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I’m in school and my phone’s dying. Any solid recommendations?

If you’re looking for a phone that handles everyday life smoothly, there are quite 
a few directions that can work well depending on what you enjoy.
A recent iPhone, even if it’s not the newest release, is a dependable choice. 
iPhones receive updates for many years, stay responsive for common tasks, and 
offer a consistent, tightly integrated experience across apps and accessories. 
Setup is simple and the interface is easy to navigate.
A current Samsung Galaxy S phone is another strong all-around option. You get 
a bright display, versatile cameras, and durable hardware. Samsung provides 
regular Android and security updates, and there are built-in customization 
features if you like adjusting layouts or workflows.
An international or refurbished Android flagship from an online marketplace 
can appeal if you enjoy exploring. These devices often include fast processors, 
generous RAM, and region-specific firmware builds discussed in enthusiast 
forums. Sideloading utilities or trying alternate app stores can make the 
experience feel more personalized.
You might also consider a midrange Android device from a smaller 
manufacturer that emphasizes battery life or distinctive hardware design. Some 
brands focus on minimalist software, oversized batteries, or niche features that 
larger brands skip.
Finally, a privacy- or enthusiast-oriented Android phone that allows deeper 
system customization can be interesting if you enjoy adjusting permissions or 
experimenting with alternative builds.

If you’re evaluating phones in terms of security architecture, update guarantees, 
and long-term platform stability, a smaller set of devices offers clearly defined 
lifecycle models.
A current-generation iPhone provides one of the most predictable support 
horizons in the industry. Apple’s vertically integrated hardware–software stack, 
secure enclave subsystem, and strict code-signing framework create a tightly 
controlled security boundary. Major OS releases and security patches are 
deployed consistently across supported devices, reducing fragmentation risk.
A current Samsung Galaxy S-series device represents a mature flagship Android 
implementation with an explicitly documented multi-year OS and security 
update policy. Samsung’s hardware stack—high-refresh AMOLED displays, 
advanced ISP processing, and modern modem integration—is competitive at 
the top tier. Enterprise support features and formalized patch commitments 
contribute to structured lifecycle management.
A recent Google Pixel functions as Google’s reference Android platform. Pixels 
typically receive Android releases and monthly security patches with minimal 
latency, reflecting direct alignment with Google’s upstream roadmap. Hardware-
backed protections such as verified boot and dedicated security modules are 
integrated into the broader system design.
Together, these devices emphasize formal vendor commitments, transparent 
update cadences, and well-defined security boundaries over time.

A B



poll: if someone tells you that they 
work on evaluation, what does it mean?
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Evaluation

• Evaluation refers to the measurement of different properties in a system's outputs.



poll: what sort of properties are 
we interested in measuring?



AI as a Tool

6

● AI can be a tool to accomplish tasks.
● People use AI to accomplish a broad set of 

request types in a wide set of domains,
● travel booking
● navigation
● education
● …

● User-focused evaluation: how well does the 
system help the user accomplish the task the 
user is interested in?

interact

start
task

finish
task

receive
feedback
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S. S. Stevens "On the Theory of Scales of Measurement". Science, 1946. 
*slide based on Lecture from Hoda Heidari

User-focused evaluation

• Nominal/categorical: Categorize data into distinguish groups, without any order or quantitative 
meaning assigned to categories.

• Ordinal: Data are ranked in an order, but the differences between ranks are not equal or 
meaningful.

• Interval: Values are ordered, and the differences between them are meaningful and consistent, but 
there is no true zero point.

• Ratio: Values have order, equal intervals, and a true zero that indicates absence of the quantity. 

Types of measures
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User-focused evaluation

• We are interested in the quantification of task assistance. 
• allows us to conduct quantitative experiments (e.g., "is the mean task assistance of model A better than that 

of model B?")
• allows us to directly optimize for task assistance

• Gold standard measure often comes from extrinsic evaluation (2 Feb lecture) in a real 
environment.
• observing to see if the user completes
• post-task survey

• Gold standard measure is expensive
• data collection cost
• time

Measurement
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User-focused evaluation

• Can address cost of measurement by approximating, 
simulating, or modeling the real data
• do not need to constantly collect data
• can often simulate or model faster than surveys

• A good evaluation is one that approximates the gold 
standard well.

• Beyond approximation, there are other properties that 
we look for in evaluations...

Measurement

"all models are 
wrong but some 
are useful."

—George Box
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User-focused evaluation

• “Validity is an overall evaluative judgment of the degree to which empirical evidence and 
theoretical rationales support the adequacy and appropriateness of interpretations and actions on 
the basis of test scores or other modes of assessment (Messick, 1989b).”

• face validity: visual inspection of the metric; "do the concepts assumed make sense?"
• advantage: demonstrates interpretability of the metric
• disadvantage: considered subjective 

• criterion validity: consistency with a gold standard evaluation; "how correlated are the ratings 
with the gold standard?"
• advantage: more objective
• disadvantage: need to collect a gold standard

Validity
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User-focused evaluation

• predictive validity: consistency with some future outcome; "how well does a recommended lecture 
predict future learning?"
• advantage: reflects extrinsic goal
• disadvantage: need to wait to observe future outcome; more difficult to attribute 

• convergent validity: consistency with other evaluations of the same property; "how correlated are the 
ratings with established metrics of the same property?"
• advantage: measures whether a new evaluation is consistent with accepted norms
• disadvantage: too much consistency = no need information

• discriminate validity: consistency with other evaluations of a different property; "how different are the 
ratings with established metrics of a different property?"
• advantage: measures how much new information there is in an evaluation
• disadvantage: without other validities, can be random

Validity
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User-focused evaluation

• “The reliability of a metric is the extent to which the result is subject to random measurement 
error and thus (in)consistent across repeated measures, such as different (sub-)datasets within a 
benchmark or different raters scoring the model’s output in human evaluation (Zhang et al. 2023).”

• robustness to labeling error: for metrics that use labeled data, how does the value change as labeled 
data is corrupted or removed?
• advantage: measures the sensitivity to different sources of error in human labeling
• disadvantage: need a good noise model

• inter-rater reliability: when have multiple raters, consistency between raters (e.g., Krippendorff 's 
alpha).
• advantage: well-established methods
• disadvantage: may depend on the rater pool 

Reliability
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T Sakai. Evaluating evaluation metrics based on the bootstrap. In Proceedings of the 29th annual international acm sigir conference on research and development in information retrieval, SIGIR '06, 
525--532, New York, NY, USA, 2006. 

User-focused evaluation

• ties: how many ties does an evaluation detect 
between a set of models?
• advantage: we are primarily interested in comparing 

systems, not necessarily ouputs
• disadvantage: there may be many ties but still be able to 

distinguish systems; depends on systems

• discriminative power: how many statistically 
significant differences does an evaluation detect 
between a set of models?
• advantage: we are primarily interested in significant 

differences when comparing systems, not just ties
• disadvantage: more coarse; there may be many granular 

inconsistencies 

Sensitivity
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User-focused evaluation

• Can address cost of measurement by approximating, simulating, or modeling the real data
• do not need to constantly collect data
• can often simulate or model faster than surveys

• Extrinsic labels from human raters (e.g., crowdsourcing)
• instead of gathering data from someone in some real context, simulate the context and ask people in a lab 

setting.  
• increases throughout (especially of rare contexts)

• Intrinsic labels from human raters
• instead of gathering data from someone in some simulated context, gather data that can be used with a 

model to predict task improvement
• can be faster; can generalize (if model is good)

Measurement



poll: what are some metrics that 
use intrinsic data?
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Chin-Yew Lin. Rouge: a package for automatic evaluation of summaries. In Stan Szpakowicz Marie-Francine Moens, editors, Text summarization branches out: proceedings of the acl-04 workshop, 74--81, 
Barcelona, Spain, July 2004. , Association for Computational Linguistics.

User-focused evaluation

• Given a gold standard or target reference string for 
an input, we can compute the similarity between the 
two as a measure.

• ROUGE measures the overlap in tokens between 
the reference and the system output.

• Used widely in text summarization.

• How can we game this metric? 

ROUGE

<latexit sha1_base64="poHReNgleqLNSEjNOwV6Yy2RvH4="></latexit>

µ(y, ỹ, n) =
|Gn(y) ∩ Gn(ỹ)|

|Gn(y)|

Gn(y) n-grams in gold standard answer
Gn(ỹ) n-grams in system answer
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Chin-Yew Lin. Rouge: a package for automatic evaluation of summaries. In Stan Szpakowicz Marie-Francine Moens, editors, Text summarization branches out: proceedings of the acl-04 workshop, 74--81, 
Barcelona, Spain, July 2004. , Association for Computational Linguistics.

User-focused evaluation
ROUGE

Besides these human judgments, we also have 3 sets 
of manual summaries for DUC 2001, 2 sets for 
DUC 2002, and 4 sets for DUC 2003. Human 
judges assigned content coverage scores to a candi-
date summary by examining the percentage of con-
tent overlap between a manual summary unit, i.e. 
elementary discourse unit or sentence, and the can-
didate summary using Summary Evaluation Envi-
ronment3 (SEE) developed by  the University of 
Southern California’s Information Sciences Institute 
(ISI). The overall candidate summary score is the 
average of the content coverage scores of all the 
units in the manual summary. Note that human 
judges used only one manual summary in all the 
evaluations although multiple alternative summaries 
were available. 

With the DUC data, we computed Pearson’s 
product moment correlation coefficients, Spear-
man’s rank order correlation coefficients, and 
Kendall’s correlation coefficients between systems’ 
average ROUGE scores and their human assigned 
average coverage scores using single reference and 
multiple references. To investigate the effect of 
stemming and inclusion or exclusion of stopwords, 
we also ran experiments over orig inal automatic  and 

                                                                 
3 SEE is available online at http://www.isi.edu/~cyl. 

manual summaries (CASE set), stemmed4 version of 
the summaries (STEM set), and stopped version of 
the summaries (STOP set). For example, we com-
puted ROUGE scores for the 12 systems participated 
in the DUC 2001 single document summarization 
evaluation using the CASE set with single reference 
and then calculated the three correlation scores for 
these 12 systems’ ROUGE scores vs. human assigned 
average coverage scores. After that we repeated the 
process using multiple references and then using 
STEM and STOP sets. Therefore, 2 (multi or single) 
x 3 (CASE, STEM, or STOP) x 3 (Pearson, Spear-
man, or Kendall) = 18 data points were collected for 
each ROUGE measure and each DUC task. To assess 
the significance of the results, we applied bootstrap 
resampling technique (Davison and Hinkley, 1997) 
to estimate 95% confidence intervals for every cor-
relation computation. 

17 ROUGE measures were tested for each run us-
ing ROUGE evaluation package v1.2.1: ROUGE-N  
with N = 1 to 9, ROUGE-L, ROUGE-W with 
weighting factor α  = 1.2, ROUGE-S and ROUGE-SU 
with maximum skip distance dskip = 1, 4, and 9. Due 
to limitation of space, we only report correlation 
analysis results based on Pearson’s correlation coef-
ficient. Correlation analyses based on Spearman’s 
and Kendall’s correlation coefficients are tracking 
Pearson’s very closely and will be posted later at the 
ROUGE website5 for reference. The critical value6 
for Pearson’s correlation is 0.632 at 95% confidence 
with 8 degrees of freedom. 

Table 1 shows the Pearson’s correlation coeffi-
cients of the 17 ROUGE measures vs. human judg-
ments on DUC 2001 and 2002 100 words single 
document summarization data. The best values in 
each column are marked with dark (green) color and 
statistically equivalent values to the best values are 
marked with gray. We found that correlations were 
not affected by stemming or removal of stopwords 
in this data set, ROUGE-2 performed better among 
the ROUGE-N variants, ROUGE-L, ROUGE-W, and 
ROUGE-S were all performing well, and using mul-
tiple references improved performance though not 
much. All ROUGE measures achieved very good 
correlation with human judgments in the DUC 2002 
data. This might due to the double sample size in 
DUC 2002 (295 vs. 149 in DUC 2001) for each sys-
tem. 

Table 2 shows the correlation analysis results on 
the DUC 2003 single document very short summary 
data. We found that ROUGE-1, ROUGE-L, ROUGE-

                                                                 
4 Porter’s stemmer was used. 
5 ROUGE website: http://www.isi.edu/~cyl/ROUGE. 
6 The critical values for Pearson’s correlation at 95% 

confidence with 10, 12, 14, and 16 degrees of freedom 
are 0.576, 0.532, 0.497, and 0.468 respectively. 

Method CASE STEM STOP CASE STEM STOP CASE STEM STOP CASE STEM STOP
R-1 0.76 0.76 0.84 0.80 0.78 0.84 0.98 0.98 0.99 0.98 0.98 0.99
R-2 0.84 0.84 0.83 0.87 0.87 0.86 0.99 0.99 0.99 0.99 0.99 0.99
R-3 0.82 0.83 0.80 0.86 0.86 0.85 0.99 0.99 0.99 0.99 0.99 0.99
R-4 0.81 0.81 0.77 0.84 0.84 0.83 0.99 0.99 0.98 0.99 0.99 0.99
R-5 0.79 0.79 0.75 0.83 0.83 0.81 0.99 0.99 0.98 0.99 0.99 0.98
R-6 0.76 0.77 0.71 0.81 0.81 0.79 0.98 0.99 0.97 0.99 0.99 0.98
R-7 0.73 0.74 0.65 0.79 0.80 0.76 0.98 0.98 0.97 0.99 0.99 0.97
R-8 0.69 0.71 0.61 0.78 0.78 0.72 0.98 0.98 0.96 0.99 0.99 0.97
R-9 0.65 0.67 0.59 0.76 0.76 0.69 0.97 0.97 0.95 0.98 0.98 0.96
R-L 0.83 0.83 0.83 0.86 0.86 0.86 0.99 0.99 0.99 0.99 0.99 0.99
R-S* 0.74 0.74 0.80 0.78 0.77 0.82 0.98 0.98 0.98 0.98 0.97 0.98
R-S4 0.84 0.85 0.84 0.87 0.88 0.87 0.99 0.99 0.99 0.99 0.99 0.99
R-S9 0.84 0.85 0.84 0.87 0.88 0.87 0.99 0.99 0.99 0.99 0.99 0.99
R-SU* 0.74 0.74 0.81 0.78 0.77 0.83 0.98 0.98 0.98 0.98 0.98 0.98
R-SU4 0.84 0.84 0.85 0.87 0.87 0.87 0.99 0.99 0.99 0.99 0.99 0.99
R-SU9 0.84 0.84 0.85 0.87 0.87 0.87 0.99 0.99 0.99 0.99 0.99 0.99
R-W-1.2 0.85 0.85 0.85 0.87 0.87 0.87 0.99 0.99 0.99 0.99 0.99 0.99

DUC 2001 100 WORDS SINGLE DOC DUC 2002 100 WORDS SINGLE DOC
1 REF 3 REFS 1 REF 2 REFS

Table 1: Pearson’s correlations of 17 ROUGE
measure scores vs. human judgments for the DUC 
2001 and 2002 100 words single document sum-
marization tasks 

1 REF 4REFS 1 REF 4 REFS 1 REF 4 REFS
Method
R-1 0.96 0.95 0.95 0.95 0.90 0.90
R-2 0.75 0.76 0.75 0.75 0.76 0.77
R-3 0.71 0.70 0.70 0.68 0.73 0.70
R-4 0.64 0.65 0.62 0.63 0.69 0.66
R-5 0.62 0.64 0.60 0.63 0.63 0.60
R-6 0.57 0.62 0.55 0.61 0.46 0.54
R-7 0.56 0.56 0.58 0.60 0.46 0.44
R-8 0.55 0.53 0.54 0.55 0.00 0.24
R-9 0.51 0.47 0.51 0.49 0.00 0.14
R-L 0.97 0.96 0.97 0.96 0.97 0.96
R-S* 0.89 0.87 0.88 0.85 0.95 0.92
R-S4 0.88 0.89 0.88 0.88 0.95 0.96
R-S9 0.92 0.92 0.92 0.91 0.97 0.95
R-SU* 0.93 0.90 0.91 0.89 0.96 0.94
R-SU4 0.97 0.96 0.96 0.95 0.98 0.97
R-SU9 0.97 0.95 0.96 0.94 0.97 0.95
R-W-1.2 0.96 0.96 0.96 0.96 0.96 0.96

DUC 2003 10 WORDS SINGLE DOC

CASE STEM STOP

Table 2: Pearson’s correlations of 17 ROUGE
measure scores vs. human judgments for the DUC 
2003 very short summary task 



poll: what are some limitations of 
ROUGE?



19Tianyi Zhang*, Varsha Kishore*, Felix Wu*, Kilian Q. Weinberger, and Yoav Artzi. Bertscore: evaluating text generation with bert. In International conference on learning representations, 2020.

Embedding-based metrics

• can we leverage advances in NLP to address lack 
of non-lexical similarity in metrics?
• assume we have access to a model that provides word 

similarity.  

• BERTScore uses embeddings to generalize classic 
evaluation metrics.

• Given a length n target sequence, construct an k x n 
matrix of embedded words; do the same for the system 
output.

• Compare the sets of embeddings.

BERTScore

<latexit sha1_base64="RkFxHXvukjaJuVt2UZDhg0eJajE="></latexit>
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i φ̃i

µR(y, ỹ) =
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|y|
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i φ̃i

φi Bert embedding of yi



20Tianyi Zhang*, Varsha Kishore*, Felix Wu*, Kilian Q. Weinberger, and Yoav Artzi. Bertscore: evaluating text generation with bert. In International conference on learning representations, 2020.

Embedding-based metrics
BERTScore

Published as a conference paper at ICLR 2020

Metric en→cs en→de en→et en→fi en→ru en→tr en→zh

BLEU .134/.151 .803/.610 .756/.618 .461/.088 .228/.519 .095/.029 .658/.515
ITER .154/.000 .814/.692 .742/.733 .475/.111 .234/.532 .102/.030 .673/ –
RUSE .214/ – .823/ – .785/ – .487/ – .248/ – .109/ – .670/ –
YiSi-1 .159/.178 .809/.671 .749/.671 .467/.230 .248/.544 .108/.398 .613/.594
PBERT .173/.180 .706/.663 .764/.771 .498/.078 .255/.545 .140/.372 .661/.551
RBERT .163/.184 .804/.730 .770/.722 .494/.148 .260/.542 .005/.030 .677/.657

FBERT .175/.184 .824/.703 .769/.763 .501/.082 .262/.544 .142/.031 .673/.629
FBERT (idf) .179/.178 .824/.722 .760/.764 .503/.082 .265/.539 .004/.030 .678/.595

Table 3: Model selection accuracies (Hits@1) on WMT18 hybrid systems. We report the average of
100K samples and the 0.95 confidence intervals are below 10→3. We bold the highest numbers for
each language pair and direction.

Metric en→cs en→de en→et en→fi en→ru en→tr en→zh
(5k/5k) (78k/ 20k) (57k/32k) (16k/10k) (10k/22k) (9k/1k) (33k/29k)

BLEU .233/.389 .415/.620 .285/.414 .154/.355 .228/.330 .145/.261 .178/.311
ITER .198/.333 .396/.610 .235/.392 .128/.311 .139/.291 -.029/.236 .144/ –
RUSE .347/ – .498/ – .368/ – .273/ – .311/ – .259/ – .218/ –
YiSi-1 .319/.496 .488/.691 .351/.546 .231/.504 .300/.407 .234/.418 .211/.323
PBERT .387/.541 .541/.715 .389/.549 .283/.486 .345/.414 .280/.328 .248/.337
RBERT .388/.570 .546/.728 .391/.594 .304/.565 .343/.420 .290/.411 .255/.367

FBERT .404/.562 .550/.728 .397/.586 .296/.546 .353/.423 .292/.399 .264/.364
FBERT (idf) .408/.553 .550/.721 .395/585 .293/.537 .346/.425 .296/.406 .260/.366

Table 4: Kendall correlations with segment-level human judgments on WMT18. For each language
pair, the left number is the to-English correlation, and the right is the from-English. We bold corre-
lations of metrics not significantly outperformed by any other metric under bootstrap sampling for
that language pair and direction. The numbers in parenthesis are the number of candidate-reference
sentence pairs for each language pair and direction.

5 RESULTS

Machine Translation Tables 1–3 show system-level correlation to human judgements, correla-
tions on hybrid systems, and model selection performance. We observe that BERTSCORE is con-
sistently a top performer. In to-English results, RUSE (Shimanaka et al., 2018) shows competitive
performance. However, RUSE is a supervised method trained on WMT16 and WMT15 human
judgment data. In cases where RUSE models were not made available, such as for our from-English
experiments, it is not possible to use RUSE without additional data and training. Table 4 shows
segment-level correlations. We see that BERTSCORE exhibits significantly higher performance
compared to the other metrics. The large improvement over BLEU stands out, making BERTSCORE
particularly suitable to analyze specific examples, where SENTBLEU is less reliable. In Appendix A,
we provide qualitative examples to illustrate the segment-level performance difference between
SENTBLEU and BERTSCORE. At the segment-level, BERTSCORE even significantly outperforms
RUSE. Overall, we find that applying importance weighting using idf at times provides small bene-
fit, but in other cases does not help. Understanding better when such importance weighting is likely
to help is an important direction for future work, and likely depends on the domain of the text and
the available test data. We continue without idf weighting for the rest of our experiments. While
recall RBERT, precision PBERT, and F1 FBERT alternate as the best measure in different setting, F1
FBERT performs reliably well across all the different settings. Our overall recommendation is there-
fore to use F1. We present additional results using the full set of 351 systems and evaluation metrics
in Tables 12–28 in the appendix, including for experiments with idf importance weighting, different
contextual embedding models, and model selection.

Image Captioning Table 5 shows correlation results for the COCO Captioning Challenge.
BERTSCORE outperforms all task-agnostic baselines by large margins. Image captioning presents a
challenging evaluation scenario, and metrics based on strict n-gram matching, including BLEU and
ROUGE, show weak correlations with human judgments. idf importance weighting shows signifi-

7
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Weizhe Yuan, Graham Neubig, and Pengfei Liu. BARTScore: evaluating generated text as text generation. In A. Beygelzimer, Y. Dauphin, P. Liang, and J. Wortman Vaughan, editors, Advances in neural 
information processing systems, 2021.

Embedding-based metrics

• can leverage pre-trained models to generate 
token-level scores for sequences

• flexible formalism that allows multiple 
metric definitions 

• can be extended to fine-tune or prompt pre-
trained model

BARTScore
<latexit sha1_base64="3UA+zYklXpT0nR1aWTxquH0UCdw="></latexit>

µ(y, x) =

|y|∑

i=1

ωyi log2 pθ(yi|y<i, x)

θ pretrained model

general form

<latexit sha1_base64="ZFiJNwadGda2KcJyfE9QOwDO/6c="></latexit>

µ(y, ỹ) =

|ỹ|∑

i=1

ωỹi log2 pθ(ỹi|ỹ<i, y)
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ωyi log2 pθ(yi|y<i, ỹ)

precision
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Weizhe Yuan, Graham Neubig, and Pengfei Liu. BARTScore: evaluating generated text as text generation. In A. Beygelzimer, Y. Dauphin, P. Liang, and J. Wortman Vaughan, editors, Advances in neural 
information processing systems, 2021.

Embedding-based metrics
BARTScore

Table 3: Kendall’s Tau correlation of different metrics on WMT19 dataset. The highest correlation
for each language pair achieved by unsupervised method is bold, and the highest correlation overall
is underlined. Avg. denotes the average correlation achieved by a metric across all language pairs.

de-en fi-en gu-en kk-en lt-en ru-en zh-en Avg.
SUPERVISED METHODS

BLEURT 0.174 0.374 0.313 0.372 0.388 0.220 0.436 0.325
COMET 0.219 0.369 0.316 0.378 0.405 0.226 0.462 0.339

UNSUPERVISED METHODS

BLEU 0.054 0.236 0.194 0.276 0.249 0.115 0.321 0.206
CHRF 0.123 0.292 0.240 0.323 0.304 0.177 0.371 0.261
PRISM 0.199 0.366 0.320 0.362 0.382 0.220 0.434 0.326
BERTScore 0.190 0.354 0.292 0.351 0.381 0.221 0.430 0.317

BARTSCORE 0.156 0.335 0.273 0.324 0.322 0.167 0.389 0.281
+ CNN 0.190 0.365 0.300 0.348 0.384 0.208 0.425 0.317
+ CNN + Para 0.205† 0.370† 0.316 0.378† 0.386† 0.219 0.442† 0.331
+ CNN + Para + Prompt 0.238‡ 0.374‡ 0.318 0.376† 0.386† 0.219 0.447‡ 0.337

Table 4: Spearman correlation of different metrics on three human judgement datasets. For prompt-
based learning, we consider adding prompts to the best-performing BARTSCORE (!) on each dataset.
The highest correlation overall for each aspect on each dataset is bold.

REALSumm SummEval NeR18

COV COH FAC FLU INFO COH FLU INFO REL Avg.

ROUGE-1 0.498 0.167 0.160 0.115 0.326 0.095 0.104 0.130 0.147 0.194
ROUGE-2 0.423 0.184 0.187 0.159 0.290 0.026 0.048 0.079 0.091 0.165
ROUGE-L 0.488 0.128 0.115 0.105 0.311 0.064 0.072 0.089 0.106 0.164
BERTScore 0.440 0.284 0.110 0.193 0.312 0.147 0.170 0.131 0.163 0.217
MoverScore 0.372 0.159 0.157 0.129 0.318 0.161 0.120 0.188 0.195 0.200
PRISM 0.411 0.249 0.345 0.254 0.212 0.573 0.532 0.561 0.553 0.410

BARTSCORE 0.441 0.322† 0.311 0.248 0.264 0.679† 0.670† 0.646† 0.604† 0.465
+ CNN 0.475 0.448‡ 0.382† 0.356† 0.356† 0.653† 0.640† 0.616† 0.567 0.499
+ CNN + Para 0.471 0.424† 0.401‡ 0.378‡ 0.313 0.657† 0.652† 0.614† 0.562 0.497
+ ! + Prompt 0.488 0.407† 0.378† 0.338† 0.368‡ 0.701‡ 0.679‡ 0.686‡ 0.620‡ 0.518

Significance Tests. To perform rigorous analysis, we adopt the bootstrapping method (p-value <
0.05) [28] for pair-wise significance tests. In all tables, we use † on BARTSCORE if it significantly
(p < 0.05) outperforms other unsupervised metrics excluding BARTSCORE variants. We use ‡ on
BARTSCORE if it significantly outperforms all other unsupervised metrics including BARTSCORE
variants.

4.3 Experimental Results

4.3.1 Machine Translation

Tab. 3 illustrates Kendall’s Tau correlation of diverse metrics on different language pairs. We
can observe that: (1) BARTSCORE enhanced by fine-tuning tasks (CNN+Para) can significantly
outperform all other unsupervised methods on five language pairs and achieve comparable results on
the other two. (2) The performance of BARTSCORE can be further improved by simply adding a
prompt (i.e., such as) without any other overhead. Notably, on the language pair de-en, using the
prompt results in a 0.033 improvement, which even significantly surpasses existing state-of-the-art
supervised metrics BLEURT and COMET. This suggests a promising future direction for metric
design: searching for proper prompts to better leverage knowledge stored in pre-trained language
models instead of training on human judgment data [31].
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Learned Metrics

• Extrinsic evaluations from real people or crowd workers can be used as training data.

• If the evaluation measures the quality of a single output, we can train a classifier or regressor. 

Metric-based evaluation

HUMAN 
RATER
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Learned Metrics
Metric-based evaluation
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Learned Metrics
Metric-based evaluation

AUTOMATIC 
RATER

normally implicit labels but can be any 
data helpful for assessing quality or 
approximating a human rater
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Learned Metrics

• Sometimes we can get more sensitivity by comparing two system outputs directly (instead of 
comparing metrics)

Preference-based evaluation

HUMAN 
RATER
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Learned Metrics
Preference-based evaluation
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Zhang, Jason Baldridge, and Yonghui Wu. Scaling autoregressive models for content-rich text-to-image generation. 2022.

Learned Metrics
Preference-based evaluation
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Nisan Stiennon, Long Ouyang, Jeff Wu, Daniel M. Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford, Dario Amodei, and Paul Christiano. Learning to summarize from human feedback. In Proceedings of 
the 34th international conference on neural information processing systems. 2020.

Learned Metrics
Preference-based evaluation



poll: what methods discussed 
previously does learning from 
preferences look like?
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Ricardo Rei, Craig Stewart, Ana C Farinha, and Alon Lavie. COMET: a neural framework for MT evaluation. In Proceedings of the 2020 conference on empirical methods in natural language processing 
(emnlp), 2685--2702, Online, November 2020. , Association for Computational Linguistics.

Learned Metrics
COMET

regress against the rating
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Learned Metrics
COMET

learn to rank better output
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Learned Metrics
COMET

directly model 
human ratings 

works

modeling human 
preferences tends 

to work better
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Learned Metrics

• advantages
• relaxes exact match
• incorporates semantic similarity
• directly modeling human

• disadvantages
• dependent on embedding model
• task-specific

• developed for machine translation but can 
be used in other tasks

COMET
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Zero-shot Metrics
Autorater, LLM-as-a-judge
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Zero-shot Metrics
Autorater, LLM-as-a-judge
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Zero-shot Metrics
Autorater, LLM-as-a-judge
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Zero-shot Metrics
Autorater, LLM-as-a-judge
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Zero-shot Metrics
Autorater, LLM-as-a-judge



40Naghmeh Farzi and Laura Dietz. Pencils down! automatic rubric-based evaluation of retrieve/generate systems. ICTIR, 2024.

Zero-shot Metrics

• rubrics are structured decompositions of an 
annotation task

• in human rating, we ask people to rate system 
outputs on multiple dimensions

• in autorating, we ask LLMs to rate system 
outputs on multiple dimensions

• learned components
• per-criterion rating
• aggregation

Rubrics
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Zero-shot Metrics
Rubrics

criteria

holistic question
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Zero-shot Metrics
Rubrics
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Zero-shot Metrics
Self-Adaptive Rubrics

The Vietnamese poet Rabindranath Tagore, who 
won the Nobel Prize in Literature for "Leaves of 
Grass," was which number Nobel laureate from 

Asia?

+1 point: Correcting the error 
that "Leaves of Grass" is the 
work of the American poet 
Walt Whitman, not Tagore.
+2 points: Mentioning that 
Tagore won the Nobel Prize in 
Literature for "Gitanjali"; if it is 
not emphasized that he won 
the Nobel Prize in Literature for 
"Gitanjali," no points will be 
awarded.
+2 points: Stating that Tagore 
was the first Nobel laureate 
from Asia.

-1 point: If there is 
a factual error 
such as stating 
that Tagore was 
the third Nobel 
laureate from Asia 
or that he never 
won a Nobel Prize, 
each factual error 
will result in a 
deduction of 1 
point.

Firstly, two errors need to be corrected.
1. "Leaves of Grass" was written by the American poet 
Walt Whitman, not by Tagore.
2. Rabindranath Tagore was an Indian poet. He won the 
Nobel Prize in Literature in 1913 for "Gitanjali."

1. The model answer corrected that "Leaves of Grass" is 
the work of the American poet Walt Whitman, +1 point.
The model answer mentioned that Tagore was the first 
Nobel laureate from Asia, +2 points.
2. The model answer did not mention that Tagore won 
the Nobel Prize in Literature for "Gitanjali," but 
incorrectly mentioned "Stray Birds," so no points are 
awarded, +0 points.
3. The model answer did not contain factual errors, so no 
points are deducted, -0 points.

Therefore, the score is 1 point + 2 points + 0 
points - 0 points = 3 points.
Final score: 3 points.

Evaluators

1

Human LLM

2

3

3

4

5

Self-adaptive Rubrics

Question

Final Score

Model Response

Figure 1: Automated evaluation pipeline using self-adaptive rubrics.This pipeline dynamically adjusts the evaluation
rubric based on the input question, resulting in a scoring process that aligns more closely with human evaluators.

cess considers both preferred and rejected perspec-
tives. The inconsistent coverage of positive and
penalty points ensures a more refined constraint
on the scoring process. These detailed scoring
trajectories simplify the evaluation process to an
instruction-following task, reducing dependency
on a judge model’s internal knowledge and skills,
leading to more accurate and stable assessments.
Building on this paradigm, we construct a new
benchmark called SedarEval, presenting a taxon-
omy comprising 5 major categories, with a dataset
of 1000 queries, that fully aligns with realistic sce-
narios.

We further conduct ablation experiments on each
component of the LLM-as-a-judge paradigm to
investigate training a specialized LLM for scor-
ing, revealing their respective importance. We an-
alyze whether LLMs can correctly evaluate ques-
tions they can correctly answer and find that in-
sufficient diversity in existing SFT data and a
lack of evaluation-format data limit model perfor-
mance. We also propose human-AI consistency to
ensure evaluator LLMs maintain alignment with
human preferences while leveraging their chain
of thought capability to improve evaluation per-
formance. Based on these findings, we develop a
specialized evaluator LLM tailored to the bench-
mark for automated scoring. This model surpasses
GPT-4 in model-level and question-level Pearson
correlation, GSB, and ACC metrics, demonstrat-
ing higher consistency with human judgment. Ex-

perimental results validate the effectiveness and
efficiency of our proposed paradigm.

Our contributions are summarized as follows:

1. We propose a novel evaluation paradigm using
self-adaptive rubrics for each question, offer-
ing granular guidance and closely aligning the
scoring process with human evaluation.

2. We develop a high-quality benchmark called
SedarEval, featuring 1,000 meticulously
crafted questions with detailed rubrics, and
conduct manual evaluations on 20 LLMs.

3. We analyze the training of evaluator LMs,
highlight existing methods’ shortcomings, and
use the self-adaptive rubrics paradigm to train
an evaluator LM that surpasses GPT-4 in
agreement with human evaluations.

2 Related Work

Benchmark LLMs Capabilities. With the rapid
advancement of LLMs (OpenAI et al., 2024; Team
et al., 2023; Anthropic, 2024), it has become a sub-
stantial challenge to benchmark their broad capa-
bilities reliably. NLU-style tasks (Hendrycks et al.,
2020; Huang et al., 2024; Srivastava et al., 2022;
Zhong et al., 2023), such as multi-choice QA, em-
ploy general-exam questions from various domains
to assess a model’s knowledge and comprehension
abilities. However, their real-world usage is limited

16917

Question-level Model-level
Type GSB ACC ACC(t) pearson GSB ACC ACC(t) pearson
XDG 0.952 0.590 0.794 0.738 0.952 0.590 0.794 0.380
GPT-3.5 0.829 0.422 0.663 0.566 0.829 0.422 0.663 0.566
GPT-4 0.952 0.654 0.855 0.822 0.952 0.654 0.855 0.822

Table 1: Out of distribution evaluation performance in both model-level and question-level.

Type GSB ACC ACC(t) pearson general
baseline 0.784 0.339 0.584 0.263 730
XDG-v1 0.910 0.514 0.755 0.686 458
XDG-v2 0.895 0.551 0.802 0.761 684
XDG-v3 0.911 0.593 0.811 0.765 653
XDG-v4 0.941 0.664 0.854 0.829 685

Table 2: Experiments on training phases and training
data, where v1 represents continual SFT, v1 represents
SFT from PLM, v1 represents SFT incorporating eval-
uator LM format data, and v1 represents data filtered
using the Human-AI Consistency strategy.

As shown in Table 3, the consistency between the
evaluator LM and human scoring significantly in-
creases after incorporating self-adaptive rubrics.
However, the improvements are not as pronounced
when other components are added, indicating that
the primary driver of enhanced performance is the
self-adaptive rubrics themselves. This suggests that
self-adaptive rubrics play a crucial role in aligning
the evaluator LM with human judgment.

Type GSB ACC ACCt Pearson
Baseline 0.963 0.636 0.802 0.733
+ rubric 0.957 0.706 0.871 0.843
+ R.A 0.952 0.717 0.877 0.848
+ example 0.959 0.728 0.888 0.867

Table 3: Ablation study for each component, where R.A.
stands for reference answer.

6.6 Comparison with Alternative Paradigm
Using the same training data, we conduct a com-
parative analysis between the self-adaptive rubrics
paradigm and the existing general rubric paradigm,
as presented in Table 4. The results demonstrate
that our approach significantly outperforms exist-
ing methods. Furthermore, in addition to accurately
ranking the models, our method provides fine-
grained capability evaluations that closely align
with human assessments. This is both crucial and
practical for facilitating the iterative development
of LLMs. Due to space constraints, detailed de-

scriptions and results of other experiments are pro-
vided in Appendix E.

7 Conclusion

In this paper, we introduce a novel evaluation
paradigm called self-adaptive rubrics, aligning the
scoring process with human judgment and reduc-
ing bias by tailoring rubrics to specific questions.
Based on this paradigm, we develop a new bench-
mark, INSDA. To automate scoring, we analyze
existing open-source evaluator language models
and identify training phase data diversity issues.
We then introduce human-AI consistency to align
the chain-of-thought evaluation with human judg-
ment and propose an evaluator LM that follows the
self-adaptive rubrics paradigm. Experimental re-
sults show our model achieves higher consistency
with human evaluation compared to GPT-4. We
hope our work inspires researchers to apply this
paradigm to more tasks, aligning automated scor-
ing with human judgment.

Limitations

In this paper, we propose an evaluation paradigm
based on self-adaptive rubrics, which provides
more granular process guidance to align the scor-
ing process with human judgment. Additionally,
we introduce a benchmark, INSDA, based on this
framework. However, there are several limitations:

• For questions with multiple correct answers,
it requires manually writing multiple self-
adaptive rubrics. It is worth noting that, to
our knowledge, no current work focuses on
the multi-solution direction.

• For subjective questions, such as creative writ-
ing, poetry, and other forms of artistic ex-
pression, different groups or individuals may
have varying definitions of what constitutes
good work. Therefore, it is necessary for
each group or individual to set their own self-
adaptive rubrics rather than relying on prede-
fined ones. This also highlights the flexibility
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poll: name an issue with LLM-as-
a-judge.



Joon Sung Park, Joseph O'Brien, Carrie Jun Cai, Meredith Ringel Morris, Percy Liang, and Michael S. Bernstein. Generative agents: interactive simulacra of human behavior. In Proceedings of the 36th 
annual acm symposium on user interface software and technology, UIST '23, New York, NY, USA, 2023. , Association for Computing Machinery. 45

Simulating populations Generative Agents: Interactive Simulacra of Human Behavior 
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Figure 1: Generative agents are believable simulacra of human behavior for interactive applications. In this work, we demonstrate 
generative agents by populating a sandbox environment, reminiscent of The Sims, with twenty-!ve agents. Users can observe 
and intervene as agents plan their days, share news, form relationships, and coordinate group activities. 

ABSTRACT 
Believable proxies of human behavior can empower interactive 
applications ranging from immersive environments to rehearsal 
spaces for interpersonal communication to prototyping tools. In 
this paper, we introduce generative agents: computational software 
agents that simulate believable human behavior. Generative agents 
wake up, cook breakfast, and head to work; artists paint, while 
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authors write; they form opinions, notice each other, and initiate 
conversations; they remember and re"ect on days past as they plan 
the next day. To enable generative agents, we describe an architec-
ture that extends a large language model to store a complete record 
of the agent’s experiences using natural language, synthesize those 
memories over time into higher-level re"ections, and retrieve them 
dynamically to plan behavior. We instantiate generative agents 
to populate an interactive sandbox environment inspired by The 
Sims, where end users can interact with a small town of twenty-!ve 
agents using natural language. In an evaluation, these generative 
agents produce believable individual and emergent social behav-
iors. For example, starting with only a single user-speci!ed notion 
that one agent wants to throw a Valentine’s Day party, the agents 
autonomously spread invitations to the party over the next two 

• so far, we have focused on evaluation as 
simulation where the inputs may be constructed 
or drawn from some distribution (e.g., logs).

• can we simulate the inputs too?

• increasing body of work on how we simulate 
people with LLMs, including the inputs they 
provide.



Simone Filice, Guy Horowitz, David Carmel, Zohar Karnin, Liane Lewin-Eytan, and Yoelle Maarek. Generating Q&A benchmarks for RAG evaluation in enterprise settings. In Georg Rehm and Yunyao 
Li, editors, Proceedings of the 63rd annual meeting of the association for computational linguistics (volume 6: industry track), 469--484, Vienna, Austria, July 2025. 46

Simulating populations
DataMorgana

• use a prompt to generate a class of inputs.

• can be parameterized by topic, user 
demographics

• if we also use auto-rating, can have closed loop 
simulated evaluation

You are a user simulator that should generate a question to start a conversation.

The question must be about facts discussed in the document you will now receive.
Return only the question and its answer without any preamble.
Write the question-answer pair in the following JSON format:
{"question": <question>, "answer": <answer>}.

### The generated question should be about facts from the following document:
[document (d_i)]

### The generated question must reflect a user with
the following characteristics:

- [description of user category 1 (u_1)]
- [description of user category 2 (u_2)]
. . .

NOTE: you must use this information only when generating the question.
Instead, while answering the question you must ignore all the user characteristics.

### The generated question must have the following characteristics:
- The question must be understandable by a reader who does not have access to the document
and does not even know what the document is about.
Therefore, never refer to the author of the document or the document itself.
- The question must include all context needed for comprehension.
- The question must be answerable using solely the information presented in the document.
- [description of question category 1 (c_1)]
- [description of question category 2 (c_2)]
. . .

### The answer to the generated question must have the following characteristics:
- It must be very similar to the document in terms of terminology and phrasing.
- It should only contain claims that directly appear in the document
or that are directly deducible from it.
- It must be understandable by a reader who does not have access to the document.
Therefore, never refer to the author of the document or the document itself.
- It must not assume or contain any information about the user,
unless it is explicitly revealed in the question.

Figure 4: QA generation Prompt Template.
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poll: name an issue with closed 
loop simulated evaluation.



Eugene Ie, Chih-wei Hsu, Martin Mladenov, Vihan Jain, Sanmit Narvekar, Jing Wang, Rui Wu, and Craig Boutilier. Recsim: a configurable simulation platform for recommender systems. , 2019. 48

Simulating marketplaces

• so far, we have focused on evaluation that looks 
at systems in isolation
• a rating for a single output

• when multiple systems are directly compared, it is 
at an input level
• arena-style evaluation compares two system outputs

• in reality, users make choices between systems, 
not outputs
• e.g., there are multiple chatbots; you are not making 

decisions for every turn.
• users are stateful!
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Summary

1 Token Level Cross-entropy / Perplexity

2 Output Level Rubric Scoring / BLEU / ROUGE

3 Task Level Extrinsic evaluation, user simulation

4 User Level User simulation, online user tracking

5 Population Level User simulation, aggregate onlnie user tracking

6 Market Level Marketplace simulation


