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Research Motivation

 Language Models are generative models of language

Given a prompt, they can generate (sample) infinitely many outputs
Quality of a sample can vary a lot

« How can we effectively explore

the output space before T
we commit to the final answer? R =g
o

Image by ChatGPT



Part I: single output generation



Autoregressive Language Modeling

 Model predicts a vector of log probabilities at each generation step

* At each step, a token is sampled from the multinomial distribution
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Autoregressive Language Modeling

 Model predicts a vector of log probabilities at each generation step

* At each step, a token is sampled from the multinomial distribution
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Autoregressive Language Modeling

 Model predicts a vector of log probabilities at each generation step

* At each step, a token is sampled from the multinomial distribution
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Sampling

X —> Model —_—> y
by sampling
multiple times Q . Possible output space
.i.d. trajectories h'gh quality high-quality™
we can eXplore | outputs \  outputs
the output
space

low-quality outputs

Image by ChatGPT 8



How to control exploitation-exploration in LLMs?
Temperature control
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Temperature controls how sharp the model distribution is

Temperature 7 — (

logp(o))
log p(0,) |

log p(05) |

model
logits

Temperature 7 = 1

Temperature 7 > 1

logp(o,) I logplo) 1
logp(o,) R logp(o,) N
log p(03) . log p(03) -
model model
logits logits

* Lower temperature = more peaked distribution; higher = more flat / uniform

* |ndirectly, temperature controls diversity 10



Increasing temperature too much leads to more errors
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Renze and Guven 2024. EMNLP Findings 2024



Example of HIGH plausible output variability:

symbolic arithmetic reasoning task

. how many pieces of popcorn does Thiago have to eat”?
To find the total number of that popped , we need to

(kerneis )
(popcor)
(pieces ) I

16.16%

13.51%

* “safe case”: Increasing the temperature -> more uniform distribution over synonyms

meta—llama/LIama—3.1—8B—Instr11%t



Example of LOW plausible output variability:

symbolic arithmetic reasoning task

... How many marked pink golf balls are there”?

... SOMe Ooutput...
Number of golf balls = 640 * (1 / 10) =

* “risky case”: Increasing the temperature -> leads to arithmetic errors

13



Trading off diversity and quality

Hiqh correct
+ J plausible errors
lemperature  gjternatives

X 7

diversity

Low
"' Temperature
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Trading off diversity and quality

Controllability bottleneck: Temperature is a scalar.

Can we actually improve quality-diversity trade-off
via a more dynamic approach?

|dea: temperature can be a function of model internal state

15



Where do we get signal for training: expected sampling risk

 Sampling risk methodology:
estimate the effect of choosing high-temp action vs low-temp on final quality

high risk (>0)

16



Where do we get signal for training: expected sampling risk

 Sampling risk methodology:
estimate the effect of choosing high-temp action vs low-temp on final quality

Data collection: 1) Take action e

_____ %
@
(__prefix (x) )/ 2 2) Unroll with the same policy
\ e ® (low-temp)
V(x,t — 0) =g 0

high risk (>0)
3) record the effect (regret) 17



Where do we get signal for training: expected sampling risk

 Sampling risk = regret of choosing high temperature at a current prefix
Action space: high temperature vs low temperature
Future lookup policy: low tempereature

high risk (>0)

18



White-box LLM

» We have control over |
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*\We train a probe on top of model’s hidden states to predict low and high risk

*Our method improves quality-diversity compared to grey-box methods

Control the Temperature: Selective Sampling for Diverse and High-Quality LLM Outputs
Sergey Troshin*, Wafaa Mohammed*, Yan Meng*, Christof Monz, Antske Fokkens, Vlad Niculae. COLM 2025.
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Challenges to estimate expected future risks (rewards)

* Temperature control (or other controllable generation techniques) shared one
thing in common:

We estimate expected future risk or reward.

V([X, al])

actona; —> - _-»®

prefix (x)

V([X, a3]) \\\\ '

. T~
action ds —pp 4.0 .
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Challenges to estimate expected future risks (rewards)

 The idea is always to
1) estimate the effect of an intermediate action on future trajectories;
2) adjust the choice of the action

V([X, al])

actona; —> - _-»®

prefix (x) » action a, “} ettty
" \\\\
\\\ ‘‘‘‘‘ »(
V([xa a3]) \\\\ '
actiona; —>» - @
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Challenges to estimate expected future reward/risk

' How about we let the model observe the “future” -
* context directly? :
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Part lI: self-refinement

X —_ Model —>  y-1

V-2
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Black-box LLM

 We can only sample from an LLM

GED]GED RN GID B J GID | GID | GID.

response (y)

input (x)
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Self-refinement

Sequential

X

—>  Model —= y1 +— y2

When generating y-2,
model already see a slice
of the “future”

260



Self-refinement

Sequential

X —_> Model

When generating y-N, model

already saw a large portion .
of its own output space :

27



Self-refinement

X —> Model —> y-1 —> y2 ->..-> VN

* |In the following slides we will exemplify the effectiveness of the
sequential self-refinement for Machine Translation

Ladders in Chaos: When, How, (and Perhaps Why) Does Test-Time

Scaling Improve LLM Machine Translation
Di Wu*, Sergey Troshin*, Christof Monz, Antske Fokkens, Vlad Niculae. Findings of EMNLP 2026.
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Self-refinement

Sequential

X —_> Model

\

Paragraph in English

\ |

Translations Iin a target language
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Test-time scaling paradigms: Parallel vs

i E We explore the outputs
1 Space by drawing I.1.d.
\ . . sampes from a model
\Y% )
1
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Test-time scaling paradigms: Parallel vs Sequential

Models refines previously
generated outputs

r------'

Sequential

x —> Model ——> y1 ——> y2 ->..-> yN

31



Test-time scaling paradigms:

Parallel /’ Y-

Sequential

Parallel vs Sequential

E Which paradigm is more
: effective?

x —> Model ——> y1 ——> y2 ->..-> yN

32



Controlled experimental setup:

/’ Y- \\ Par. w/ selector
A

X —> Model —> y-2 ----> Selector —>
A

\\ v-N e Seq. w/ selector

Selector ——>  BoN

. 4 [ ~~

X —> Model —> Yyl — yZ2 —=>.. ->

Seqg. w/o selector

e COMET-KIWI is used as a selector for machine translation 23



Sequential sampling explores the output space more effectively

COMET 1
84.0 Seq. w/ selector
Par. w/ selector
83.5
Seqg. w/o selector
82.5

Budget (N samples / turns)

e Sequential sampling usually results in higher performance ceiling, especially for lower rounds

 Without a selector, self-refinement might degrade for later rounds 34



Human evaluation: Accuracy (AC), Fluency (FL), Style (Sty)
(Averaged over 5 language directions)

AIC FIL STY * Blind contrastive human evaluation
30% | seqturn-2 confirms that early rounds of sequential
' self-refine (seq. w/o selector) improve
the quality.
Q +11%
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Human evaluation: Accuracy (AC), Fluency (FL), Style (Sty)

* Spending more sequential compute for

AC FL STY AC FL STY . .
self-refine (seq. w/ selector) improve

I I I
30% | Seq turn-2 JSeq w/ selector the quality even more.
+22%
V'I'
14%
U +11% " ‘
c +6%
v +1% i i 84.0
U
5 0% 1 : -
S 83.5
@
- 83.0
o .
—30% 'I turn 'I Seq turn-1 | 82.5

(a) (b) | 36



Human evaluation: Accuracy (AC), Fluency (FL), Style (Sty)
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(C)

e Spending more sequential
compute for self-refine
(Seq. w/ selector) might
degrade the quality
compared to scaling the
parallel sampling
(Par. w/ selector).
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83.5

v

82.5
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Sequential sampling can be more diverse

First demo was in our UncertalNLP 2026 paper:

Mean Lexical  Compute Distinct
Model Strategy Quality  Diversity  Diversity  Answers
Qwen3-4B . Par. w/selector ¥ 091 428 331  1.13 s

e T 90 T T RS T T T 561 T T T 0d
g Seq. w/o selector i 0.87 61 8 60.0 107
o Sequential sampling (prompted for exploration),
show higher diversity at comparable quality than parallel
for arithmetic reasoning tasks (GSM8k)

Asking a Language Model for Diverse Responses
Sergey Troshin*, Irina Saparina®, Antske Fokkens, Vlad Niculae. UncertaiNLP workshop @ EMNLP’25



Sequential sampling can explore more efficiently
the space of translations for machine translation
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* Diversity analysis of sequential and parallel output suggests that
sequential suffers less from high duplicate rate for earlier rounds
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Take-aways

* By controlling the single-step generation temperature we:
can increase diversity (exploration), with less degradation of quality

* Key limitation of controllability approaches: one attempts to adjust for the “future”

* By allowing the model to revise its own outputs, we enable the model to
“glimpse into the future™ and adjust its generations for better output quality

 Sequential self-refinement — efficient and simple paradigm for better output space
exploration.

Future work: generation vs self-critique: if a model can generate outputs, can it
also rerank its own outputs as LLM-as-a-judge (and should it or not) ?

40
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