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Abstract

Counterspeech generation has emerged as a
promising approach to combat online hate
speech, with recent work focusing on control-
ling attributes used in counterspeech, such as
strategies or intents. While these attributes are
often evaluated automatically using classifiers,
a key goal of this evaluation is to compare the

performance of different generation models.
However, the validity of such evaluation re-
sults is questionable when the classifiers them-
selves have only modest performance. This
paper examines the automatic evaluation of
counterspeech attributes using a multi-attribute
counterspeech dataset containing 2,728 sam-
ples. We investigate when automatic evalua-
tion can be trusted for model comparison and
address the limitations of current evaluation
methodologies. We make concrete recommen-
dations for how to perform classifier validation
before model evaluation. Our classifier val-
idation results demonstrate that even limited
classifiers can produce trustworthy model rank-
ings. Therefore, we argue that when comparing
counterspeech generation models, a classifier’s
ability to rank generation models is a more
direct measure of its practical utility than tradi-
tional classification metrics, e.g., accuracy and
FI.

1 Introduction

Counterspeech is defined as a dialogue-driven
method that seeks to counteract and curb the spread
of online hate speech!. Significant research has
focused on generating fluent, non-toxic and diversi-
fied counterspeech using natural language process-
ing (NLP) techniques. There is a recent focus on
generating counterspeech with various strategies,
including warning of consequences, using empa-
thy or affiliation, fact-checking, etc (Mathew et al.,
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Figure 1: Three-step process for automatic evaluation
of controllable counterspeech generation models, high-
lighting classifier validation integrated as a key but often
overlooked intermediate step between step 1 and 3.

2019; Chung et al., 2021). In this paper, we fo-
cus on the automatic evaluation of the attributes of
counterspeech, i.e., the controllability of genera-
tion. Large Language Models (LLMs) have made
it unprecedentedly easy to generate high-quality
counterspeech (Saha et al., 2024), and researchers
use classifiers to evaluate counterspeech attributes
automatically. It has created a critical need for
robust automatic evaluation. A primary goal of
evaluation is to enable objective model compari-
son, allowing researchers and practitioners to com-
pare the performance of different LLMs and se-
lect the one that best suits their objectives (Walker,
2025; Nucci, 2025). These comparisons inform
high-stakes decisions, yet little research has ex-
amined how we can validate automatic evaluation
of counterspeech generation — how do we know
when to trust a classifier? This leads to our over-
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Paper Dataset Auto evaluation Human evaluation
Source | Annotators | Classifier Metric | Done? | Annotators
Saha et al. (2022) | Public | — Third party | none yes 5 experts
Gupta et al. (2023) | Own Experts Fine-tuned | Accuracy | yes 60 experts
Saha et al. (2024) | Public | — Fine-tuned | F1 no -
Hengle et al. (2024) | Own Unknown | Fine-tuned | none yes 35 experts
Wang et al. (2024) | Own ChatGPT ChatGPT none no -
Kumar et al. (2025) | Own Experts Fine-tuned | Accuracy | no -

Table 1: Summary of the evaluation approach of counterspeech attributes used in existing research.

arching research question: When can we trust the
automatic evaluation of controllable counterspeech
generation? We argue that model comparison re-
sults should be trustworthy when the classifier’s
rankings of multiple generation models are consis-
tent with human judgements, regardless of absolute
performance scores.

Manually evaluating generated counterspeech is
time-consuming and labour-intensive. Therefore,
current research relies heavily on classifiers (fine-
tuned/zero-shot/few-shot) for automatic evaluation
of controllability, with examples in Gupta et al.
(2023); Wang et al. (2024). However, these clas-
sifiers face significant limitations with only mod-
est, sometimes even low classification performance.
As observed by Chung et al. (2021), humour and
hypocrisy in counterspeech are challenging to de-
tect, with only 0.44 and 0.49 F1. As the authors
suggested, this limited performance is likely caused
by the challenges of the task, as counterspeech at-
tributes often intersect, making it difficult for classi-
fiers to distinguish between them. Also, data anno-
tations for attributes are subjective, as evidenced by
a fair-to-moderate inter-annotator agreement score
(Cohen’s k: 0.4-0.6) reported in existing datasets
(Poudhar et al., 2024). For the purpose of our study,
we fine-tuned multiple classifiers on a dataset we
annotated and observed moderate to strong perfor-
mance (macro-F1: 0.64-0.85). This motivates RQ
1: How critical is high classifier performance for
automatic evaluation? Can imperfect classifiers
still reliably rank LLMs?

Since annotating counterspeech attributes is in-
herently subjective, we trained separate classifiers
using each annotator’s labels to investigate how this
variation in opinion affects evaluation outcomes.
This motivates RQ 2: When comparing models,
how does the variation in annotator opinions affect
the results of automatic evaluation?

In this paper, we examine the common practice

of automatic evaluation of controllable counter-
speech generation. Through validating classifiers,
it was observed that even classifiers with imper-
fect F1 or accuracy can produce trustworthy model
rankings. We therefore argue that when the goal is
to compare generation models, researchers should
prioritise validating a classifier’s ranking alignment
with human judgments over relying solely on its
classification scores. This step can be integrated
into existing evaluation pipelines, resulting in a
three-step process (illustrated in Figure 1): (1) a
classifier is required to detect counterspeech at-
tributes; (2) validate the classifier to assess its trust-
worthiness for automatic evaluation; (3) use the
classifier to compare generation models. We re-
lease a multi-attribute counterspeech dataset to sup-
port further research in this area.

2 Background

2.1 Controllable Counterspeech Generation

Counterspeech is a broad term that varies widely
in its characteristics; the context in which it is
delivered plays a role in determining the appro-
priate response. Mathew et al. (2019) observed
that different target groups favour different coun-
terspeech strategies. They observed that among
the African-American community, counterspeech
with strategies of “warning of consequences” and
“denouncing hateful” received more likes than other
types. With controllable counterspeech generation,
it is possible to tailor the content to align with the
preferences of target communities. Gupta et al.
(2023); Hengle et al. (2024); Saha et al. (2024);
Poudhar et al. (2024); Wang et al. (2024); Kumar
et al. (2025) focus on generating attributes that
have been previously analysed in various studies
(Benesch et al., 2016; Chung et al., 2019; Mathew
et al., 2019), including “warning”, “questioning”,
“empathy”, “facts”, etc. Meanwhile, studies in Saha
et al. (2022); Mun et al. (2023); Sougata and Rohini
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(2023) focus on attributes outside this taxonomy,
such as emotions or argument schemes.

2.2 Evaluation of Controllability

Previous studies on counterspeech generation with-
out controllable styles have typically relied on
ground truth comparisons for evaluation (Qian
et al., 2019; Zhu and Bhat, 2021). In contrast,
most recent work on controllable counterspeech
generation adopts reference-free automatic eval-
uation methods to assess controllability. A pri-
mary goal of this evaluation is to compare different
generation models, for example, to select the best-
performing set of hyperparameters. To do this,
some studies fine-tune classifiers to evaluate at-
tribute accuracy (Gupta et al., 2023; Hengle et al.,
2024; Saha et al., 2024; Kumar et al., 2025), while
some use LLMs (Wang et al., 2024) or public mod-
els (Saha et al., 2022). As shown in Table 1, only
some work report classifier classification perfor-
mance (e.g. Fl/accuracy), however, they proceed
with automatic evaluation without further valida-
tion. Among all studies, automatic evaluation is
applied only at the final stage to compare gener-
ation models, and it remains unclear whether it
was used during model development. Saha et al.
(2024); Wang et al. (2024); Kumar et al. (2025)
rely solely on automatic evaluation, whereas Saha
et al. (2022), Gupta et al. (2023) and Hengle et al.
(2024) supplement it with human evaluation (with
annotators different from those in dataset creation)
on a subset of generations to confirm automatic
evaluation results.

Some studies have also built classifiers to de-
tect counterspeech attributes that are useful for
evaluation (Chung et al., 2021; Mun et al., 2023;
Sougata and Rohini, 2023; Poudhar et al., 2024),
however, judging by traditional metrics like accu-
racy and F1, existing classifiers face significant lim-
itations. For instance, the classifier for “hypocrisy”
in Saha et al. (2024) achieved the lowest F1 score of
0.59 among all attributes. Similarly, the classifier
for “hypocrisy” in Chung et al. (2021) achieved
a macro-F1 of 0.49 under a multilingual setting,
while the classifier for “humour” achieved an even
lower F1 of 0.44. The few-shot GPT-4 model in
Mun et al. (2023) achieved an average F1 score
of 0.6 on six attributes. In Poudhar et al. (2024)’s
work, the macro-averaged F1 of the few-shot GPT-
3.5 classifier across all attributes is 0.62. Gupta
et al. (2023) and Hengle et al. (2024) use a multi-
class classifier, with an accuracy of 0.75. Chung

et al. (2021) observed that certain counterspeech
attributes may share similarities or intersect with
each other, making it challenging for classifiers to
distinguish their differences which leads to limited
performance. It seems challenging to build a clas-
sifier that achieves top performance for all coun-
terspeech attributes. Given these shortcomings, it
is crucial to investigate whether classifiers are, de-
spite their flaws, trustworthy enough to be used for
automatic evaluation of generation models.

3 Data

To investigate in-depth automatic counterspeech
generation, we construct a dataset that is made
publicly available to the community?.

3.1 Counterspeech Attributes

In constructing our dataset, we adopt the coun-
terspeech taxonomy from Benesch et al. (2016),
which has been widely adopted by research on con-
trollable counterspeech generation (Gupta et al.,
2023; Hengle et al., 2024; Saha et al., 2024; Poud-
har et al., 2024; Wang et al., 2024; Kumar et al.,
2025). We took their taxonomy of common coun-
terspeech strategies and added a separate label
about the counter-speaker’s Stance towards the
hate speaker. The counterspeech strategies at-
tributes include: Factual, Denouncing, Empathy
and Hypocrisy, with definitions in Appendix A. A
counterspeech might employ multiple or no strate-
gies, but it must have one label for Stance. In
the first example in Table 2, the counter-speaker
uses two strategies in their response. In the sec-
ond example, the counter-speaker does not use any
strategies in their response.

3.2 Dataset Construction

We construct an English counterspeech dataset
based on the publicly available hate speech dataset
from Fanton et al. (2021). We use their dataset con-
sisting of 880 hate speech (H_S) sentences with
their corresponding 2,728 counterspeech produced
in the first human-in-the-loop session (C_S). We
hired five native English speaker annotators (named
Al — A5) to label the 2,728 H_S/C_S pairs ac-
cording to the strategies used in the counterspeech.
For the guidelines, see Appendix A. The annotators
are five undergraduate/PhD students in computer
science with age ranging between 21-30. All an-
notators took part in two training sessions. They

L ink: https://osf.io/azb63/?view_only=
3e05bd61045b4a2cb5ec3581caec1368
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# Example

Attributes

1 Hate Speech: Must be hard being gay. They have to do everything we do but

also find the time to molest children.

Counterspeech: Child molesters are not all gay, just as men are not all rapists.

Factual: v/
Denouncing: v
Stance: neutral

2 Hate Speech: White immigrants are welcome.

Counterspeech: What about when they come from other races or religions?

Stance: antago-
nistic

Table 2: Examples of counterspeech to hate speech comments and the attributes present in each.

Attribute End of training | Final
Factual 0.479 | 0.438
Denouncing 0.475 | 0.432
Empathy 0.407 | 0.350
Hypocrisy 0.317 | 0.280
Stance 0.382 | 0.354

Table 3: The inter-annotator agreement scores of each
attribute calculated with Fleiss’ Kappa.

- Attribute Counts
Attributes per C_S
P Factual 1472
Counts total .
Denouncing 551
0 317
Empathy 680
1 1768 ;
) 626 Hypocrisy 378
Neutral 1459
3 27 ..
4 0 Positive 260
Antagonistic 1009

Table 4: (Left) The total number of counterspeech that
has 0, 1, 2, 3 and 4 strategies labels. (Right) The counts
of each attribute in the dataset.

were shown 20 randomly selected H_S/C'_S pairs,
discussed the annotation guideline and labelled the
20 samples together, then discussed more counter-
speech attribute examples and separately worked
on another randomly selected 50 pairs before dis-
cussing those as a group. All annotators had access
to support resources since viewing hateful and of-
fensive content can be distressing. Table 3 (mid-
dle column) shows the Fleiss’ « (Fleiss, 1971) for
inter-annotator agreement (IAA) for each of the at-
tributes annotated after the second training session.
Detecting the presence or absence of attributes in
counterspeech is an inherently hard and subjective
task as counterspeech attributes may intersect with
each other, as observed by Chung et al. (2021).
2,628 H_S/C_S instances were split between
annotators, while 100 pairs were annotated by all
five annotators to measure IAA (Table 3, right col-
umn). Results show a moderate degree of agree-
ment between annotators on the attributes Factual

and Denouncing, while there is only fair agree-
ment with the remaining attributes, demonstrating
variations in interpretations of attributes and the
subjectivity of the task. For the 100 samples anno-
tated by five annotators, we use a majority vote to
decide the final label. We also refer to these 100
samples and their attribute labels as the ground-
truth data throughout the rest of the paper.

Table 4 presents the number of attributes found
in each of the counterspeech samples and the num-
ber of occurrences of each attribute in the dataset.
Most counterspeech only has one strategy attribute
(1768) and some have two (626). Other counter-
speech did not have any specific strategy in the
response (317). There are 27 counterspeech with
three attributes, while no counterspeech has four
attributes. With regard to the counts of attributes in
counterspeech, Hypocrisy and Stance-positive
are the least used in the data.

3.3 Attribute Analysis

To provide deeper insight into the relationships be-
tween labels, we calculated attribute co-occurrence
statistics. The analysis reveals that counterspeech
strategies often intersect (also observed by Chung
et al. (2021)), which helps explain the inherent diffi-
culty of the annotation task and it may be the reason
for low to moderate IAA scores. For example, Ta-
ble 8 shows that 39% of Empathy counterspeech
instances and 33% of Denouncing instances also
contain Factual content. Such co-occurrence of-
ten reflects multi-strategy counterspeech in which
a single reply both corrects misinformation and
criticises the hate speaker’s words. As observed in
Table 9, the choice of Stance is strongly correlated
with the strategies of the response, particularly for
antagonistic counterspeech. For Denouncing (297
out of 551) or Hypocrisy (223 out of 378) coun-
terspeech, over half were delivered with an antago-
nistic stance, while Factual counterspeech is the
least likely to be delivered with an antagonistic
stance.
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4 Automatic Evaluation of Controllable
Counterspeech Generation

We outline the three-step process for the automatic
evaluation of controllable counterspeech genera-
tion (Figure 1) in this section. The goal of this eval-
uation is to determine how well a set of generation
models (M, ..., M,;,) produce outputs that express
intended attributes (Attq, ..., Att,). An automatic
method, such as a fine-tuned classifier C, produces
performance scores for each model, which are then
used to derive a ranking, which we denote as K. By
incorporating and improving classifier validation,
automatic evaluation becomes more trustworthy.

4.1 Detecting Attributes with Classifiers

For our experiment, we fine-tune classifiers sep-
arately for each attribute. Classifier for Stance
is three-class while classifiers for other attributes
are binary. The text classifiers are based on the
RoBERTa-large model (Liu et al., 2019) from Hug-
gingface. The classifiers make predictions from
both the hate speech and the counterspeech, with in-
put formatted as [BOS| H_S [SEP]C_S [EOS].
The 100 samples annotated by all five annotators
is used in testing. The rest of the dataset is divided
into two subsets: 90% for training (hyperparame-
ters reported in Appendix B) and 10% for valida-
tion. The classifier fine-tuned on all annotations
is named C'4;, which learnt from a mix of subjec-
tive annotator viewpoints. Furthermore, we fine-
tune classifiers on individual annotator labels (per-
formance reported in Table 11). These annotator-
specific classifiers are named C' 41 to C'45.

4.2 Validation of the Classifiers

4.2.1 Performance on Test Data

Table 5 reports the macro-F1 scores of C4;; over
each attribute on the test set, with classification
performance consistent with the classifiers in other
studies (Chung et al., 2021; Saha et al., 2024; Poud-
har et al., 2024). We calculate the average human
performance by averaging the macro-F1 scores of
individual annotators. The attributes Hypocrisy
and Stance have the lowest macro-F1 for C'4;; and
the average human annotator. This indicates they
are the most difficult attributes for both C4;; and
humans to align with the group consensus, likely
due to its high subjectivity. With regard to the re-
maining attributes, although the macro-F1 scores
of the classifiers are not perfect, they demonstrate
a comparable level of performance with average
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Figure 2: Bootstrapped 90% confidence intervals (blue
lines) of the Kendall’s 7 coefficient (red lines) be-
tween C4;; and human rankings of generation mod-
els across five counterspeech attributes. Results vary
by attribute: near-perfect for Denouncing, strong
for Factual and Hypocrisy, but untrustworthy for
Empathy and Stance.

human. Although some of the existing research
would assume these results are qualified for evalua-
tion (Table 1), we argue that the F1 alone is not a
sufficient indicator to trust the classifier.

4.2.2 Performance on Ranking Generation
Models

While macro-F1 scores confirm that the majority
of the classifiers have comparable performance to
humans on test data, the following experiment vali-
dates their performance in ranking generation mod-
els consistently with human judgments, addressing
RQ I: How critical is high classifier performance
for automatic evaluation? Can imperfect classifiers
still reliably rank LL.Ms?

Procedure: For the experiment, we use six
LLMs for zero-shot generation: Llama-3-chat-8B
(Grattafiori et al., 2024), Claude—3—opus3, Gemma-
9B-Instruct (Team et al., 2024), Phi-4 (Abdin et al.,
2024) and DeepSeek-V3 (Liu et al., 2024). The
outputs are out-of-distribution with respect to the
classifier training data. The LLMs’ controllabil-
ity for each attribute is evaluated separately us-
ing macro-F1 as the criterion. Every LLM gen-
erates 1,000 counterspeech conditioned on 1,000
hate speech randomly chosen from our dataset with
the prompt in Appendix D. The generations are bal-
anced to mitigate bias in classifier evaluation: for
binary attributes, 500 contain the target attribute
(e.g., Factual), and 500 do not; for Stance, gen-
erations are evenly split across classes.

Additionally, for each attribute, two experts
(PhD students working on hate speech detection)
evaluated 100 generations from each of the six
LLMs. The process began with a calibration phase
where both experts annotated and discussed 10%

3https://www.anthropic.com/claude
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Attribute . .
Model Factual Denouncing Empathy Hypocrisy Stance
RoBERTa 0.82 0.85 0.81 0.64 0.75
Human average 0.84 0.83 0.81 0.76 0.67

Table 5: The macro-F1 scores of the attribute classifiers and the average of human annotators on the 100 samples
annotated by five annotators taking the majority vote as the correct label.

of the data together to align their understanding of
the guidelines. Then they worked independently in
a blind setting on the remaining data. The Cohen’s
r IAA scores between their annotations are: Fac-
tual (k = 0.82), Denouncing (x = 0.90), Empathy
(k = 0.76), Hypocrisy (x = 0.73), and Stance
(k = 0.83). To create the final benchmark, the ex-
perts discussed disagreement cases to reach a con-
sensus. We also conducted an intra-annotator con-
sistency check by randomly sampling 20 instances
per attribute and asked both experts to re-annotate
them after eight weeks. We then compared each ex-
pert’s labels against the gold labels using Cohen’s
k. Agreement between each expert’s annotations
and the gold labels was substantial across all at-
tributes (x ranging from 0.8 to 1.00), suggesting
that expert judgments are reasonably stable.

We validate C4;; and C'41_ 45 by measuring the
correlation between classifier rankings of LLMs
(Rquto) and human rankings of LLMs (Rpuman)
instead of only comparing the macro-F1 scores or
comparing the best LLM. This is because, in some
generation systems, such as those based on ensem-
ble learning, it may be desirable to select several
of the top models for further development. We
use the two-tailed Kendall’s 7 rank correlation test
(Sen, 1968). We also calculate the 90% confidence
interval for the 7 coefficient (—1 < 7 < 1) via
bootstrapping (Haukoos and Lewis, 2005). The 7
value reflects the strength of correlation between
Rauto and Rpyman, With higher values indicating
greater alignment in evaluation results.

Results: The validation results of Cy; (Fig-
ure 2) show significant variation in the degree to
which R, correlates with Ry man across differ-
ent attributes. We observe a statistically signifi-
cant and near-perfect correlation for Denouncing
(t = 0.97,p < 0.05), indicating the classifier is
fully trustworthy for evaluation. Factual (7 =
0.87,p < 0.05) and Hypocrisy (7 = 0.87,p <
0.05) show statistically significant and strong corre-
lations with slightly wider confidence intervals. In
contrast, the correlations for Empathy and Stance

were positive but not statistically significant (p >
0.05), showing that the classifiers only ranked some
models in the correct order. The 7 value of 0 (dis-
cordance) is within the confidence interval, indicat-
ing the classifiers can produce completely incorrect
model rankings. In summary, setting a 7 = 0 as the
threshold, Factual, Denouncing and Hypocrisy
classifiers are trustworthy for evaluation; while
Empathy and Stance classifiers are not as trustwor-
thy. Validation results for the annotator-specific
classifiers C'41_ 45 are shown in Figure 4.

4.3 Automatic Evaluation: Identifying the
Best Models

To demonstrate the practical value of classifier val-
idation, we illustrate how validated classifiers can
support reliable model comparison. In this case
study, we identify the optimal model for zero-shot
controllable counterspeech generation by evaluat-
ing 15 LLMs (listed in Appendix E). Each LLM
generates 1,000 counterspeech using 1,000 hate
speech inputs and attribute labels from our dataset,
following the prompt structure in Appendix D. We
use the five attribute classifiers C'4;; for automatic
evaluation (Table 12). It shows that DeepSeek-
R1 achieves the top performance on Factual and
Stance; GPT-40 on Denouncing; Llama-3.3-70B-
Instruct on Empathy and Hypocrisy.

As Cyy; for Empathy and Stance failed valida-
tion, we instead use annotator-specific classifiers
Ca1— a5 to evaluate all 15 LLMs. To assess agree-
ment among A1 — A5 on LLM rankings, we com-
pute the weighted Kendall’s tau (Vigna, 2015) co-
efficient between the rankings produced by C 4
and C'41_ 45 (Table 6). This weighted variant of
Kendall’s tau emphasises higher-ranked LLMs,
which suits our purpose of model comparison. We
classify coefficients following the interpretation of
Wicklin. Overall, the results demonstrate strong
correlations in model rankings among trustworthy
classifiers, showing consistent evaluation results of
LLM controllability between all annotators. How-
ever, C'44 and C'45 for Hypocrisy make an excep-
tion with below moderate correlation (7 = 0.248).
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Factual

Cau Ca1 Ca2 Caz | Cas
Ca1 | 0.674
Caz | 0.605 | 0.456
Cas | 0407 | 0.250 0.642
Cas | 0.660 | 0.641 0.345 | 0.281
Cas | 0.389 | 0.305 0.534 | 0.612 | 0.390

Denouncing

Cau Ca1 Cas Caz | Cas
Ca1 | 0711
Ca2 | 0.020 | 0.397
Cas | 0.861 | 0.639 | -0.027
Caq | 0.696 | 0.439 | -0.225 | 0.829
Cas | 0.771 0.719 0.075 0.786 | 0.706

Empathy

Cau Ca1 Cas Caz | Caa
Ca | 0.812
Ca2 | 0473 | 0.366
Cas | 0576 | 0.716 0.429
Cas | 0763 | 0.693 0.471 | 0.601
Cas | 0.756 | 0.800 0.616 | 0.680 | 0.603

Hypocrisy

Cau Ca1 Cas Cas | Caa
Ca1 | 0.177
Caz | 0.780 | 0.353
Cas | 0514 | -0.326 | 0.384
Cas | 0652 | -0.024 | 0.626 | 0.684
Cas | 0422 | 0.490 0.543 | 0.219 | 0.248

Stance

Cau Ca1 Cas Cas | Caa
Ca1 | 0.780
Caz | 0535 | 0.627
Cas | 0.580 | 0.619 0.475
Caq | 0.698 | 0.618 0.295 | 0.353
Cas | 0.790 | 0.707 0.397 | 0.457 | 0.886

Table 6: Using C4;; and C 41— a5 (highlighted in blue

are validated as trustworthy) to evaluate 15 LLMs, the

table shows coefficients of weighted Kendall’s 7 corre-

lation test between model rankings across five attributes.

Very strong (7 > 0.71) Strong (0.49 < 7 < 0.71)
(0.26 <7< 0.49)

The correlation between C45 and other annota-
tors is on average lower than the correlation be-
tween (44 and other annotators. This suggests
variations in opinions among annotators for the at-
tribute Hypocrisy, where models performing well
on Ab’s criteria may not meet other annotators’
standards. However, variation for the rest of the
counterspeech attributes does not significantly in-
fluence evaluation results.

To account for variation in annotator opinions,
evaluation should rely on classifiers that align with
other annotators. For Factual, Denouncing and
Hypocrisy, C4; shows strong alignment with
most of the trustworthy annotator-specific classi-
fiers, meaning its evaluation results may be recog-
nised by most annotators. As C 4;; for Empathy and
Stance failed the validation, we sought reliable al-
ternatives among the annotator-specific classifiers

that were validated as trustworthy. We selected the
classifier whose model rankings were most consis-
tently aligned with the rankings of the other classi-
fiers. For Empathy, C 45 demonstrated consistently
strong or very strong correlations with all other
classifiers, including the other trustworthy ones,
making it the most broadly representative choice.
For Stance, C'41 showed consistently strong cor-
relations with the majority of the other annota-
tors’ classifiers, indicating its judgments were the
most representative of the consensus. As detailed
in Appendix B, Llama-3.3-70B-Instruct achieves
the top performance on Empathy while DeepSeek-
R1 on Stance. In summary, leveraging C'4;; for
Factual, Denouncing and Hypocrisy, Cys for
Empathy and C'4; for Stance, DeepSeek-R1, GPT-
40 and Llama-3.3-70B-Instruct are the top LLMs
for controllable counterspeech generation.

5 Analysis

RQ1: How critical is high classifier
performance for automatic evaluation? Can
imperfect classifiers still reliably rank LLMs?

First, we assess Cy4;;’s performance on the 100
samples annotated by the five annotators (taking
majority vote as the correct label), finding that all
except for Hypocrisy demonstrate agreement with
average human judgements. We then validate the
classifiers’ ability to compare models by compar-
ing classifier rankings against expert rankings. Re-
sults show that C' 4;; for Factual, Denouncing and
Hypocrisy produce trustworthy model rankings,
with the Hypocrisy classifier demonstrating sur-
prising alignment with expert rankings. In contrast,
while Empathy and Stance C4;; achieve good F1
scores, they prove untrustworthy for model ranking,
as they can produce incorrect evaluations. These
findings highlight the distinction between instance-
level classification performance and trustworthi-
ness for model comparison. Therefore, we argue
that classification scores (F1/accuracy) are insuffi-
cient for assessing if a classifier is fit for evaluation.
Instead, the correlation with human judgments on
ranking models provides a more direct and mean-
ingful measure.

Empathy, Hypocrisy, and Stance show lower
IAA in the dataset, reflecting their subjectivity.
However, only Empathy and Stance fail ranking
validation. The co-occurrence statistics suggest
that Hypocrisy, while subjective, is less entangled
with other attributes than Empathy: Empathy co-
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occurs more frequently with Factual and Denounc-
ing, making its signal more overlapped and ambigu-
ous. As a result, the Hypocrisy classifier can still
support stable model rankings, whereas for Empa-
thy and Stance, heavy overlap and class imbalance
lead to a larger gap between macro-F1 and ranking
alignment— good F1 does not necessarily translate
into good ranking agreement with humans.

RQ2: How does the variation in annotator
opinions affect the results of automatic
evaluation?

Despite variations in opinions on counterspeech at-
tributes, our findings demonstrate that trustworthy
classifiers are mostly robust for comparative eval-
uation, where most correlations between classifier
ranking of models are at least moderate except for
A4 and A5 in Hypocrisy. The low IAA between
them suggests variation between these annotators
(in Table 7), which may have led to different rank-
ings of generation models in evaluation. Interest-
ingly, the IAA between A3 and A4 shows slight
agreement (x < 0.2) while the model rankings
produced by classifiers (C'43 and C'44) trained on
their labels are strongly correlated. This suggests
that even when annotators disagree on individual
instances (low IAA), their overall judgment pat-
terns of counterspeech attributes may still lead to
consistent model rankings. Nonetheless, in cases of
extreme annotator divergence, we should be careful
when using the classifier for evaluation.

6 Discussion and Implications

The advancement of LLMs such as DeepSeek-R1
(Guo et al., 2025) has fundamentally shifted the
challenges in controllable counterspeech genera-
tion from fluency to fine-grained attribute control.
This has made model comparison a central task,
requiring researchers and practitioners to reliably
determine which of the many available models,
prompts, or training configurations is most effec-
tive. Current reference-free automatic evaluation
approaches often employ ad hoc text classifiers to
detect attributes, with examples in Hengle et al.
(2024); Kumar et al. (2025). However, they typ-
ically trust these classifiers based on their F1 or
accuracy scores—though some conduct no valida-
tion at all-without validating if they are truly fit for
model comparison. This is particularly problem-
atic when classifiers are zero-shot LLMs or fine-
tuned on different datasets (e.g. Saha et al. (2022)

and Wang et al. (2024)). Our findings for RQ1
address this gap. We argue that for comparative
evaluation purposes, a classifier’s ability to rank
generation models correctly is more important
than its absolute classification performance. The
discrepancy we observed—where a low-F1 classi-
fier produced rankings that align with human rank-
ings better than a high-F1 classifier proves that F1
and ranking trustworthiness are not interchange-
able. Therefore, we recommend that researchers
use ranking correlation with human judgments as
the primary metric for validating an evaluation tool
intended for model comparison, not just classifica-
tion metrics (Liu et al., 2014).

Annotating counterspeech attributes is a chal-
lenging task for humans, and variations in anno-
tator opinions are common (for example, IAA in
Mathew et al. (2019); Chung et al. (2019); Poud-
har et al. (2024)). Our findings for RQ2 reveal
that variation in annotator opinions on counter-
speech attributes has minimal impact on model
comparison outcomes. Even a classifier trained
only on a single annotator’s labels can align very
well with a classifier based on many annotators, as
observed in Empathy and Stance. However, there
are exceptions in the cases of extreme disagree-
ment, as seen with the Hypocrisy attribute, where
classifiers trained on different annotators produced
very different rankings. This underscores the need
to account for annotator variation in model evalu-
ation. For studies that fine-tune classifiers based
on their own datasets (e.g., Gupta et al. (2023);
Saha et al. (2024); Hengle et al. (2024)), our results
highlight the importance of carefully selecting an-
notations for training. In the cases where even
classifiers fine-tuned with all annotations are not
validated as trustworthy for evaluation, the strong
performance of certain annotator-specific classi-
fiers suggests that individual expert judgments may
sometimes be more suitable for evaluation. The
evaluation results from these trustworthy annotator-
specific classifiers can align across all annotators.

Furthermore, the challenge with using third-
party classifiers (Saha et al., 2022) or zero-shot
LLMs (Wang et al., 2024) is that the researcher
training the classifier often lacks insight into
whether their classifier’s outputs align with the
intended goals of model evaluation. Our experi-
ments illustrate the necessity of classifier valida-
tion to determine trustworthy model comparison.
For example, in evaluating Factual with annotator-
specific classifiers, all classifiers may agree with
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each other on model rankings, but only two (C'41,
C 44) passed validation. This highlights the impor-
tance of performing classifier validation to decide
which classifier to use for the automatic evaluation.

7 Conclusion

This paper examines the automatic evaluation of
controllability in counterspeech generation with a
focus on model comparison by answering the over-
arching RQ: When can we trust the automatic evalu-
ation of controllable counterspeech generation? We
argue that classifiers for attribute detection should
be validated to understand the trustworthiness of
the evaluation results. Through validation, we have
demonstrated that traditional classification metrics
(accuracy/F1) and ranking reliability capture dis-
tinct dimensions of evaluation quality. Our findings
reveal that ranking generation models should be the
primary criterion for selecting classifiers for model
comparison.

Limitations

This paper focuses specifically on evaluating at-
tribute control in controllable counterspeech gen-
eration, without considering other important met-
rics such as text fluency, toxicity, or appropriate-
ness. Though we do not claim that these metrics are
less important than attribute accuracy, we empha-
sise that counterspeech attributes present unique
challenges for automatic evaluation. In contrast,
metrics like fluency and toxicity have been exten-
sively studied in other controllable text generation
tasks, while appropriateness is better captured in
human evaluation. Furthermore, our work frames
automatic evaluation primarily through the lens of
model comparison. While this is a critical task, we
acknowledge that automatic evaluation can serve
other purposes, such as instance-level error analy-
sis. Our central argument—that ranking correlation
is a more suitable validation metric than F1—is most
relevant for comparative evaluation, and its applica-
bility to these other scenarios is an area for future
work. While this study focuses on English, fu-
ture work could involve annotating and analysing
counterspeech attributes in other languages. Our
proposed validation procedure is designed to assess
classifiers for attribute detection, and future work
could test it on other reference-free metrics. Be-
sides, for classifier validation, we picked six LLMs
to generate counterspeech. Each LLM zero-shot
generates 1,000 counterspeech samples. To achieve

more robust validation results, it would be benefi-
cial to have more generation models and diverse
counterspeech outputs.

Ethical Considerations

This paper is driven by the goal of addressing on-
line hate speech through the use of counterspeech
to challenge harmful content and promote inclusive
discourse. As online hate becomes increasingly
prevalent due to Al with malicious intents and al-
gorithmic personalisation (Gorwa et al., 2020; Hin-
duja; Rughinis et al., 2024), automatic generation
of counterspeech presents a promising solution em-
powering users and moderators to combat online
hate. As Zheng et al. (2023) suggests, the success
of counterspeech relies critically on its quality, so it
is important to reliably and ethically evaluate coun-
terspeech generation systems. Existing studies rely
heavily on automatic evaluation, and poor auto-
matic evaluation practices risk promoting models
that generate inappropriate or even counterproduc-
tive responses. For instance, a model that fails
to express Empathy or the intended Stance might
cause further trauma to victims of hate speech or
escalate tensions. As a result, improving automatic
evaluation standards for counterspeech generation
is not just a technical necessity but an ethical imper-
ative. This paper highlights the importance of val-
idating classifiers before using them in automatic
evaluation, we aim to support the development of
effective controllable counterspeech generation sys-
tems. This contributes to making controllable coun-
terspeech generation a more viable and ethically
sound tool in the fight against online hate speech.
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A Our Dataset

The hate speech and counterspeech instances in our
dataset are from the work of Fanton et al. (2021),
which is for research purposes only. The dataset in
Fanton et al. (2021) does not contain any personally
identifiable information and we do not add such
information in the annotation. Our dataset is for
academic use only.

The five annotators took part in training sessions
and had access to support resources in case of any
negative effect from viewing hateful and offensive
content. Following the institution’s policies where
this research took place, we set the remuneration
of annotators as £13 per hour, over minimum wage.
The total amount spent on participant compensation
is around £800.

A.1 Annotation guideline

During annotation, we provide an annotation guide-
line as well as examples for each counterspeech
attribute to the annotators.

1. Strategies

e (Factual) Presentation of factual claims:
In this strategy, the counterspeech tries
to persuade by correcting misstate-
ments/misinformation. An obvious ex-
ample would be using statistics to cor-
rect misinformation. The counterspeech
could also use a general and harmless
claim to reduce hate. This type of coun-
terspeech must address the substance of
the claim.

* (Denouncing) Denouncing hate and
Warning of online or offline conse-
quences: The counterspeech could be
denouncing the message as being hate-
ful, or warning the hate speaker of possi-
ble online/offline consequences of their
actions.

* (Empathy) Empathy-based: An empathy-
based counterspeech might have “affilia-
tion”. The empathy-based counterspeech
should show empathy for the target
group. The counter-speaker sometimes
discloses their affiliation (either with the
target group or with the hate speaker)
in efforts to counter hate speech. Some
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counter-speakers take it upon themselves
to apologise on behalf of identities they
presumed they had in common with hate
speakers. The counterspeech can also ex-
press support to the target groups by ac-
knowledging their difficulties or achieve-
ments.

(Hypocrisy) Pointing out hypocrisy or
contradiction: In this strategy, the coun-
terspeech points out the hypocrisy in
the hate speaker’s statements. In other
words, “pointing out when someone’s
actions or statements do not align with
their stated beliefs or principles, which is
used to hold someone accountable for
their actions or words”. Pointing out
hypocrisy many times does not address
the substance of the claim. An exam-
ple would be counterspeech that uses
“whataboutism”.

2. (Stance) Stance to the hate speaker

* Positive: We consider empathic, kind,
polite, or civil counterspeech to be posi-
tive.

* Antagonistic: An antagonistic counter-
speech might use abusive, hostile, or ob-
scene comments in response to the hate
speech.

* Neutral

A.2 TAA between annotators on the 100
samples annotated by five annotators

Table 7 shows the IAA between annotators on the
100 samples annotated by five annotators.

Factual
All Al A2 A3 A4
Al | 0.879
A2 | 0.702 | 0.587
A3 | 0599 | 0.516 | 0.583
A4 | 0.589 | 0.615 | 0.375 | 0.218
A5 | 0.626 | 0.519 | 0462 | 0.312 | 0.309
Denouncing
All Al A2 A3 A4
Al | 1.000
A2 | 0397 | 0.397
A3 | 0.627 | 0.627 | 0.306
A4 | 0917 | 0917 | 0.378 | 0.549
A5 | 0434 | 0.434 | 0.232 | 0.292 | 0.414
Empathy
All Al A2 A3 A4
Al | 0.806
A2 | 0355 | 0.272
A3 | 0.554 | 0.466 | 0.107
A4 | 0.752 | 0.709 | 0.306 | 0.355
A5 | 0.600 | 0.451 | 0.030 | 0.486 | 0.315
Hypocrisy
All Al A2 A3 A4
Al | 0.798
A2 | 0.532 | 0.393
A3 | 0.348 | 0.259 | 0.382
A4 | 0.616 | 0.654 | 0.274 | 0.112
A5 | 0358 | 0.170 | 0.318 | 0.089 | 0.122
Stance
All Al A2 A3 A4
Al | 0.731
A2 | 0.632 | 0474
A3 | 0499 | 0.368 | 0.306
A4 | 0.700 | 0.588 | 0.410 | 0.280
A5 | 0472 | 0.285 | 0.407 | 0.189 | 0.299
Table 7: The table shows the IAA among

All, A1, A2, A3, A4, A5 on the 100 samples annotated
by five annotators, measured by Cohen’s « across five
attributes (annotator’s classifier validated as trustworthy
is highlighted in blue). Substantial (7 > 0.6) Mod-
erate (0.4 < 7 < 0.6) 02<717<04)

A.3 Analysis of counterspeech attributes in
the dataset

Table 8 and Table 9 show the co-occurrence statis-
tics among the five counterspeech attributes of our
dataset.
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Total | Fac Den Emp Hyp
Fac | 1472 | - - - -
Den | 551 | 181 - - -
Emp | 680 | 263 92 - -
Hyp | 378 | 93 35 33 -

Table 8: Co-occurrence statistics among the four coun-
terspeech strategies attributes of our dataset.

Stance | Total | Fac Den Emp Hyp
Neu 1459 | 926 185 384 133
Pos 260 | 150 69 73 22

Ant 1009 | 396 297 223 223

Table 9: Co-occurrence statistics among the stance at-
tribute and four counterspeech strategies attributes of
our dataset.

B Fine-tuning Attribute Classifiers

Hyperparameter Bounds
Epochs 50, 100
Learning rate 2e-6, 5e-6, le-5
Batch size 8,16, 32
Optimizer AdamW
Weight decay 0.01
Warm up 0.1

Table 10: For hyperparameter search, the bounds for
each hyperparameter.

For the purpose of this study, we fine-tune multi-
class text classifiers based on the RoOBERTa-large
model (Liu et al., 2019) from Huggingface*. The
RoBERTa-large model consists of 355 million pa-
rameters. The distribution of each attribute among
training, validation and testing sets are balanced.
However, we acknowledge that the training set
exhibits class imbalance, as detailed in Table 4,
with attributes like Hypocrisy being less frequent.
Class imbalance can potentially bias a classifier
towards the majority class during training. To miti-
gate this during model selection, we used macro-F1
as the primary metric for hyperparameter tuning,
because it gives equal weight to each class’s perfor-
mance regardless of its frequency. While other tech-
niques like data resampling or class re-weighting
could further improve performance, we opted to
follow standard fine-tuning procedures. Our goal
was not to develop a state-of-the-art attribute detec-
tion classifier, but rather to create and validate clas-

*https://huggingface.co/Facebook Al/roberta-large

Annotator
All 1 2 3 4 5
Fac | 0.82 | 0.80 0.79 0.74 0.77 0.78
Den | 0.85 | 0.88 0.65 0.82 0.78 0.73
Emp | 0.81 | 0.74 0.73 0.82 0.57 0.77
Hyp | 0.64 | 0.70 0.63 0.62 0.60 0.61
Sta 075 | 0.67 0.62 0.64 040 049

Table 11: Macro-F1 scores of annotator-specific classi-
fiers C'41 to C 45 when fine-tuned and tested on individ-
ual annotators’ labels.

sifiers that are representative of those commonly
used in practice for automatic evaluation.

We use a single NVIDIA RTX3090 for model
training. We report the hyperparameters in clas-
sifier manual fine-tuning and the bounds for each
hyperparameter in Table 10 (training time is around
1 to 3 hours). Hyperparameter configuration for
the best classifier for Factual and Hypocrisy is
epochs of 50, learning rate of 5e-6 and batch size
of 16; for Denouncing, Empathy and Stance is
epochs of 50, learning rate of le-5 and batch size
of 32. Furthermore, we trained dedicated classifiers
for each annotator’s judgements (five annotators to-
tal). Table 11 reports the macro-F1 scores.

C Validating Attribute Classifiers

In Section 4.2.2, we conducted human evaluation
to validate classifiers’ trustworthiness to evaluate
generation models. The classifier’s ranking of gen-
eration models is compared to expert rankings. Al-
though larger sets of human annotations would im-
prove the validation, there are practical resource
limitations. To estimate how many samples are
needed for human annotation, we randomly select
sub-groups of size 10, 25, 50, 75 or 90 from the
100 expert annotations, then follow the validation
procedure in Section 4.2.2. This process is repeated
1,000 times. We plot the range of 7 in Figure 3. It
can be observed that the T coefficient on larger sub-
group sizes (75 or 90) is more concentrated with
fewer outliers. This shows that the classifiers can
be validated with a limited number of annotated
generations (in our case, 100 test samples for each
attribute).

We further validated C' 41 to C45’s ability to rank
counterspeech generation models using the proce-
dure outlined in Section 4.2.2, results shown in
Figure 4.
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Figure 3: Performing automatic evaluation on 1,000 test samples from each of six generation models and randomly
selecting sub-groups of size 10, 25, 50, 75, 90 and 100 for human evaluation (repeated 1,000 times), the boxplot
shows the range of 7 between classifier rankings and human rankings. A larger sub-group size shows more consistent
evaluation results.
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Figure 4: Bootstrapped 90% confidence intervals (blue
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classifier (C'41 to Cy45 from top to down) and human
rankings of generation models across five counterspeech
attributes.
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D Zero-shot Generation Prompt

The structure of the prompt used for zero-shot gen-
eration is (the prompt is adjusted based on the at-
tributes required to generate):

Generate a concise counterspeech (un-
der 50 words) responding to the hate
speech below.  Your response must
strictly include the following attributes:

e Factual: presentation of factual
claims;

* Hypocrisy: pointing out hypocrisy
or contradictions in the hate
speech;

* Empathy: showing empathy to the
target group;

* Denouncing: denouncing speech as
hateful or warn the hate speaker of
possible consequences;

» Tone-positive: showing positive
tone to hate speaker;

* Tone-neutral: showing neutral tone
to hate speaker;

e Tone-antagonistic: showing antag-
onistic tone to hate speaker.

Do NOT include additional elements or
exceed 50 words.
Hate Speech: <Put Hate Speech>

Counterspeech:

E Zero-shot Generation LLMs

A list of the 15 models that have been used in
Sec 4.3 for zero-shot generation of counterspeech.
The total cost of running the LLMs was £50. Ta-
ble 13 and Table 14 show automatic evaluation
results by C'41 and Cgs.
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#  Model Description

1 Gdo GPT-40 (Achiam et al., 2023)
2 G4m GPT-40-mini

3 G4T GPT-4 Turbo

4  G3T GPT-3.5 Turbo

5 L33 Llama-3.3-70B-Instruct

6 L3.1 Llama-3.1-405B-Instruct

7 C Claude-3.7-sonnet

8 Gb Grok-beta

9 DS DeepSeek-R1

10 W WizardLM-2-8x22B

11 M Mixtral-8x22B-Instruct-v0.1
12 G gemma-2-27b-instruct

13 Q Qwen2-72B-Instruct

14 P3 phi-3.5-MoE-instruct

15 P4 phi-4




LLM
Attribute

G40 G4m G4T G3T L33 L31 C Gb DS W M G2 Q P3 P4

Factual
Denouncing
Empathy
Hypocrisy
Stance

086 0.83 084 084 0.87 088 0.79 083 0.89 0.83 080 0.80 0.85 080 0.78
070 058 0.68 059 0.65 061 066 065 065 0.64 064 060 064 069 0.70
055 046 059 048 0.70 058 061 062 063 057 060 061 0.62 059 053
052 050 055 051 0.65 054 050 058 054 050 051 053 054 047 048
049 044 042 056 0.61 055 064 062 074 052 051 066 059 044 0.34

Table 12: Automatic evaluation results with C4;; about attribute controllability, the macro-F1 scores of GPT-40
(G40), GPT-40-mini (G4m), GPT-4 Turbo (G4T), GPT-3.5 Turbo (G3T), Llama-3.3-70B-Instruct (L3.3), Llama-
3.1-405B-Instruct (L3.1), Claude-3.7-sonnet (C), Grok-beta (Gb), DeepSeek-R1 (DS), WizardLM-2-8x22B (W),
Mixtral-8x22B-Instruct-v0.1 (M), gemma-2-27b-instruct (G2), Qwen2-72B-Instruct (Q), phi-3.5-MoE-instruct (P3),
phi-4 (P4) controlling each attribute.

LLM
Attribu

G40 G4m G4T G3T L33 131 C Gb DS W M G2 Q P3 P4

Stance

0.41 0.37 0.38 0.39 0.44 0.36 0.38 0.48 0.52 0.37 0.37 0.50 0.43 0.36 0.30

Table 13: Automatic evaluation results with the Stance classifier C'4.

LLM
Attribu

G40 G4m G4T G3T L33 131 C Gb DS W M G2 Q P3 P4

Empathy

0.63 0.61 0.70 0.63 0.78 0.75 0.73 0.71 0.76 0.64 0.72 0.66 0.71 0.66 0.59

Table 14: Automatic evaluation results with the Empathy classifier C45.
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