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ABSTRACT

Inference time techniques, such as beam search and best-of-n, typically allocate
a fixed amount of computation throughout LLM generations. However, recent
entropy-informed decoding methods demonstrate that the shape of the output distri-
bution provides a principled signal for more sample-efficient (adaptive) generations.
Even so, the existing entropy-based decoding methods operate at the token-level,
wasting computation across lexically distinct but semantically equivalent continua-
tions. In this work, we introduce Semantic Entropy-Informed Decoding (SEMIE), a
Monte Carlo-based decoding strategy that operates over semantic continuations
rather than tokens, adaptively branching in regions of high semantic information
gain (measured based on semantic entropy) to improve sample efficiency. This
semantic entropy provides a measure of uncertainty at higher-level abstractions
(e.g., at the level of topics, strategies, or reasoning paths), rather than the underlying
tokens. We prove theoretically that adaptive allocation based on semantic entropy
yields strictly lower semantic regret than both fixed-width and token-level entropy-
informed decoding under equal compute. Empirically, SEMIE attains superior
accuracy—compute trade-offs across a range of LLMs and benchmarks, consistently
outperforming best-of-n, beam search, and token-level adaptive branching, under

generation equated comparisons.

1 INTRODUCTION

Large language models (LLMs) frequently face
prompts for which multiple distinct meanings con-
stitute valid continuations. In such settings, uncer-
tainty is inherently semantic: the model may be unsure
which topic to pursue, which reasoning strategy to ap-
ply, or which interpretation of the prompt is intended.
Many inference-time techniques, including best-of-n,
majority voting, and beam search, do not dynamically
allocate computation efficiently under semantic uncer-
tainty, instead using fixed sampling rules.

Entropy-informed decoding |[Evans et al.| (2026)) par-
tially addresses this issue by using the entropy of the
next-token distribution to adaptively set the branching
factor, adjusting the computation. However, token-
level entropy conflates two fundamentally different
sources of variation: lexical variation (paraphrases)
and semantic variation (distinct meanings) Farquhar
et al.| (2024), which may hamper the branching deci-
sions, leading to inefficient exploration and redundant
branching.
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Figure 2: Overall process Dynamic branching based on semantic entropy H,ep, estimated through
Monte Carlo sampling and clustering, allowing for more targetted expansions by effectively pruning
paths with low semantic likelihood.

These observations motivate a central question:
Can uncertainty over meanings better drive inference time compute allocation?

We address this question by introducing Semantic Entropy-Informed Decoding (SEMIE), adapting
compute based on semantic entropy, allowing targetted exploration of topic-level or strategy-level
alternatives at inference time, and demonstrate that this outperforms the existing decoding strategies
(including beam search, best-of-n) across compute budgets.

2 BACKGROUND: ENTROPY-INFORMED DECODING

Let = denote a prompt, y;.¢ a partial generation, v a token, V the vocabulary, and 7" the maximum
generation length. At inference time, we may generate multiple such continuations y. To control the
number of continuations to generate, standard token-level entropy-informed decoding computes:

HPn = 3 P(o | 2,y10) log P(0 | 2, 51.0) M
veEV

and uses H, ttOke“ to determine the amount of exploration at step ¢, i.e., the number of continuations.
This approach implicitly assumes that token-level entropy reflects uncertainty over important out-
comes, allocating more compute in these regions. However, many tokens or sequences may encode
the same meaning. As a result, token entropy systematically overestimates epistemic uncertainty
by treating paraphrases as distinct possibilities. This motivates redefining entropy over semantic
equivalence classes of continuations, to better drive adaptive generation.

3 LATENT SEMANTIC ENTROPY

While existing entropy-informed decoding operates over the token level, for many tasks (such as
reasoning), we are interested in uncertainty over meanings. We formalize this distinction using a
latent semantic variable framework.

3.1 SEMANTIC STATE SPACE

We postulate the existence of a latent semantic variable z € Z that represents the underlying intent
or meaning of a continuation. We define a surjective mapping ¢ : V* — Z (where |Z| < |V|) that
maps a sequence of tokens to its semantic equivalence class.

The Semantic Entropy is the entropy of the push-forward measure induced by ¢ on the predictive
distribution:
Heem(y1:0) = H(Z) = =Y P(z | 2,y14)10g P(2 | ,y1.4) ©)
Z2€EZ
Lemma 3.1 (Denoising via Data Processing). Let Y be the random variable representing the next L
tokens under the model conditional on prefix (x,y1.t). Then H(Z | x,y1.t) < H(Y | x,y1.t) with
equality iff ¢ is bijective on the support of Y.



Proof. This follows from the standard property of entropy that the entropy of a deterministic function
of a random variable cannot exceed the entropy of the original variable|Cover] (1999) O

This inequality provides the theoretical justification for SEMIE: Hy., filters out “’lexical noise’

>

(paraphrases) that contributes to He, Without adding semantic information.

3.2 ESTIMATING LATENT MODES VIA CLUSTERING

Prompt

“Why is the sky blue?”
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c1: Blue light
scatters strongly.
c2: Short wave-
lengths scatter most.
c3: Rayleigh scat-
tering dominates.
cg: Gas molecules
scatter blue.

Since the latent semantic variable Z is intractable
to marginalize exactly, we approximate it via Monte
Carlo (MC) sampling. Let C = {cy, ..., ¢y, } denote
m 1.i.d. continuations sampled from P(- | z, y1.¢).

We treat each continuation as a noisy realization of an
underlying semantic intent and approximate the latent
space Z by clustering sampled continuations into se-
mantic equivalence classes. Following |[Farquhar et al.
(2024), two continuations are assigned to the same

ca: Sky re- cg: Light bends
flects the ocean. more for blue.

cluster if they express the same meaning (visualised
in Figure 3, operationalized via a semantic similarity
criterion such as bidirectional entailment.

c5: Sea colour in- c7: Dust alters
fluences the sky. blue scattering.
c10: Oceans tint cg: Atmospheric
incoming light. haze changes colour.

Let {Z1, ..., Zk} denote the resulting partition of C

Figure 3: Semantic clustering. Monte Carlo into X disjoint semantic clusters.

continuations {¢;}, are grouped into se- . L
mantically related clusters Zj. Each Zj can Cluster probability estimation. We aggregate

contain a variable number of continuations, ~ Probability mass within each semantic cluster to
estimate its probability mass. For each sampled

continuation ¢; = (¢;1,...,¢,1), we compute its cumulative probability weight: w; =
GXP(Z]Ld log P(c;;j | «,y1:, Ci,<j)).. The probability of a semantic mode Z, is then estimated as:

P(Z k) = ZKE”ZE—Z"UJL approximating the marginal probability mass assigned by the model to
e=12uc;ez, Wi

each semantic equivalence class.

Semantic entropy. The latent semantic entropy is computed over the induced cluster distribution:
K

Hsem = _ZP(Zk)logP(Zk)' 3
k=1

Overall, clustering compresses the high-variance output space of surface realizations into a lower-
dimensional latent space of semantic modes, preserving uncertainty about meaning while discarding
syntactic and lexical variability.

4 SEMANTIC ENTROPY-INFORMED DECODING (SEMIE)

We propose SEMIE, which utilizes Hm to dynamically modulate the search breadth during the
decoding process, adapting based on uncertainty over meanings. Unlike token-based methods that
expand based on lexical uncertainty, SEMIE expands based on semantic ambiguity, allowing more
targetted expansions.

4.1 ALGORITHM

The full procedure is detailed in Algorithm[I] and visualised in Figure 2] The key idea behind the
proposed approach is to set the branching factor B; at step ¢ based on the effective number of semantic
modes, defined by the semantic perplexity: Neg(Z) := exp (Hsem), mapping the semantic clusters

into an expansion tactic:
Bt = min (Bmax; ’—O‘ . Neff(Zﬂ) . (4)



This formulation (under a@ = 1) ensures that if the model is distributed across K equally likely
semantic paths, the search will branch exactly K times (when K < Bj,.x), expanding each path. In
cases of high lexical variation but low semantic uncertainty (g, — 0), the decoding collapses to a
greedy path (B; = 1), effectively ignoring the token-level noise arising from multiple semantically
equivalent options. In Section .2} we explain why this is principally grounded.

Algorithm 1 SEMIE

1: Input: prompt x, language model M, semantic unit length L, lookahead samples m, maximum branching
factor Bimax

2: Initialize active beams Bo < {y1:0}

3: fort =1toT do

4.  # Step 1: Monte Carlo Lookahead

5:  Initialize sample set C; < ()

6:  for each prefix y € B, do

7

8

Draw m i.i.d. continuations ¢; ~ P (- | z,y) of length L
: /I Add (y,c;)toCeforalli =1,...,m
9: C+CU{(y,c1),...,(y,em)}

10:  end for
11:  # Step 2: Semantic Abstraction
12:  Partition C; into semantic clusters Z; = {Z1, ..., Zk, } under bidirectional entailment

13:  Compute sequence weights w; for all (y, c;) € C¢

14:  Aggregate probability mass within each cluster to obtain { P(Z)} <,
15:  Estimate semantic entropy: Heem (t) = — S P(Z)log P(Zy,)

16:  # Step 3: Adaptive Semantic Branching

17 Compute effective number of semantic modes N; = exp(Heem (t))

18:  Set branching factor By = min(Bmax, [ - Nt])

19:  Select the B; clusters with highest probability mass: {Z(1), ..., Z(5,)}
20:  # Step 4: Sample Reuse and Beam Promotion

21:  Initialize next beam set B; < ()

22:  for each selected cluster Z(;y do

23: Choose representative (y,c*) € Z(;) with maximal w;
24: Promote beam: B; < B, U {y|| ¢}

25:  end for

26: end for

27: Output: final beam set Br

Table 1: Computational cost comparison. L is the per-step generation length, m is the number of
rollouts, By is the branching factor at step ¢, and D is the expected remaining generation depth. For
SEMIE, the lookahead cost m - L is incurred once per decision and amortized over future steps.

Method Branching Width Lookahead Cost Amortized Future Cost
Greedy 1 0 D-L

Beam Search B 0 B-D-L

EDEN (Token) = exp(Hoken) 0 exp(Hioken) * D - L
SEMIE ~ exp(Hsem) m-L exp(Hgem - D - L

4.2 DECODING AS SEMANTIC INFORMATION GAIN

Rather than viewing decoding as a simple path-finding exercise, we frame SEMIE as an Active
Information Acquisition process. We treat the unknown optimal semantic continuation z* as a latent
variable to be uncovered.

Each lookahead sample ¢ € C is an observation intended to reduce our uncertainty about the
distribution of z*. The resulting Semantic Information Gain (SIG) is the expected reduction in
Shannon entropy of the latent semantic state:

SIG(C) = H(Z | Zz, Z/l:t) - EceC[H(Z | Ty Y1:t, C)] (%)

This provides the “why” for branching: by setting B;  exp(Hgem ), SEMIE branches exactly when
the prefix provides insufficient information to collapse the semantic distribution. To determine how



much to branch, we associate each semantic mode z with a value V'(z). The expected loss from
selecting a suboptimal mode defines the semantic regret:

Rsem (t) = E[V(z*) - V(Zselected)] . ©6)
4.3 OPTIMALITY OF SEMANTIC BRANCHING

We show that adaptive semantic branching is sample-optimal under the SIG and regret framework,
under a monotone entropy—gap assumption (Evans et al., 2026)), whereby increasing entropy H (t)
implies a smaller gap A; between the top two semantic modes, and thus a greater sample requirement
to distinguish them.

Theorem 4.1 (Optimality of Semantic Entropy-Adaptive Branching). Let Heer, (1) = H(Z | z,y1.¢)
denote the semantic entropy at decoding step t, and define the effective number of semantic modes as
N; = eXp(Hsem(t)).

At step t, suppose:

1. Each semantic mode Zy, has a true value V (Z,), and let
Ay = V(Z*) — V(Z(Q)) >0
denote the gap between the best and second-best semantic modes.

2. Each Monte Carlo sample assigned to a mode yields an unbiased estimate of V (Z},) with
independent sub-Gaussian noise of variance proxy o>.

3. A total sampling budget B is available and may be allocated adaptively across decoding
steps.

Then allocating a dynamic per step branching factor By =< Ny and proportionally allocating samples
to match B; minimizes an upper bound on cumulative semantic regret

T
Reem = »_E[V(Z*) = V(Zsetected)] )
t=1
compared to any fixed branching Bgyeq under the same total computational budget.
Proof sketch. Fix a decoding step ¢. Estimating the optimal semantic mode is equivalent to a best-arm

identification problem whose effective complexity is Ny and gap A;.

By standard sub-Gaussian concentration and a union bound over the effective support of Z, if n, total
samples are allocated at step ¢, the probability of selecting a suboptimal semantic mode is bounded by

Pr(error;) < Npexp (—c e A?) ,
Ny

for a constant ¢ > 0, assuming samples are distributed roughly evenly across modes.

Equivalently, to ensure Pr(error;) < e, it suffices that n; 2 %. Thus, the minimal

sample complexity required at step ¢ scales with log IVy, and increases when the semantic entropy is
high or the value gap A; is small.

A fixed branching policy Bgyeq allocates the same effective number of candidate modes at every step,
and therefore either: (i) over-allocates samples in low-entropy steps (small V;), or (ii) under-allocates
samples in high-entropy steps (large N;), incurring excess regret.

In contrast, choosing a branching factor B; =< NV, ensures that the sampling effort tracks the intrinsic
semantic complexity of the decoding step, avoiding wasting computation where semantic uncertainty
is low.

Summing the per-step expected regret bounds over t = 1, ..., T yields a cumulative semantic regret
bound that is asymptotically minimal under the total budget constraint B, establishing the claimed
optimality. [



Corollary 4.2 (Semantic branching factor). By Lemma
Hsem(t) S Htoken (t) - Bsem ~ eHm" S eHmkm ~ Btoken-

Hence, SEMIE requires strictly fewer or equal branches than token-level EID while preserving
semantic coverage.

Thus, SEMIE achieves the same semantic coverage as token-level EID with fewer samples (where
token-level EID already requires fewer than fixed width beam search), or equivalently, achieves lower
Semantic Regret for the same expansion cost by avoiding redundant exploration of lexically distinct
but semantically equivalent paraphrases.

One might argue that estimating Hgep, incurs an overhead of m samples due to the Monte Carlo
lookahead. We show that under standard generation lengths, SEMIE remains computationally superior
due to sample reuse, as we progress the "beam” to the end of the best Monte Carlo rollout.

Corollary 4.3 (Amortized Semantic Efficiency). Let Cgep denote the computational cost of advanc-
ing a single beam by one semantic unit of length L tokens.

* Token-level EID. The expected per-step cost scales as Bioken - Cstep Since each lexical
branch must be independently extended.

* SEMIE. At step t, SEMIE incurs an additional lookahead cost of m - Cgep to estimate
semantic entropy. However, the continuations used for entropy estimation are reused to
initialize the next beam, so the marginal cost of advancing the selected branches is reduced.

As a result, the amortized per-step cost of SEMIE over a remaining generation horizon of expected
depth D follows

m- C(step +D - Bgem - Ostepv

—_—— —

Lookahead cost Expansion cost
where the initial lookahead cost is incurred once but its benefit is realized over all future steps.
SEMIE is computationally more efficient than token-level EID whenever

(Btoken - Bsem) D Z m 3 (8)

Excess Expansions Monte Carlo rollouts

i.e., when the reduction in redundant lexical branching over the remaining horizon outweighs the
one-time cost of semantic lookahead.

Since Bioken Scales with lexical entropy and may remain large even when semantic uncertainty is
low, while Bger, tracks the effective number of semantic alternatives, the LHS grows linearly with
generation length, while m is constant.

Therefore, for long-form generation (D > 1), SEMIE reduces total compute by pruning semantically
redundant branches early while preserving coverage of genuinely distinct reasoning paths.

In Section[5} we additionally show that this is the case empirically, with SEMIE requiring far fewer
expansions than the comparison approaches.

4.4 RELATION TO EXISTING DECODING METHODS

SEMIE provides a paramaterised approach to adaptive decoding. Several widely used decoding
methods arise as degenerate cases under specific parameter choices.

Proposition 4.4 (SEMIE Strictly Generalizes Common Decoding Methods). Let SEMIE be parame-
terized by a semantic equivalence mapping ¢, branching parameters (o, Byax ), and m Monte Carlo
rollouts of length L. Then the following decoding methods arise as special cases:

A Beam search. If L = 1 and ¢ is bijective on the support of the next-token distribution so
that Hyery = Hyoken, and the branching factor is fixed as By = Bax (through choosing «
sufficiently large that [ce™sem] > By...)) for all t, then SEMIE reduces exactly to classical
fixed-width beam search.



B Token-level entropy-informed decoding (EDEN). If L = 1 and ¢ is bijective, then the
semantic clusters each contain a single token, and SEMIE'’s branching rule By = [cefsem]
reduces to the token-level entropy-informed rule B; = [aettoxen used in EDEN.

C Best-of-n sampling. If B,.x = 1, the number of Monte Carlo rollouts is set to m = n,
and the rollout length spans the full generation horizon (L = T'), then SEMIE generates
n independent full-length continuations and selects the highest-probability representative,
recovering classical best-of-n decoding.

Thus, SEMIE strictly generalizes beam search, token-level entropy-informed decoding, and best-of-n,
while additionally enabling semantically informed adaptive branching.

Proof sketch. Case (A) follows by Lemma 3.1, which ensures Hger, = Hioken When ¢ is bijective;
with B; = By,ax recovering standard beam expansion. Case (B) follows since single-token continu-
ations yield singleton clusters (when ¢ is bijective), so SEMIE’s entropy estimator matches token
entropy exactly. Case (C) follows directly from Algorithm[I} when Bp,ax = 1 the search collapses
to choosing a single beam, and when L = T and m = n this representative is selected from n
independent full-sequence rollouts. O

5 EXPERIMENTS

We evaluate SEMIEs ability to improve generations by utilising (semantic) information-driven
expansions, disentangling distinct continuations from surface-level lexical noise.

The experiments test the following hypothesis: Semantic-aware adaptive branching reduces redundant
exploration while encouraging semantic coverage, and in doing so, achieves strong quality—compute
trade-offs.

5.1 SETUP

Methods SEMIE is compared to a range of widely used state-of-the-art inference-time techniques,
including: Best-of-N: Generating N decoding paths, Beam Search: Fixed-width heuristic search,
Token-level EID (EDEN): Adaptive branching driven by token-level entropy Hioken. This provides a
range of methods, each with configurable computation amounts for fair evaluations. In each case, the
resulting candidate selected is the one with the highest (length-penalised) cumulative log probability.

Underlying models A range of open source models are tested, including LFM (LFM2.5-1.2B-
Instruct)/Amini et al.| (2025)), Llama (Llama-3.2-3B-Instruct) |Grattafiori et al.| (2024}, and Granite
(granite-4.0-1b) Mishra et al.| (2024), covering a multitude of model families and sizes, to ensure that
the results are robust and model-agnostic.

Datasets We compare across examples from four commonly used datasets, spanning math (GSM8k
Cobbe et al.|(2021) and MATH-500 Lightman et al.| (2024)), science (SciBench, Wang et al.| (2024))),
and programming (HumanEval, |Chen et al.|(2021)), giving a breadth of verifiable domains.

5.1.1 EVALUATION METRICS

Compute budget Computation is controlled using a global budget G € N, G > 1, defined as the
maximum allowed factor of overhead in total generated tokens relative to greedy decoding (here,
G € [3,5,7]). Greedy decoding produces at most T tokens; thus each method is parameterised
(N = G, B = G, Bnaix = G) so that it generates no more than GT' tokens per example. This
provides an implementation-agnostic notion of compute that depends only on the number of tokens
generated. Methods are then compared based on the actual number of generated tokens, with G just
to control the upper bound for each method.

Accuracy Each tasks has a verifiable accuracy, used to compare the performance of each approach.

The two-objectives are thus: minimise token usage and maximise accuracy.



Table 2: Token—accuracy frontiers across benchmarks and models for G € [3, 5, 7]. For each model
(rows) and benchmark (columns), we show the accuracy—token trade-off for all decoding methods.
The ideal operating point lies in the top-left corner of each plot (lowest tokens, highest accuracy).
Shaded regions indicate the areas in which each method dominates others. Below the frontier plots,
we additionally report p(best), the average posterior probability (over A € [0, 1]) that each method
is optimal under a scalarized accuracy—compute objective. This provides a preference-agnostic
summary of overall performance across methods.
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5.2 RESULTS

Table 3: Preference-agnostic robustness scores P (M), showing the average posterior probability that
each method is optimal under a randomly chosen accuracy—compute preference A € [0, 1].

Best-of-n  EDEN  Beam Search SEMIE
P(M) 10.165% 6.39% 29.67% 53.78 %

The resulting frontiers are visualised in Table[2] Across the board, the proposed approach consistently
achieves strong performance, balancing token generations with resulting accuracy, sitting at or near
the Pareto frontier in all cases, maintaining an ideal position relative to the optimal in the top left
(lowest tokens, highest accuracies).

To quantify method-level performance, we compute for each method the Bayesian posterior proba-
bility of being optimal under accuracy—compute preferences. Following Section [B] we evaluate a



scalarized utility function:

Ux = Aaccuracy + (1 — A)(1 — normalized tokens)
—_———

Accuracy component Compute component

over a preference grid A € [0, 1], and identify the method with the highest utility in each posterior
sample. The resulting probabilities P(M optimal | ) provide a preference-aware view of method
performance: for any accuracy—compute trade-off A, they give the probability that method M is the
optimal decoding strategy, reported in the final row of Table[2] Importantly, SEMIE particularly excels
in the lower compute regions, as SEMIE essentially approximates the wider searches performed
by the comparisons with fewer samples required. As the focus shifts away from token efficiency
(A — 1), we expectedly, see beam search and/or EDEN begin to become the best methods, as these
perform the most indepth searches.

To quantify across preferences, we additionally report the scalar summary P(M) =
Wl‘ >y Pau(best | X), representing the posterior probability that method M is the optimal de-
coding strategy for a randomly selected accuracy—compute preference in Table[3] providing a single
preference-agnostic robustness score for each method. Since four methods are compared, chance
performance corresponds to 25%; scores above this level indicate that a method is meaningfully
competitive, while scores exceeding 50% imply that the method is more likely to be optimal than
all alternatives combined. SEMIE achieves the highest score of all methods across preferences of
53.78%, higher than all the alternatives combined.

Additionally, across the upper bound compute budgets Gz, the number of tokens with SEMIE does
not vary drastically, indicating that the semantic clustering is finding similar paths and keeping
expansions targeted, reducing redundant expansions even as the maximum branching factor increases.
This shows higher branching factors could be utilised under similar token usage as the comparisons.

5.3 ABLATIONS

Accuracy Token usage
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(a) Accuracy (b) Token Usage ative token efficiency across clustering strategies.
Semantic clustering yields a ~ 4x efficiency
Figure 5: Monte Carlo Ablations: m and L gain while maintaining competitive accuracy.

To analyse the stability of SEMIE, and the impact of the different components, we run targeted
ablations on the key hyperparameters. For this, we use LFM, G' = 5, and GSM8k.

Monte Carlo Rollouts We ablate two key hyperparameters of the MC rollouts (described in
Section [A): m € {1,5,10} and L € {T'/100, T/10, T/1} corresponding to the the number of
rollouts and the number of semantic decision / branching points.

Figure [5| (and Table [5) report the resulting accuracy and token usage as a function of (m, L).
Increasing m yields modest accuracy improvements, but the token cost increases approximately
linearly with m, leading to diminishing Pareto gains at high rollout counts. For example, similar
accuracy can be achieved with ~ 600 tokens with m = 5 as = 1600 tokens with m = 10. Shorter
rollout lengths L generally achieve higher accuracy while having negligible effect on token usage.
For very large L, performance degrades as the procedure approaches best-of-N behaviour in the
limit L — T (rightmost column, Figure [4a)), as there are fewer adaptive decisions. Overall, these
ablations show that SEMIE behaves smoothly and predictably across hyperparameters, demonstrating
robustness. Moderate m and relatively low L (in comparison to 1) provide the best accuracy—compute
trade-off, empirically motivating the fixed choice (m = 3, L = 5) in Section[5.2]



Clustering approach ¢ We next examine the role of semantic clustering. Although SEMIE
is designed to be agnostic to the particular clustering algorithm used, we adopt the established
bidirectional entailment procedure of [Farquhar et al.|(2024). To assess the contribution of semantic
structure itself, we compare this approach against (i) a no-clustering variant, where each input forms
a singleton cluster (closer to token-level), and (ii) a randomised baseline, where cluster assignments
are uniform at random.

All three approaches yield comparable accuracy (58-61%), but differ markedly in token efficiency
(Table[). Semantic clustering reduces the average tokens to /= 400, compared to ~ 1300 and ~ 1600
for random and no clustering, a 3—4x improvement. This demonstrates that semantic structure
enables SEMIE to operate more sample efficiently without compromising predictive quality, a feature
also seen in Table 2]

5.4 SUMMARY

Overall, through targetted expansions, SEMIE consistently demonstrates good compute—quality trade-
offs. By tracking semantic complexity rather than surface-level variation, SEMIE avoids wasting
computation in regions of low semantic information gain, ultimately resulting in improved generations,
empirically validating the theoretical advantages of semantic entropy for adaptive decoding.

6 DISCUSSION

Semantic entropy separates topic-level variability from surface variability. By allocating computation
over meanings rather than tokens, SEMIE reduces redundant exploration while preserving coverage
of genuinely distinct continuations, allowing compute to be targetted at the most impactful regions.
This is particularly important for reasoning, planning, and long-form generation, where semantic
diversity is more meaningful than lexical diversity.

6.1 RELATED WORK

Motivated by the potential for test time scaling (Chen et al.; Wu et al.| (2025)); [Snell et al.[(2025)), there
are many approaches to allocating additional compute at inference time to improve the output quality
of LLMs Zhang et al.|(2025). Here, we focused on one such strategy, decoding.

Best-of-N is the simplest of such approaches, generating multiple full continuations and selecting the
best under some measure. Beam search based approaches [Sutskever et al.|(2014)) allow more control
at decoding time, branching at each token rather than generation full continuations up front, but is
limited by the fixed branching factor. Extensions consider ad-hoc diversity penalties |Vijayakumar
et al.[ (2016} [2018), but are ultimately still limited by the fixed branching factor. |[Evans et al.| (2026)
introduce EDEN, an entropy-informed decoding framework that adapts the branching factor based
on token-level predictive entropy to guide search. While effective for adaptive exploration, EDEN
operates purely at the lexical level and treats all tokens as distinct, thereby conflating surface-level
variation with genuine uncertainty over meaning. In contrast, Farquhar et al.| (2024) propose semantic
entropy as a post-hoc measure for hallucination detection and uncertainty estimation, validating the
usefulness of semantic uncertainty, but do not consider its use for guiding the decoding process itself.
SEMIE builds on these insights by integrating semantic entropy directly into the decoding loop,
enabling adaptive exploration driven by uncertainty over latent semantic representations rather than
token-level, improving generation quality.

7 CONCLUSION

We introduced an adaptive inference-time decoding strategy. By adapting expansions based on uncer-
tainty over semantic modes (rather than tokens), our approach allocates computation more efficiently
through focusing generation in regions of high semantic information gain, resulting in improved
generation quality and simple test-time scaling. Through comparisons across multiple underlying
models, methods, and datasets, SEMIE consistently achieves strong performance, outperforming the
comparisons, providing strong generations across varying (customizable) token budgets.
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A HYPERPARAMETERS

SEMIE introduces two Monte Carlo hyperparameters that govern semantic lookahead: (i) the number
of rollouts m drawn per active beam, and (ii) the rollout length L, which determines the semantic
granularity at which entropy is estimated. Both parameters are fixed to constants during decoding.

Number of Monte Carlo samples (m). The parameter m controls the exploratory budget allocated
to estimating the distribution over semantic continuation modes. Because SEMIE draws m rollouts
per active beam, the lookahead cost scales linearly with both m and the current beam width. Larger m
provides a more accurate estimate of semantic entropy but increases compute proportionally. Unless
otherwise stated, we use m = 3.

Lookahead length (L). The rollout length L specifies the number of tokens generated during each
semantic lookahead step. A generation of total length T" therefore contains approximately 7'/ L
semantic decision points. Shorter rollouts (L small) yield finer-grained semantic estimates and behave
closer to token-level entropy-guided decoding. Longer rollouts (L large) provide coarser semantic
resolution; in the extreme L — T limit, SEMIE approaches a best-of-n strategy due to having only a
single semantic decision point. Throughout the main experiments, we set L = 5, which provides
a good balance: rollouts are long enough to reveal high-level semantic intent, yet short enough to
ensure multiple decision points.

A.1 ABLATIONS
Table 5| reports ablation results on GSM8k (with LEM) over (m, L), covering m € {1,5,10} and

L € {4,40,400}. Token usage grows roughly linearly with m, while accuracy varies only moderately
across settings, illustrating that SEMIE is robust to a wide range of hyperparameter choices.

Table 5: Ablations on Monte Carlo parameters (m, L).

m L Tokens Accuracy (%)

4 152 45

1 40 139 53
400 150 47

4 683 57

5 40 758 51
400 765 47

4 1,678 58

10 40 1,388 58
400 1,558 49

B BAYESIAN ESTIMATION OF OPTIMALITY UNDER ACCURACY-COMPUTE
TRADE-OFFS

In this section we describe our Bayesian procedure for estimating, for each decoding method, the
probability of being optimal under a scalarized accuracy—compute trade-off encoded by a weighting
parameter A € [0,1]. This yields a posterior distribution over which method is preferred as the
relative importance of accuracy versus compute varies.

Setup. Let M denote the set of methods under comparison (e.g. SEMIE, EDEN, beam search,
best-of-n). As in the main text, each method M may be evaluated at a finite set of compute budgets
G € g, giving a collection of configurations

C={(MG): MeM,GEeg).
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For each configuration ¢ € C and each example ¢ € {1,...,n}, we observe a correctness indicator
Ze,i € {0,1} and a token count ¢.; € Ry. The empirical accuracy and mean token usage are

1 & 1 &
ﬁc = E lec,i7 te = E thc,i~
i= i=

B.1 POSTERIOR OVER ACCURACY AND COMPUTE

Accuracy. We model the true accuracy parameter p,. of configuration c via a Bernoulli-Beta model:
pe ~ Beta(l,1) and z.; | p. ~ Bernoulli(p.). The posterior distribution is therefore

pe | {zei}iey ~ Beta(ke +1,n — ke +1),
where k. =), zc .

Compute (token usage). We approximate the posterior distribution of the mean token usage t..
using a nonparametric bootstrap. For each Monte Carlo draw we resample indices i1, . . . , i, with
replacement from {1,...,n} and compute the bootstrap mean ¢, = + Z;L:1 te,i;- This yields a

sampling-based approximation to the posterior distribution of ...

B.2 POSTERIOR OPTIMALITY UNDER A SCALARIZED OBJECTIVE

We evaluate each configuration using a scalarized utility function that trades off accuracy against
normalized compute cost. For A € [0, 1], define the utility

Un(e) = Ape + (1—A) (1—i2mm),

where 1™ is the posterior-sampled token usage of configuration ¢ normalized to [0, 1] across all
configurations. Thus A = 1 corresponds to prioritizing accuracy alone, while A = 0 favors compute
efficiency; intermediate values interpolate smoothly between these extremes.

For each Monte Carlo sample s:
1. For every ¢ € C, draw pgs) ~ Beta(k. + 1,n — k. + 1).
. For every c € C, draw a bootstrap mean token count E&s).

. Normalize the vector £o°) to [0, 1] across all c.

2

3

4. For each ) in a discretization of [0, 1], compute U is) (¢) for every configuration.

5. For each method M, compute the best utility achieved by method M at trade-off A:

US (M) = . U (e)

6. The method that achieves the largest U is) (M) is considered optimal for that sample and
that value of A.

Let JJ(;) , be the indicator that method M is optimal at weight A in Monte Carlo sample s.

B.3 POSTERIOR PROBABILITY OF OPTIMALITY

For any fixed ), the posterior probability that method M is the best is estimated as:

S
1 s
P(M |\ ~ EZJI(W?)\'
s=1

To obtain a preference-agnostic summary, we report in the main text the average probability of
optimality across the entire range of trade-off weights:

— 1
P(M) = WZP(MIA),
AEA
where A is a uniform grid of values in [0,1]. This quantity represents the Bayesian posterior

probability that method M is optimal for a randomly selected accuracy—compute preference, providing
a holistic summary of a method’s robustness across preferences.
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