Overview

Despite the remarkable success of LLMSs, critical concerns arise --- LLMs
often generate unreliable answers given varying prompts.

However, previous studies on model knowledge evaluation primarily assess
accuracy, not reliability.
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Fig1. Accuracy v.s. Reliability

In this work, we evaluate the reliable knowledge generation ability of
LLMs and present a statistical approach, KaRR.
 a vast suite for large-scale knowledge evaluation.
« applied on 20 LLMs, our method effectively assesses their factual
knowledge generation reliability.
« KaRR score correlates highly with human evaluation and mitigates
evaluation variance and spurious correlation

Graphical Model for Knowledge

To evaluate LLM knowledge reliably, we decompose the knowledge
symbols and text forms.

o Q Text (S, R, O)

Fig2. Graphical model for knowledge assessment

We establish the connection between symbols and text forms
- Latent variables S, R, O represents the symbolic subject, relation, and
object, respectively

- o, 3,7 denotes the random variables for the textual forms (textual
aliases™)

*Aliases” are alternative names for entities or relations, defined in Wikidata
(https://www.wikidata.org/wiki/Help:Aliases).

Code and data: doxiu/KAssess (github.com)
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Knowledge Assessment Risk Ratio Experimental Results

Based on the graphical model, we propose a new metric for knowledge assessment,
KaRR.

A. Basic Information and Human Evaluation

Subj. Obj. Rel. Rel Method Recall Kendall’s 7 p-value

Method Alias Alias Alias Cvg.

KaRR assesses the joint impact of subject and relation symbols on the LLMs’ LAMA@1 83.25% 0.17 0.10
- . LAMA@1 X X X 6.83% LAMA@10 65.81% 0.08 0.23
ability to generate the object symbol. LAMA@I0O X X X 683% ParaRel ~ 69.15% 0.2 0.02
ParaRel X X v/ 6.33% K-Prompts 78.00 % 0.32 0.03

KaRR v v v 100% KaRR 95.18 % 0.43 0.03

This joint impact comprises two components:
(1) the impact of specifying 7" or not on M generating O given S.

Tab1. Basic information Tab2. Results of human evaluation

* Our method has a good coverage of various relations and entity aliases, our
assessment suite contains 994,123 entities and 600 relations.

Relation given « KaRR exhibits a strong correlation with human assessment.

(7, occupation)

Subject () __Workedasa Object (0) : - : -
B. Evaluation Variance and Spurious Correlation

__.’soccupation was a . l _____ — P(ols, 1)

= (Relation not given (R) | — ~ LM e (p(ogs, ) Method Var (}))  Std () Method SP(l) AP(J)
Shakespeare playwright.

S af Avisi ertdrils dramatist. LAMA@]1 1.90 1.37 LAMA@1 3.81 0.00
worked as a i LAMA@10 5.14 297 LAMA@10  64.29 4731
AT KaRR,(s,r,0) = > 1% ”R ParaRel 0.77 0.94 ParaRel 2.66 0.51
r [P(o]s, R)] K-Prompts 2.34 5.47 K-Prompts 0.00 -7.54
KaRR 0.67 0.82 KaRR 1.94  -14.94

Tab4. Evaluation variance Tab5. Spurious correlation

e Compared to previous methods, KaRR results are more robust and less influenced
by the spurious correlation.

Fig3. lllustration of KaRR,

(2) the impact of specifying S or not on M generating O given T..

Subject given
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C. KaRR Scores on 20 LLMs
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Tab6. Evaluation results on 20 LLMs Fig5. Scaling results
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Computing KaRR using Graphical Model s |

« KaRR is formulated based on knowledge symbols, while directly computing the
KaRR score using the definition (on symbols) is unfeasible.

. - . . KaRR the 30 best k lati f OPT-350M
 The graphical model for knowledge assessment facilitates the implementation anh scores on e ST best knoln refations @

1.0
OPT-350M

of KaRR by employing model probabilities on the text. 22 oPT 18
m04 I OPT-175B
Bl v
Sy P(Belsr) ST P (gl Be) Plolyy) ] ﬁ ﬁ|
KaRR; (s, 0) = Srar ] : : ]7—0—6{ x{—uﬁ ﬁ!wﬁ_;mln!—:—x—.eaa_l—é—&%—m—wb
CYZ M 'y S,ai 0] S,Oéi ,')/ y ?6 '50 PN L ¥ Q‘\-b‘ ’\6 Q’Lq Q’btb Q07 Q07 QY 3b‘ VY T M ¢ ® Q’L\’ Q’\:b e Q\’b Q’b’b Q‘\-6 qub <L Q’\:b 7
Z P( |)Z P (]’ )P( | ]) AN 9% At A0 400k b (b b 9% ok ad (6l (6% an® apd A1 400 ond (10 ok 20 % 31296 1L o3

KaRR scores on the 30 best known relations of OPT-350M
Fig6. KaRR scores on different relations when scaling up OPT
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KaRR(s,7,0) = « small and medium-sized LLMs struggle with generating correct facts consistently.

* instruction tuning could influence knowledge consistency and correctness.

Please refer to the paper for further definitions of the symbols. - scaling law: larger models generally hold more factual knowledge.



https://github.com/dqxiu/KAssess

