks, or other
evaluative signals.

Self-refine, Reflexion,
verifier decoding,
reward-driven
reasoning,
self-evolution

Self-Refine, Reflexion,
verifier-guided decoding
and verifiable
self-evolution Madaan
et al. (2023); Shinn et al.
(2023); Heng et al. (2026).

Source should be read as an information-origin descriptor rather than as a method
class. Its role is to refine the locus axis by distinguishing methods that intervene at a
similar position but rely on different inference-stage information. An input-level inter-
vention, for instance, may be driven by internal model knowledge, static retrieved
evidence, live tool observations, test-sample signals, or verifier feedback. These meth-
ods share the same locus, but they differ in what information is brought into the
inference episode and what role that information plays. Conversely, the same source
may support different loci: retrieved evidence may be inserted into a prompt, stored
as reusable memory, or used inside a multi-step reasoning process. Locus therefore
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specifies where an intervention acts, while Source specifies where the information used
by that intervention comes from. The next section combines the two axes into a Locus
× Source research map.

2.5 Locus × Source Map

Combining the locus and source axes gives the survey a compact positioning map
for test-time improvement. Figure 3 visualizes this space as a qualitative heatmap:
rows indicate where an intervention acts in the inference pipeline, columns indicate
where the information used by the intervention originates, and color intensity indi-
cates relative research density and consolidation. The cell labels identify representative
configurations rather than exhaustive method classes. The heatmap should therefore
be read as a positioning device, not as a performance ranking. The search, screen-
ing, coding, and per-cell count protocol used to construct this heatmap is reported in
Appendix A.

S0
Internal-only

S1
Static-KB

S2
Live-tool/env

S3
Test-stream TTA
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Self/Verifier
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Fig. 3 Locus × Source heatmap for test-time improvement. Rows represent intervention
loci and columns represent information sources. Color intensity is an ordinal synthesis based on the
screened core-method corpus and coding protocol in Appendix A. The heatmap is intended as a
positioning device rather than a performance ranking.

The heatmap highlights two observations. First, TTI research has developed
unevenly across the Locus × Source space. Some pairings have formed relatively stable
research clusters, including input-level methods grounded in static knowledge sources,
state-level methods driven by test-stream adaptation, and process-level methods orga-
nized around internal reasoning, live tools, or self/verifier feedback. These darker
regions indicate where recurring mechanisms, representative methods, and evaluation
practices have become more consolidated.

Second, lighter or intermediate cells are not simply irrelevant gaps. They indicate
pairings that are less consolidated, emerging, or only partially connected to existing
research lines. Their value is mainly diagnostic: they show where the current land-
scape is thinner, where hybrid configurations may be harder to position, and where
additional work may be needed to clarify mechanisms, evaluation settings, or system
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roles. In this sense, the heatmap positions TTI as a structured design space rather
than a list of isolated techniques. Locus identifies the part of the inference system
being intervened on, while source identifies the origin of the information that enables
the intervention.

2.6 Persistence and Cost

Temporal persistence and inference-time cost are retained as auxiliary descriptors
rather than Section-level axes. Temporal persistence describes the time scale over
which a test-time intervention operates or remains effective, ranging from a sin-
gle inference episode to within-sample interaction, cross-sample online accumulation,
and persistent state across sessions or tasks. Inference-time cost describes the addi-
tional resources required to realize the intervention, including extra decoding, online
gradients, explicit search, tool calls, environment interaction, or agent coordination.

Methods in the same Locus × Source region may still differ substantially in
persistence and resource demand. These descriptors capture that variation and pro-
vide the vocabulary for the trade-off analysis in Section 4; Table 5 summarizes the
corresponding labels.

Table 5: Auxiliary descriptors for TTI.

Descriptor Label Meaning Typical examples

Temporal T0 Single
episode

Affects one inference
episode without multi-round
interaction or persistent
state.

Simple prompt
reformulation (Brown et al.
2020; Schick and Schütze
2021), single retrieval (Lewis
et al. 2020; Guu et al. 2020),
single activation steering
(Turner et al. 2023).

Temporal T1
Within-sample
multi-round

Uses multiple rounds within
one sample or task.

Self-consistency (Wang et al.
2023b), self-refine (Madaan
et al. 2023), tool loops (Yao
et al. 2023a), tree search
(Yao et al. 2023b).

Temporal T2
Cross-sample
online

Accumulates information
across a test batch or
stream.

TENT (Wang et al. 2021),
CoTTA (Wang et al. 2022),
EATA (Niu et al. 2022),
online TTA (Wang et al.
2025b).

Temporal T3 Persistent Maintains reusable state
across sessions, tasks, users,
or agents.

MemoryBank (Zhong et al.
2024), MemGPT (Packer
et al. 2023), Voyager (Wang
et al. 2023c), tool memory
(Xiao et al. 2025).
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Descriptor Label Meaning Typical examples

Cost C0 Single
forward

Adds little additional
inference procedure beyond
the base forward process.

Simple prompting (Brown
et al. 2020) or representation
steering (Turner et al. 2023;
Zou et al. 2023).

Cost C1 Multi-
decoding /
iterative
generation

Multiple generations,
candidate sampling, or
iterative refinement.

Self-consistency (Wang et al.
2023b), Best-of-N or
repeated sampling (Brown
et al. 2024), self-refine
(Madaan et al. 2023).

Cost C2 Online
gradient

Gradient update during
testing or inference.

TTT (Sun et al. 2020),
TENT (Wang et al. 2021),
TPT (Shu et al. 2022),
MEMO (Zhang et al. 2022).

Cost C3
Search/MCTS

Explicit tree, graph, or
value-guided search.

Tree of Thoughts (Yao et al.
2023b), Graph of Thoughts
(Besta et al. 2024),
compute-optimal TTS (Snell
et al. 2025; Liu et al. 2025a).

Cost C4 External
tools / agents

Tool calls, external
environments, or agent
coordination.

ReAct (Yao et al. 2023a),
Toolformer (Schick et al.
2023), web agents (Zheng
et al. 2024a), multi-agent
systems (Wu et al. 2024a;
Hong et al. 2024).

2.7 Survey Logic

The framework developed in this section provides the organizing basis for the rest of
the survey. Locus identifies the intervention position, Source identifies the origin of
inference-stage information, and the Temporal and Cost descriptors record persistence
and resource demand. Together, these dimensions allow TTI methods to be analyzed
without reducing them to method names or isolated subfields.

Within this framework, the core discussion focuses on works whose test- or
inference-stage mechanisms directly shape the current solving behavior of a trained
model. Works on pretraining, offline fine-tuning, dataset construction, or benchmarks
are cited when they clarify the development, evaluation, or boundary of inference-stage
improvement. Each reviewed method is described through the Locus, Source, Tempo-
ral, and Cost descriptors introduced above. For hybrid systems, the analysis follows
the functional role of each component in the inference pipeline rather than assigning
the whole system to a single method category. This same logic also supports the later
landscape analysis: heatmap intensity summarizes the relative concentration and con-
solidation of recurring mechanisms within the Locus × Source map, while opportunity
regions are discussed in relation to mechanism trajectories, resource-control questions,
and evaluable settings.
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The following sections use this map in two steps. Section 3 follows the Locus axis
to describe mechanism development and cross-locus migration. Section 4 then shifts
from mechanism description to improvement logic, asking how these developments
transform bottlenecks into inference-time computation, reusable state, or verifiable
supervision.

3 Test-Time Interventions and Hybrid Systems

Building on the locus-first map introduced in Section 2, this section examines how
test-time improvement mechanisms have evolved across input, state, and process loci.
Rather than adding another layer of classification, the discussion traces how local
inference-stage interventions develop into more coupled mechanisms. The following
sections therefore organize the discussion around input-level, state-level, and process-
level mechanisms before analyzing their migration across loci into hybrid inference
systems.

3.1 Input-Level Interventions

At the input locus, TTI starts from a basic property of model behavior: the same
trained model can produce different outputs when a task is formulated differently,
when retrieved documents or other external information are added to the con-
text, or when in-context examples specify a local task pattern. Input-level methods
can therefore be understood through three recurring mechanisms: task expression,
retrieval-augmented context construction, and demonstration-based conditioning.
Across these mechanisms, the field has moved from relatively static input specifica-
tion toward adaptive construction of the information made available to the model at
inference time; Table 6 summarizes this movement by comparing their intervention
objects, representative methods, and technical trajectories.

These trajectories show that input-level TTI is no longer limited to prompt word-
ing alone; it increasingly treats the inference context as an object to be formulated,
populated, and organized before generation. The following subsections examine the
three mechanisms in turn.

3.1.1 Task Expression and Prompting

Task expression methods intervene before generation by changing how a problem is
stated, constrained, or mapped onto the model’s prediction interface. GPT-3 made this
mechanism visible at scale by showing that language models can perform zero-shot,
one-shot, and few-shot tasks from natural-language prompts without task-specific
parameter updates (Brown et al. 2020). PET/iPET develops a complementary for-
mulation for masked language models: classification and inference tasks are converted
into cloze-style language modeling problems through pattern-verbalizer pairs, so that
label words become the interface through which the model makes a decision (Schick
and Schütze 2021). In both cases, the input does more than carry the query; it defines
the operational form in which the model encounters the task.

Later work makes task expression more systematic and evaluation-sensitive.
Instruction-design studies examine how prompt components influence model behavior,
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Table 6 Mechanism trajectories in input-level TTI.

Input-level mechanism Intervention object Representative methods Technical trajectory

L1.A Task expression Task formulation, instructions,
verbalizers, role framing, output
schemas, query rewriting, and
cross-modal formalization.

GPT-3 few-shot prompting; PET/iPET;
instruction-design studies; Medprompt;
persona-prompt analysis; MaFeRw;
R1-Onevision Brown et al. (2020); Schick and
Schütze (2021); Bsharat et al. (2023); Zheng
et al. (2024b); Nori et al. (2023); Wang et al.
(2025c); Yang et al. (2025b).

From manually designed task
formulations and few-shot examples
toward more systematic instruction
design, feedback-conditioned query
rewriting, structured output control,
and cross-modal formalization.

L1.B Retrieval-augmented
context construction

Retrieved documents, knowledge
passages, graph facts, domain
information, rankings, and
structured context supplied to the
current inference episode.

RAG; REALM; Atlas; Self-RAG; FLARE;
IRCoT; RankRAG; RVR; graph-based and
medical RAG; RAG evaluation studies Lewis
et al. (2020); Guu et al. (2020); Asai et al.
(2024); Jiang et al. (2023a); Trivedi et al.
(2023); Izacard et al. (2023); Mavromatis and
Karypis (2025); Wu et al. (2024c); Yu et al.
(2024); Qian et al. (2026); Gutiérrez et al.
(2024); Li et al. (2025b); Tang and Yang
(2024); Yang et al. (2024); Wang et al. (2024a);
Ni et al. (2025); Peng et al. (2026a).

From retrieve-then-read pipelines
toward adaptive retrieval,
interleaved retrieval and reasoning,
context ranking, graph-aware or
domain-specific grounding, and
dedicated evaluation of retrieval
quality.

L1.C Demonstration-based
conditioning

In-context examples that specify
label spaces, input-output
mappings, reasoning formats,
ordering effects, or multimodal
alignments.

GPT-3 in-context learning; visual
demonstration selection; invariance-oriented
ICL; multimodal few-shot relation extraction
Brown et al. (2020); Lee et al. (2026); Fang
et al. (2025); Tian and Peng (2025).

From simple example concatenation
toward similarity-, diversity-, order-,
structure-, and modality-aware
demonstration selection, with later
movement toward retrievable
examples, memory, and search.

17



while Medprompt shows that organized prompting strategies can support specialized
medical question answering without modifying the base model (Bsharat et al. 2023;
Nori et al. 2023). Persona-prompt analyses add an important constraint: role descrip-
tions may change behavior, but they do not guarantee improvement across tasks or
evaluation settings (Zheng et al. 2024b). These findings position task expression as
a controllable but conditional mechanism, whose effect depends on the task, model,
prompt structure, and baseline.

Recent work further extends task expression from hand-written prompts to adap-
tive and cross-modal input construction. MaFeRw rewrites conversational RAG
queries with multi-aspect feedback, so that the query supplied to the retriever and
generator reflects retrieval and answer-quality signals rather than only a static tem-
plate (Wang et al. 2025c). R1-Onevision broadens task expression across modalities by
converting visual information into formalized representations that are more compati-
ble with language-based reasoning (Yang et al. 2025b). In these cases, the immediate
intervention is still the form of the input through which the model receives the task,
even when that input is produced by feedback, retrieval, or multimodal preprocessing.

3.1.2 Retrieval-Augmented Context Construction

Retrieval-augmented methods address an input-level limitation that prompting alone
cannot resolve: the model may not have access to the knowledge required for the cur-
rent query, or the relevant information may be stale, domain-specific, or too precise
to recover reliably from parametric memory. RAG combines a pretrained generator
with a non-parametric memory implemented as a dense vector index of Wikipedia,
allowing generation to condition on retrieved passages (Lewis et al. 2020). REALM
similarly learns a retriever that retrieves documents from a large corpus and pro-
vides them to the language model during pretraining, fine-tuning, and inference (Guu
et al. 2020). Atlas extends this retrieval-augmented language modeling line to few-shot
knowledge-intensive tasks (Izacard et al. 2023). The central intervention is contextual
availability: retrieval changes what information is available to the generator in the
current inference episode.

This mechanism becomes more active when retrieval is no longer a single pre-
liminary step. Self-RAG trains a model to decide when to retrieve and to critique
both retrieved passages and generated content through reflection tokens, thereby cou-
pling retrieval, generation, and self-evaluation within the same inference behavior
(Asai et al. 2024). FLARE anticipates future content by generating a provisional
next sentence and using it as a retrieval query when low-confidence tokens sug-
gest that additional information is needed (Jiang et al. 2023a). IRCoT interleaves
retrieval with chain-of-thought reasoning for multi-step question answering, because
later retrieval needs depend on intermediate reasoning states (Trivedi et al. 2023).
RankRAG adds an explicit ranking function by instruction-tuning a single LLM for
both context ranking and answer generation (Yu et al. 2024). RVR adds a verifier-
conditioned retrieval loop: verified documents from earlier rounds are used to expand
later queries, making retrieval coverage itself a feedback-controlled input-construction
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process (Qian et al. 2026). Together, these methods shift retrieval-augmented gener-
ation from retrieve-then-read pipelines toward adaptive construction of the context
supplied to the model.

The same trajectory continues when retrieval enters graph-structured and domain-
specific settings. Knowledge-graph and medical RAG systems do not merely retrieve
more passages; they attempt to organize retrieved information around relations, multi-
hop structure, domain constraints, or clinically relevant grounding (Mavromatis and
Karypis 2025; Wu et al. 2024c; Li et al. 2025b). As retrieval-augmented systems move
into multi-hop, graph-based, domain-specific, and safety-sensitive scenarios, context
quality becomes a central research object. Benchmarks and surveys such as MultiHop-
RAG, CRAG, RAG best-practice studies, trustworthy RAG surveys, and GraphRAG
surveys make this shift explicit by focusing on retrieval quality, ranking, grounding,
robustness, and evaluation (Tang and Yang 2024; Yang et al. 2024; Wang et al. 2024a;
Ni et al. 2025; Peng et al. 2026a). The resulting question is no longer only whether
external information is added to the prompt, but how the system selects, orders,
structures, and validates the information made available during inference.

3.1.3 Demonstration Conditioning and Selection

Demonstration-based conditioning uses examples in the current context to specify a
local task pattern for the present query. GPT-3 made this mechanism visible by show-
ing that few-shot examples can induce task behavior without task-specific parameter
updates (Brown et al. 2020). Later work clarifies what such examples contribute: they
may indicate the label space, input-output relation, reasoning format, or multimodal
mapping that the model should follow. FewRelEx illustrates this point in multimodal
few-shot relation extraction, where visual and textual features are aligned to support
relation prediction under limited examples (Tian and Peng 2025). Analyses of mul-
timodal in-context learning further show that demonstrations are not automatically
useful simply because they are included in the prompt; their effect depends on how
examples are retrieved, ordered, and constructed for the target task (Baldassini et al.
2024; Qin et al. 2024). Demonstrations are therefore best understood as temporary
task specifications whose usefulness depends on their content and organization.

The mechanism becomes more explicit when demonstration choice is treated
as part of input construction rather than as simple example concatenation. Visual
demonstration selection shows that nearest-neighbor similarity can be insufficient in
multimodal settings, where selected examples may need to balance visual relevance
and diversity (Lee et al. 2026). Se2 extends this idea by formulating example construc-
tion as sequential selection, so that inter-example relations and ordering are considered
during selection (Liu et al. 2024c). Recent work then pushes the mechanism toward
scalable and structured demonstrations: UniICL combines selection with compression
through virtual tokens, and Multimodal Task Vectors compress many multimodal
examples into compact task representations for many-shot multimodal ICL (Gao et al.
2025; Huang et al. 2024b). Long-context and domain-specific studies further indicate
that larger context windows or larger candidate pools do not remove the need for
careful example choice: Refract ICL revisits selection under million-token contexts,
while RAICL, CoDR, and GraphWalker adapt demonstration retrieval or organization
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to medical multimodal classification, LVLM demonstration selection, and EHR-based
clinical reasoning (Akula et al. 2025; Zhan et al. 2026; Wang et al. 2026; Fang et al.
2026a). Overall, L1.C evolves from placing examples in the prompt toward selecting,
ordering, compressing, and structuring examples as input resources; this also prepares
its later migration into reusable example libraries, retrieval targets, or memory-like
resources.

3.2 State-Level Interventions

State-level TTI acts on inference-relevant variables and can be updated, steered,
stored, or stabilized at test time. These variables include model parameters, normal-
ization statistics, prompt parameters, adapters, hidden activations, memory entries,
tool histories, and skill libraries. The relevant unit of analysis is therefore the state
that changes, guides, or persists during inference, rather than the visible input alone.
This section follows four state-level trajectories: test-time updating of parameters
or statistics, activation and representation steering, external memory and experience
state, and continual stabilization under repeated or non-stationary test-time updates.
Table 7 summarizes these trajectories by comparing the state variables emphasized,
representative methods, and technical movements.

3.2.1 Test-Time State Updating

Classical test-time adaptation updates model variables using information from the
current test sample, batch, or stream. TTT turns a single unlabeled test sample into
a self-supervised learning problem and updates model parameters before making the
prediction (Sun et al. 2020). TENT considers a fully test-time setting in which only the
trained model and test data are available; it minimizes prediction entropy while esti-
mating normalization statistics and optimizing channel-wise affine parameters online
(Wang et al. 2021). MEMO combines test-time adaptation with augmentation by min-
imizing the entropy of the marginal prediction over augmented views of a single test
input, thereby encouraging predictions that are stable under input transformations
(Zhang et al. 2022). TPT extends test-time updating to CLIP-style vision-language
models by learning adaptive prompts for each test sample, using augmented views
and confidence selection to guide the update (Shu et al. 2022). These methods estab-
lish the basic state-level pattern: test-time information is used not only to produce a
prediction, but also to adjust inference-relevant variables.

Later work refines this pattern by making the update target and update signal
more selective. T3A adjusts the classifier at test time rather than updating the whole
model, showing that local decision modules can be adapted using target-domain fea-
tures (Iwasawa and Matsuo 2021). AdaContrast introduces contrastive objectives into
test-time adaptation, shifting the signal from entropy alone toward representation
structure under distribution shift (Chen et al. 2022). Test-time training on nearest
neighbors further links adaptation to retrieved neighbor examples, so that the update
is conditioned by local similarity structure rather than by the test sample in isolation
(Hardt and Sun 2024). In vision-language settings, CLIPTTA, ClipTTT, and Ramen
continue this movement toward lightweight and sample-aware adaptation: they focus

20



Table 7 Mechanism trajectories in state-level TTI.

State-level mechanism State variable emphasized Representative methods Technical trajectory

L2.A Test-time
parameter/statistic
adaptation

Model weights, normalization
statistics, prompt parameters,
classifiers, adapters, local layers, or
VLM-specific update targets.

TTT, TENT, MEMO, TPT, T3A, AdaContrast,
TTT on nearest neighbors, CLIPTTA, ClipTTT,
Ramen, GRPO-TTA, and Fair Context Learning
Sun et al. (2020); Wang et al. (2021); Zhang et al.
(2022); Shu et al. (2022); Iwasawa and Matsuo
(2021); Chen et al. (2022); Hardt and Sun (2024);
Lafon et al. (2025); Nath et al. (2026); Bao et al.
(2026); Li et al. (2026a); Yun et al. (2026a).

From broad test-sample updates
toward selective update targets,
entropy, consistency,
reward-guided, or
evidence-balanced objectives,
prompt/adaptor tuning, and
sample-control strategies for
mixed or shifted test distributions.

L2.B Activation and
representation steering

Hidden states, activation directions,
layer logits, latent trajectories, and
behavior-associated representation
subspaces.

PPLM, ActAdd, Function Vectors,
Representation Engineering, ITI, CAA, DoLa,
TruthX, LITO, lying-state diagnostics, and TTT
layers Turner et al. (2023); Zou et al. (2023); Li
et al. (2023); Todd et al. (2024); Chuang et al.
(2024); Zhang et al. (2024b); Dathathri et al.
(2020); Rimsky et al. (2024); Bayat et al. (2024);
Azaria and Mitchell (2023); Sun et al. (2025).

From gradient-based activation
perturbation toward reusable
steering directions, representation-
level monitoring, layer-contrast
decoding, truthfulness or
factuality steering, and designed
hidden-state computation.

L2.C External memory and
experience state

Writable stores, memory banks,
databases, episodic traces, reflective
records, tool histories, and skill
libraries.

Memorizing Transformers, LongMem,
MemoryBank, MemGPT, ChatDB, HippoRAG,
Generative Agents, Reflexion, Voyager,
ToolMem, LightMem, TokMem, xMemory,
XSkill, CASCADE, Mnemis, and MeMo Zhong
et al. (2024); Packer et al. (2023); Wang et al.
(2023c); Wu et al. (2022); Wang et al. (2023a);
Park et al. (2023); Xiao et al. (2025); Shinn
et al. (2023); Gutiérrez et al. (2024); Hu et al.
(2023); Fang et al. (2026b); Wu et al. (2026b);
Hu et al. (2026); Jiang et al. (2026); Guo et al.
(2026); Tang et al. (2026); Quek et al. (2026).

From longer context support
toward explicit write, retrieve,
index, compress, reflect, update,
route, forget, modelize, and reuse
operations across episodes.

L2.D Continual adaptation
and state stabilization

State maintained under repeated
updates, non-stationary streams, or
long-horizon deployment.

CoTTA, EATA, SAR, RMT, EcoTTA, online
TTA surveys, and video-stream TTT Wang et al.
(2022); Niu et al. (2022, 2023); Döbler et al.
(2023); Song et al. (2023); Wang et al. (2025b,f).

From one-shot or batch-wise
adaptation toward anti-forgetting,
reset/replay mechanisms,
memory-efficient regularization,
stream-aware update control, and
stability under distribution drift.
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on robust CLIP/VLM adaptation, CLIP-guided test-time training, and active sam-
ple selection for mixed or shifted test distributions (Lafon et al. 2025; Nath et al.
2026; Bao et al. 2026). GRPO-TTA further indicates that VLM test-time adaptation
is moving from confidence or entropy objectives toward reward-guided update signals,
reformulating class prediction as group-wise policy optimization without ground-truth
labels (Li et al. 2026a). Fair Context Learning provides a complementary example in
which test-time prompt/context adaptation is guided by evidence-balanced calibra-
tion rather than entropy minimization (Yun et al. 2026a). The resulting trend is not
simply to update more parameters at test time, but to decide which variables should
change, which test-time signals are reliable enough to guide the change, and how the
update can remain tied to the current inference context.

3.2.2 Representation Steering

Beyond explicit test-time updates, another state-level route is to steer the internal
representations through which generation or prediction unfolds. PPLM is an early
example of this route: it uses gradients from attribute models during generation to per-
turb latent activations toward desired properties (Dathathri et al. 2020). Activation
Addition makes the intervention lighter by contrasting the intermediate activations
induced by prompt pairs, extracting a steering vector, and adding that vector during
the forward pass to shift high-level output behavior (Turner et al. 2023). Function
Vectors and Representation Engineering further treat internal representations as car-
riers of task or behavior information; Function Vectors extract reusable directions
from in-context learning behavior, while RepE emphasizes population-level represen-
tations as objects that can be monitored and controlled (Zou et al. 2023; Todd et al.
2024). The movement is therefore from gradient-based activation perturbation toward
reusable representation directions and representation-level control.

A later line of work applies this view to truthfulness, factuality, and behavior
monitoring. ITI identifies directions associated with truthful answering in selected
attention heads and shifts activations along those directions at inference time (Li
et al. 2023). Contrastive Activation Addition extends the steering-vector idea through
contrastive activation directions, while DoLa changes decoding by contrasting log-
its projected from different layers, aiming to improve factuality without retrieval or
additional fine-tuning (Chuang et al. 2024; Rimsky et al. 2024). TruthX and LITO
explore truthfulness-oriented latent-space intervention and uncertainty expression,
and lying-state diagnostics examine whether internal states contain signals associ-
ated with deceptive or untruthful behavior (Zhang et al. 2024b; Bayat et al. 2024;
Azaria and Mitchell 2023). Together, these methods show that state-level TTI can
guide model behavior not only by updating parameters, but also by operating on the
representations and layer-wise signals that already arise during inference.

3.2.3 External Memory and Experience State

State-level intervention is not limited to variables inside the model; it also includes
external states that persist beyond a single inference episode. Memorizing Transform-
ers and LongMem augment language models with memory mechanisms that retrieve
from memory banks, allowing long past context or many-shot demonstrations to
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influence later prediction (Wu et al. 2022; Wang et al. 2023a). MemoryBank makes
long-term interaction memory explicit by storing, updating, and retrieving relevant
memories over time (Zhong et al. 2024). MemGPT frames this problem as virtual con-
text management: because the LLM context window is limited, the system manages
information across different memory tiers and moves it into the active context when
needed (Packer et al. 2023). ChatDB represents a more symbolic form of external
state, using SQL databases as memory that the LLM can manipulate through gener-
ated SQL instructions (Hu et al. 2023). These methods move memory from passive
context extension toward managed external state.

Agent systems extend this idea from stored information to accumulated experience.
Generative Agents maintain a memory stream of observations, synthesize higher-level
reflections, and retrieve relevant memories to support planning and behavior (Park
et al. 2023). Reflexion stores verbal reflections in an episodic memory buffer so that
feedback from prior attempts can guide later trials (Shinn et al. 2023). Voyager turns
environment interaction into an expanding library of executable skills in Minecraft,
using feedback, execution errors, and self-verification to improve and reuse tempo-
rally extended behaviors (Wang et al. 2023c). ToolMem similarly stores summaries of
tool capabilities, including observed strengths and weaknesses, and retrieves them to
guide future tool selection (Xiao et al. 2025). More recent systems such as LightMem,
TokMem, xMemory, and XSkill further explore lightweight memory stages, procedu-
ral memory tokens, hierarchical retrieval, and skill-oriented experience reuse (Fang
et al. 2026b; Wu et al. 2026b; Hu et al. 2026; Jiang et al. 2026). CASCADE extends
this experience-state view to deployment-time learning, where an evolving episodic
memory and contextual-bandit selection turn past cases into reusable decision support
without modifying model parameters (Guo et al. 2026). Mnemis further shows that
long-term memory retrieval may require both similarity-based access and deliberate
global selection over hierarchical memory graphs, while MeMo represents a model-
based variant in which new knowledge is encoded into a dedicated memory model with
the base LLM kept frozen (Tang et al. 2026; Quek et al. 2026). Across these variants,
memory becomes a state-level resource when information is not merely placed in a
long context, but organized through operations such as writing, indexing, updating,
compression, retrieval, forgetting, and reuse across episodes.

3.2.4 Continual Adaptation and Stabilization

When test-time updating is applied repeatedly to a non-stationary test stream, the
problem shifts from one-time adaptation to preserving useful state over time. A state
update that improves one batch may become unreliable when later samples are noisy,
heterogeneous, or drawn from a gradually changing distribution. CoTTA places test-
time adaptation in continual non-stationary streams, shifting attention from one-
time adaptation to whether performance can be maintained as the target distribution
changes (Wang et al. 2022). EATA reduces unnecessary or unreliable updates by
emphasizing efficient adaptation and anti-forgetting constraints, while SAR focuses
on stable adaptation in dynamic real-world conditions where test samples may be
heterogeneous or unreliable (Niu et al. 2022, 2023). RMT further stabilizes continual
adaptation through robust mean-teacher regularization, and EcoTTA addresses the
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memory cost of continual adaptation through self-distilled regularization (Döbler et al.
2023; Song et al. 2023). These methods treat adaptation not as a single update event,
but as an ongoing process in which the updated state must remain useful over time.

The shared mechanism is to regulate how state changes accumulate across a
stream. A continually adapting system must decide which samples are reliable enough
to update from, which parameters or statistics should change, when previous state
should be restored or regularized, and how to prevent confident errors from becoming
persistent state. Video-stream TTT extends this concern to temporally ordered visual
streams, where adaptation must operate over sequential inputs rather than isolated
test examples (Wang et al. 2025f). Online TTA surveys further show that deployment-
like streams require explicit assumptions about ordering, distribution shift, update
frequency, and evaluation protocol (Wang et al. 2025b). In this sense, continual adap-
tation extends test-time updating into a stabilization problem: useful state must
remain plastic enough to adapt, but constrained enough to resist drift, forgetting, and
error accumulation.

3.3 Process-Level Interventions

After input construction and state management, a third route to test-time improve-
ment is to reorganize the procedure by which an answer, action, or decision is
produced. Process-level methods make inference operate through intermediate traces,
candidate spaces, evaluative loops, tool-mediated actions, or coordinated roles. Their
common contribution is to turn generation from a single forward event into a con-
trollable procedure in which steps can be decomposed, alternatives explored, outputs
checked, external actions invoked, and responsibilities distributed. Table 8 summarizes
the main process-level trajectories: reasoning decomposition, search and candidate
exploration, feedback and verification, tool use and agentic action, and multi-agent
coordination.

Across these trajectories, process-level TTI becomes effective when additional
inference-time computation is organized into traces, candidate spaces, evaluative
loops, action policies, or coordination protocols. The following subsections examine
how these procedural forms develop and increasingly combine with input-level and
state-level resources.

3.3.1 Reasoning Decomposition and Trace Design

Reasoning decomposition turns answer generation into a procedure with explicit inter-
mediate steps. Chain-of-thought prompting made this mechanism visible by showing
that exemplars containing intermediate reasoning steps can improve performance
on arithmetic, commonsense, and symbolic reasoning tasks (Wei et al. 2022). Self-
consistency changes the procedure further by sampling multiple reasoning paths and
selecting the answer that is most consistent across them, rather than relying on a sin-
gle decoded chain (Wang et al. 2023b). Least-to-most prompting introduces another
decomposition pattern: a complex problem is first broken into simpler subproblems,
and later steps build on the answers to earlier ones (Zhou et al. 2023). Together, these

24



Table 8 Mechanism trajectories in process-level TTI.

Process-level
mechanism

Procedure being
reorganized

Representative methods Technical trajectory

L3.A Reasoning
decomposition and trace
design

Intermediate steps,
subproblems, rationales,
multimodal traces, reasoning
boundaries, supervised
reasoning paths, and
compressed traces.

CoT, self-consistency, least-to-most prompting,
compositional and visual CoT, Chain-of-Spot,
RHO-1, LlamaV-o1, Mini-o3, adaptive CoT
compression, Boundaries of Thought,
LongRePS, and LaV-CoT Wei et al. (2022);
Wang et al. (2023b); Zhou et al. (2023); Shao
et al. (2024); Thawakar et al. (2025); Mitra et al.
(2024); Liu et al. (2024a); Lin et al. (2024); Lai
et al. (2025); Huang et al. (2025); Chen et al.
(2024c); Zhu et al. (2025); Huang et al. (2026a).

From eliciting intermediate
chains toward designing
traces that are multi-path,
multimodal, bounded,
supervised, compressed, and
compatible with search or
verification.

L3.B Search and
candidate exploration

Candidate states, trees,
graphs, proof paths, retrieval
paths, evidence graphs, visual
search states, scorers, pruning
rules, and inference budgets.

Tree of Thoughts, Graph of Thoughts, STATe-
of-Thoughts, RouteGoT, AlphaMath Almost
Zero, ODA, LiteSearch, Paths-over-Graph,
ProgRAG, Relink, DeepRAG,
DeepSeek-Prover-V2, compute-optimal TTS,
PaT, Vision Value Model, and MMhops-R1
Yao et al. (2023b); Besta et al. (2024);
Bamberger et al. (2026); Liu et al. (2026); Chen
et al. (2024a); Liu et al. (2025a); Sun et al.
(2024); Ren et al. (2025); Wang et al. (2025a);
Tan et al. (2025a); Guan et al. (2026); Wang
et al. (2025e); Zhang et al. (2026a); Park et al.
(2026); Huang et al. (2026b); Yoon et al. (2026).

From fixed decoding toward
explicit candidate spaces
governed by scoring, pruning,
task structure, evidence-path
exploration, value models,
adaptive routing, verification-
triggered planning, and
budget allocation.
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Table 8 Mechanism trajectories in process-level TTI (continued).

Process-level
mechanism

Procedure being
reorganized

Representative methods Technical trajectory

L3.C Feedback,
verification, and
refinement

Critique, revision,
self-correction, reranking,
verifiers, rewards, process
labels, executable checks, and
self-generated supervision.

Self-Refine, Reflexion, TTSR, Progressive
Rectification Prompting, SLM Self-correct,
Fine-Grained Refine, V-STaR, OPEN-RAG,
RVR, MLLM reranking, KGR3, mR2AG,
R1-style multimodal reasoning,
Faithfulness-to-Correctness reward modeling,
TTCS, OraPO, Vero, Self-Distillation Zero, and
EVE Madaan et al. (2023); Shinn et al. (2023);
He et al. (2026c); Hosseini et al. (2024); Heng
et al. (2026); Islam et al. (2024); Qian et al.
(2026); Huang et al. (2026d); Chen et al.
(2024b); Li et al. (2025a); Zhang et al. (2024a);
Pan et al. (2026); Tan et al. (2025b); Wang
et al. (2025g); Yang et al. (2026); Chen et al.
(2025a); Sarch et al. (2026); He et al. (2026b);
Zhang et al. (2025b); Lai et al. (2026); Wu
et al. (2024b); He et al. (2025); Chen et al.
(2026); Ma et al. (2025).

Feedback develops as a set of
functional roles: local
critique, self-correction,
candidate selection, verifier or
reward signal, and
supervision-like resource for
later improvement.26



Table 8 Mechanism trajectories in process-level TTI (continued).

Process-level
mechanism

Procedure being
reorganized

Representative methods Technical trajectory

L3.D Tool use and
agentic action

Tool calls, partial tool
execution, code execution,
browsing, visual programs,
tool routing, multimodal
search, environment
observations, and action
loops.

ReAct, Toolformer, Visual Programming,
ViperGPT, GPT-4V web agents, HUSKY,
PIVOT, Chain of Tools, AgentOccam,
WebWalker, OctoTools, Search-R1, ToolRL,
MMSearch-R1, Search-R2, PyVision-RL,
VSearcher, Conveyor, Vision Search Assistant,
Olympus, CodeDance, StepSearch, SpecEyes,
MTA-Agent, and tool-use benchmarks/surveys
Yao et al. (2023a); Schick et al. (2023); Surís
et al. (2023); Zheng et al. (2024a); Lu et al.
(2025b); Jin et al. (2025); Qian et al. (2025b);
Kim et al. (2024); Gupta and Kembhavi (2023);
Nasiriany et al. (2024); Shi et al. (2025b); Yang
et al. (2025a); Wu et al. (2025d); Lu et al.
(2025a); Wu et al. (2026a); He et al. (2026a);
Zhao et al. (2026); Zhang et al. (2026c); Qu
et al. (2025); Xu et al. (2024); Zhang et al.
(2024c); Lin et al. (2025); Song et al. (2026);
Zheng et al. (2025); Huang et al. (2026c); Peng
et al. (2026b).

From isolated external calls
toward routed, served,
reinforced, multimodal,
search-integrated, stateful,
benchmarked, and
failure-aware action loops.

L3.E Multi-agent and
role-based inference

Role assignment,
communication protocols,
planning/solving/checking
separation, specialist routing,
sparse collaboration,
self-organization, and
collaborative verification.

AutoGen, MetaGPT, ChatDev, MAIN-RAG,
SymAgent, RadAgents, ToG 3.0, MM-Zero,
Mixture-of-Agents, AgentPrune, SMoA, ReSo,
and Graph-of-Agents Chang et al. (2025); Liu
et al. (2025b); Zhang et al. (2026b); Li et al.
(2026c); Wu et al. (2025c, 2024a); Hong et al.
(2024); Qian et al. (2024); Wang et al. (2025d);
Zhang et al. (2025a); Li et al. (2025c); Zhou
et al. (2025); Yun et al. (2026b).

From role prompting toward
workflow architectures and
communication topologies
that coordinate retrieval,
tools, memory, critique,
routing, cost control, and
self-evolution.
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methods establish the reasoning trace as a procedural object that can be generated,
decomposed, sampled, and aggregated during inference.

The trace-design problem becomes more complex in multimodal and interactive
settings. Compositional CoT and Visual CoT extend intermediate reasoning from
text-only tasks to visual evidence and multimodal rationales (Shao et al. 2024; Mitra
et al. 2024). Chain-of-Spot, LlamaV-o1, and Mini-o3 further place visual grounding,
perception steps, interaction turns, or visual search inside the reasoning trajectory
(Thawakar et al. 2025; Liu et al. 2024a; Lai et al. 2025). In these settings, the con-
tribution is not simply that additional visual information is provided to the model.
The more important procedural change is that visual observations and intermediate
operations are organized as parts of the inference trace itself.

Once reasoning traces become explicit, the next question is how to control them.
RHO-1 and adaptive CoT compression examine whether reasoning tokens can be
selected or compressed while preserving task performance (Lin et al. 2024; Huang
et al. 2025). Boundaries of Thought, LongRePS, and LaV-CoT further examine how
reasoning traces can be bounded, supervised, or optimized in multimodal settings
(Chen et al. 2024c; Zhu et al. 2025; Huang et al. 2026a). The resulting trajectory
moves from eliciting intermediate chains toward designing traces that are bounded,
multimodal, supervised, compressed, and compatible with later search or verification.

3.3.2 Search and Test-Time Scaling

Once reasoning traces are explicit, search-based inference turns them into a candidate
space. Tree of Thoughts generalizes chain-of-thought prompting by treating coherent
intermediate units, or “thoughts,” as states that can be explored with self-evaluation
and backtracking when local choices affect global success (Yao et al. 2023b). Graph
of Thoughts extends this procedural idea from trees to graph-structured generated
information, where nodes and dependencies support aggregation, transformation, and
feedback (Besta et al. 2024). The key mechanism is not simply producing more gen-
erations, but creating intermediate states that can be scored, compared, refined,
or pruned during inference. Structured variants such as STATe-of-Thoughts replace
unconstrained stochastic sampling with interpretable action templates, suggesting
that search quality depends on how the candidate space is parameterized (Bamberger
et al. 2026).

This candidate-space view becomes especially useful when the task has for-
mal structure, multi-hop dependencies, or externally constrained solution paths.
AlphaMath Almost Zero and DeepSeek-Prover-V2 illustrate how mathematical and
theorem-proving settings can benefit from search, process supervision, subgoal decom-
position, or proof-oriented exploration (Chen et al. 2024a; Ren et al. 2025). ODA,
Paths-over-Graph, ProgRAG, and Relink show a related movement in knowledge-
intensive reasoning, where the system explores observations, graph paths, progressive
retrieval steps, or query-driven evidence graphs rather than relying on a single
retrieved context (Sun et al. 2024; Tan et al. 2025a; Park et al. 2026; Huang et al.
2026b). LiteSearch and DeepRAG further connect lightweight tree search with step-
wise retrieval decisions, making retrieval itself part of the search procedure (Wang
et al. 2025a; Guan et al. 2026).
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Search also turns process-level TTI into a resource-allocation problem. Vision
Value Model and MMhops-R1 indicate that test-time search is expanding beyond
text and formal reasoning into visual comprehension and multimodal multi-hop rea-
soning (Wang et al. 2025e; Zhang et al. 2026a). Compute-optimal TTS makes the
cost side explicit by analyzing how inference-time computation should be allocated
across policy models, process reward models, and problem difficulty (Liu et al. 2025a).
RouteGoT makes this control problem explicit by routing stronger models to glob-
ally coupled planning or synthesis nodes while assigning lighter strategies to localized
subtasks under a token budget (Liu et al. 2026). PaT further refines this allocation
view in code generation by invoking planning only after verification failure, showing
that planning itself can be treated as an adaptive test-time resource rather than a
fixed pre-generation step (Yoon et al. 2026). In process-level use, a graph or retrieval
structure matters not only as stored information, but as a space over which inference
actively explores, scores, prunes, or updates candidate paths.

3.3.3 Feedback, Verification, and Refinement

Once inference produces a draft, candidate, or intermediate result, feedback mech-
anisms add a procedure for judging and revising it. Self-Refine illustrates the basic
pattern: an initial output is generated, feedback is produced by the model itself, and
the output is iteratively refined without requiring additional supervised training data
or reinforcement learning (Madaan et al. 2023). Reflexion adapts the same procedu-
ral idea to language agents by turning feedback into verbal reflections that are stored
in episodic memory and reused in later attempts (Shinn et al. 2023). TTSR offers
an early example of feedback-to-update migration, where failed reasoning trajectories
are converted into teacher-generated variant questions for test-time self-improvement
(He et al. 2026c). Progressive Rectification Prompting, SLM Self-correct, and Fine-
Grained Refine further show that feedback can be organized as staged rectification,
model self-correction, or fine-grained revision signals (Wu et al. 2024b; He et al. 2025;
Chen et al. 2026). In these methods, the final output is produced through generation,
critique, and revision rather than through a single pass.

Feedback also becomes a selection mechanism when search, retrieval, or multi-
modal generation produces multiple candidates. V-STaR trains a verifier from both
correct and incorrect self-generated solutions and uses it at inference time to select
among candidate answers (Hosseini et al. 2024). OPEN-RAG, MLLM reranking,
KGR3, and mR2AG apply related ideas to retrieval-augmented or multimodal set-
tings, where feedback is converted into ranking, filtering, reflection, or evidence-quality
assessment (Islam et al. 2024; Chen et al. 2024b; Li et al. 2025a; Zhang et al. 2024a).
This role is especially important for process-level TTI: once a system generates mul-
tiple reasoning paths, retrieved contexts, or candidate outputs, it needs an evaluative
procedure for deciding which ones should influence the final answer.

A further extension is to reuse feedback-derived signals beyond the current revision
step. R1-VL, Vision-R1, MedVLM-R1, Med-R1, Reason-RFT, and unified multimodal
reward models explore reward-shaped reasoning, reinforcement fine-tuning, or reward-
model guidance for multimodal and medical reasoning (Huang et al. 2026d; Pan et al.
2026; Tan et al. 2025b; Wang et al. 2025g; Zhang et al. 2025b; Lai et al. 2026). TTCS,
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OraPO, Vero, Self-Distillation Zero, and EVE extend this direction through test-time
curricula, oracle-educated rewards, scalable reinforcement-learning recipes, dense self-
supervision, or executable visual transformations (Heng et al. 2026; Yang et al. 2026;
Chen et al. 2025a; Sarch et al. 2026; He et al. 2026b). Faithfulness-to-Correctness
highlights a key requirement for this family: critics and reward models must be aligned
with correctness rather than merely with plausible surface form (Ma et al. 2025). The
mechanism-level point is that feedback can function not only as local critique, but
also as candidate selection, verification, or a reusable signal for later improvement.

3.3.4 Tool Use and Agentic Action

Tool-use methods turn inference into a loop in which the model reasons, invokes an
external action, observes the result, and updates the next step. ReAct makes this
loop explicit by interleaving reasoning traces with task-specific actions and observa-
tions from knowledge bases or environments (Yao et al. 2023a). Toolformer follows
a complementary route: it trains a model to decide when to call APIs, what argu-
ments to pass, and how to incorporate returned results into subsequent prediction
(Schick et al. 2023). Visual Programming and ViperGPT move this procedural idea
into visual reasoning by generating executable programs over vision-language modules
or Python code, while GPT-4V web-agent work extends action loops to interactive
web environments (Surís et al. 2023; Zheng et al. 2024a; Gupta and Kembhavi 2023).
In these methods, inference is no longer only generation; it includes acting, observing,
and revising the next step.

The mechanism becomes broader as tool use develops from isolated calls into
routed, learned, or search-integrated action policies. PIVOT, Chain of Tools, Agen-
tOccam, WebWalker, and OctoTools illustrate tool routing, chained tool use, web
traversal, and extensible tool workflows (Nasiriany et al. 2024; Shi et al. 2025b; Yang
et al. 2025a; Wu et al. 2025d; Lu et al. 2025a). Search-R1, ToolRL, and Search-R2
connect tool use with reinforcement learning, search engines, and actor-refiner collab-
oration, while MMSearch-R1, PyVision-RL, and VSearcher extend the same direction
to multimodal search, visual tool use, and long-horizon multimodal interaction (Jin
et al. 2025; Qian et al. 2025b; Wu et al. 2026a; He et al. 2026a; Zhao et al. 2026; Zhang
et al. 2026c). Across these systems, the central question shifts from whether a model
can call a tool to how the action policy governing tool choice, argument construction,
observation use, and recovery from failure is learned or controlled.

Tool-augmented inference also exposes infrastructure and evaluation problems.
Conveyor and Olympus highlight serving, routing, and task-router issues in tool-aware
or computer-vision systems, while Vision Search Assistant, CodeDance, StepSearch,
SpecEyes, and MTA-Agent extend the trajectory toward multimodal search engines,
executable visual reasoning, step-wise search optimization, speculative perception and
planning, and deep search agents (Xu et al. 2024; Zhang et al. 2024c; Lin et al. 2025;
Song et al. 2026; Zheng et al. 2025; Huang et al. 2026c; Peng et al. 2026b). ToolSand-
box and broader tool-learning surveys further show that tool availability, tool choice,
argument construction, stateful interaction, and failure recovery require dedicated
evaluation (Lu et al. 2025b; Qu et al. 2025). When action traces are stored, sum-
marized, or reused, tool use also becomes a bridge to state-level experience memory;
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when actions are distributed across roles, it connects naturally to the coordination
mechanisms discussed next.

3.3.5 Multi-Agent and Role-Based Inference

After tool-use methods expand inference through external actions, multi-agent
methods further organize inference through communication, division of labor, and
role-based workflows. Multi-agent TTI makes coordination itself part of the inference
procedure: different roles may plan, retrieve, solve, critique, verify, or integrate par-
tial results before a final output is produced. General frameworks such as AutoGen,
MetaGPT, and ChatDev illustrate this shift by organizing conversation, role assign-
ment, communication, and collaborative task execution across interacting agents (Wu
et al. 2024a; Hong et al. 2024; Qian et al. 2024). Their process-level contribution is
not merely the use of multiple prompts or models, but the workflow that specifies how
intermediate decisions and messages move among roles.

This coordination logic becomes more task-specific when multi-agent systems are
coupled with retrieval, symbolic reasoning, medical workflows, or multimodal self-
improvement. MAIN-RAG uses multi-agent filtering to support retrieval-augmented
generation, while SymAgent and ToG 3.0 connect agent coordination with symbolic
or graph-based reasoning (Chang et al. 2025; Liu et al. 2025b; Wu et al. 2025c).
RadAgents adapts role-based workflows to chest X-ray interpretation, and MM-Zero
uses role-like components in a self-evolving multimodal setting (Zhang et al. 2026b; Li
et al. 2026c). These systems often combine input-level resources, state-like memories,
feedback loops, and tool actions, but their distinctive process-level mechanism is the
protocol that determines how subtasks, critiques, and decisions are distributed across
agents.

Recent work further shifts attention from adding more agents to controlling the
structure of collaboration. Mixture-of-Agents and SMoA explore mixture or sparse
collaboration, AgentPrune reduces unnecessary communication, ReSo studies reward-
driven self-organization, and Graph-of-Agents represents communication through
graph-structured agent interaction (Wang et al. 2025d; Zhang et al. 2025a; Li et al.
2025c; Zhou et al. 2025; Yun et al. 2026b). The resulting trajectory moves from
role prompting toward workflow architectures and communication topologies that
coordinate retrieval, tools, memory, critique, routing, and verification. In this sense,
multi-agent inference serves as an integration point for earlier process mechanisms
while introducing coordination as a mechanism in its own right.

3.4 Cross-Locus Integration and Hybrid Systems

The preceding subsections describe input-, state-, and process-level mechanisms sep-
arately, but recent TTI systems increasingly connect these loci through reusable
inference artifacts. Retrieved evidence can become persistent memory; demonstrations
can be selected, compressed, and reused; tool-use episodes can leave experience traces;
reasoning paths can be expanded into search spaces; feedback can become a verifier
or reward signal; and local adaptation can develop into sustained state management.
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Figure 4 places these representative migration trajectories along a temporal axis and
highlights the reusable resources formed at the end of each chain.

Fig. 4 Representative cross-locus migration trajectories in TTI mechanism develop-

ment. The figure illustrates how local inference artifacts and operations, including retrieved context,
demonstrations, tool-use traces, reasoning paths, feedback signals, and test-time updates, are pro-
gressively organized into reusable system resources. Method names are abbreviated labels; full titles
are provided in the bibliography.

These trajectories provide a concrete view of the mechanism shifts summarized in
Table 9. Across the six chains, the recurring pattern is that an artifact or operation
initially tied to a local inference setting becomes available for later selection, storage,
retrieval, verification, routing, or stabilization. The table abstracts these cases into
migration patterns, the corresponding mechanism shifts, and the system resources
formed by the migration.

The migration trajectories in Figure 4 and the patterns summarized in Table 9
show that TTI mechanisms increasingly operate as coupled inference resources. A local
mechanism may first appear as a prompting, retrieval, reasoning, feedback, tool-use, or
adaptation technique, but its output can later be reused as memory, examples, search
candidates, evaluative signals, experience traces, or sustained state. This shift from
local intervention to reusable resource provides the basis for the next Section, which
examines what bottlenecks these resources relieve and what control requirements they
introduce.
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Table 9 Representative cross-locus migration patterns in TTI mechanism development.

Migration pattern Mechanism shift Resulting system
resource

Representative methods

Context construction →

memory state
Information initially assembled for
the current context becomes writable,
retrievable, compressible, updateable,
and reusable across episodes.

Persistent context or
knowledge state.

RAG, REALM, FLARE,
Self-RAG, LongMem,
MemoryBank, MemGPT,
HippoRAG, LightMem, TokMem,
xMemory, Doc-to-LoRA, Latent
Context Compilation, Mnemis,
and MeMo Lewis et al. (2020);
Guu et al. (2020); Jiang et al.
(2023a); Asai et al. (2024); Wang
et al. (2023a); Zhong et al.
(2024); Packer et al. (2023);
Gutiérrez et al. (2024); Fang
et al. (2026b); Wu et al. (2026b);
Hu et al. (2026); Charakorn et al.
(2026); Li et al. (2026b); Tang
et al. (2026); Quek et al. (2026).

Demonstrations →

reusable examples or task
state

Examples shift from one-off prompt
content to selected, ordered,
compressed, or retrieved
task-conditioning resources.

Demonstration library,
compressed task state, or
retrieval target.

GPT-3, visual demonstration
selection, Se2, Multimodal Task
Vectors, UniICL, Refract ICL,
retrieval-augmented ICL, and
GraphWalker Brown et al. (2020);
Lee et al. (2026); Liu et al.
(2024c); Huang et al. (2024b);
Gao et al. (2025); Akula et al.
(2025); Zhan et al. (2026); Fang
et al. (2026a).

Tool loops → tool and
experience memory

One-episode actions generate success
and failure traces that can be
summarized, stored, and routed in
later tasks.

Experience state for tool
selection, execution
planning, and task recovery.

ReAct, Toolformer, Voyager,
ToolMem, XSkill, and CASCADE
Yao et al. (2023a); Schick et al.
(2023); Wang et al. (2023c); Xiao
et al. (2025); Jiang et al. (2026);
Guo et al. (2026).
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Table 9 Representative cross-locus migration patterns in TTI mechanism development (continued).

Migration pattern Mechanism shift Resulting system
resource

Representative methods

Single-chain reasoning →

search and test-time scaling
One reasoning trace becomes a
candidate space explored through
sampling, branching, scoring,
backtracking, and pruning.

Inference-time computation
as a controllable resource.

CoT, self-consistency, Tree of
Thoughts, Graph of Thoughts,
compute-optimal TTS, STATe-of-
Thoughts, RouteGoT, and PaT
Wei et al. (2022); Wang et al.
(2023b); Yao et al. (2023b); Besta
et al. (2024); Liu et al. (2025a);
Bamberger et al. (2026); Liu
et al. (2026); Yoon et al. (2026).

Reflection → verifier,
reward, and supervision
signal

Natural-language critique becomes a
score, verifier, reward, preference
signal, executable check, or
self-generated supervision signal.

Evaluative signal for
selection and future
improvement.

Self-Refine, Reflexion, TTSR,
RVR, V-STaR, Vision-R1,
MedVLM-R1, TTCS, OraPO,
Vero, Self-Distillation Zero, and
EVE Madaan et al. (2023); Shinn
et al. (2023); He et al. (2026c);
Qian et al. (2026); Hosseini et al.
(2024); Huang et al. (2026d); Pan
et al. (2026); Yang et al. (2026);
Chen et al. (2025a); Sarch et al.
(2026); He et al. (2026b); Heng
et al. (2026).

Local TTA → sustained
state adaptation

Single-sample or batch-wise updates
become stream-aware adaptation with
mechanisms for preserving useful
state.

Continual inference-time
state management.

TTT, TENT, MEMO, TPT,
CoTTA, EATA, SAR, RMT,
EcoTTA, online TTA surveys,
video-stream TTT, GRPO-TTA,
and Fair Context Learning Sun
et al. (2020); Wang et al. (2021);
Zhang et al. (2022); Shu et al.
(2022); Wang et al. (2022); Niu
et al. (2022, 2023); Döbler et al.
(2023); Song et al. (2023); Liang
et al. (2025); Wang et al.
(2025b,f); Li et al. (2026a); Yun
et al. (2026a).
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4 Bottleneck Conversion and Resource Control

Section 3 described how test-time mechanisms develop within input, state, and pro-
cess loci, and how local interventions increasingly migrate into coupled TTI systems.
This Section shifts from mechanism development to improvement logic. The central
question is no longer only where a test-time method intervenes, but why a migrated
mechanism can improve model behavior, what bottleneck it relieves, and what new
cost or control requirement it introduces.

Across the systems reviewed above, improvement often comes from making other-
wise constrained inference resources more actionable at test time. Some methods use
additional computation to explore and select among alternative solutions; others pre-
serve information, interaction history, or tool experience as reusable state; still others
turn feedback into signals for revision, ranking, or supervision. The following sections
examine these resource shifts through three recurring bottlenecks—capacity, context,
and feedback—and analyze how each shift creates both an improvement pathway and
a corresponding control problem.

4.1 Capacity and Inference-Time Computation

The capacity bottleneck becomes visible when a trained model is evaluated through
a narrow inference procedure. A model may contain latent knowledge or reasoning
potential, yet greedy decoding or a single reasoning trace exposes only one limited
route through that potential. Recent test-time scaling results make this point concrete:
under compute-optimal test-time scaling, a smaller policy model can outperform a
much larger model using greedy decoding on selected mathematical reasoning bench-
marks (Liu et al. 2025a). This finding does not diminish the role of model scale;
rather, it shows that the effective capacity available at test time depends not only on
parameters, but also on how the inference procedure generates, explores, and selects
candidate solutions.

The first way to relieve this bottleneck is to broaden candidate exposure. Self-
consistency does this by sampling multiple reasoning paths and selecting the answer
that is most consistent across them, thereby turning single-path instability into aggre-
gation over candidate traces (Wang et al. 2023b). Large Language Monkeys provides
broader evidence for the same principle: repeated sampling can increase problem
coverage, and in coding or formal-proof settings where outputs can be automat-
ically verified, this increased coverage can translate into better task performance
(Brown et al. 2024). At the same time, the same study shows that candidate expo-
sure alone is not sufficient; when reliable verification is unavailable, majority voting or
reward-model selection can plateau as the sample budget grows (Brown et al. 2024).

A second route is to organize candidate exploration. Tree of Thoughts and Graph
of Thoughts turn implicit reasoning alternatives into explicit candidate spaces that
can be explored, scored, aggregated, or pruned (Yao et al. 2023b; Besta et al. 2024).
Their relevance here is not the specific tree or graph representation, but the way they
convert latent reasoning uncertainty into a search space over which inference-time
computation can be allocated. Test-time compute scaling extends this logic from can-
didate construction to resource allocation: computation must be assigned according to
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where it is most likely to change the outcome, rather than expanded uniformly. Scal-
ing LLM Test-Time Compute Optimally shows that the benefit of additional inference
compute depends on problem difficulty and allocation strategy, and that compute-
optimal allocation can outperform uniform best-of-N sampling (Snell et al. 2025).
Recent search-control methods make this point more concrete: STATe-of-Thoughts
controls candidate formation through structured action templates, RouteGoT controls
graph reasoning cost through node-adaptive routing, and PaT controls planning cost
by delaying planning until verification failure (Bamberger et al. 2026; Liu et al. 2026;
Yoon et al. 2026). Beyond Chinchilla-Optimal gives the broader resource background
for this claim by showing that inference demand can change the optimal trade-off
among model size, training data, and cost (Sardana et al. 2024).

Taken together, these studies specify when inference-time computation becomes
an improvement resource. Sampling helps when it increases the chance that a correct
or useful candidate is produced; search helps when it organizes alternatives into a
space that can be evaluated; and test-time scaling helps when budget is allocated
according to task difficulty and selector reliability. The corresponding failure mode is
equally clear: additional computation becomes an open-ended cost when it produces
more samples, tokens, or branches without improving the system’s ability to identify
better candidates. Capacity bottlenecks are therefore relieved not by computation
in general, but by computation that is coupled to candidate diversity, search-space
control, budget allocation, and reliable evaluation.

4.2 Context and Reusable State

The context bottleneck appears when information needed for reliable inference is
absent from the current prompt, difficult to locate within a long prompt, or useful
beyond the current episode. Retrieval-augmented methods such as RAG, REALM,
Atlas, Self-RAG, and FLARE address missing or stale information by retrieving, rank-
ing, or actively requesting information for the current query (Lewis et al. 2020; Guu
et al. 2020; Asai et al. 2024; Jiang et al. 2023a; Izacard et al. 2023). Long-context
and compression methods respond to a related pressure: even when more text can be
placed in the prompt, models may not use it uniformly, and the cost of processing long
inputs can become substantial. Lost in the Middle shows that language models often
use long contexts unevenly, with performance degrading when relevant information
appears in the middle of the input (Liu et al. 2024b). LLMLingua and LongLLMLin-
gua show that prompt compression can reduce inference cost, latency, and information
overload by retaining more salient content in the current context (Jiang et al. 2023b,
2024). Latent Context Compilation similarly treats compressed context as a portable
memory artifact, separating reusable context state from the base model parameters
(Li et al. 2026b).

These methods improve the construction of the current inference context, but they
do not fully address the persistence problem. They do not determine what should
be retained beyond the current episode, when stored information should be revised,
or how outdated or conflicting records should be handled. The focus therefore shifts
from constructing a better current context to maintaining state that can support later
inference.
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Memory methods address this persistence problem. LongMem, MemoryBank, and
MemGPT move beyond one-episode context by retrieving long past context, stor-
ing and updating long-term interaction memories, or managing information across
memory tiers (Zhong et al. 2024; Packer et al. 2023; Wang et al. 2023a). Generative
Agents, Voyager, and ToolMem extend this idea from stored information to accumu-
lated experience: observations, reflections, executable skills, and tool-use outcomes
can influence later planning or tool selection (Wang et al. 2023c; Park et al. 2023;
Xiao et al. 2025). MemoRAG illustrates an intermediate form of this transition by
using global memory-enhanced retrieval for long-context processing, turning informa-
tion from an extended context into retrieval clues for later generation (Qian et al.
2025a). Doc-to-LoRA pushes context-to-state migration further by converting a doc-
ument context into a generated adapter, reducing the need to repeatedly consume the
original context during later inference (Charakorn et al. 2026). MeMo represents a
model-based variant of reusable state: instead of only retrieving passages, it encodes
new knowledge into a dedicated memory model while keeping the base LLM frozen
(Quek et al. 2026). The shared movement is from making information available in
the current prompt toward maintaining reusable state that can be written, indexed,
retrieved, updated, and governed across episodes.

Recent memory systems such as Mnemis make the retrieval policy itself a control
surface, not merely the memory store (Tang et al. 2026). Long-term memory eval-
uation makes the control requirement of this shift explicit. LongMemEval evaluates
chat assistants on information extraction, multi-session reasoning, temporal reason-
ing, knowledge updates, and abstention, showing that sustained interaction memory
remains challenging even for commercial assistants and long-context LLMs (Wu et al.
2025b). Surveys of LLM-agent memory similarly emphasize that long-term agent-
environment interaction depends on how information is stored, retrieved, and reused
(Zhang et al. 2025d). The gain of reusable state is continuity: systems can preserve
user preferences, domain facts, tool outcomes, procedural knowledge, and prior mis-
takes instead of reconstructing them in every prompt. The corresponding risk is that
persistence can turn local errors into durable state, making write policies, tempo-
ral validation, forgetting mechanisms, source trust, and privacy control central to
context-to-state TTI.

4.3 Feedback and Reliable Evaluation

The feedback bottleneck becomes visible when a test-time system can generate out-
puts, critiques, reasoning paths, retrieved contexts, or tool results, but cannot reliably
determine which of them should guide the final answer or future behavior. A concrete
form of this bottleneck appears in intrinsic self-correction. Large Language Models
Cannot Self-Correct Reasoning Yet shows that asking a model to revise its own rea-
soning without external feedback often fails to improve performance and can even
degrade it (Huang et al. 2024a). The issue is therefore not simply whether the sys-
tem can produce feedback-like text. The deeper constraint is whether feedback can
function as a dependable evaluative signal: it must identify errors, distinguish better
candidates from worse ones, or provide targets that remain useful when reused.

37



The first way to relieve this bottleneck is to make a generated output checkable and
revisable. Self-Refine follows this pattern by using model-generated feedback to revise
an initial answer, while Reflexion stores verbal reflections from previous attempts so
that later trials can avoid repeated failures (Madaan et al. 2023; Shinn et al. 2023).
These methods convert an answer from a fixed endpoint into an object that can be
examined and improved. Their value, however, depends on whether the critique is
accurate enough and specific enough to be incorporated. Feedback helps not because
it adds another round of text, but because it supplies a usable judgment about what
should change in the current output.

A second route is to make candidate spaces selectable. Sampling, search, retrieval,
and multimodal generation can expose many possible answers, reasoning traces, con-
texts, or tool results, but additional candidates improve inference only when the
system can identify which candidates are stronger. V-STaR addresses this problem by
training a verifier from both correct and incorrect self-generated answers and using
it to select among candidate solutions (Hosseini et al. 2024). Retrieval-augmented
and multimodal systems extend the same principle by converting reranking scores,
reflection signals, or context-quality assessments into procedures for ranking, filtering,
and evidence evaluation (Islam et al. 2024; Chen et al. 2024b; Li et al. 2025a; Zhang
et al. 2024a). This connects feedback limits directly to the compute gains discussed
in Section 4.1: more candidates are useful only when evaluation can turn candidate
diversity into reliable selection. RewardBench and LLM-as-a-Judge bias studies fur-
ther show that evaluators must themselves be assessed, because reward models and
model-based judges can fail under difficult comparisons or carry systematic preferences
that distort selection (Lambert et al. 2025; Shi et al. 2025a).

The most consequential conversion occurs when evaluative signals are reused
beyond the current decision. In this setting, feedback no longer only revises an answer
or selects a candidate; it becomes a supervision-like resource that can shape later
reasoning, adaptation, or self-improvement. Reward-shaped multimodal and medical
reasoning methods use verifier or reward signals to guide reasoning behavior, while
test-time curriculum, oracle-educated reward, self-distillation, and executable-check
systems further turn feedback-derived signals into reusable targets for future improve-
ment (Heng et al. 2026; Huang et al. 2026d; Pan et al. 2026; Tan et al. 2025b; Wang
et al. 2025g; Yang et al. 2026; Chen et al. 2025a; Sarch et al. 2026; He et al. 2026b;
Zhang et al. 2025b; Lai et al. 2026). The gain is that feedback can create explicit
selection pressure over answers, trajectories, retrieved contexts, tool results, or later
updates. The corresponding risk is that evaluator errors become system-level errors:
imperfect evaluators may be optimized, biased judges may reward surface plausi-
bility, and proxy rewards may rise while the intended target declines, as shown in
reward-hacking analyses of iterative refinement and inference-time optimization (Pan
et al. 2024; Khalaf et al. 2025). Feedback limits are therefore relieved not by adding
more feedback, but by turning feedback into evaluative supervision that is calibrated,
task-aligned, and constrained against evaluator bias, reward hacking, pseudo-label
degradation, and self-confirmation loops.
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4.4 Resource-Aware Evaluation Principles

The three bottleneck-relief pathways show that TTI does not eliminate capac-
ity, context, or feedback limitations. Instead, it converts these limitations into
resource-control problems over inference-time computation, reusable state, and reli-
able evaluation. This conversion is valuable only when the introduced resource is
controllable. Additional computation is useful when candidate exposure, search spaces,
budgets, and stopping rules are controlled. Reusable state is useful when writing,
retrieval, updating, forgetting, auditing, and privacy policies are governed. Reliable
evaluation is useful when evaluators are calibrated, task-aligned, and resistant to
bias or optimization artifacts. The same mechanism that creates a gain can therefore
become the next bottleneck when its control surface is weak.

Table 10 summarizes these pathways by relating each bottleneck to its associated
improvement resource, control requirement, and dominant failure mode. Rather than
ranking the pathways, the table specifies the resource introduced by each pathway, the
control problem associated with that resource, and the failure mode that may arise
when the control problem is left unaddressed. This framing connects performance
reporting with the inference-time resource and control condition under which a TTI
gain is obtained.

Table 10: Bottleneck-relief pathways, gains, and control requirements.

Bottleneck-relief
pathway

Primary gain Control
requirement

Dominant failure
mode

Capacity bottlenecks
-> inference-time
computation

Improved
performance when
candidate exposure,
search organization,
or compute
allocation increases
the chance of finding
and selecting a
better solution.

Explicit budget
allocation, diverse
candidate
generation,
search-space design,
stopping rules, and
reliable scoring.

Latency, token cost,
search blow-up,
verifier dependence,
and diminishing
returns.

Context bottlenecks
-> reusable state

Continuity,
personalization,
cross-session
memory, experience
reuse, and lower
repeated
context-construction
cost.

Write, retrieve,
compress, update,
forget, audit, privacy,
and source-trust
policies, together
with memory-specific
evaluation.

Memory pollution,
stale state, privacy
leakage, persistent
retrieval errors, and
unexamined
personalization drift.
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Bottleneck-relief
pathway

Primary gain Control
requirement

Dominant failure
mode

Feedback bottlenecks
-> reliable
evaluation

More reliable
revision, candidate
selection, evaluator-
guided reasoning,
and feedback-derived
supervision for later
improvement.

Evaluator
calibration, task
alignment,
process-level checks,
reward validation,
separation of
generation and
judging when
possible, and
task-appropriate
verification targets.

Reward hacking,
verifier or judge bias,
pseudo-label
degeneration, self-
confirmation loops,
and evaluator-task
mismatch.

These control requirements suggest several evaluation principles for future TTI
systems. First, performance should be reported against strong baselines at explicit
inference-time cost, including token budget, number of samples, search depth, update
steps, tool calls, latency, or memory overhead when applicable. Second, resource effi-
ciency should be distinguished from simply spending more test-time resources. Third,
the introduced resource should be evaluated under disturbances that match its risk
surface, such as noisy retrieval, tool errors, heterogeneous streams, distribution shift,
repeated updates, or evaluator bias. Fourth, persistent state should be evaluated not
only for short-term usefulness, but also for staleness, harmful retention, privacy sensi-
tivity, update reliability, and safety. Fifth, when feedback is used, the verifier, reward
model, model-based judge, or execution check should be evaluated as part of the
system rather than treated as an oracle.

Viewed in this way, TTI methods can be compared by the bottleneck they relieve,
the inference-time resource that supports the gain, and the control mechanism that
prevents the resource from becoming a new failure mode. This perspective connects
the Locus × Source map with the mechanism migrations discussed earlier: TTI is not
a collection of unrelated inference techniques, but a design space for converting capac-
ity, context, and feedback limitations into controlled inference-time resources. The
remaining issue is that these conversions are not always stable. The next subsection
summarizes the open contradictions that arise when the expected exchange between
resource cost and inference gain becomes difficult to maintain.

4.5 Open Tensions in Resource Conversion

The resource-control view developed above treats TTI gains as exchanges between
added test-time resources and improved inference behavior. Such exchanges are useful
only when the added resource remains controllable and its cost remains acceptable.
Table 11 summarizes four open contradictions that arise when this exchange becomes
unstable.

The first two contradictions concern resources that operate within the cur-
rent inference procedure. Additional computation and evaluative feedback can both
improve inference, but only when their control mechanisms remain reliable. Extra
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Table 11 Open contradictions in bottleneck-to-resource conversion.

Bottleneck-to-resource
conversion

Intended exchange Open contradiction Case anchors

Capacity bottleneck →

inference-time computation
Spend additional decoding,
sampling, search, or
verification cost to expose
and select better candidates.

The gain from extra computation is
conditional on candidate quality, selector
reliability, budget allocation, and stopping
rules; otherwise, more computation can
expand cost or error space rather than
improve selection.

Compute-optimal TTS,
repeated sampling, and
test-time compute
allocation studies (Liu
et al. 2025a; Brown et al.
2024; Snell et al. 2025).

Feedback bottleneck →

evaluative supervision
Use feedback, verifiers,
rewards, judges, or executable
checks to select, revise, or
supervise outputs.

The evaluator that enables improvement
can become a proxy optimization target;
gains may reflect evaluator exploitation
rather than better task behavior.

Self-correction failure,
verifier training,
judge-bias analysis, and
reward-hacking studies
(Hosseini et al. 2024;
Huang et al. 2024a;
Lambert et al. 2025; Shi
et al. 2025a; Pan et al.
2024; Khalaf et al. 2025).

Context bottleneck →

reusable state
Preserve memory, interaction
history, tool outcomes, or
failure cases to support later
inference.

The persistence that enables reuse can
also preserve stale, unsafe, private, or
erroneous information unless state
governance is explicit.

Long-memory evaluation,
memory/experience
systems, and memory
retrieval-control studies
(Zhong et al. 2024; Packer
et al. 2023; Wang et al.
2023c; Park et al. 2023;
Xiao et al. 2025; Wu
et al. 2025b; Tang et al.
2026; Quek et al. 2026).

Test-time resource control
→ reported improvement

Adapt the inference
procedure to task difficulty,
stream conditions, evaluator
signals, or resource budgets.

Reported gains may depend on protocol
choices such as model, prompt, budget,
stream order, update steps, retrieval
index, verifier, or tool setting, making
conclusions difficult to compare across
studies.

Online TTA protocol
concerns and
protocol-sensitive
compute/evaluator
settings (Wang et al.
2025b; Liu et al. 2025a;
Snell et al. 2025; Lambert
et al. 2025; Shi et al.
2025a).

Note. The table summarizes contradictions internal to the resource-control analysis in Section 4; case anchors refer to representative works discussed
in the preceding subsections.
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computation must be connected to useful candidate generation, selection, and stop-
ping, rather than to uncontrolled expansion of samples or search paths (Liu et al.
2025a; Brown et al. 2024; Snell et al. 2025). Similarly, verifier, reward, judge, or execu-
tion signals must remain aligned with the intended task, rather than becoming proxy
targets for optimization (Hosseini et al. 2024; Huang et al. 2024a; Lambert et al. 2025;
Shi et al. 2025a; Pan et al. 2024; Khalaf et al. 2025).

The other two contradictions concern stability across time and experimental set-
tings. Reusable state can support long-horizon interaction, but persistence also makes
errors, outdated information, unsafe preferences, or private content more durable
(Zhong et al. 2024; Packer et al. 2023; Wang et al. 2023c; Park et al. 2023; Xiao
et al. 2025; Wu et al. 2025b; Tang et al. 2026; Quek et al. 2026). Protocol-dependent
improvement raises a parallel concern: because TTI changes the inference procedure
itself, results may vary with the model, prompt, retrieval index, budget, stream order,
update schedule, verifier, or tool environment (Wang et al. 2025b; Liu et al. 2025a;
Snell et al. 2025; Lambert et al. 2025; Shi et al. 2025a). These contradictions show that
bottleneck-to-resource conversion should be interpreted not only by final task perfor-
mance, but also by whether the added resource remains cost-aware, evaluator-aligned,
memory-governed, and reproducible under its use conditions.

This completes the resource-control analysis and provides the critical basis for the
landscape-level analysis that follows.

5 Research Landscape and Opportunities

5.1 From Methods Analysis to the Research Landscape

The preceding Sections have established the analytical basis for viewing test-time
improvement (TTI) as an inference-stage research space. The Locus × Source map
provides the structural coordinates for positioning test-time interventions, while the
mechanism and bottleneck analyses show how local interventions migrate across loci
and become associated with new forms of resource control. This progression moves the
discussion from individual mechanisms toward the broader organization of the field.

Figure 5 summarizes how the analytical framework developed in Sections 2–4
supports the landscape analysis in this section.

Building on this progression, the present section moves from method-level analy-
sis to landscape-level analysis. It considers how the field is organized when the Locus
× Source map, cross-locus mechanism migration, and resource-control perspective
are considered jointly. This analysis reveals several research patterns, including con-
figurations that have developed into recognizable research areas, couplings that are
becoming increasingly important as mechanisms migrate across loci, and intersections
that remain less systematically organized but may support future research when they
connect to clear mechanisms, demands for resource control, and evaluable settings.
In this way, the Section provides a bridge between the analytical Sections above and
the open problems discussed in Section 6. The landscape analysis follows the same
positioning logic developed earlier, where density indicates the relative consolidation
of recurring mechanisms within the Locus × Source map, while opportunity regions
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Fig. 5 From locus-based mapping and bottleneck conversion to landscape analysis.

are discussed in relation to mechanism trajectories, resource-control questions, and
evaluable settings.

5.2 Temporal Research Trends

A landscape-level analysis of TTI requires a temporal view of how research activity
has accumulated across mechanism branches. Figure 6 presents this temporal distri-
bution using the literature collected and reviewed in this survey. Panel (a) presents the
relative paper density of representative works across major TTI mechanism branches
from 2020 to 2026. Panel (b) further aggregates these branch-level patterns into locus-
level relative density trends and summarizes several migration patterns identified from
the preceding mechanism analysis. Relative paper density denotes the concentration
of representative works reviewed in this survey across mechanism branches and time
periods. In this survey, relative paper density refers to ordinal concentration within
the screened core-method corpus described in Appendix A, rather than complete
publication volume in the field.

Several broad patterns emerge from the branch-level heatmap. In the earlier
period, reviewed works are concentrated around prompt-based intervention, retrieval-
augmented context construction, test-time adaptation, and explicit reasoning. These
branches correspond to early ways of improving model behavior by modifying the
input surface, adapting inference-relevant variables, or reorganizing the immediate rea-
soning procedure. From 2023 to 2024, the distribution becomes more uneven and more
specialized. RAG-related work becomes particularly concentrated, while verification,
tool use, memory, and search-related process mechanisms become more prominent.
This pattern indicates that research activity begins to extend beyond a small set
of entry-point techniques toward branches that support retrieval control, candidate
evaluation, external action, and reusable state.
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Fig. 6 Temporal shifts in relative paper density and migration patterns across TTI

mechanisms, 2020–2026. Density levels are ordinal indicators derived from the screened core-
method corpus described in Appendix A.

The later period further changes the temporal pattern. In 2025 and 2026, the
heatmap shows stronger concentrations around verification, tools, memory, and multi-
agent or agentic process structures. The locus-level trend in Panel (b) is consistent
with this branch-level pattern, as state-oriented work rises sharply in the later period,
while process-level work remains highly visible across the whole timeline. Input-level
work remains present, but its later role is increasingly associated with systems that
combine context construction with memory, verification, tool use, or process control.
The trend lines therefore summarize how paper density shifts from early input-side
and reasoning-oriented foundations toward state- and process-centered configurations.

The migration summary in Panel (b) condenses several movements across loci
identified in the preceding sections. RAG and context construction are shown as mov-
ing toward writable or reusable memory; single-chain reasoning is linked to search
and test-time scaling; tool use and action loops are linked to tool memory or experi-
ence memory; and reflection is linked to verifier, reward, or supervision mechanisms.
Placed alongside the paper-density trends, these movements summarize how several
mechanism branches become connected over time.
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5.3 Locus × Source Landscape Patterns

The temporal view in Section 5.2 shows how relative paper density and several
mechanism-migration paths have changed across TTI research from 2020 to 2026.
When analyzed in relation to the Locus × Source map established in Section 2,
these temporal patterns reveal how research activity is organized across the current
TTI landscape. Some locus–source combinations have developed into relatively stable
research configurations; some gain prominence through cross-locus coupling; and oth-
ers remain less systematically organized. This section uses the map as an analytical
device for landscape analysis to summarize these regional patterns before Section 5.4
narrows the discussion to opportunity cells.

Table 12 summarizes the major landscape patterns on the Locus × Source map.

Table 12: Landscape analysis of TTI research patterns on the Locus × Source map.

Landscape
pattern

Diagnostic basis Representative
regions

Interpretation

Established
configurations

Visible paper-density
accumulation;
recurring mechanism
forms; clearer
evaluation concerns

L1×S1; L2×S3;
L3×S0/S4; L3×S2

Regions where
intervention locus
and information
source have formed
relatively stable
research
configurations

Emerging couplings
across loci

Rising visibility;
connection to
cross-locus
migration; emerging
resource-control
problems

L2×S2; L2×S4;
multimodal
L2/L3×S2/S4

Regions becoming
more important as
local artifacts
become reusable
state, feedback
signals, or
tool-mediated
process resources

Intersections with
limited systematic
organization

Conceptual position
is identifiable;
mechanism forms,
system roles, or
evaluation settings
remain less settled

L1×S3; L1×S4;
L3×S3; L3.E×S3

Regions that can be
located on the map
but still require
clearer mechanism
design and
evaluation settings

Candidate
opportunity cells

Selected from less
systematically
organized
intersections through
additional screening

Discussed in Section
5.4

Regions whose
research value
depends on
mechanism linkage,
resource-control
demand, and
evaluability

Note. L1, L2, and L3 refer to the input, state, and process loci; S0–S4 follow the Source axis
defined in Section 2. The table is intended as a qualitative analysis grounded in the preceding map,
mechanism review, and resource-control analysis.
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Established configurations are regions where the relation between intervention
locus and information source has become comparatively stable. Representative exam-
ples include input-level methods grounded in static knowledge sources, state-level
methods driven by test-stream information, and process-level methods organized
around internal reasoning, live tools, or verifier-like feedback. These regions are rec-
ognizable because they have developed recurring mechanism forms, representative
tasks, and evaluation concerns. They function as reference points in the current land-
scape. Although the methods within each region may differ substantially, the relation
between where the intervention acts and where its useful information comes from has
become clear enough to support sustained research activity.

Emerging couplings across loci describe regions whose importance increases when
migration across loci is considered. They often appear when an artifact produced in
one part of inference becomes a reusable or controllable resource elsewhere. Context
construction may develop into writable or retrievable memory; tool-use traces may
become experience memory; feedback may become a verifier, reward, or supervision-
like signal; and multimodal reasoning may connect input formalization with tool use
and process control. These couplings show that TTI research is not only organized
within individual cells of the map, but also along the connections between loci and
sources, where local mechanisms begin to support broader inference architectures.

Intersections with limited systematic organization refer to regions that can
be located on the map but whose mechanism forms, system roles, or evaluation
settings remain less settled. Examples include test-stream-conditioned input con-
struction, feedback-conditioned input organization, test-stream-aware process control,
and multi-agent inference under changing test distributions. Recent methods such
as RVR and Fair Context Learning illustrate how these less consolidated regions
can begin to acquire mechanism-level form through verifier-conditioned retrieval or
evidence-balanced test-time context adaptation (Qian et al. 2026; Yun et al. 2026a).
Analytically, these regions indicate where the current map is not yet fully organized
by stable mechanisms and evaluation practices. Whether such intersections should be
treated as opportunity cells depends on a further screening step, discussed in the next
section.

5.4 Evaluable Opportunity Areas

Section 5.3 identified several regional patterns in the Locus × Source landscape,
including established configurations, emerging couplings across loci, and less system-
atically organized intersections. The analysis then determines which regions can be
treated as opportunity cells rather than merely as descriptive positions on the map.
In this survey, candidate cells are suggested by two types of landscape signals. The
first is an activity signal, where the paper-density pattern indicates that a mech-
anism branch or related landscape region is gaining prominence. The second is a
structural gap, where paper density remains comparatively weak but the region is
structurally plausible given the mechanism migrations and resource-control problems
identified in the preceding Sections. These two signals provide different reasons for
considering a region. One reflects emerging research activity, while the other reflects
an under-organized but theoretically coherent position in the landscape.

46



Fig. 7 From landscape signals to opportunity cells. Candidate-cell screening is supported by
the mechanism-linkage, resource-control, and evaluability protocol described in Appendix A.

As summarized in Figure 7, candidate cells are treated as meaningful opportu-
nity cells only when they satisfy three screening conditions. First, mechanism linkage
assesses whether the cell can be connected to an identifiable mechanism trajectory,
such as the migration from context construction to memory state or from reflection to
verifier and reward signals. Second, resource-control relevance evaluates whether the
cell exposes a concrete test-time control problem, including storage, retrieval, updat-
ing, selection, verification, or budget allocation. Third, evaluability assesses whether
the cell can be studied through tractable tasks, baselines, cost reports, stability anal-
yses, stream protocols, or evaluator diagnostics. Together, these conditions identify
opportunity cells as research positions where mechanism development, resource con-
trol, and evaluation design converge. The screening procedure and its relation to the
coded literature corpus are detailed in Appendix A.

Table 13 provides representative examples of this screening logic.
These examples show that opportunity cells should be understood as analytically

selected regions rather than simple extensions of less-developed parts of the map. An
activity signal may indicate that a region is beginning to attract research attention,
while a structural gap may indicate that a plausible locus–source combination has not
yet been systematically organized. In both cases, the region becomes more convincing
when it can be connected to a mechanism trajectory, framed as a resource-control
problem, and evaluated through concrete tasks or protocols.
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Table 13 Representative opportunity-cell screening examples.

Candidate
signal

Candidate
cell
(Locus ×

Source)

Mechanism linkage
(example trajectory)

Resource-control rele-
vance
(key control problem)

Evaluation
handle
(examples)

Emerging
activity signal

L2 × S2
Tool / experi-
ence memory

Tool-use traces, deploy-
ment cases, and
interaction experience
become reusable state,
as in CASCADE (Guo
et al. 2026)

What tool or deploy-
ment experience should be
stored, updated, retrieved,
or forgotten?

Long-horizon
tool-use tasks;
case-memory
ablations; tool-
selection and
experience-reuse
accuracy

Emerging
activity signal

L2 × S4
Feedback-
driven state
update

Feedback, verifier,
reward, or reflection
signals guide adaptive
state, as in GRPO-TTA
(Li et al. 2026a) and
TTSR (He et al. 2026c)

How to control evalua-
tor error, pseudo-label
drift, reward hacking, and
update reliability?

Verifier diagnos-
tics; held-out
evaluation;
reward and
stream stability
tests

Structural
gap

L3 × S3
Test-stream-
aware process
control

Test-stream or reliability
signals guide search,
selection, retrieval, or
interaction policies

How to allocate budget,
reset process state, verify
intermediate results, and
assess sample reliability
under changing streams?

Online or
continual
benchmarks;
cost-aware
reporting;
stream proto-
cols

Note. Candidate cells are representative examples selected to illustrate the screening logic.

5.5 Landscape Lessons and Research Implications

The preceding sections have used density shifts in the reviewed corpus, the Locus
× Source landscape, and opportunity-cell screening to analyze how TTI research is
currently organized. Table 14 summarizes the main lessons from this analysis and
links each lesson to its implication for future TTI research.

Table 14: Lessons from the landscape analysis of TTI research

Lesson Core message Implication for TTI
research

Growth is clustered and
coupled

Research activity gathers
around recurring
configurations and migration
paths rather than expanding
uniformly.

Analyze TTI through
mechanism combinations and
system couplings, not only
isolated method families.

Input remains
foundational

Input construction remains
the main surface through
which tasks, evidence,
examples, and multimodal
information enter inference.

Study input-level methods
together with retrieval
control, feedback, memory,
and process organization.
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Lesson Core message Implication for TTI
research

State is the long-horizon
frontier

Memory, tool experience,
adaptation, and continual
stabilization extend TTI
beyond a single inference
episode.

Develop policies for writing,
updating, retrieving, trusting,
and forgetting persistent
resources.

Process needs control Reasoning, search,
verification, tools, and agents
improve inference only when
computation is organized
and controlled.

Report budget, selection,
verification, coordination, and
stopping conditions.

Opportunity requires
evaluability

Candidate cells become
useful research opportunities
when they support clear
tasks, baselines, cost reports,
and stability or reliability
diagnostics.

Prioritize methodologically
tractable directions rather
than map gaps alone.

Note. The lessons summarize the landscape analysis developed in Sections 5.2–5.4.

Collectively, these lessons suggest that TTI research is moving from isolated
test-time techniques toward coupled inference systems. Input construction remains
a central entry point, but it increasingly interacts with retrieval control, mem-
ory, feedback, and process organization. State-level mechanisms extend improvement
beyond a single inference episode, making persistence and update control central to
long-horizon TTI. Process-level methods organize additional computation through
reasoning, search, verification, tool use, and coordination, but their value depends on
whether the added computation can be controlled. This analysis also explains why the
open problems discussed next arise naturally from the landscape itself. As TTI meth-
ods become more persistent, evaluative, tool-mediated, and process-oriented, their
central challenges increasingly concern how inference-time resources can be controlled,
evaluated, and stabilized.

6 Discussion and Conclusion

6.1 Limitations

This survey provides a research map and mechanism-level analysis of test-time
improvement rather than a unified empirical evaluation of all TTI methods. Its
conclusions should therefore be interpreted as framework-level findings about how
inference-stage interventions are positioned, connected, and controlled. This orienta-
tion helps organize a rapidly expanding field, but it also defines the scope within
which the proposed map, mechanism analysis, bottleneck conversion, and landscape
analysis should be interpreted.

Based on this orientation, the limitations of this survey fall into the following
categories.
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Literature coverage and interpretation of density indicators. The reviewed
literature is selected to support an analysis of recurring TTI mechanisms rather than a
comprehensive bibliometric analysis. As a result, the paper-density shifts in Section 5
should be interpreted as qualitative signals of research activity and mechanism migra-
tion, not as complete publication statistics for the entire TTI field. Appendix A makes
the search, screening, coding, and density-construction protocol explicit; nevertheless,
the resulting heatmaps and density trends remain qualitative analyses shaped by the
protocol rather than comprehensive bibliometric measurements.

Granularity of the analytical framework. The Locus × Source map and the
Temporal / Cost descriptors operate at a deliberately abstract level. This abstraction
makes it possible to compare prompting, retrieval, adaptation, memory, verification,
tool use, and agentic systems within a common framework, but it cannot fully cap-
ture implementation-level differences such as latency, energy use, API cost, storage
overhead, privacy risk, human supervision, or long-term system maintenance.

Lack of unified empirical comparison. This survey compares TTI meth-
ods primarily by intervention locus, information source, mechanism trajectory, and
resource-control requirement. It does not reimplement methods under a unified exper-
imental protocol, nor does it provide a performance ranking across tasks, datasets, or
model families. Such benchmark-level comparison remains necessary for assessing the
empirical strength of specific methods.

6.2 Future Directions

This survey has argued that test-time improvement is best understood as a research
space centered on inference-stage resource control. Across prompting, retrieval, adap-
tation, reasoning, memory, verification, tool use, and agentic action, the central
question is how additional information, computation, feedback, state, and external
actions can be introduced at inference time in ways that remain useful, controllable,
and evaluable. From this perspective, TTI is no longer a collection of isolated test-
time techniques, but an emerging design space for organizing how trained models use
resources available during inference.

Looking forward, several directions deserve further systematic study.
Stable gains from additional test-time resources. Extra sampling, search,

tool calls, state updates, and memory retrieval can improve inference, but they can
also increase cost without changing the final outcome. Open problem: Future work
should clarify when additional inference-time resources are likely to produce genuine
task improvement, when they should be stopped, and how they should be reallocated
across samples, candidates, tools, updates, or memory accesses. Evaluation han-

dle: A useful evaluation protocol would compare fixed-budget and adaptive-budget
systems under matched task settings, while reporting tokens, samples, search depth,
tool calls, update steps, latency, memory access, and marginal performance gain.
Strong baselines should include uniform best-of-N sampling, fixed-depth search, fixed
retrieval, and fixed update schedules, so that improvements can be attributed to
resource allocation rather than greater resource spending alone.

Reliable feedback in the absence of ground-truth supervision. Verifiers,
reward models, model-based judges, execution checks, and self-generated critiques
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are increasingly used to select, revise, or supervise test-time behavior. Open prob-

lem: Future work should develop calibration and robustness metrics for evaluators
whose feedback is reused across iterative refinement, candidate selection, adaptation,
or self-improvement, especially when the evaluator itself can become a proxy opti-
mization target. Evaluation handle: Evaluation should track verifier–task alignment
over multiple refinement rounds on held-out benchmarks, compare evaluator scores
with task correctness or executable outcomes, and stress-test systems under biased,
noisy, or underspecified feedback. Such protocols would help distinguish genuine task
improvement from improvement only with respect to the evaluator.

Governance of persistent state and experience. Memory, tool experience,
and continual adaptation extend TTI beyond a single inference episode, but they also
make local information durable across later interactions or tasks. Open problem:

Future work should design write, update, retrieve, forget, and audit policies that pre-
serve useful memory or experience while preventing stale, private, unsafe, or erroneous
information from becoming persistent system state. Evaluation handle: A practical
benchmark design should include long-horizon memory and agent tasks with controlled
knowledge updates, conflicting facts, deletion requests, privacy-sensitive records, and
tool-failure traces. Evaluation should report not only downstream task performance,
but also memory usefulness, staleness, harmful retention, forgetting reliability, privacy
sensitivity, and downstream error propagation after memory retrieval or state reuse.

Control of dynamic inference processes. Tool-augmented, multi-agent, and
stream-aware systems organize inference through search, tool use, verification loops,
communication, reset strategies, and stopping rules. Open problem: Future work
should determine how these process-control mechanisms should change when tasks,
environments, tools, or test streams are non-stationary, and how intermediate errors
can be prevented from propagating through later tool calls, agent messages, search
branches, or repeated updates. Evaluation handle: Online or continual evaluation
settings should vary stream order, tool availability, API reliability, task distributions,
and resource budgets. In addition to task performance, evaluation should report failure
recovery, communication overhead, tool-call efficiency, verifier intervention rate, reset
behavior, and stopping-rule reliability.

Multimodal and embodied extensions of TTI. As TTI extends to visual,
interactive, and embodied settings, inference-time resources become more hetero-
geneous and harder to control. Open problem: Future work should align visual
evidence, language reasoning, environment feedback, executable verification, and
cross-modal reward signals within the same inference procedure, while distinguishing
failures caused by perception, grounding, action execution, environment interaction,
or evaluator mismatch. Evaluation handle: Multimodal and embodied benchmarks
should jointly report answer accuracy, grounding consistency, execution success,
environment-interaction cost, reward–task alignment, and robustness under visual,
textual, or environmental perturbations. Such evaluation should clarify whether a
test-time intervention improves multimodal reasoning itself, tool-mediated perception,
action reliability, or only the final textual response.

The next stage of TTI research will depend less on increasing the number of
prompts, retrieved documents, samples, tools, memories, or agents than on whether
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these inference-time resources can be organized through explicit control policies,
evaluated through concrete protocols, and stabilized across tasks, time, modalities,
and environments. Accordingly, TTI provides a lens for studying how trained mod-
els can continue to improve after training through principled and controlled use of
inference-time resources.
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Appendix A Review Protocol

This appendix describes the literature search, screening, coding, and density-
construction protocol used to support the Locus × Source heatmap, the temporal-
density visualization, and the opportunity-cell analysis in this survey. The purpose
of this appendix is not to present an exhaustive bibliometric census of all publica-
tions related to test-time improvement, but to make explicit how the reviewed corpus
was constructed, how papers were assigned to the analytical framework, and how the
qualitative density claims in the main text were derived from a screened and coded
literature corpus.

A.1 Literature Search

The reviewed literature database was constructed through structured searches over
scholarly databases, major publication venues, and citation links. The search covered
work published or publicly released between 2020 and 2026, with particular atten-
tion to large models, multimodal models, retrieval-augmented generation, test-time
adaptation, reasoning-time computation, verifier- or reward-guided inference, mem-
ory mechanisms, tool use, and agentic systems. A small number of necessary 2019
anchor works that initiated later TTI branches were retained and grouped into the
2020–2022 foundation period.

The search sources included Google Scholar, Semantic Scholar, arXiv, ACL Anthol-
ogy, OpenReview, DBLP, ACM Digital Library, IEEE Xplore, SpringerLink, and
major conference or journal proceedings relevant to machine learning, natural lan-
guage processing, computer vision, artificial intelligence, and large-model systems.
The database was also expanded through backward citation chasing from representa-
tive papers and surveys, and through forward citation chasing for anchor works that
initiated major intervention families.

The search was organized around mechanism-oriented keyword groups. Instead of
using only the term “test-time improvement,” which is not yet a standardized field
label, we searched across adjacent intervention families that satisfy the TTI boundary
defined in Section 2.1. The keyword groups included prompting and task expression,
retrieval-augmented generation, test-time adaptation, reasoning and search, test-time
scaling, verification and reward mechanisms, memory, tool use, and agentic systems.
Table A1 summarizes the main search dimensions.

Table A1: Literature search protocol.

Item Specification

Search sources Google Scholar; Semantic Scholar; arXiv; ACL Anthology;
OpenReview; DBLP; ACM Digital Library; IEEE Xplore;
SpringerLink; major AI, ML, NLP, CV, and large-model venues.

Time span 2020–2026. The corpus was last updated in May 2026.
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Table A1: Literature search protocol (continued).

Item Specification

Search expansion Structured keyword search; backward citation chasing; forward
citation chasing; checking references from adjacent surveys on
test-time scaling, test-time adaptation, RAG, tool learning,
memory, verification, and agents.

Initial literature
database

A reviewed literature database covering TTI-related and adjacent
inference-stage mechanisms. The database included recent papers
collected from the project archive and necessary anchor works from
earlier years.

Review type Protocol-guided scoping synthesis for mechanism-level review, not
an exhaustive bibliometric census.

Density corpus Only screened core-method records were used for heatmap and
temporal-density construction. Survey, benchmark, dataset, and
background papers were tracked separately.

After specifying the search sources and time span in Table A1, we further orga-
nized the search terms into mechanism-oriented keyword groups. These groups were
designed to capture the major TTI intervention families reviewed in the paper.
Table A2 lists representative examples.

Table A2: Representative keyword groups.

Direction Example search keywords

Prompting and task
expression

prompt engineering; prompt optimization; instruction
prompting; task reformulation; query rewriting; input
reconstruction; multimodal prompting

Retrieval and context
construction

retrieval-augmented generation; RAG; active retrieval; iterative
retrieval; GraphRAG; KG-RAG; trustworthy RAG; context
ranking; retrieval evaluation

Test-time adaptation test-time adaptation; test-time training; online test-time
adaptation; continual test-time adaptation; entropy
minimization; prompt tuning at test time; black-box TTA

Reasoning and search chain-of-thought; self-consistency; least-to-most prompting;
tree of thoughts; graph of thoughts; test-time search; candidate
exploration; inference-time search

Test-time scaling and
compute

test-time scaling; test-time compute; inference-time scaling;
compute-optimal inference; adaptive test-time compute;
budgeted reasoning

Feedback, verifier, and
reward

self-refine; Reflexion; verifier-guided decoding; reward model;
LLM-as-a-judge; self-correction; reward hacking; process
supervision

Memory and reusable
state

long-term memory; agent memory; memory-augmented LLM;
experience memory; tool memory; skill memory; persistent state
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Table A2: Representative keyword groups (continued).

Direction Example search keywords

Tool use and agents tool learning; tool use; code execution; web agent; multimodal
agent; agentic search; multi-agent collaboration; agent workflow

In practice, keywords within each group were combined with large-model-related
terms such as “large language model,” “LLM,” “vision-language model,” “multimodal
model,” “test-time,” and “inference-time,” and were adapted to the syntax of each
search source.

The literature database was then screened and transformed into a coded reviewed
corpus. In the current coding workbook, the three main mechanism sheets contain
318 records before density exclusion. After removing records used only as surveys,
benchmarks, analysis papers, or background/exclusion cases, 272 core-method records
are retained for the density construction reported in this appendix. These counts make
the current heatmap and temporal-density analysis auditable and correspond to the
screened coding workbook used for this version of the manuscript.

Table A3 summarizes the screening and filtering steps used to construct the density
corpus.

Table A3: Screening flow used for corpus construction.

Step Operation Decision rule Output in current
coding workbook

1 Structured
literature search
and corpus
assembly

Retrieve papers from databases,
venues, and citation links using
mechanism-oriented keyword
groups.

Candidate literature
database.

2 Version merging
and
deduplication

Merge arXiv, conference, and
journal versions of the same
work when identifiable; keep the
formal version where available.

Deduplicated
candidate records.

3 Topic screening Retain papers related to large
models, multimodal models, or
inference-stage improvement
mechanisms.

Topic-relevant
records.

4 TTI-boundary
screening

Retain records whose method or
system directly affects testing or
inference behavior.

TTI-eligible records.

5 Role
classification

Classify records as core-method,
system, anchor, representative,
emerging, extension, survey,
benchmark, analysis, or
background/exclusion.

318 records in the
three main
mechanism sheets
before density
exclusion.
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Table A3: Screening flow used for corpus construction (continued).

Step Operation Decision rule Output in current
coding workbook

6 Density-corpus
filtering

Exclude survey, benchmark,
analysis, and background-only
records from heatmap and
temporal-density counts.

272 core-method
records used for
density construction.

7 Mechanism
coding and
aggregation

Code each core-method record
by branch, locus, source,
temporal descriptor, cost
descriptor, and secondary links.

Locus × Source
counts and
branch-year density
matrices.

The coded corpus is larger than the set of works directly cited in the main text. The
bibliography includes papers explicitly discussed or cited in the manuscript, whereas
the density matrices are computed from the screened coding workbook. The coding
workbook may be provided as supplementary material if required during review. The
next subsection specifies the criteria used to determine which records entered the
core-method corpus and which records were retained only as background, survey,
benchmark, or analysis support.

A.2 Screening Criteria

The inclusion and exclusion criteria follow the bounded definition of TTI developed
in Section 2.1. A paper is included in the core-method corpus only when it describes
a method, system, or mechanism that directly changes how a trained model behaves
during testing or inference. The intervention may operate by changing the input,
updating or steering inference-relevant states, reorganizing the reasoning or action pro-
cess, introducing external information, using feedback or verification, or maintaining
memory or experience across episodes.

A paper is not included in the core-method density count solely because it improves
a model. Conventional pretraining, standalone supervised fine-tuning, offline domain
retraining, dataset construction, benchmark design, or general evaluation papers are
excluded from density construction unless they contain an explicit inference-stage
mechanism that directly affects the current solving behavior of the model. Such papers
may still be cited in the main text as background, evaluation context, adjacent surveys,
or supporting evidence for resource-control discussions.

Table A4 summarizes the inclusion and exclusion rules applied during screening.
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Table A4: Inclusion and exclusion criteria.

Paper type Included in
core-method
density
corpus?

Rule

Prompting and
task-expression methods

Yes Included if the method changes task
formulation, instruction, query, output
format, or input representation at inference
time.

Retrieval and
context-construction
methods

Yes Included if retrieval, ranking, or context
assembly supplies information for the
current inference episode.

Demonstration-based
in-context learning
methods

Yes Included if examples are selected, ordered,
compressed, or retrieved to condition current
inference behavior.

Test-time adaptation
methods

Yes Included if the method updates parameters,
statistics, prompt parameters, adapters,
classifiers, or other inference-relevant state
using test samples, batches, or streams.

Activation or
representation steering
methods

Yes Included if the method steers hidden states,
activation directions, logits, or internal
representation trajectories during inference.

Memory and
experience-state
methods

Yes Included if the method writes, retrieves,
updates, compresses, routes, forgets, or
reuses state across inference episodes.

Reasoning, search, and
test-time scaling
methods

Yes Included if the method reorganizes inference
through traces, candidates, search, sampling,
scoring, pruning, or budget allocation.

Feedback, verifier, and
reward methods

Yes Included if feedback, critique, reward,
verifier, execution check, or judge signal is
used to revise, select, score, or supervise
inference behavior.

Tool-use and agentic
systems

Yes Included if tools, APIs, code execution, web
interaction, environments, or agent roles are
used during inference.

Pure pretraining papers No, unless
inference-
coupled

Excluded if the contribution is only
pretraining without an inference-stage
mechanism.

Offline fine-tuning only No, unless
inference-
coupled

Excluded if the method improves a model
only through offline training and does not
directly change testing or inference behavior.

Dataset or benchmark
papers

No for density Used as evaluation context, but not counted
as core TTI mechanism papers.

Survey papers No for density Used to position adjacent fields and compare
scope, but not counted in heatmap or
temporal-density statistics.
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Table A4: Inclusion and exclusion criteria (continued).

Paper type Included in
core-method
density
corpus?

Rule

Analysis papers without
a new inference-stage
mechanism

Usually no for
density

Cited when useful for bottleneck or
failure-mode discussion, but not counted as
core-method records unless they define a
mechanism used in inference.

This distinction is important for interpreting the density visualizations. The
heatmap and temporal-density plot are based on core-method records rather than all
references in the bibliography. Therefore, the count matrices below should be inter-
preted as reviewed-paper concentration within the screened mechanism corpus, not
as total publication volume in the broader field.

A.3 Coding Procedure

Each core-method record was coded using the framework introduced in Section 2. The
primary coding fields record the publication year, mechanism branch, intervention
locus, information source, temporal persistence, inference-time cost, and secondary
mechanism links. These fields support three uses in the main text: the Locus × Source
heatmap, the temporal-density visualization, and the opportunity-cell screening.

The coding process followed three principles. First, each core-method paper was
assigned to one primary mechanism branch. The branch describes the main functional
role of the method in the TTI system, such as prompt and task expression, context con-
struction, test-time adaptation, activation steering, memory, reasoning decomposition,
search, verification, tool use, or multi-agent coordination. Second, each core-method
paper was assigned to one primary Locus × Source cell for count construction. This
primary cell reflects the main intervention object and the main source of useful infor-
mation. When a paper combined multiple mechanisms, the primary cell was chosen
according to the component most central to the paper’s claimed test-time improve-
ment. Third, secondary links were recorded separately for hybrid methods. A method
may combine retrieval with feedback, tool use with memory, or reasoning search with
verifier guidance. These secondary links are used in the migration analysis, but they
are not double-counted in the heatmap.

Table A5 summarizes the fields recorded for each core-method record.

Table A5: Coding fields for the reviewed corpus.

Coding field Purpose in this survey

Title Identifies the paper or method record.

Publication year Used for temporal-density visualization.
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Table A5: Coding fields for the reviewed corpus (continued).

Coding field Purpose in this survey

Venue or source Records whether the work appeared in a conference, journal,
arXiv, benchmark, survey, or other source.

Paper role Distinguishes core-method, anchor, representative, emerging,
extension, system, survey, benchmark, analysis, and
background/exclusion records.

Mechanism branch Organizes papers into L1.A–L3.E intervention families.

Main intervention
locus

Determines the Locus axis in the heatmap: L1 Input, L2 State,
or L3 Process.

Main information
source

Determines the Source axis in the heatmap: S0–S4.

Secondary mechanism
links

Records hybrid connections used for migration analysis, such
as context-to-memory, reflection-to-verifier, or
tool-loop-to-experience migration.

Temporal descriptor Records whether the intervention operates within a single
episode, across multiple rounds, across test streams, or across
persistent sessions.

Cost descriptor Records the main inference-time cost, such as single forward
pass, multi-decoding, online gradient update, search, or
tool/agent interaction.

Counted in heatmap? Indicates whether the record enters the Locus × Source count
matrix.

Counted in temporal
density?

Indicates whether the record enters branch-year
temporal-density aggregation.

Exclusion/background
note

Explains why a survey, benchmark, analysis paper, or non-TTI
paper is not counted as a core mechanism record.

The temporal and cost descriptors are not used as primary axes in the heatmap,
but they provide auxiliary information for the resource-control discussion in Section 4.
For example, two papers may both be assigned to L3 × S4, but one may require only
a local self-refinement loop while another may require verifier-guided search, reward
modeling, or online reinforcement learning. The auxiliary descriptors therefore help
interpret the type of inference-time resource introduced by each mechanism.

Algorithm A1 summarizes the literature search, screening, and coding workflow.

A.4 Assignment Rules

The Locus × Source map is used to position TTI methods according to where the
intervention acts and where the useful inference-stage information comes from. Locus
records the main intervention object, while Source records the origin of the information
or signal that enables the intervention.

For count construction, each core-method record is assigned to one primary Locus
× Source cell. Hybrid methods are not double-counted. Instead, secondary mechanism
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Algorithm A1 Literature search, screening, and coding protocol.

1: Input: Search sources, major venues, keyword groups, citation links, and publi-
cation years 2020–2026.

2: Output: Screened core-method corpus; Locus × Source count matrix; mechanism-
branch temporal-density matrix; opportunity-cell examples.

3: Search scholarly databases, major venues, and preprint repositories using
mechanism-oriented keyword groups.

4: Expand candidate records through backward and forward citation chasing.
5: Merge duplicate records and multiple versions of the same work when identifiable.
6: Screen records for topical relevance to large models, multimodal models, and

inference-stage mechanisms.
7: Apply the TTI boundary conditions defined in Section 2.1.
8: Classify retained records by role: core-method, system, anchor, representative,

emerging, extension, survey, benchmark, analysis, or background/exclusion.
9: Exclude survey, benchmark, analysis, and background-only records from density

construction.
10: For each core-method record, code publication year, mechanism branch, pri-

mary locus, primary source, temporal descriptor, cost descriptor, and secondary
mechanism links.

11: Assign each core-method record to one primary Locus × Source cell for count
construction.

12: Aggregate primary cell counts for the Locus × Source heatmap.
13: Aggregate branch-year counts for temporal-density visualization.
14: Screen candidate opportunity cells using mechanism linkage, resource-control

relevance, and evaluability.

links are recorded separately and used for the migration analysis in Section 3.4 and
the opportunity-cell discussion in Section 5.4.

Tables A6 and A7 summarize the assignment rules for the Locus and Source axes.

Table A6: Locus assignment rules.

Locus Assignment rule Representative mechanism
examples

L1 Input The primary intervention changes the
information presented to the model
before or during the current inference
episode.

Prompt rewriting, instruction
design, query rewriting, RAG
context assembly, demonstration
selection, input or view
reconstruction.

L2 State The primary intervention updates,
steers, stores, retrieves, or preserves
an inference-relevant state.

Test-time parameter/statistic
adaptation, prompt-parameter
updates, activation steering,
external memory, experience state,
continual adaptation.
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Table A6: Locus assignment rules (continued).

Locus Assignment rule Representative mechanism
examples

L3 Process The primary intervention reorganizes
the procedure through which outputs,
actions, or decisions are produced.

CoT, self-consistency, search,
verifier-guided decoding,
self-refinement, tool use, web
agents, code execution, multi-agent
coordination.

Table A7: Source assignment rules.

Source Assignment rule Representative
examples

S0
Internal-only

The useful signal comes from internal model
knowledge, generated samples, reasoning
traces, activations, logits, or latent states,
without adding new external information
during the inference episode.

CoT, self-consistency,
activation steering, latent
reasoning, prompt-only
reasoning.

S1 Static-KB The useful signal comes from a static corpus,
knowledge base, retriever index, knowledge
graph, document collection, or prebuilt
external resource.

RAG, REALM, Atlas,
GraphRAG, KG-RAG,
medical RAG,
retrieval-based memory.

S2
Live-tool/env

The useful signal comes from live tools,
APIs, web pages, code execution, interactive
environments, visual tools, or environment
observations.

ReAct, Toolformer, web
agents, code agents,
visual programming,
tool-use agents.

S3 Test-stream
TTA

The useful signal comes from the current
test sample, test batch, online test stream,
or non-stationary deployment stream.

TTT, TENT, CoTTA,
MEMO, TPT, black-box
TTA, continual TTA.

S4 Self/Verifier The useful signal comes from critique,
reflection, verifier scores, reward models,
LLM judges, execution checks, self-generated
supervision, or evaluative feedback.

Self-Refine, Reflexion,
verifier-guided decoding,
reward-guided reasoning,
self-distillation,
executable verification.

For hybrid systems, the primary plotted cell is selected according to the component
most central to the method’s claimed improvement. Secondary links are recorded to
preserve the hybrid nature of the method. Table A8 illustrates how this rule is applied.
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Table A8: Examples of primary-cell assignment for hybrid methods.

Method
type

Primary assignment logic Example
primary cell

Secondary links

Retrieval with
self-critique

If the paper’s main
contribution is context
construction, assign to L1 ×

S1; if the main contribution is
critique or feedback control,
assign to L3 × S4.

Self-RAG may
be coded
according to its
dominant role in
the analysis.

Retrieval ↔
critique; context
construction ↔

feedback.

Agent
reflection with
memory

If the main mechanism is
feedback-driven revision during
task execution, assign to L3 ×

S4; if the main mechanism is
persistent storage, assign to L2
× S4.

Reflexion is
typically treated
as L3 × S4 when
analyzed as feed-
back/refinement.

Feedback →

episodic memory.

Tool-use agent
with reusable
skill memory

If the main contribution is
tool/environment action,
assign to L3 × S2; if the main
contribution is reusable tool or
skill state, assign to L2 × S2.

Voyager-like
systems may be
discussed
through both
links but counted
once.

Tool loop →

experience state.

Classical
online
test-time
adaptation

If the model updates
inference-relevant parameters
or statistics from test samples
or streams, assign to L2 × S3.

TTT, TENT,
CoTTA.

Local update →

continual state
stabilization.

Verifier-guided
search

If the central mechanism is
candidate-space exploration,
assign to L3 × S4 when
verifier/reward signal drives
selection or pruning.

Verifier-guided
decoding,
reward-guided
search,
compute-optimal
TTS.

Search ↔

evaluation;
compute budget
↔ verifier
reliability.

These rules reduce ambiguity in the heatmap and prevent the same paper from
being counted multiple times. At the same time, secondary links allow the survey to
discuss mechanism migration without forcing hybrid systems into overly rigid single-
label categories.

A.5 Density and Opportunity Screening

A.5.1 Locus × Source Heatmap Construction

The Locus × Source heatmap is constructed from the primary cell assignments of
the screened core-method corpus. Each core-method record contributes one count to
one primary Locus × Source cell. Survey papers, benchmark papers, general analysis
papers, and background-only records are not included in the heatmap count, although
they may be cited elsewhere in the paper.
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Table A9 reports the current per-cell count matrix computed from the screened
coding workbook. The total number of core-method records used for this matrix is
272.

Table A9 Locus × Source count matrix for the screened core-method corpus.

Locus × Source
S0

Internal
S1

Static
S2

Tool/env
S3

Stream
S4

Verifier
Row
total

L1 Input 28 41 4 1 8 82
L2 State 11 13 9 18 6 57
L3 Process 27 24 34 0 48 133

Column total 66 78 47 19 62 272

The heatmap color intensity in Figure 3 is derived from these counts but is inter-
preted ordinally rather than as an exact bibliometric measurement. High-count cells
indicate that the screened reviewed corpus contains a relatively larger concentra-
tion of core-method records and that the corresponding mechanism family is more
consolidated. Low-count cells indicate sparser or less systematized regions within
the screened corpus. The heatmap should therefore be read as a positioning device
for mechanism-level synthesis, not as a performance ranking or complete field-wide
publication statistic.

Table A10 defines the ordinal density levels used for heatmap interpretation.

Table A10 Ordinal density levels used for heatmap interpretation.

Count range in
a Locus ×

Source cell

Density level Interpretation

0 Empty or not
observed in the
screened corpus

No core-method record assigned to the cell
in the current corpus.

1–4 Sparse Isolated or boundary examples; mechanism
form not yet stable.

5–10 Emerging Repeated examples appear, but mechanism
and evaluation practices remain less
consolidated.

11–24 Active A visible research region with recurring
method forms and evaluation concerns.

25–40 Dense A strongly represented region with multiple
mechanism variants and system extensions.

> 40 Highly concentrated A central region of the current reviewed
corpus with extensive accumulated work.
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This ordinal scale is used to avoid overclaiming precision. It supports statements
such as “relative concentration,” “visible accumulation,” or “emerging activity,” but
not claims about complete publication volume in the entire field.

A.5.2 Temporal Density Construction

Temporal density was constructed by aggregating the screened core-method records
by mechanism branch and publication year or period. The resulting matrix sup-
ports the temporal visualization in the main text. Because the corpus is designed
for mechanism-level synthesis rather than exhaustive bibliometric measurement, the
temporal density levels indicate relative concentration within the reviewed corpus.
If 2026 papers are retained in the final manuscript, 2026 should be interpreted as a
partial-year observation and the final corpus update date should be reported.

Because the corpus was last updated in May 2026, the 2026 counts should be
interpreted as partial-year observations rather than full-year publication counts.

Table A11: Mechanism-branch temporal counts in the screened core-method corpus.

Mechanism branch 2020–2022 2023 2024 2025 2026 Total

L1.A Prompt and task expression 4 9 12 6 4 35

L1.B Context assembly and RAG 2 4 26 5 5 42

L1.C Demonstration-based ICL 1 0 0 2 2 5

L2.A Test-time
parameter/statistic adaptation

6 1 1 2 2 12

L2.B Activation and
representation steering

1 6 3 1 1 12

L2.C External memory and
experience state

1 7 7 6 5 26

L2.D Continual adaptation and
state stabilization

2 3 1 1 0 7

L3.A Reasoning decomposition 3 1 8 5 0 17

L3.B Search and candidate
exploration

0 2 7 10 1 20

L3.C Feedback, verification, and
refinement

1 5 17 15 5 43

L3.D Tool use and agentic action 2 3 9 11 5 30

L3.E Multi-agent and role-based
inference

0 2 11 7 3 23

Total 23 43 102 71 33 272

Table A11 supports three observations used in the main text. First, early works
concentrate around prompting, RAG, TTA, and explicit reasoning foundations. Sec-
ond, 2024 shows a strong accumulation in RAG, feedback, tools, and multi-agent
mechanisms. Third, the later period shows stronger activity around verifier/reward
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mechanisms, tool and agentic action, memory, and search-based inference. These pat-
terns are interpreted as relative trends within the screened corpus rather than as
complete annual publication statistics.

Table A12 reports the corresponding locus-level temporal counts.

Table A12 Locus-level temporal counts in the screened core-method corpus. The 2026 entries
reflect partial-year data as of May 2026.

Locus 2020–2022 2023 2024 2025 2026 Total

L1 Input 7 13 38 13 11 82

L2 State 10 17 12 10 8 57

L3 Process 6 13 52 48 14 133

Total 23 43 102 71 33 272

These locus-level counts support the landscape reading that process-level TTI
remains highly visible across the timeline, while input-level work peaks around the
RAG and context-construction wave and state-level work becomes more important
as memory, experience state, continual adaptation, and self-evolving mechanisms
develop.

A.5.3 Opportunity Cell Screening

Opportunity cells are not selected solely because they appear visually sparse in the
heatmap. A sparse cell is not automatically a research opportunity, and a dense cell
may still contain unresolved problems. In this survey, candidate opportunity cells are
screened using three criteria.

First, mechanism linkage assesses whether the cell can be connected to an iden-
tifiable mechanism trajectory discussed in the mechanism review. Examples include
context-to-memory migration, tool-loop-to-experience migration, reflection-to-verifier
migration, and local TTA-to-continual-state migration. Second, resource-control rel-
evance evaluates whether the cell exposes a concrete inference-time control problem.
Examples include budget allocation, stopping rules, memory writing and forgetting,
tool-selection reliability, verifier calibration, reward hacking, pseudo-label drift, or
stream-aware reset policies. Third, evaluability assesses whether the cell can be studied
through tractable tasks, baselines, cost reports, stability analyses, stream protocols,
ablation studies, verifier diagnostics, or long-horizon evaluation.

A candidate cell is retained as an opportunity example only if it satisfies all three
criteria. Table A13 reports the representative opportunity-cell screening examples
used in the main text.

This screening procedure makes the selection of opportunity cells more explicit by
requiring each candidate region to be linked to a mechanism trajectory, a resource-
control problem, and feasible evaluation settings. In this way, opportunity cells are
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Table A13 Representative opportunity-cell screening examples.

Candidate signal Candidate cell Mechanism linkage Resource-control
relevance

Evaluation handle

Emerging activity
signal

L2 × S2: tool and
experience memory

Tool-use traces, deployment
cases, and interaction histories
become reusable state.

What tool experience should
be stored, updated, retrieved,
routed, or forgotten?

Long-horizon tool-use
tasks; tool-selection
accuracy; experience-
reuse ablations;
failure-recovery
evaluation.

Emerging activity
signal

L2 × S4: feedback-
driven state update

Feedback, verifier, reward, or
reflection signals guide
adaptive state or memory.

How to control evaluator
error, pseudo-label drift,
reward hacking, and update
reliability?

Verifier diagnostics;
held-out evaluation;
reward stability tests;
stream stability tests.

Structural gap L3 × S3: test-stream-
aware process control

Test-stream or reliability
signals guide search, selection,
retrieval, interaction, or
stopping policies.

How should search budget,
reset policy, tool invocation,
or intermediate verification
change under non-stationary
streams?

Online or continual
benchmarks; cost-aware
protocols; stream-level
ablations; reliability-
aware stopping tests.

86



treated as analytically selected research positions rather than as arbitrary gaps in a
map.

A.5.4 Interpretation Limits

The density analyses in this appendix are protocol-dependent. They depend on the
search sources, keyword groups, corpus update date, inclusion/exclusion criteria, and
coding decisions described above. They are therefore intended to support qualitative
landscape analysis rather than exact bibliometric measurement. The reported counts
make the construction of the heatmap and temporal-density visualization auditable,
but they should not be interpreted as complete publication statistics for the entire
TTI field.

For this reason, the main text describes the figures using terms such as “rela-
tive concentration,” “reviewed-paper density,” “emerging activity,” and “mechanism
consolidation,” rather than “complete publication volume” or “field-wide bibliometric
distribution.”
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