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Abstract001

Autoregressive language models typically use002
temperature parameter at inference to shape003
the probability distribution and control the ran-004
domness of the text generated. After the text005
was generated, this parameter can be estimated006
using maximum likelihood approach. Follow-007
ing it, we propose a procedure to estimate the008
temperature of any text, including ones writ-009
ten by humans, with respect to a given lan-010
guage model. We evaluate the temperature011
estimation capability of a wide selection of012
small-to-medium LLMs. We then use the best-013
performing Qwen3 14B to estimate tempera-014
tures of popular corpora.015

1 Text Generation with a Language016

Model017

Given an input text as a context, the goal of open-018

ended generation is to produce a coherent contin-019

uation of the text (Holtzman et al., 2020). More020

formally, given a sequence of m tokens t(1) . . . t(m)021

as a context, the objective is to generate the next022

n continuation tokens, resulting in the completed023

sequence t(1) . . . t(m+n). This is achieved through024

the use of the left-to-right text probability decom-025

position, which is used to generate the sequence026

one token at a time, using a particular decoding027

strategy.028

A common approach to text generation is to029

shape a probability distribution through temper-030

ature (Ackley et al., 1985). Let031

• u(i) be the vector of logits at the step i.032

• u
(i)
obs be the specific logit value corresponding033

to the token t(i).034

The probability of observing the specific token035

at step i is then re-estimated as:036

p(t(i)|u(i), T ) =
exp(u

(i)
obs/T )∑

l exp(u
(i)
l /T )

(1)037

Setting T ∈ [0, 1) skews the distribution towards 038

high-probability events, and, similarly, T ∈ (1,∞) 039

skews the distribution towards low-probability 040

events. 041

2 Estimating Temperatures 042

2.1 Estimating the Temperature of a 043

Generated Sequence 044

Suppose that we have logits for multiple genera- 045

tion steps and actual generated tokens for the same 046

steps. What is the maximum likelihood estimate of 047

temperature T ? We can treat it as a classic parame- 048

ter estimation problem. 049

The total log-likelihood L(T ) for all N steps is 050

the sum of the individual log-probabilities: 051

L(T ) =
N∑
i=1

log

(
exp(u

(i)
obs/T )∑

l exp(u
(i)
l /T )

)
(2) 052

To find the MLE, we take the derivative of L(T ) 053

with respect to T and set it to zero. 054

dL
dT

=

N∑
i=1

[
−
u
(i)
obs

T 2
−

(
− 1

T 2

∑
l

u
(i)
l p(l|u(i), T )

)]

=
1

T 2

N∑
i=1

[
E[u(i)|T ]− u

(i)
obs

]
(3)

055

Setting the derivative (3) to zero, we get for the 056

MLE T̂ : 057

N∑
i=1

u
(i)
obs =

N∑
i=1

E[u(i)|T̂ ], (4) 058

where 059

E[u(i)|T̂ ] =
∑
l

u
(i)
l

exp(u
(i)
l /T̂ )∑

k exp(u
(i)
k /T̂ )

(5) 060
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Figure 1: Estimated vs. generation temperature for
granite-4.0-micro.

Thus, the maximum likelihood estimate for T is061

the temperature at which the sum of the observed062

logits equals the sum of the expected logits pre-063

dicted by the model.064

2.2 Estimating the Temperature of Any Text065

Now, observe that the text we work on in the pre-066

vious subsection does not need to be a generated067

one. As soon as we have tokenized a text and have068

estimated the probability distributions for all the069

tokens in the text with some probabilistic model070

(for example, an LLM), we can estimate the text071

temperature using (4). This estimate will, of course,072

depend on the LLM model used.073

To specifically find the temperature, we numeri-074

cally solve equation (4) for T , given the logits for075

all the tokens and specific tokens present in the076

text.077

3 Estimating Temperature of078

LLM-Generated Texts079

To better understand the properties of the proposed080

temperature estimation approach, we generate texts081

with an assortment of LLMs in small to medium082

sizes representing different LLM families, finetun-083

ing levels and architectures:084

• Qwen3 0.6B,1.7B 4B, 8B, 14B (Yang et al.,085

2025) (normal, base and 4B-Thinking-2507)086

• Phi-4-mini (Microsoft Team, 2025) (reason-087

ing and instruct)088

Figure 2: Estimated vs. generation temperature for
Llama-3.2-3B.

• Llama 3.1 8B, 3.2 1B, 3B, 11B-Vision 089

(LLama Team, 2024) (base and instruct) 090

• gemma-3 270m, 1b, 4b, 12b (Gemma Team, 091

2025) 092

• DeepSeek-R1 distills: 0528-Qwen3-8B, 093

Qwen-1.5B, Qwen-7B, Qwen-14B, and 094

Llama-8B (DeepSeek AI, 2025) 095

• granite-4.0-micro (IBM Research, 2025) 096

(base and normal) 097

We use 4-bit BitsAndBytes NF4 quantized mod- 098

els through the HuggingFace Transformers library 099

(Wolf et al., 2020). All the texts are generated from 100

a single random seed-controlled token using batch 101

inference. We generate 10 texts 200 tokens long for 102

each temperature in a range from 0.001 to 2.401 103

with step 0.1. We do not use top-k, top-p or any 104

other decoding parameters such as no-repeat. To 105

estimate the temperature, we use SciPy (Virtanen 106

et al., 2020) root finding function root_scalar for 107

the reverse temperature with bracket [10−2, 104] 108

and initial value 5 ∗ 103. To speed up the computa- 109

tions we compute softmax (1, 5) using PyTorch on 110

GPU. The code was mostly written by Gemini. 111

3.1 What Does the Measured Temperature 112

Say About the Generation Temperature? 113

In the first series of experiments, we estimate the 114

temperature of texts generated by an LLM with the 115
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Figure 3: Qwen3-8B estimates Qwen3-4B

same LLM. For most LLMs, the estimated tem-116

perature insignificantly differs from the generation117

temperature.118

For all the models, we observe pronounced and119

systematic differences between estimated and gen-120

eration temperatures in areas of low and high tem-121

peratures (see Figures 1, 2). The difference in the122

low temperature area is the result of saturation123

when the generation with different temperatures124

produces one and the same result. Thus, the temper-125

ature estimation at low temperatures is an ill-posed126

problem that can be resolved using some kind of127

regularization yet to find. This constitutes an excit-128

ing area for future research. We don’t yet have an129

explanation for the discrepancy between estimated130

and generation temperatures at high temperatures.131

3.2 What Does the Measured Temperature132

say About the Model?133

In the second series of experiments, we estimate134

the temperature with an LLM different from the135

one used to generate the text. The observed behav-136

iors can be put into several qualitatively distinct137

groups. In one group, the graph of estimated vs.138

true temperature does not differ much from what a139

graph would be for the same LLM. This happens140

mostly for similar models in the families of Qwen,141

granite and LLama (see Figure 3 for an example).142

The other group consistently overestimates the143

generation temperature (see Figure 4 for an ex-144

ample). This is typical for DeepSeek distills and145

happens in some other cases, but never for base146

Figure 4: DeepSeek-R1-0528-Qwen3-8B estimates
DeepSeek-R1-Distill-Qwen-1.5B

models. We attribute this to narrower probabil- 147

ity distributions of finetuned, especially reasoning, 148

models. 149

Yet another group consists of model pairs that 150

produce a pronounced S-shaped graph (see Fig- 151

ure 5). Finally, there are model pairs that show 152

little to no correlation between the generation and 153

the estimated temperatures (see Figure 6 for an ex- 154

ample). This is often the case when either generator 155

or estimator models are gemma of Phi. 156

To digitize these observations, we calculated sta- 157

tistical metrics of goodness such as MAE, R2, Pear- 158

son p between observed and generation tempera- 159

tures for each pair of models. Figure 7 presents a 160

heatmap of MAE between the models. From this 161

heatmap we can conclude that: 162

• Models in Qwen, LLama and granite fami- 163

lies reasonably well estimate temperature of 164

models from these families. They estimate 165

even better when the generator and estimator 166

models are from the same family. 167

• DeepSeek, gemma and Phi models are not 168

good at both estimating and being estimated 169

• Base models are overall slightly better tem- 170

perature estimators than finetuned ones. Base 171

models better estimate base models and fine- 172

tuned better estimate finetuned ones. This is 173

especially pronounced for Llama family. 174

• Larger models are slightly better estimators 175
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Figure 5: DeepSeek-R1-0528-Qwen3-8B estimates
Meta-Llama-3.1-8B-Instruct

Dataset Mean t std
WikiText 1.0585 0.0645
Poetry 1.0089 0.1044
Jokes 1.1003 0.1037
GSM8K 1.0942 0.0992
Code/Python 0.9242 0.1539
IMDB 1.0244 0.0385
HH RLHF 1.0063 0.0641
AG News 1.1023 0.0734
Yelp 1.0349 0.0545

Table 1: Temperatures of corpora

• Qwen models are the best estimators, the ab-176

solute leader being Qwen3-14B-base177

4 Estimating Temperature of178

Human-written Corpora179

Based on the results in the previous section, we180

use Qwen3 14B Base as the preferred LLM for the181

temperature estimation. We estimate temperature182

of several diverse datasets: WikiText-103 (Merity183

et al., 2016), Poetry dataset (Unknown, 2025b),184

Jokes dataset (Unknown, 2025a), GSM8K (Cobbe185

et al., 2021), Python code (Unknown, 2025c),186

IMDB (Maas et al., 2011), HH RLHF (Bai et al.,187

2022; Ganguli et al., 2022), AG News (Zhang et al.,188

2015b; Gulli, 2005; del Corso et al., 2005), Yelp189

(Zhang et al., 2015a). We sample 300 texts from190

each dataset and average temperatures over texts in191

a dataset. The results are in the Table 1.192

Figure 6: gemma-3-1b-it estimates Qwen3-14B

Figure 7: Heatmap of MAE between models

The estimated temperatures are all close to 1. 193

This is unsurprising. Notable exceptions are Jokes, 194

GSM8K and AG News that have a statistically sig- 195

nificant higher temperature of 1.1, and Python code 196

that has a lower temperature of 0.9. Explaining 197

these temperature phenomena is an exciting topic 198

for future research. 199

5 Conclusion 200

We proposed a procedure to estimate the tempera- 201

ture of any text, with respect to a given language 202

model. We evaluated the temperature estimation 203

capability of a wide selection of small-to-medium 204

LLMs. While the temperatures measured for most 205

corpora are close to 1, the suggested method spots 206

some interesting temperature phenomena. 207
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Limitations208

The experiments were conducted for English only.209

This may limit generalization to other languages.210

The list of LLM tested is limited to small-to-211

medium models. Scaling laws, if any, are unclear.212
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