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INFERENCE-TIME SCALING AS A UNIVERSAL PRINCIPLE
IN MACHINE LEARNING: CLASSIFICATION AND CROSS-DOMAIN ANALYSIS

This paper proposes a formal definition and classification of inference-time scaling methods across machine learning.
Inference-time scaling — spending additional computation at prediction time to improve output quality — appears
throughout the field but has not been unified within a single framework. Methods as varied as ensemble averaging, Monte
Carlo tree search, test-time augmentation, chain-of-thought reasoning in large language models, iterative denoising in
diffusion models, and ODE solving in flow matching share one structural property: quality improves with additional
inference computation, subject to diminishing returns. Unfortunately, these methods are studied by separate communities,
and no existing taxonomy spans more than a single domain. We argue that it blocks the sharing and enrichment of methods
across different areas of machine learning.

We propose a classification organized by computational topology — the structure of the additional computation
performed at prediction time — comprising six types: sequential refinement, parallel sampling with aggregation, tree/graph
search, test-time model adaptation, guided generation, and adaptive computation routing. Each method is decomposed
into generation, selection, and allocation policies, providing a uniform analytical language.

The analysis identifies four cross-domain invariants: a universally sublinear cost-quality curve, a verifier bottleneck
limiting selection-based approaches, a sequential-parallel duality across all domains examined, and method migration
between domains once their shared structure is recognized.
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MACIHITABYBAHHS HA ETANI IHOEPEHCY SK YHIBEPCAJIbHUM MPUHITATI
Y MAIIUHHOMY HABYAHHI: KTACU®IKAIIA TA MIZKIOMEHHUN AHAJII3

Y pobomi szanpononosano ¢hopmanvhe eusHauenHs ma yzazanibHeHy Kiacugikayito memoodié mMacuimady8aHHs
Ha emani iHghepeHcy 6 mawiunHomy Haguanwui. I1i0 macwmadysanuam ua emani iHghepeHcy poO3yMIEMO NPAKMUKY
30LIbWENHST OOUUCTIOBANLHUX BUMPAIN NI0 4aAC NPOSHO3Y8ANHS, W0O NIOGUWUMU SKICIb UXIOH020 pesyrbmamy. Taxi
nioxXo0u mpanisiomscsi 8 0a2amvox nio2auy3sax, npome 00ci ix He 610 36e0eH0 00 ChibHOI cucmemu. JJo HUX Haexcamo,
30Kkpema, ycepeonents ancamonis, nouiyk Monme-Kapno no 0epegy, ayemenmayis Ha emani mecmy6anus, MipKy8aHHs
v opmami “nanyrodncky po3oymie” y 6enuKux MOGHUX MOOeNAX i imepamueHe po3uLlyMieHHs 8 OUDY3IlHUX MOOesX.
Ionpu pisny npupody, yi memoou 06’ €OHy€e 00HA CMPYKMYPHA O3HAKA: 000AMKO8I 00YUCTIeHHA Ni0 Yac iHgepeHcy, K
Npasuio, NOKPAWYIoms AKICMb, 0OHAK NPUPICT 3MEHULYEMBbCA 31 3POCIMAHHAM 0OUUCTIOB8AIbHO20 0100 cemy. Boonouac
Ix mpaouyiiino ananizyloms 6cepeouni OKpPemux 3a0ay, a HASGHI MAKCOHOMIL 30ebiIbulo20 3a1uaomscs OOMeHHO-
cneyughiunumu.

Mu 6600umo knacugixkayiro 3a 0OUUCTIOBATLHOK MONONOZIEN, MOOMO 3a MUM, SIK OPSAHI308AHO O00AMKOBI
obuucienHs Ha emani npoecHo3ye8anHs. Bona oxonntoe wicmo Knacig: nociioogre YmouHeHHs, napaieibHe CeMNIO8aHH s
3 n00ANbLUWIOIO azpecayiero, NOWyK y depesi abo epagi, adanmayis Mooeni Ha emani mecmy8anHs, KepoBaHA 2eHepayis
ma adanmusHa mapupymusayis oouuciens. /[na yrihixoeanozo onucy Koxicer nioxio nooaHo yepes mpu KOMNOHEHMIL:
cmpamezis eenepayii, cmpamezis 6il060py ma cmpamezis po3nooiy 00UUCTIOBANbHUX PeCyPCI8.

THopisHsnorutl ananiz 003601A€ GUOLIUMU HOMUPU MINCOOMEHHI [HEAPIAHMU. 3a2aloM CYONIHIUHY 3A1e)dCHICMb
MiDIC 000aMKOBOK «BAPMICMIO» OOUUCTIEHb [ NPUPOCMOM AKOCHI; 8V3bKe Micye MOoOeli OYIHIOBAHHS, WO 00MelCcye
nioxoou, no6y008aui Ha 8i0O0PI, NOCIIO0BHO-NAPANIETbHY OVATbHICIb, SIKA NPOABIAEMBCS 8 YCIX PO3LIAHYMUX OOMEHAX,
nepeHecenHs Memooie Mide OOMeHAMU NICIA A8HO20 ONUCY IX CNITbHOI CMPYKMYPU.

Knrouosi cnosa: macwmabysanns na emani ingepency, oOyucieHHs nio 4ac mecmyeanHs, MAWUHHE HABUAHH,
2eHepamusHi MOOei; «IAHYIONCOK PO30YMIEY, OUQY3IUHI MOOEIL;, Y32004CEHH NOMOKIE;, AHCAMOLE8l Memoou, NOuLyK
Mownme-Kapno no 0epesy,; adanmueHi 004UCIeHHS.
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Problem Statement

Scaling computational resources at training time has, for the past decade, served as the dominant path toward better
models. Kaplan and colleagues documented power-law dependencies between language model loss and training budget
over seven orders of magnitude [1]; Hoffmann and colleagues refined the optimal split between model capacity and data
volume for a fixed budget [2]. Following these laws, architectures grew from millions to hundreds of billions of parameters.
But the trajectory has limits: training costs rise steeply with each generation while marginal gains narrow, high-quality data
is running thin in many domains, and deploying very large models raises latency and infrastructure issues.

A different line of work has been gaining ground: spending extra computation at prediction time rather than at training
time. Chain-of-thought prompting has the model write out intermediate reasoning, each token costing a forward pass [3].
Diffusion models treat the denoising step count as a quality dial [4]. Flow matching varies ODE integration precision
[5]. Monte Carlo tree search devotes a variable simulation budget to each move in the game [6]. Ensembles aggregate
outputs of multiple models at test time [7]. Different as they look, these methods share one feature: more computation at
prediction time means better results, with diminishing returns.

The trouble is that these methods inhabit separate literatures. Work on test-time compute for language models
does not cite work on denoising schedules; ensemble theory and tree search belong to different scholarly traditions.
Surveys published to date cover language models only [8, 9]. On top of that, several well-known techniques — test-time
augmentation [10], Monte Carlo Dropout [11], in-context learning [12] — clearly qualify as inference-time scaling but are
rarely categorized that way. The result is a fragmented picture that blocks cross-domain transfer and conceals regularities
holding across architectures.

In our earlier work we identified parallels between iterative refinement in large language models, diffusion models,
and flow matching [13]; the probability transformation function framework provided the mathematical grounding [14].
What the present paper does is extend this analysis from three families of generative models to the whole of machine
learning — classical methods, search algorithms, test-time adaptation, and adaptive computation included — to address the
absence of a classification covering the full scope of inference-time scaling.

Analysis of Recent Research and Publications

Scaling laws and the training—inference boundary. The scaling laws established by Kaplan and colleagues [1],
together with the compute-optimal training ratios proposed by Hoffmann and colleagues [2], both assumed that inference
is a fixed-cost operation — a single forward pass per input. Snell and colleagues broke with this assumption. Their
experiments showed that an adaptive test-time strategy, one that chooses between sequential chain-of-thought reasoning
and parallel sampling with verification depending on query difficulty, can match a model fourteen times larger [15]. That
result put inference-time compute on the same footing as model size and training data as a scaling axis.

Large language models. Chain-of-thought prompting, introduced by Wei and colleagues, shows that generating
intermediate reasoning steps improves multi-step task performance at proportional computational cost [3]. Self-
consistency, proposed by Wang and colleagues, redirects that cost from sequential depth into parallel breadth: multiple
reasoning chains are sampled, and the final answer is chosen by majority vote [16]. Yao and colleagues generalized both
under a tree-search formulation, with chain-of-thought and self-consistency falling out as limiting cases [17]. How well
parallel strategies work depends almost entirely on the quality of the verifier. Process reward models that give per-step
feedback outperform outcome-level scoring [ 18], but even the best learned verifiers saturate: Brown and colleagues found
that coverage — the chance of having at least one correct answer in the sample pool — keeps growing as a power law,
while the ability to pick that answer out levels off much sooner [19]. A separate development has been the emergence
of reasoning models trained via reinforcement learning — OpenAl’s ol [20], DeepSeek-R1 [22], and budget-forcing
approaches like s1 [22] — which internalize test-time scaling into the model itself. Hao and colleagues ran MCTS over
LLM-generated reasoning, connecting this to classical planning [23].

Diffusion and flow matching. In denoising diffusion models, generation proceeds through 7" noise-removal steps;
quality depends on T but saturates after a point [4]. Song and colleagues unified diffusion with score matching under
a continuous SDE framework, turning the step count into a smooth control parameter [24]. A wave of later work —
deterministic reverse processes, high-order ODE solvers, restart strategies — reshaped the cost-quality curve without
touching the trained weights, each method rethinking how best to spend a given inference budget. Guidance mechanisms
add per-step cost in exchange for steered outputs: classifier guidance injects external classifier gradients [25], while
classifier-free guidance interpolates conditional and unconditional scores at each step [26]. Ma and colleagues took a
different path entirely, spending inference compute on searching over the space of initial noise seeds and selecting the
best output through a learned verifier [28] — a procedure that mirrors best-of-N sampling in language models down to
its structure. Flow matching learns a velocity field transporting prior samples to data via ODE integration; the number
of integration steps directly controls quality [5], and adaptive solvers concentrate steps wherever the dynamics are rigid.

Classical methods and search. Ensemble methods [7], Monte Carlo Dropout [11], and test-time augmentation [10]
represent straightforward cases of spending more inference compute to get better predictions. Test-time training [28],
entropy-based adaptation via TENT [29], and meta-learning through MAML [30] take a different route, investing test-time
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computation in adjusting the model’s parameters for each input or task. Beam search sets decoding quality through beam
width [31]. The MCTS lineage — AlphaGo and its successors AlphaZero and MuZero [6] — turns simulation budget into
playing strength. AlphaFold’s recycling mechanism [32] and AlphaCode’s million-sample generation pipeline [33] are
further domain-specific instances of the same idea.

Existing surveys. Welleck and colleagues [8] and Balachandran and colleagues [9] have both published surveys on
inference-time methods, as have several other groups, yet every one of them stays within the language-model domain.
Diffusion, flow matching, ensembles, search, test-time adaptation — none of these appear. Our own prior analysis of
generative model parallels [13] and the probability transformation function framework [14] forms the starting point that
the present paper broadens to machine learning at large.

Research Objective

The goal of this study is to build a classification of inference-time scaling methods covering machine learning in its
entirety. More specifically, the work sets out to: give a formal definition of inference-time scaling as a general principle;
propose a taxonomy whose primary axis is the computational topology of the extra work done at prediction time; place
methods from classical machine learning, search, generative modeling, and adaptive computation within that taxonomy;
and draw out cross-domain regularities — in cost scaling, in the limits of verification, and in the interplay of sequential and
parallel strategies — that hold across architectures and application areas.

Main Research Material

Formal definition. Take fo(x) to be a base model producing output through a single forward pass at a cost Cy,. We
call any procedure y* = ITS(fy, x, C) an inference-time scaling method if the expected output quality E[QO(y")] does not
decrease as the computational budget C grows beyond C,,;,. The trade-off characteristic of such methods is that cost rises
at least linearly with additional work while quality grows sublinearly — typically as Q «c log C or Q oc C* for some av < 1 .

Any method fitting this definition breaks down into three parts. A generation policy 7, dictates how additional
outputs or refinement steps come into being — one after another, in parallel, or through branching. A selection policy
m,, determines how the results are handled: averaging, voting, verifier-based scoring, or convergence to a fixed point.
An allocation policy m.,. splits the total budget between generation and selection. The decomposition works across
domains without modification. In diffusion sampling, generation is sequential, selection is implicit, allocation is fixed.
Self-consistency generates in parallel, selects by vote, and allocates uniformly. MCTS generates along a tree, selects via
UCB, and allocates a simulation budget. Test-time augmentation generates in parallel, selects by averaging, and allocates
a fixed number of augmentations. One framework fits all four.

Type I: Sequential Refinement. The output passes through a chain of dependent steps, each taking its predecessor’s
result as input: xo = fo(Xo) =x; = ... = x,. Cost is O(n - Cy,,). Under this heading fall the denoising iterations in diffusion
models [4], the integration steps in flow matching where finer discretization tightens trajectory accuracy [5], chain-
of-thought reasoning in which each token refines the model’s working representation of the problem [3], the extended
reasoning chains produced by RL-trained systems such as o1 and DeepSeek-R1 [20, 21], the recycling passes in AlphaFold
that feed structure predictions back as input [32], and adaptive-depth architectures where the number of processing layers
varies per input. What ties these together is causal dependency: each step waits on the one before it, and there is no way
around the sequential bottleneck.

Type II: Parallel Sampling with Aggregation. Here, multiple independent outputs are drawn from the same input,
then combined or filtered. Cost is O(# - Cy;), and the work is fully parallelizable. The subtypes varies on how aggregation
is done. In sample-then-select, an external verifier picks the strongest candidate — reward models for language tasks [18]
or unit tests for code generation, as in AlphaCode [33]. In sample-then-vote, majority agreement serves as a stand-in for
correctness, the mechanism behind self-consistency [16]. In sample-then-average, every output contributes equally — this
is how ensembles [7], Monte Carlo Dropout [11], and test-time augmentation [10] operate. An empirical regularity worth
noting: the probability of having at least one correct solution among n samples follows an exponentiated power law [19],
yet the practical gains stall earlier because the selection mechanism runs out of discriminative power before generation
runs out of variety.

Type III: Tree/Graph Search. Computation branches into a space of partial solutions, with evaluation and pruning at
each node. The worst case is O(b“) for branching factor b and depth d, though pruning makes real costs far lower. Beam
search keeps w candidate sequences alive at each decoding step [31]. Monte Carlo tree search repeatedly selects, expands,
simulates, and backpropagates — the engine behind the AlphaGo family [6], and more recently applied to LLM reasoning
via RAP [23]. Tree of Thoughts lets the language model itself evaluate and branch over reasoning steps [17]. Classical
algorithms like 4" fit here too: they spend search effort to drive down solution cost.

Type IV: Test-Time Model Adaptation. Rather than generating additional outputs, these methods spend computation
on updating the model’s own parameters before or during prediction. Test-time training runs a self-supervised auxiliary
loss on each test sample [28]. TENT minimizes the model’s output entropy by adjusting batch normalization statistics
at test time [29]. MAML is designed from the start in such a way that a few gradient steps on a small support set will
specialize the model to a new task [30]. In-context learning occupies a borderline position: appending more demonstrations
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to the prompt raises the inference cost and lifts performance, yet no parameters actually change [19]. From a compute-
accounting perspective it fits the definition either way.

Type V: Guided Generation. An external signal steers the generation process step by step, adding computational
overhead at every iteration. In diffusion, classifier guidance feeds in gradients from a separately trained classifier [25];
classifier-free guidance gets the same effect by running both a conditional and an unconditional forward pass per step [26].
For language models, process reward models score partial reasoning traces to direct search [18]. Retrieval-augmented
approaches pull in relevant documents at inference time, expanding the input at additional cost. What limits all of these is
the quality of the guiding signal itself — a mediocre classifier or a noisy reward model caps the benefit regardless of how
many steps are spent.

Type VI: Adaptive Computation Routing. In this type the total budget does not grow; it is reallocated. Easy inputs
get less computation, hard ones get more. Early-exit architectures let confident predictions skip deeper layers. Mixture-
of-experts models route different tokens through different parameter subsets. Cascades send queries through progressively
larger models, stopping at the first one that is confident enough. Speculative decoding drafts tokens with a small model
and verifies them in batch with the full one, cutting average cost without changing the output distribution. Budget-
controlled reasoning, as in the sl approach, enforces a minimum thinking allocation per query [22]. What distinguishes
Type VI from the rest is that the compute is not increased — it is spent more deliberately.

Cross-domain observations. The taxonomy, taken as a whole, reveals four regularities that cut across types and
domains.

The cost-quality curve is sublinear everywhere. Add denoising steps to a diffusion model, reasoning tokens to a
language model, trees to a random forest, or simulations to MCTS — quality grows logarithmically or as a power law with
an exponent below one. The consistency of this pattern across unrelated architectures suggests it is an intrinsic feature of
iterative refinement rather than a characteristic of any single system.

All selection-based methods — the sample-then-select variant of Type II and all of Type III — hit a verifier bottleneck.
The pool of candidate outputs keeps expanding with additional samples, but the fraction of that pool that the verifier
can correctly distinguish plateaus [19]. Where verification is automated — unit tests for code, formal proof checkers,
game outcomes with known rules — the bottleneck is milder. Where it relies on learned models, verification becomes the
constraint that binds first.

A sequential—parallel duality runs through every domain considered. Chain-of-thought and self-consistency are the
sequential and parallel faces of the same coin in language models. Denoising steps and noise-seed search play analogous
roles in diffusion. Depth and breadth compete for the same budget in any tree search. Evidence from language models
shows that easy instances favor sequential refinement while hard ones benefit from parallel exploration [15]. The structural
prerequisites for this trade-off — diminishing marginal returns on depth, independent variance across parallel draws — are
present wherever inference-time scaling operates, though empirical confirmation outside NLP remains to be done.

Finally, methods travel between domains once their inference-time scaling character is recognized. MCTS originated
in board games and migrated to LLM reasoning [23]. The majority-vote logic of self-consistency resurfaced in noise-
level search for diffusion [27]. At the level of computational structure, classifier guidance in diffusion and reward-model-
steered decoding in language models are the same thing. The classification developed here provides a systematic way to
identify these transfers and, more importantly, to flag directions in which transfer has not yet been tried.

Conclusions

This study put forward a formal definition and a six-type classification of inference-time scaling methods that work
across the whole of machine learning. The taxonomy, organized by computational topology, covers sequential refinement,
parallel sampling with aggregation, tree/graph search, test-time model adaptation, guided generation, and adaptive
computation routing. Methods ranging from classical ensembles and beam search to Monte Carlo Tree Search, test-time
training, chain-of-thought reasoning, and diffusion denoising were placed within this framework through a three-part
decomposition into generation policy, selection policy, and allocation policy.

Four regularities surfaced in the analysis: a sublinear cost-quality curve observed across all six types, a verifier
bottleneck capping the gains from selection-based strategies, a sequential—parallel duality running through every domain
examined, and documented instances where methods moved from one domain to another — a process the taxonomy makes
easier to pursue deliberately. The classification also identified a set of well-known methods — test-time augmentation,
Monte Carlo Dropout, ensemble averaging, in-context learning — that fall under the proposed definition of inference-time
scaling despite not being conventionally treated that way.

The work grows out of our earlier analysis of inference-time scaling in generative models [13, 14] and extends it
to machine learning as a whole. Open questions for future research include empirical testing of the sequential—parallel
duality in domains beyond NLP, theoretical foundations for the sublinear scaling law, composite strategies that mix
multiple topology types in one system, and models that learn to pick their own inference-time regime on a per-input basis.
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