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Overview Inference with Auxiliary Aspects

= Background: Multi-aspect evaluation is crucial to assess the
performance of language models comprehensively.

Algorithm 1: Inference Pipeline

/(Auxiliary Inference)\ /(Auxiliary Inference)x

Input: I{)ZS;( (Aspect Dot} Input: I{)E":S;( (Aspect Def. Input: Set of evaluation aspects A, Target aspect a,
. . . ' SR ' S NLG system’s output z, Additional set of
= Problem: How to generalize to any customized evaluation aspects? s the following & the following texts 53,’ Scoring finction £(-), Evaluation
understandable consistent with verbalizer ’U( -), Similarity measure sim(-),
= Solution: Two-stage instruction tuning to (1) learn to follow customized according to the the source? Sentence encoder £
: : : : : reference? {sourcej Output: Target score c;
evaluahpn mstruchqns, and (2) exploit the connections between gzz::zie} ﬁgﬂf;ffi} // Determine top-k auxiliary aspects
fine-grained evaluation aspects. {reference} 1 L+ {(sim(£(a),€(ar)),a) | a € A\ {a:}}
| Output: Yes )\ Output: No y 2 Sort L in descending order based on similarity
° ° . ) . ) . R
- Contributions: A universal evaluator with the following strengths: " 3 AT first k aspects from sorted L
e // Generate verbalized evaluation
o o ofe . . . . 1S S€ntence 1S K
= (1) Generalization ability: adapt to user-specified instructions in a [ understandable, } onsistent with the source. results for auxiliary aspects

4 Initialize an empty auxiliary evaluation set ‘H

5 for a, € A" do
// Score for auxiliary aspect

6 cr < f(z,Sr,ar)

zero-shot manner with a unified model.
= (2) Strong performance with high efficiency: achieves strong

/< Target Inference )\‘/

Input: {Task Des.} {Aspect Def.}

~

performance with only 780M parameters. 1> i senence according fo the // Add verbalized evaluation to the
(3) R f f d {source} auxiliary evaluation set
- eference-free and open-source. trontonee) 7| H e Bv(en an)]
{reference} B

8 S; « [St;H]
// Evaluate the target aspect

Evaluation of Auxiliary Aspects:
This sentence is understandable.

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
1
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
- - I
This sentence is not |
C I
|
|
|
|
1
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
1

NLG Tasks Evaluation on Fine- This sentence is not consistent with the source. 9 ¢; +— f(x,Ss, Gt)
. . 10 returnc
| Dialogue Generation N grained Aspects \Jutput: Yes / t
User: I’m quite upset [ '
because I did a bad Coherence: 0.8
job in my work. Experiments & Discussions
Bot: Well, I think you .
should work harder. Interestingness: 0.3 Meta-evaluation on dialogue based on unseen aspects on FED:
. J )
seeeese . Dialogue-level Turn-level
/[ Summarization ]—\ Metrics DEP LIK UND FLE INF INQ | AVG | INT SPE COR SEM UND | AVG
BARTScore (Yuan et al., 2021) 0.082 0.099 -0.115 0.093 0092 0.062 | 0.052 | 0.159 0.083 0.076 0.100 0.120 | 0.128
Source: Paul Merson DynaEval (Zhang et al., 2021) 0.498 0.416 0.365 0.383 0426 0410 | 0416 | 0.327 0.346 0242 0.202 0.200 | 0.263
has restarted his row UniEval (Zhong et al., 2022) 0.046 0.009 -0.024 -0.003 -0.070 0.085 | 0.030 | 0.435 0.381 0.125 0.051 0.082 | 0.215
: GPTScore (GPT-3-d01) (Fu et al., 2023) | 0.669 0.634 0.524 0.515 0.602 0.503 | 0.574 | 0.501 0214 0434 0.444 0365 | 0.392
with Andros Townsend GPTScore (GPT-3-d03) (Fu et al., 2023) | 0.341 0.184 0.196 0.072 0317 -0.101 | 0.168 | 0.224 0.151 0428 0405 0.311 | 0.304
after the Tottenham Coherence: 0.7 G-Eval (GPT-3.5)t (Liu et al., 2023) 0339 0392 0.123 0344 0232 0.101 | 0259 | 0.30 0.280 0430 0.390 0274 | 0.335
: X-Eval G-Eval (GPT-4)7 (Liu et al., 2023) 0.583 0.614 0.602 0.587 0510 0551 | 0.573 | 0.506 0.368 0.522 0.443 0.438 | 0.455
midfielder was brought
. X-EVAL (Ours) 0.583 0.436 0.588 0.324 0480 0.497 | 0485 | 0421 0370 0492 0376 0.332 | 0.398
on with only Seven - w/o Training 0.377 0387 0394 0424 0370 0.417 | 0395 | 0250 0.175 0.296 0.289 0.225 | 0.247
minutes Fluency: 0.4 - w/o Instructions 0.350 0333 0495 0355 0425 0435 | 0399 | 0477 0353 0.203 0255 0.211 | 0.300
S Paul M - w/o Stage-Two Tuning 0.388 0324 0.555 0384 0.582 0437 | 0.445 | 0372 0282 0.418 0329 0311 | 0342
ummary: Paul Merson
has restarted his row cecsee . o
\With Andros. .. y \ Meta-evaluation on summarization on SummeEval:
. Coherence Consistency Fluency Relevance AVG
oo Metrics
P T P T P T P T P T
X-EVAL: Two-stage Instruction Tuning with Auxiliary Aspects ROUGE-L (Lin, 2004) 0.128 0.099 | 0.115 0.092 | 0.105 0.084 | 0.311 0.237 | 0.165 0.128
MOVERSscore (Zhao et al., 2019) | 0.159 0.118 | 0.157 0.127 | 0.129 0.105 | 0.318 0.244 | 0.191 0.148
BERTScore (Zhang* et al., 2020) 0.284 0.211 | 0.110 0.090 | 0.193 0.158 | 0.312 0.243 | 0.225 0.175
- Derive four types of evaluation tasks to increase the task diversity. BARTScore (Yuan et al., 2021) 0.448 0342 | 0382 0.315 | 0.356 0.292 | 0.356 0.273 | 0.385 0.305
. . . . - UniEval (Zhong et al., 2022) 0.495 0.374 | 0.435 0.365 | 0.419 0.346 | 0.424 0.327 | 0.443 0353
» Enhance instruction tuning with auxiliary aspects. GPTScore (Fu et al., 2023) 0434 - |0449 — |0403 - |0381 - |0417 -
. . ; ' ' G-Eval (GPT-3.5) (Liu et al., 2023) | 0.440 0.335 | 0.386 0.318 | 0.424 0.347 | 0.385 0.293 | 0.401 0.320
Intr.oduce ASpeCtlnStrUCt, the ﬁrSt mUHj aSpeCt evaluahon instruction G-Eval (GPT-4) (Liu et al., 2023) 0.582 0.457 | 0.507 0.425 | 0455 0378 | 0.547 0.433 | 0.514 0418
tUﬂlng dataset Wlth 2/ dl\/@l"SG aSpeCtS on three NLG taSkS' X-EVAL (Ours) 0.530 0.382 | 0.428 0.340 | 0.461 0.365 | 0.500 0.361 | 0.480 0.362
- w/o Training 0.187 0.131 | 0.193 0.152 | 0.135 0.104 | 0.444 0.325 | 0.240 0.178
- w/o Instructions 0.458 0.333 | 0.414 0.328 | 0.395 0.309 | 0.496 0.359 | 0.441 0.333
- w/o Stage-Two Tuning 0.536 0.385 | 0.413 0.326 | 0455 0.360 | 0.503 0.363 | 0476 0.359

Stage 1: Vanilla Instruction Tuning Stage 2: Instruction Tuning w/ Auxiliary Aspects

/—(Boolean QA) N Boolean QA w/ Auxiliary Aspects) ~
Input: {Task Des.} {Aspect Def.} Input: {Task Des.} {As.pect Def. }
Is this an engaging response? Is this an engaging response?
{Response} {Response}
Evaluation of Auxiliary Aspects:
N Output: Yes ) The response is human-like and natural.
The response contains interesting content.
/—( Scoring ) N
Input: {Task Des.} {Aspect Def.} \Output: Yes -/
Assign an engagingness score to the Scori - N
coring w/ Auxiliary Aspects
following response on a scaleof 1 to 5 ... = = j \

Input: {Task Des.} {Aspect Def.}
Assign an engagingness score to the following
response on a scaleof 1t0 5 ...
{Response}
Evaluation of Auxiliary Aspects:
The response 1s somewhat human-like and
natural.

{Response}

. Output: 2

/—( Ranking ) )
Input: {Task Des.} {Aspect Def.}
Provide a ranking among the following
three responses ...
{Response 1} {Response 2} {Response 3}

\ Output: 2

/
f(Comparison w/ Auxiliary Aspects)

~
Input: {Task Des.} {Aspect Def.}
Among the following two responses which one
1S more engaging?
{Response 1} {Response 2}
Evaluation of Auxiliary Aspects:
Response 2 is more human-like and natural.

\Output: 2>3>1

/—< Comparison ) )

Input: {Task Des.} {Aspect Def.}
Among the following two responses
which one is more engaging?
{Response 1} {Response 2}

. Output: Response 2 \Output: Response 2

/

https.//github.com/VT-NLP/XEval

Effect of the scale of language model backbones:
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» Present X-Eval, a novel two-stage instruction-tuning framework for text
evaluation across seen and unseen aspects.

= Collect Aspectinstruct, the first instruction-tuning dataset for
multi-aspect evaluation.

= Our method achieves a comparable if not higher correlation with

human judgments compared to the state-of-the-art NLG evaluators.
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