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TL;DR Quantifying Human-like Inducing Human-lik

.COHVEI‘.SEltl.Onal human-likeness plays a central | role in human-Al «» To train LLMs to be more human-like, first, we must quantify the
interaction: it can help Al understand and respond to us in more natural ways, abstract trait of “Human-likeness” into a number.
make Al-based education more effective, or help role-play difficult <+ We take inspiration from social science and turn the 32 reasons into a

conversations, such as doctor-patient interactions. Likert survey questionnaire to quantify the unquantifiable.

, , o ] o “* An LLM judge provides a Likert score between 1 and 5 for each of
Yet human-likeness remains difficult to define, measure, and optimize. In the 32 characteristics in HL32Q for each individual dialogue in the

this paper, we propose novel ways to answer these unexplored questions: Turing test dataset.

“* We use Direct Parameter
Optimization (DPO) — a popular
alignment algorithm to train LLMs P2 "¢
of 1 billion to 72 billion parameter
counts.

< Alignment algorithms work by

< Thus, every dialogue becomes a 32-dimensional answer vector (A). showing the model “preferred” and “rejected” examples and

To measure is to know. If

1. What Makes Human Conversation Human? “* We train a Linear Regression classifier to learn the weights (W) for you cannot measure it, rewarding the model to produce “preferred” work. The same
. . h dimension and a bias (b). you cannot improve it algorithm is used for training LLMs like ChatGPT to produce
0 cac g g p
2. How to Induce Those Traits in Al* < After feature reduction, we are left with 16 statements (HL16Q) that - Lord Kelvin harmless and helpful responses.

have the highest predictability of human-likeness (Table 1). < We create a synthetic dataset of 7200 dialogue pairs of

We propose a novel framework for training LLMs named HAL that, Mathematically, dialogues and evaluate them with HL16Q Judge (GPT-5). Higher-
. oo . . . . . . . Unseen dialogue . . . . « » .
v Identifies recurring conversational traits that reliably distinguish AcRY., WeRY, beR SIS (T scoring dialogue is considered “preferred”, and lower-scoring
human—human from human—AI dialogue - questions & . dialogue is considered a “rejected” sample for training.
v" Compresses these traits into an interpretable, scalar measure of r—_ [y log p + (1 — ) log(1 — p)} C o >
v" Uses this measure as a reward signal for aligning LLMs with standard Where V= 32 and 0(.) is the logistic function. L is 7
e the loss function for training logistic regression.
preference optimization methods ‘ ~ Lo
. | | LM Reasoner Training Performance
v DemOl’lStl"atES thI‘Ough human evaluatlon that mOdel a.hgned Wlth HAL o By passing a new dialogue with the I—IL16Q fﬂrs:l:zrdiafﬂgug > — EroBench— OB
. . . . . . : L | ? ode moBenc enc
are more frequently perceived as human-like. questions with an LLM judge, and multiplying EU EA
with the associated weights, we can measure the \l( e R E:%iggjg Eﬁfi)) 88(1) 3(1)2 i%g
“Human-likeness” of any new dialogue. A A ! W e RrM ] [LaMA3.23B (Base) 0.15 0.15  33.65
2 vew | wew
O LY B B A S TRE IR
® S LLaMA3.1-8B (Base : : i
What Makes d Conversatlon Human? W, W, ... .. - Wiy c LLaMA3.1-8B (HAL) 023 0.55  49.00
\l/ = Qwen2.5-14B (Base) 038 0.66  54.65
—8— meta-llama/Llama-3.2-1B-Instruct 2.5-14 A 040 0.67 52.25
] . No. Statement Weight " o 232':IZ??EEEE"?E’EE'IZiﬂﬂii 83232.5-325 Egas{;)) 050 073  58.70
Turlng test: a human ]Udgf Q @ Q1  Keeps replies brief and casual without over- 1.3736 Humanlikeness Score & Quen/quenz 5146 nstruct Qwen2.5-32B (HAL) 048 0.73 58.45
. E:{plaining_ 7 : meta—lIama/;lzn;az—BB.|3—7tOB—|tnstruct LLaMA3.3-70B (B&SB) 0.52 0.75 58.75
with a human and an Al anc /’m\ Q2  Uses emojis, emoticons, and playful elon- -0.2474 B M 2 ol . - e [LaMA3.3-70B (HAL) 050 0.74 5665
determine who is human. =7y gations. =) AW+ Quen2. s 7B (Base) 045 078 G20
()S ot }}2 Q3  Makes niche cultural references from per- -0.5006 1=1 P 3 H ik S . 10 CPTAo i 047 070 6135
| < = \\ sonal memory and assumes shared context. | o | igure 3: Human-likeness Score increases over
We use a Turing test = (C3 ) Q4  Uses lowercase texting style. 0.4703 Figure 1: Quantifying human-likeness for an Epochs for 1B to 72B parameter model sizes. Table 3: Models retains its performance E
/ \ \ 2 )/ P
dataset to find a si gna' I A N, [ Q5 Shows small typos, uneven punctuation, 0.7079 unseen dialogue with HL16Q Judge benchmarks after training
. . . . 7 L —— Vgl and informal grammar typical of quick tex- .
which traits differ in Al vs N ting. Human Evaluation
human conversation == Q6  Builds on the other person’s message and 0.3124
' context. v 2 f
T (\ AN I S—— Q7  Uses natural, idiomatic phrasing. -0.7266 _"3 T 3 LLMs, 326 31de-by-31de comparisons,
i /(= \OAN - Q8  Shows reciprocity by asking natural, -0.4266 p 1500+ messages, 64 human participants
’ _L_E m R context-aware follow-up questions that ad- E ; o ’
< g o e b (u] vance the chat. = b B, . . ¢ - »
2 - s ™ Py b, r' ™ (— > g Lo —
I BEEE.  © o » N Lker 09  Uses casesl, playful humot 03190 2 | ¥ + HAL is considered more “Human-like
g - 8 Wk p— Oo o— 0O > Reasoner :"“t'“"s Q10 Admits not knowing and asks to learn in- 0.1217 v 2 |
G |2 NE1E T witnessis g — 5 OO0 — s Il — stead of inventing details. S _¢l T | 6 1 7 B(y :
: “ o human @ crm— Oo o centroids L Q11 References immediate context or recent ac- -0.3562 0 1 ® 0 times
@ & = and why? o © O« com— - T | |
- = ) ’ = ’ Cluster all reasons ) ’ vy Human-Al Human-Human
T = Q12 Uses casual slang, abbreviations, and short- -0.2189 Model Comparisons Win-rate (%) Elo
Q13 Eir;?aljlriu;ﬂgieq with simple personal rea- 0.3429 Iglgturl&;: t2 : \(7(13)(1;1[1))P(|10: Oft HL1t6'Q' SC?{T@ ar glllt_o(fi_ Qwen2.5-14B (HAL) 227 61.78 1556.97
N/ : : . - . - - B . 1Strioution dalasScl containing numan- an
% First, we pass a pair of human-human and human-AlI dialogue to an LLM sons and constraints. Homan-Human conversations. Qwen?2.5-14B (Base) 207 53.62 1519.48
judge, and ask it to identify who is human and why? Q14  Stays on topic and steers the conversation -0.1819 GPT-40-mini 218 34.29 1423.55
rather than mirroring or deflecting. “* We validated HL16Q judge on an out
9 _ : 0 Q15 Sometimes shows impatience and ends the 0.2563 * ST ; ) Table 4° Pairw; luati Its usi in-rate and Elo ratine f 726 h :
s2 The best model (GPT 5) achieves 64.81% accuracy. chat quickly with a brief nicety. of-distribution dataset (Figure 2). able 4: Pairwise evaluation results using win-rate and Elo rating from 326 human comparisons.
. . by 99 . Q16 Gives direct answers about self with con- -0.1905 :
** We find the most common “reasons” by clustering the text and crete personal details. <» On a dialogue dataset from a Beyond human-likeness, the HAL framework can induce a range of soft
extracting the centroid. Table 1: HL16Q: Selected 16 Likert-style statement and ComPIEtel},, d_lfferenF dc?maln, HL16Q traits in LLMs, aligning them closely with human values.
& . h f; £ their weights W found by logistic regression. Judge statistically significantly
o By summarizing the reasons, we lnd 32 more requent reasons separates human-human and human-
(HL32Q) that separate human speaking patterns from Al. Al dialogues. Contact:
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