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Figure 1: (Left) Our human-LLM collaborative annotation framework. (Right) Inputs and outputs of each step in our framework. 
Step 1: LLMs predict labels and generate explanations. Step 2: Verifier assesses LLM labels and explanations. Step 3: Human 
annotators re-annotate instances with lowest verifier scores. 

ABSTRACT 
Large language models (LLMs) have shown remarkable perfor-
mance across various natural language processing (NLP) tasks, 
indicating their significant potential as data annotators. Although 
LLM-generated annotations are more cost-effective and efficient 
to obtain, they are often erroneous for complex or domain-specific 
tasks and may introduce bias when compared to human annota-
tions. Therefore, instead of completely replacing human annotators 
with LLMs, we need to leverage the strengths of both LLMs and 
humans to ensure the accuracy and reliability of annotations. This 
paper presents a multi-step human-LLM collaborative approach 
where (1) LLMs generate labels and provide explanations, (2) a ver-
ifier assesses the quality of LLM-generated labels, and (3) human 
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annotators re-annotate a subset of labels with lower verification 
scores. To facilitate human-LLM collaboration, we make use of 
LLM’s ability to rationalize its decisions. LLM-generated explana-
tions can provide additional information to the verifier model as 
well as help humans better understand LLM labels. We demonstrate 
that our verifier is able to identify potentially incorrect LLM labels 
for human re-annotation. Furthermore, we investigate the impact 
of presenting LLM labels and explanations on human re-annotation 
through crowdsourced studies. 

CCS CONCEPTS 
• Human-centered computing → Empirical studies in HCI; 
• Computing methodologies → Machine learning; Natural 
language generation. 

KEYWORDS 
Human-LLM collaborative annotation, LLM annotation, self-rationalization, 
text annotation, NLP 

ACM Reference Format: 
Xinru Wang, Hannah Kim, Sajjadur Rahman, Kushan Mitra, and Zhengjie 
Miao. 2024. Human-LLM Collaborative Annotation Through Effective Verifi-
cation of LLM Labels. In Proceedings of the CHI Conference on Human Factors 
in Computing Systems (CHI ’24), May 11–16, 2024, Honolulu, HI, USA. ACM, 
New York, NY, USA, 21 pages. https://doi.org/10.1145/3613904.3641960 

https://orcid.org/0000-0002-0213-6425
https://orcid.org/0000-0002-0137-7171
https://orcid.org/0000-0003-4210-1582
https://orcid.org/0009-0007-5898-243X
https://orcid.org/0009-0008-2371-1186
https://doi.org/10.1145/3613904.3641960
https://doi.org/10.1145/3613904.3641960
mailto:permissions@acm.org
https://zhengjie@sfu.ca
https://kushan@megagon.ai
https://sajjadur@megagon.ai
https://hannah@megagon.ai
mailto:xinruw@purdue.edu
https://www.acm.org/publications/policies/artifact-review-and-badging-current


CHI ’24, May 11–16, 2024, Honolulu, HI, USA Wang et al. 

1 INTRODUCTION 
Recent large language models (LLMs) have demonstrated significant 
progress in their rich abstraction capabilities to understand and 
generate text. These models, such as OpenAI’s GPT series [2, 9, 66], 
and Google PaLM [4], which learn to predict the next word based 
on the sequence of words that they already saw, implicitly represent 
a large amount of general knowledge from the training corpus in 
their billions of parameters, which enables them to solve various 
tasks like translation, summarization, conversation, and reasoning 
by generating outputs following the input text prompts. 

While LLMs have excited the world with superior performance 
in these generation-based tasks, they have also emerged as data 
annotators through their advanced semantic understanding abil-
ities. Unlike previous deep learning based solutions where one 
model only works for a fixed pre-defined set of labels, LLMs pro-
vide unprecedented flexibility such that users can feed them with 
customized text prompts for any annotation task. Recent works 
have investigated adapting LLMs such as GPT-3 [90] and Chat-
GPT [25, 30, 41, 83] to annotate data for text classification and 
natural language generation tasks. While a fully automated data 
annotation process would free human annotators and significantly 
reduce annotation costs, state-of-the-art LLMs are not a panacea: 
empirical results indicate that the performance of LLMs substan-
tially depends on tasks, datasets, and labels [107, 108], and thus they 
cannot replace human annotators. For some popular classification 
tasks, human annotators can still outperform LLMs consistently as 
shown in Table 1. 

Therefore, we need to leverage the strengths of both LLMs and 
humans to ensure the accuracy and trustworthiness of annotations. 
There are two lines of work in recent LLM research that can help 
us achieve the best of two worlds. The first one is to leverage the 
LLM’s capability to generate fluent and supportive explanations 
for its predictions that help rationalize its reasoning process [6, 
46, 59, 73, 89, 98, 99], hence to assist humans to understand and 
trust model predictions [87]. The second line of work studies how 
to verify the outputs of LLMs. For more complex tasks like math 
reasoning [12, 47, 76], commonsense reasoning [47], and semantic 
parsing [64], previous works train a separate model (usually a 
smaller language model) to judge the correctness of LLM-generated 
responses. For example, Li et al. [47] propose to ask the LLM to 
generate multiple reasoning paths with diverse prompts, and then 
they train a smaller language model based verifier to score the 
quality of each reasoning path that later leads to the aggregate 
score of the prediction. 

Inspired by these two lines of work, we design a multi-step 
human-LLM collaborative framework for data annotation where 
these two lines of work integrate perfectly. In this framework, we 
first use LLMs to generate labels and provide explanations for their 
label prediction on unlabeled data. Then, we train a separate sim-
ple verifier model to assess the quality of LLM’s annotation, with 
the help of pre-extracted textual features from the example-to-
annotate, the corresponding explanations, and LLM’s confidence 
about its prediction. Finally, human annotators re-annotate a sub-
set of labels selected by the verifier according to the quality score. 
Note that LLM-generated explanations are used in both the ver-
ification and re-annotation steps: we expect those explanations 

would provide more information on how the LLM makes the pre-
diction or even demonstrate defects that the verifier can use to 
distinguish unreliable annotations; moreover, as shown in previous 
studies [18, 36, 38], explanations can improve human-AI collabora-
tion in terms of trust and annotation performance. To build such 
a framework that synergies human and LLM annotation through 
explanation and verification, in this paper, we explore the following 
research questions: 

• RQ1: How to verify LLM-generated labels using signals from 
inputs, LLM labels, and LLM explanations? 

• RQ2: Does providing LLM-generated labels and explanations 
help humans in re-annotation? 

We name our framework as Lapras (LAnguage model Powered 
Reliable Annotation aSsistant) and empirically evaluate it on six text 
classification benchmarks and crowdsourced studies. Our results 
show that the random forest based verifier trained on only 200 la-
beled data can achieve much higher accuracy than baseline methods 
that use LLM uncertainty metrics. Our analysis of crowd worker an-
notations indicates the importance of the quality of LLM-generated 
explanations to their preference for AI assistance and annotation 
performance. Following our findings, we discuss answers to the 
above research questions on improving the LLM annotation verifier 
and enhancing human-AI collaboration in the re-annotation step. 
We discuss the limitation of alternative verification methods for 
LLM outputs, possible improvements on the re-annotation interface 
to present LLM explanations, and the need for prompt-tuning in the 
human-LLM collaborative annotation. Our findings also provide im-
portant implications from the human-subject study: improving the 
quality of LLM-generated explanations and deciding when it is help-
ful to show the explanations to humans are promising directions, 
potentially boosting the effectiveness of human-LLM collaborative 
annotation frameworks. Nevertheless, our findings and discussions 
may be limited by the performance of crowdsourced annotations 
and the way we collect gold labels for training the verifier. Despite 
these limitations, we are optimistic about springing future works 
in developing human-LLM collaborative annotation and better sup-
port for LLM verification with self-explanation. 

2 RELATED WORK 

2.1 Large Language Models and Prompting 
Large language models (LLMs) generate response text based on 
a textual input, which is called a prompt. Prompts guide LLM’s 
response generation process and usually consist of task instruction 
and demonstration examples. Based on a given prompt, LLMs can 
follow task instructions, learn from examples, and generate human-
like responses. A plethora of approaches to improve LLM prompting 
has been introduced recently, as listed in survey papers [17, 55]. 
Note that prompt tuning or prompt engineering techniques are out 
of the scope of our paper, but they can be applied to our annotation 
setting to enhance the performance of LLMs. In the following, 
we focus on LLM’s ability to rationalize its responses as well as 
approaches to assess LLM’s responses. 

2.1.1 Self-rationalization of LLMs. Given a data label, LLMs have 
shown capabilities to generate fluent and supportive explanations 
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Table 1: LLM and human accuracy on some common tasks. Numbers without reference are from our own evaluation on 2,000 
samples. 

Model Textual Entailment 
(SNLI) 

Textual Entailment 
(MNLI) 

Stance Detection 
(SemEval) 

Semantic Change 
(WiC) 

Hate Speech Detection 
(HateXplain) 

GPT 3.5 (zero-shot) 0.62 0.69 0.41 0.6 [30] -
GPT 3.5 (3-shot) 0.79 0.78 0.67 0.66 (8-shot) [30] 0.6 
Human accuracy 0.97 [23] 0.92 [63] 0.82 [33] 0.8 [30] 0.81 [60] 

for the selected label [73, 88], which are often preferred over human-
generated explanations [98]. Self-rationalization models, beyond 
merely generating rationales for an existing label, possess the ca-
pability to make new predictions and provide explanations for the 
predicted labels simultaneously. Several works [6, 59, 89, 99] in-
vestigate self-rationalization capabilities of LLMs for various tasks 
including classification and question answering. Challenges re-
main on whether LLM-generated explanations are faithful to their 
underlying decision process. For example, Turpin et al. [85] demon-
strates that chain-of-thought explanations can be influenced by 
biased context. In this work, we ask LLM to label and explain (self-
rationalize) similarly to [41, 107], in order to better understand the 
LLM’s labeling decision process. We conjecture that signals from 
LLM explanations can help in the assessment of the accuracy of the 
corresponding LLM labels. 

2.1.2 Validation of LLM responses. Despite the strong reasoning 
and generalization capabilities across a wide range of NLP tasks, 
LLMs are deficient in terms of error detection or correction mecha-
nisms. Hence, scoring, filtering, or re-ranking LLM outputs have 
been common for math reasoning [12, 47, 76], commonsense rea-
soning [47], and semantic parsing [64], by training another smaller 
language model. Previous works have also studied the process of 
LLMs self-verifying their output, either by asking the models to 
self-evaluate their answers [35] or by measuring the uncertainty or 
confidence score associated with the answers [50, 69, 93, 101]. In 
this paper, we target text classification tasks and demonstrate that 
in addition to output signals, including explanations and character-
istics of the input corpus will improve the validation performance. 

2.2 AI-Assisted Annotation 
Rapid advancements in machine learning (ML) heavily rely on the 
availability of abundant annotated training data, requiring a costly 
and time-consuming process of data labeling. One way to streamline 
data annotation is combining automatic pre-annotation with man-
ual annotation to improve efficiency while maintaining annotation 
quality. In the pre-annotation phase, data are automatically labeled 
by an existing ML system, with human annotators then correcting 
any inaccuracies [77]. Studies have found that highly accurate pre-
annotation significantly reduces annotation time [20, 51, 61] and 
enhances the consistency of annotations without compromising 
quality [61]. On the opposite, poor-quality pre-annotations can 
produce little improvement in efficiency or data quality [65, 79]. 

To further reduce cost, it is crucial to select the most informative 
instances for human annotation. Active learning (AL) techniques, 
like PAL (Pre-annotation and Active Learning) [78] offer a solution 
for facilitating the selection of pre-annotation data needed. Ringger 
et al. [71] present simple linear models to estimate the cost of 

annotation, with application in active learning. Wang et al. [86] 
also find that informative AL contributes to this cost reduction 
effort. 

Numerous annotation tools have been developed to facilitate 
the use of pre-annotation and empower human annotators in tasks 
spanning natural language [61, 82], image segmentation [3], and 
various application domains such as clinical text labeling [31, 40, 79] 
and seismic data labeling [24]. Gebreegziabher et al. [21] develop 
a tool for qualitative coding, a type of under-explored annotation 
task. The Fluid Annotation introduced by Andriluka et al. [3] en-
ables putting human effort only on the errors in pre-annotation. 
Hernandez et al. [31] showcase the effectiveness of the machine 
assistance in their annotation system in improving non-experts’ 
annotation performance in drug product labeling. 

2.2.1 LLMs as annotators. Recently, researchers have started in-
vestigating the potential of LLMs as data annotators to reduce the 
cost and effort needed to collect training data. Wang et al. [90] are 
among the early adopters of utilizing GPT-3 for the purpose of 
annotating data for classification and natural language generation 
tasks. Their results indicate that GPT annotation can significantly 
reduce annotation costs (up to 96%), but human labeling still out-
performs LLMs given enough budget. This paper also proposes an 
active labeling strategy where humans re-annotate data instances 
with the lowest confidence scores, which motivated our work. Ding 
et al. [16] also uses GPT-3 as an annotator and conducts compre-
hensive experiments on classification and token-level tasks. Several 
works [41, 107, 108] investigate the labeling capabilities of LLMs for 
social science tasks such as stance detection, hate speech detection, 
narrative analysis, and so on. Zhu et al. [107], Ziems et al. [108] 
find that although LLMs are powerful, they cannot replace human 
annotators since performance varies substantially depending on 
tasks, datasets, and labels. Gilardi et al. [25], He et al. [30], Törnberg 
[83] compare the performance of ChatGPT with crowd workers 
and show that ChatGPT outperforms crowd workers on several 
classification tasks. 

Another approach to leverage LLMs to prepare training data is 
data augmentation. Given a task and a label, LLMs can generate 
input text that corresponds to the given label [16, 74]. For exam-
ple, Ding et al. [16] reports that data generation by GPT is more 
cost-effective than data annotation by GPT. In this paper, we only 
consider data annotation and leave human-LLM collaborative data 
augmentation as future work. 

LLM-based annotation assistance differs from traditional ML-
assisted annotation in several ways. First, ML models employed 
in traditional annotation assistance require task-specific training. 
For example, a topic classification model is not suitable for senti-
ment detection annotation. In contrast, pre-trained LLMs are easily 
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generalizable to a variety of tasks through prompt adjustments. 
Another difference is the observability of model confidence. Unlike 
most ML models, where uncertainty levels can be explicitly calcu-
lated, the uncertainty of LLMs (and most deep neural networks) is 
not observable. Instead, LLM confidences are approximated using 
logits, self-consistency [11], or self-evaluation [35] methods, and 
it turns out that LLMs are often over-confident [101], indicating a 
significant need for model calibration techniques [27] to improve 
the confidence estimates. In addition, for the models that provide 
explanations to aid in labeling decisions, the format of explana-
tion may be different. While traditional ML models often produce 
feature-based or extractive explanations, LLMs can generate natu-
ral language explanations. Lastly, previous ML-assisted annotation 
work often utilizes highly accurate models. In this work, we do 
not assume that LLMs are flawless and acknowledge that their per-
formance can vary across different tasks and datasets. Therefore, 
insights derived from previous research on ML-based annotation 
assistance cannot be directly transferred to our LLM-assisted set-
ting, given the unique benefits and challenges introduced by hiring 
LLMs as annotators. 

2.3 Empirical Studies in Human-AI 
Collaborative Systems 

A number of empirical studies have been carried out to investi-
gate the factors influencing human decision-making performance 
in human-AI collaborative systems. Most of these studies have 
concluded that the inclusion of a model decision improves perfor-
mance compared to when no model decision is provided [26, 37, 42]. 
Performance is also improved when information about model con-
fidence is presented [56, 92]. Another factor affecting human’s 
model adoption is the accuracy of a model (both stated accuracy 
and observed accuracy) [42, 81, 103]. The effect of adding a model 
explanation on people’s performance has been inconsistent across 
studies [81, 91]. For instance, Zhang et al. [106] found that display-
ing confidence scores and local explanations does not necessarily 
enhance AI-assisted decision-making. Similarly, Bansal et al. [5] 
found no significant improvement in human-AI team performance 
when explanations were communicated, compared to only show-
ing the AI’s confidence. Conversely, other studies have found that 
the effectiveness of AI explanations on human performance may 
largely be dependent on factors such as the explanation formats 
[42, 53, 94, 95] and the meaningfulness of the explanations to hu-
mans [96]. 

3 HUMAN-LLM COLLABORATIVE 
ANNOTATION FRAMEWORK 

As LLMs such as OpenAI GPT series [9, 66], PaLM 2 [4], and 
LLaMA [84] demonstrate remarkable performance in various down-
stream tasks, there has been a recent surge in interest regarding 
collaborative data annotation involving both LLMs and humans. 
Recently, people have proposed pipelines where LLMs generate 
labels to augment human labels for training small downstream 
models [30, 90] or even directly replacing crowdsourced annota-
tors [25, 107]. While the latest LLMs perform much better than 
humans for some specific tasks, in some cases, LLMs still fail to 

achieve superior accuracy [108] or fail to understand certain do-
main knowledge. Therefore, LLM annotation and human annotation 
would be a natural synergy that complements each other [90, 104]. 
In Table 1, we list the accuracy of GPT 3.5 and human annota-
tors of five popular datasets for natural language inference, stance 
detection, semantic change, and hate speech detection. Although 
the accuracy improves a lot with in-context learning, GPT 3.5 still 
cannot outperform human annotators for these tasks. 

Moreover, many tasks such as hate speech detection require the 
annotation to be trustworthy [87], while the prediction of LLMs 
is not transparent and may even further introduce biased or toxic 
predictions [49], having humans involved would further enhance 
explainable AI solutions and provide quality control over the anno-
tations [52, 104]. 

To this end, we propose an innovative multi-step framework for 
collaborative annotation involving both LLMs and human anno-
tators, aimed at reducing cost and enhancing efficiency and trust-
worthiness (depicted in Figure 1). The proposed Lapras framework 
first uses an LLM to annotate unlabeled data, exploiting the lower 
cost and scalability of LLMs; then, it ranks the annotations using a 
verifier, which selects a subset of potentially incorrect annotations 
that need further examination; finally, it distributes this potentially 
bad subset to human annotators for re-annotation. Below, we will 
demonstrate each step in Lapras. 

3.1 Step 1: LLM Annotation 
In this initial stage, the LLM generates labels for input samples and 
provides corresponding explanations justifying its decisions (Fig-
ure 1 (right-top)). LLMs exhibit great generalizability and work well 
as zero-shot and few-shot annotators [9]. In the simple zero-shot 
setting, the LLM input only consists of the task instructions, label 
space, and the text to annotate. To better leverage LLMs’ ability, we 
also include few-shot demonstrations. Furthermore, recent studies 
have found that LLM-generated explanations would help explain 
its reasoning process, train smaller models [45, 46], and assist hu-
mans to understand and trust model predictions [87]. Therefore, 
in our framework, we ask the LLM to generate natural language 
explanations for their classification prediction, and then feed LLM-
generated explanations to the verifier model (see Section 3.2) and 
also present them to human annotators (see Section 3.3). 

The used task instructions are imperative sentences starting 
with verbs such as "Classify" and "Explain," outlining each LLM sub-
task. The number of demonstrations is determined by the number 
of classes in each dataset, with one demonstration for each class. 
Each demonstration comprises the data sample (i.e., the hypothesis 
and the premise sentences for natural language inference tasks, 
the tweets for stance detection tasks, and the social media post 
for hate speech detection tasks), the ground-truth answer, and 
a corresponding free-text explanation. We leverage the existing 
human-annotated explanations available in existing datasets or 
manually crafted explanations for the demonstration instances. The 
target input follows the same format as the demonstrations. The 
prompt ends with an "Answer:" prefix. In our evaluation with GPT 
3.5, we observe that GPT consistently place its label result in the first 
sentence, followed by an explanation starting with "Explanation:" 
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on a separate line. We then processe GPT’s responses to extract 
both classification labels and explanations. 

3.2 Step 2: Verifier Assesses LLM Labels 
After getting labels and explanations from LLM, it is ideal to ex-
amine each label and correct the wrong labels. However, having 
humans examine all LLM-generated labels would sacrifice the scal-
ability and cost reduction of using LLMs for annotation. Hence, 
our subsequent task is to identify a subset of potentially erroneous 
LLM-generated labels for human re-annotation. 

3.2.1 Annotation verification. In the literature, there are two major 
ways of measuring the uncertainty in LLM’s output. One is to 
let the LLM self-evaluate or verbally express its certainty [50], 
and the other is to prompt the LLM multiple times with different 
prompt format to measure its consistency [93]. Although these 
measures are helpful, they may not work well for our settings 
due to (i) LLMs tend to be over-confident [101], (ii) the predicted 
label is pretty consistent in our observation since we only target 
classification tasks. Besides using LLM’s own output to measure 
the uncertainty, people have shown that training a separate verifier 
to re-rank LLM’s outputs is effective for reasoning and semantic 
parsing tasks [12, 47, 64]. Therefore, we develop a verifier model 
that “verifies” each LLM-generated label, which assigns scores to the 
quality of LLM-generated labels. The resulting scores help identify 
a subset of potentially incorrect LLM labels to be re-annotated by 
humans, which avoids wasting human effort on correcting already 
accurate labels. 

Figure 1 (right-middle) shows the schematic representation of our 
verifier model’s structure. Besides simply feeding the text and label 
to a smaller language model like BERT, we also extract and analyze 
informative signals from the data sample 𝑥 , LLM label 𝑦, and LLM 
explanation 𝑒 , as potential indicators to flag incorrect LLM labels 
that needed re-annotation. Those signals are then channeled into 
the verifier model, which learns a scoring function that measures 
how likely ˆ 𝑦 is the correct output for input 𝑥 . Hence, we denote 
the verifier as a binary classification model P𝜃 (𝑣 |𝑥, ˆ 𝑦, 𝑒), where 
𝑣 ∈ {0, 1}. 𝑣 = 1 indicates that the LLM annotation passing the 
verification (LLM label ˆ 𝑦 is the same as the ground truth label). 
Then, we rank the examples according to the P𝜃 (𝑣 |𝑥, ˆ 𝑦, 𝑒), and the 
returned result of this verification step are the bottom instances 
(with either a threshold or a fixed number of re-annotation) with 
lowest probability to pass the verification. 

3.2.2 Verifier methods. Training data. As mentioned above, for 
text annotation tasks, each data sample consists of 𝑥, 𝑦 ∗ where 𝑥 
is the text input and 𝑦 ∗ is the gold label. For each data sample 𝑥 , 
we use LLM to generate label ˆ 𝑦 and corresponding explanation 𝑒 , 
and then obtain the binary verification label 𝑣 by comparing ˆ 𝑦 and 
𝑦 ∗ , i.e., 𝑣 = 1( ˆ 𝑦 = 𝑦 ∗). Next, after obtaining the set {(𝑥 , ˆ 𝑦, ˆ 𝑒, 𝑣 )}, 
we augment it using the features discussed in Section 4.3.1 to con-
struct {(𝑥, ˆ 𝑦, ˆ 𝑒,F(𝑥 ), F(𝑦), F(𝑒), 𝑣 )}, where F(∗) denotes the set of 
features for each dimension. We can implement the verifier using 
any binary classification model. In our experiment, we evaluate the 
results using Support Vector Machine [13], Random Forest [32], and 
BERT [15] that assign a probability to the example as the verifier 
score. 

Source of gold labels. One bottleneck to train the verifier model 
is to obtain gold labels. One can train high-quality classifiers with 
thousands or even more gold labels; however, this is entirely con-
trary to our goal of generating annotations cheaper and faster. To 
this end, we consider two different sources of gold labels: one is 
a small set (up to 500 labels) of gold labels from the same task, 
and the other is a relatively larger set of gold labels from another 
task in the same domain (e.g., PStance for SemEval where both are 
stance detection tasks). In our experiment, we report the results 
of using each one of these two sources and also those of using the 
two sources combined. 

3.3 Step 3: Human Re-annotation 
In this step, human annotators re-annotate the subset pinpointed 
by the verifier model in Step 2 (Figure 1 (right-bottom)). Basically, 
human annotators provide a label to the example for re-annotation. 
Previous works suggest that compared to fully manual annotation, 
providing LLM-generated labels to human annotators improves 
efficiency and quality of annotations [51, 61]. Also, AI-generated 
explanations may affect human annotator’s behavior [19]. Hence, 
our objective is to see if demonstrating LLM prediction with or with-
out accompanying explanations can further help human annotators 
understand the task and the prediction. Through a series of human-
subject studies, we investigate the extent to which LLM-generated 
pre-labels and explanations facilitate human re-annotation prac-
tice. The results of these studies can inform us about the optimal 
re-annotation strategy for human annotators, which are presented 
in Section 5. 

4 EXPERIMENTS: LLM ANNOTATION AND 
SUBSET SELECTION 

We start by investigating our first research question: How do we 
assess the correctness of LLM-generated labels through the integra-
tion of signals from input data, LLM labels, and corresponding LLM 
explanations? To do so, given the input, we utilize LLM to label the 
data and generate explanations. Subsequently, we extract informa-
tive cues from these sources to construct a verifier model. A series 
of experiments are then conducted to confirm the effectiveness of 
our verifier models in assessing the accuracy of LLM-generated 
labels. 

4.1 Datasets 
In our experiment, we sample three general-purpose labeling (text 
classification) tasks where LLMs have demonstrated remarkable 
abilities but remain insufficient to entirely replace human anno-
tation — natural language inference, stance detection, and hate 
speech detection. For each of these tasks, we select two represen-
tative datasets for evaluation. Finally, we randomly sample 2,000 
data instances from each dataset while preserving the identical 
label distribution as found in the original dataset to ensure the 
representativeness of the selected data instances. 

4.1.1 Natural language inference (NLI). NLI, also referred to as 
recognizing textual entailment (RTE), is the task of determining the 
inference relation between a hypothesis sentence and a premise 
sentence. This task serves as a unified framework for various NLP 
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Table 2: Prompt template including a task instruction, few-shot demonstrations with explanations, and the target input. 

Natural Language Inference Stance Detection Hate Speech Detection 

Task instruction Classify the inference relation be-
tween the premise sentence and 
the hypothesis sentence into en-
tailment, contradiction, or neutral. 
Then explain your decision. 

Classify the stance that the text 
holds towards the target into favor, 
against, or none. Then explain your 
decision. 

Classify the post into hatespeech, 
offensive, or normal. Then explain 
your decision. 

Demonstrations 

Premise: 
Hypothesis: 
Answer: 
Explanation: 

Text: 
Target: 
Answer: 
Explanation: 

post: 
Answer: 
Explanation: 

Target input 
Premise: 
Hypothesis: 
Answer: 

Text: 
Target: 
Answer: 

post: 
Answer: 

GPT’s output <label> 
Explanation: <explanation> 

<label> 
Explanation: <explanation> 

<label> 
Explanation: <explanation> 

problems [57], necessitating human annotation to gather data for 
such a representational task. 

Our evaluation centered on two well-known datasets: The Stan-
ford Natural Language Inference (SNLI) corpus [8] and The Multi-
Genre Natural Language Inference (MNLI) corpus [100]. SNLI is a 
collection of 570k human-written English sentence pairs manually 
annotated with the labels entailment, contradiction, and neutral. 
The corpus is curated to serve as a resource for developing and 
assessing text representation-learning systems. Modeled after the 
SNLI corpus, MNLI is another crowdsourced collection of 433k sen-
tence pairs but differs in that it covers diverse spoken and written 
text genres such as fiction, letters, telephone speech, or 9/11 reports, 
which enables a cross-genre generalization evaluation. 

4.1.2 Stance detection. The design of the stance detection task 
aims to determine from the text whether the author is in favor of 
the given target, against the given target, or whether neither is 
likely. This task facilitates diverse applications such as assessing 
consensus, interpersonal connections, social graphs, and public 
opinions in social contexts. 

We evaluated stance detection on the earliest and most estab-
lished SemEval-2016 Stance Dataset [62], which contains 2814 
labeled tweets and their associated stance towards five targets: 
“Atheism”, “Climate Change is a Real Concern”, “Feminist Move-
ment”, “Hillary Clinton”, and “Legalization of Abortion”. The possi-
ble stance labels are favor, against, or none. Additionally, we utilized 
the P-Stance dataset [48], comprising 21,574 English tweets in the 
political domain, each annotated with a stance toward one of three 
targets: “Donald Trump”, “Joe Biden”, and “Bernie Sanders”. Stances 
are categorized as favor or against. 

4.1.3 Hate speech detection. Hate speech denotes language that 
disparages individuals or groups based on protected characteristics 
like race. Detecting and mitigating hate speech holds significant 
societal importance by curbing the dissemination of hateful ideas 
within networks. 

Our evaluation included the Social Bias Inference Corpus (SBIC) 
[75] spanning over 34k implications about a thousand demographic 
groups. Hate speech is annotated with whether the social media 
posts were offensive or normal and with free-text explanations 

that highlight why a specific subgroup is targeted. We also incor-
porated the HateXplain [60] dataset. Each of around 20k posts in 
the dataset is annotated from three different perspectives: the 3-
class classification (i.e., hatespeech, offensive, or normal), the target 
community, and the word and phrase level human rationales con-
sisting of specific segments of the post that underpin their labeling 
decision. 

4.2 LLM Annotation and Explanation 
We use the Completion API1 from OpenAI, configured with GPT 
module text-davinci-003, to annotate each dataset and to acquire 
explanations. Following configurations in previous work [44, 107], 
we formulate few-shot prompts for each dataset. To diversify ex-
planations, we set the temperature parameter to 0.7, commonly 
used for creative tasks. Examples of the prompt template and GPT 
outputs are shown in Table 2. 

4.3 Verifier for Subset Selection 
As discussed in Section 3.2, a separate verifier model is used to 
score each annotation by the LLM and identify potential wrong 
labels, given the original example and labels and explanations from 
LLM as the input. 

4.3.1 Feature selection. While one could regard the verification 
as another text classification task and train a verifier model with 
only the textual inputs, there are additional signals beyond the tex-
tual inputs that might be effective in locating potentially incorrect 
labels. Specifically, the LLM takes text samples as the input and 
generates labels and explanations as the output. This allows us to 
consider signals from three dimensions along the LLM annotation 
process: the data sample, the LLM-generated labels, and the LLM-
generated explanations. In addition, prior work has shown that 
LLM performance can be affected by these dimensions, e.g. LLMs 
perform poorly on complex text [67], inputs similar to demonstra-
tion can improve LLMs’ performance [54] (sample characteristics); 
LLMs predict specific classes better [107] (label characteristics); 
and Chain-of-Thought prompting improves LLMs’ accuracy [97] 
(explanations characteristics). In our implementation, we extract 

1https://platform.openai.com/docs/api-reference/completions 

https://platform.openai.com/docs/api-reference/completions
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Table 3: Unified structure of prompts given to the human simulator proxy in 𝑥 , 𝑒, 𝑥 + ˆ 𝑒 settings, for the SNLI dataset. Black text 
is fixed prompts; blue denotes data content; purple denotes explanation content; teal denotes the human simulator’s output. 

Input Output 

𝑥 

Question: What’s the relationship between the premise sentence <premise> and 
the hypothesis sentence <hypothesis>? 
Choose A, B, or C. 
A: entailment B: neutral C: contradiction 

<A/B/C> 

ˆ 𝑒

Question: What’s the relationship between two sentences? 
Explanation: <explanation> 
Choose A, B, or C. 
A: entailment B: neutral C: contradiction 

<A/B/C> 

𝑥 + ˆ 𝑒

Question: What’s the relationship between the premise sentence <premise> and 
the hypothesis sentence <hypothesis>? 
Explanation: <explanation> 
Choose A, B, or C. 
A: entailment B: neutral C: contradiction 

<A/B/C> 

signals from these three dimensions and incorporate them into the 
training data of our verifier model. 

• Sample characteristics. From a sample text, we extract text 
characteristics features and sample representative features. 
We utilize all textual features available from the TextDescrip-
tives API [28], which offers descriptive statistics, syntactic 
complexity, and readability metrics. Further, we quantify 
coherence using the Coherence Momentum model [34]. Re-
garding sample representativeness, we assess how atypical 
the sample is compared to the others in the dataset by cal-
culating an outlier score through the cleanlab.outlier API 
[39], and calculate semantic similarity to the demonstration 
examples in the prompt using BERTscore [105]. This gives 
us a total of 70 features about sample characteristics. We 
describe a subset of features as follows: 
– Coherence: Higher coherence refers to better logical con-
nections in the text. 

– Perplexity: Higher perplexity of a sentence refers to more 
unexpected words from humans, indicating lower genera-
tion quality. 

– Readability: Higher readability indicates that it is harder 
for a human to understand the text. 

• Label characteristics. The OpenAI Completion API pro-
vides logits for the top 5 predicted tokens at each output 
position. Thus, we leverage the corresponding logits to mea-
sure the uncertainty associated with GPT’s label accuracy. 
We compute the logit of the label (the first output token), 
similar to Wang et al. [90], and the entropy for the top-5 log-
its. We also compute the average logit and average entropy 
across all tokens. This gives us a total of 7 features about 
label characteristics, including the GPT-predicted label. 

• Explanation characteristics. For a generated explanation, 
we employ metrics based on uncertainty in generation, tex-
tual characteristics, and the quality of explanation. We first 
measure the uncertainty associated with GPT-generated ex-
planations. This involves utilizing the logit values provided 
by the API to compute both the logit and entropy for the first 
token within the explanation, as well as the average logit 
and average entropy across all tokens within the explanation. 

Next, we extract textual features by following a similar pro-
cedure as applied to the data sample. Another vital metric for 
evaluating the quality of explanations is their faithfulness 
to the GPT-generated labels, i.e., explanation’s helpfulness 
towards a model’s decision. For example, an LLM-generated 
explanation that is not supportive of the predicted label can 
give a signal on the uncertainty of the label. Inspired by prior 
research [10, 29, 102], we adopt two definitions of faithful-
ness: 
– Sufficiency: An explanation is sufficient if it contains 
enough information to enable a human to predict the 
model output ˆ 𝑦 solely from the explanation 𝑒 , expressed 
as 𝑝 (𝑦 |𝑒). 

– Simulatability: This metric measures the extent to which 
an explanation ˆ 𝑒 conveys extra semantic content that in-
forms the human about the task model’s output ˆ 𝑦 in the 
context of its input 𝑥 . It quantifies the change in the predic-
tion performance of a human simulator based on whether 
the explanation ˆ 𝑒 is included with the input 𝑥 , denoted as 
max(0, 𝑝 (𝑦 |𝑥 + 𝑒) − 𝑝 (𝑦 |𝑥 )). A high simulatability score 
indicates that when provided with both the explanation 
ˆ 𝑒 and the input 𝑥 , a human is more likely to accurately 
predict the task model’s output 𝑦, in contrast to when she 
has only the input 𝑥 . 

These two metrics are implemented as follows. To simulate 
human judgment, we employ a pre-trained flan-T5 model 
as a proxy. To extract the confidence score of the 𝑝 (𝑦 |𝑒), 
𝑝 (𝑦 |𝑥 + 𝑒), 𝑝 (𝑦 |𝑥 ), as depicted in Table 3, we use different 
prompts in the three settings and instruct the flan-T5 model 
to provide responses restricted to certain choices. Treating 
the flan-T5 model’s output as a multi-label classification, 
we derive the confidence values through softmax applied 
to logits associated with those choices. All the above ap-
proaches give us a total of 73 features about explanation 
characteristics. 

4.3.2 Model training. After obtaining the features for each training 
example as discussed above, we standardize each of the 150 features 
to real numbers with a mean of 0 and a standard deviation of 1, 
such that they can be fed to classifiers. We implement verifier 
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Figure 2: Verifier accuracy in bottom quantiles. The percentage in the 𝑥 -axis denotes the quantile: e.g., 5% denotes the examples 
with the bottom (0.00, 0.05] verification score, 10% denotes the examples with the bottom (0.05, 0.10] verification score. Self and 
Combined verifiers achieve similar performance and consistently outperform baseline verifiers, while Trans does not work 
well for hate speech detection. 

models using different model architectures for binary classification, 
including two traditional machine learning methods, SVM [13] and 
Random forest classifiers [32], from the Scikit-learn library [70], and 
one language model based classifier, based on the Huggingface’s 
BERT [15] implementation [1]. The BERT-based classifier takes 
as input both the original text in the training example and the 
selected features. We add an MLP classifier on top of the BERT-
encoder (which transforms the original text to 768-dimensional 
embeddings) with our extracted features as additional input. More 
implementation details are in the Appendix. 

Among these trained classifier-based verifiers, the random forest 
verifier has clearly better overall accuracy. As we do not focus 
on tuning the verifier model, we only include the Random Forest 
verifier’s result in this section to represent trained verifiers. Note 
that the BERT-encoder is also fine-tuned in this case, and it is 
common for random forests to outperform deep learning methods 
for such a relatively small dataset. The comparison between all 
trained verifiers can be found in the Appendix (Figure 1), including 
the case where the BERT-encoder is not fine-tuned (taking the 
embedding as a set of features, Figure 3 in the Appendix). Besides, 
we also evaluate baseline verifiers that simply use the logits and 
entropies from GPT’s first token as the score. 

As we discussed in Section 3.2.2, training the verifier would 
require a few gold labels, which would not be possible if we consid-
ered the annotation task from scratch. Therefore, we consider three 
settings that we believe are reasonable for using this collaborative 
annotation framework in practice. 
Self: The verifier is trained on the data from the same task of 
the same domain. To be more practical for a new annotation task 

and also to reduce the cost, we consider small sets of training data 
ranging from 100 examples to 500 examples. 
Trans: The verifier is trained on the data from the same task but a 
different dataset. This domain-adaptation style training is common 
when people want to build models when an existing dataset is 
available. We use 2,000 examples from the other datasets. 
Combined: the verifier is trained on both the data from the same 
dataset and the data from another dataset, which combines the two 
above settings. 

The baseline verifiers will not be trained and will not take any 
data as input. For each dataset we evaluate, we randomly sample 
2,000 examples from the original training set with the same la-
bel distribution. Then, we sample 500 examples from those 2,000 
for training and the rest for testing. We evaluate three different 
train-test splits and report the averaged results. For each dataset 
used for Trans, we also randomly sample 2,000 examples from the 
original training set with the same label distribution. All results in 
Section 4.4 are averaged over 3 runs using different random seeds. 

4.4 Results 
Verifier accuracy. For our verifier models trained as classifiers, 
their classification results are nearly perfect in terms of recall, i.e., 
identify almost all the wrong GPT annotations. However, they 
struggle with poor precision and return false positives. Like the 
baseline verifiers that use single metrics, setting a fixed threshold 
to decide potentially wrong annotations is tricky and requires fur-
ther human efforts. Since our goal is not to re-examine all LLM 
annotations and the re-annotation process usually depends on the 



Human-LLM Collaborative Annotation Through Effective Verification of LLM Labels CHI ’24, May 11–16, 2024, Honolulu, HI, USA 

Table 4: Accuracy of verifiers for bottom 100, 200, or 300 instances. Our verifier outperforms all compared methods. BV-I 
denotes the baseline verifier using GPT’s logit for the first token, and BV-e denotes the baseline verifier using GPT’s entropy 
for the first token. Datasets are grouped by tasks. Grouped datasets are used for transfer training for each other. 

100 200 300 

BV-l BV-e Self Trans Combined BV-l BV-e Self Trans Combined BV-l BV-e Self Trans Combined 

SNLI 0.44 0.44 0.77 0.80 0.85 0.33 0.35 0.73 0.71 0.75 0.27 0.30 0.62 0.60 0.63 
MNLI 0.47 0.48 0.76 0.70 0.76 0.41 0.41 0.72 0.62 0.73 0.36 0.37 0.65 0.57 0.66 

SBIC 0.54 0.54 0.59 0.53 0.57 0.53 0.52 0.54 0.49 0.55 0.51 0.50 0.52 0.44 0.51 
HateXplain 0.50 0.60 0.77 0.32 0.75 0.48 0.58 0.73 0.36 0.72 0.47 0.52 0.70 0.37 0.69 

SemEval 0.50 0.51 0.75 0.72 0.82 0.49 0.53 0.67 0.64 0.73 0.46 0.50 0.61 0.58 0.63 
PStance 0.46 0.63 0.80 0.56 0.80 0.43 0.49 0.56 0.43 0.57 0.35 0.37 0.45 0.36 0.46 

Figure 3: Self verifier accuracy varying number of gold labels. The percentage in the 𝑥 -axis denotes the quantile: e.g., 5% 
denotes the examples with the bottom (0.00, 0.05] verification score, 10% denotes the examples with the bottom (0.05, 0.10] 
verification score. In most cases, Self can achieve clearly better performance than the baseline verifier with only 200 gold 
labels. 

cost in practice, we take a deeper analysis by looking into the bot-
tom examples ranked by each verifier — we expect those examples 
to be re-annotated by humans. Figure 2 plots the mean accuracy 
of each verifier for bottom quantiles (each contains 75 examples), 
demonstrating the effectiveness of our verifiers. In all datasets, our 
trained verifiers can identify wrong labels more accurately than 
the baseline verifiers, especially for the “worst” annotations in the 
bottom 5% or 10%. For NLI datasets (SNLI and MNLI), since these 
two datasets are quite similar, the performance of Trans is com-
parable with Self and Combined. For the hate speech detection 
task, Trans is not performing that well due to their dissimilarity. 
The performance of Combined indicates that using the existing 
dataset is still sometimes helpful (e.g., the performance gap between 
Self and Combined for stance detection in SemEval dataset is 6% 
and 8% for the bottom 5% and 10% examples, resp.). We also report 

the verifier accuracy for all bottom 100, 200, and 300 examples in 
Table 4. 
Comparing different data sources. Figure 3 plots the accuracy 
of the random forest based Self verifier varying the number of gold 
labels from the same dataset. Although using all 500 gold labels 
shows the best overall performance as expected, with only 100 or 
200 gold labels, the verifier model achieves comparable accuracy. 
For Combined verifiers, Figure 4 indicates the same trend for most 
datasets when increasing the number of gold labels from the same 
dataset, with 2,000 gold labels from the other dataset of the same 
task. 
Re-annotation after verification. To demonstrate the effective-
ness of having such a verifier in our annotation framework, we plot 
the overall accuracy against different numbers of re-annotation in 
Figure 5. For example, 10% on the 𝑥 -axis in the figure indicates that 
the bottom 10% of examples ranked by the corresponding verifier 
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Figure 4: Combined verifier accuracy varying number of gold labels. The percentage in the 𝑥 -axis denotes the quantile: e.g., 5% 
denotes the examples with the bottom (0.00, 0.05] verification score, 10% denotes the examples with the bottom (0.05, 0.10] 
verification score. With the other dataset, Combined can achieve overall good performance with only 100 gold labels from the 
current dataset. 

Figure 5: Overall accuracy after re-annotation vs. percentage of re-annotation. 

are re-annotated. In this figure, we assume that there is an oracle 
re-annotation. Comparing our verifiers (orange line and blue line) 
with the overall GPT accuracy, it is clear that our verifiers can po-
tentially improve the overall accuracy on all the test examples by 
at least 10% with only re-annotating 15% “bad” labels, which has a 

large margin compared with the baseline verifier (green line) in 4 
out of 6 datasets. 
Cost associated with training a verifier. For a fair comparison, 
we conduct a cost analysis for using verifiers. We denote the total 
annotation cost as the sum of LLM inference cost, verifier cost, and 
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Figure 6: Accuracy of the entire dataset after re-annotation 
vs. total annotation cost. Our verifiers are shown as solid 
lines. Dashed lines represent baseline verifiers. 

human re-annotation cost. Note that we only consider the non-
computational cost listed above and exclude computation cost or 
miscellaneous annotator cost (e.g., recruiting and training humans) 
from our analysis. Also, in our framework, LLMs first annotate all 
data, i.e., the LLM inference cost will be the same regardless of the 
choice of a verifier, and thus will be ignored. Thus, we compare 
verifier cost + human re-annotation cost for each verifier. Following 
Wang et al. [90], we approximate the cost of human labeling as 
$1.1/instance. GPT inference cost for a sample is calculated as the 
average number of tokens2 in generated prompts * $0.02/1,000 
tokens. The costs are calculated as follows: Verifier cost = $1.1 * the 
number of gold labels for training + (in case of Combined/Trans) 

2We use the tiktoken tokenizer provided by OpenAI. 

LLM inference cost for transfer dataset. Human re-annotation cost = 
$1.1 * the number of re-annotation. 

Figure 6 shows verifier cost + human re-annotation cost associ-
ated with each verifier. For SNLI and HateXplain datasets, baseline 
verifiers work better under a low-budget setting, while with a mod-
est budget (e.g. more than $40-$60), our verifiers clearly outperform 
the others. On the other hand, Trans consistently outperforms the 
baseline verifiers in the entire cost range for SNLI and SemEval 
datasets. An optimal strategy can be using the entropy-based ver-
ifier to select and annotate a small number of instances and then 
using the labeled subset to train Self or Combined. As the size of 
the unlabeled dataset is bigger, the more useful our verifier will 
be due to the high verifier accuracy (Table 4). One can also take 
advantage of Trans if it is available from previously annotated 
datasets. 

5 HUMAN-SUBJECT STUDY: HUMAN 
RE-ANNOTATION STRATEGY 

The objective of the verifier is to identify a subset of potentially er-
roneous LLM-generated labels, so as to avoid wasting human efforts 
on re-annotating correct LLM labels. Subsequently, this identified 
subset of LLM-generated labels is presented to human annotators 
for validation, who are tasked with either confirming their correct-
ness or correcting them if necessary. In the performance evaluation 
presented in Section 4.4, we make an assumption that during the 
re-annotation phase, the re-annotators always provide accurate 
labels. However, in practical scenarios, human annotators are sus-
ceptible to making errors. Thus, a human-subject study involving 
real human annotators becomes necessary. 

Another crucial aspect that needs consideration is what is the 
optimal strategy for enhancing human re-annotation performance: 
(1) not presenting any LLM model’s outputs to human annotators, 
(2) presenting only the LLM-generated labels, and (3) presenting 
both the LLM-generated labels and the explanations. Answers to 
this question turn out to be nuanced. For example, humans might be 
influenced or misled by LLM’s labels and explanations. Conversely, 
the LLM explanations may serve as a tool in revealing the LLM’s 
erroneous reasoning processes to human annotators. 

To comprehensively address these questions, we conducted an 
extensive online human-subject study. This study not only provides 
a holistic evaluation of our verifier’s performance in real-world 
conditions but also affords insights into the most effective strategy 
to assist human annotators in their re-annotation tasks. 

5.1 Study Design 
5.1.1 Re-annotation tasks. In this human-subject study, we asked 
participants to complete a set of re-annotation tasks with or without 
help from LLM. Specifically, we selected two datasets out of the 
six datasets in Section 4.1: SNLI for the natural language inference 
task, and SemEval-2016 for the stance detection task. 

5.1.2 Experimental treatments. Our study adopted a mixed design 
by having types of verifier (random, baseline, and our verifier) 
and score quantiles (bottom 1st-100th, 101st-200th, 201st-300th) as 
between-subject variables, and LLM assistance strategies (No LLM 
assistance, LLM label, LLM label & explanation) as a within-subject 
variable. 
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(a) No LLM assistance (b) With LLM label (c) With LLM label & explanation 

Figure 7: Task interface used in the human-subject study for different re-annotation strategies. 

Type of verifier / Score quantile. For each dataset, we se-
lected the bottom 20% instances with the lowest scores from each 
type of verifier, i.e., random, baseline, and our verifier. For the se-
lected 300 instances from each verifier, we further divide them into 
three quantiles (6.67% of each dataset) based on verifier scores, i.e., 
bottom 1st-100th, 101st-200th, 201st-300th. This resulted in nine 
conditions – each combination of verifier type and score quantile, 
denoted by [‘random100’, ‘random200’, ‘random300’, ‘baseline100’, 
‘baseline200’, ‘baseline300’, ‘ours100’, ‘ours200’, ‘ours300’]. When 
LLM labels are shown, participants may observe LLM accuracy 
varies across conditions. For instance, the majority of LLM labels 
in ‘ours100’ (e.g., the bottom 100 instances with lowest scores from 
our verifier) could be incorrect, while a much higher proportion of 
LLM labels selected by the random verifier may be correct. Thus, 
to account for the potential impact of observed AI accuracy on 
participants’ performance [103], for these conditions, we adopted 
a between-subject design so that each participant was assigned 
instances from only one type of verifier and only one range of score 
quantile for the assigned verifier. 

LLM assistance. We further adopted a within-subject design for 
the re-annotation strategies, and each participant would experience 
all three re-annotation strategies. For each annotation task and 
each verifier, we created 3 treatments by varying whether and how 
the LLM assists human annotators with the re-annotation: 

• No LLM assistance: Participants are not presented with 
any output from the LLM on each data instance. 

• LLM label: Participants are presented with the label gener-
ated by the LLM on each data instance. 

• LLM label & explanation: Participants are presented with 
both the label and the explanation generated by the LLM on 
each data instance. 

We opted for a within-subject design because of findings in prior 
research [7] suggesting that repeated exposure to the same AI 
assistance style may lead users to focus on case features rather than 
a specific AI assistance, diminishing the effects of AI assistance 
style. Exposure to multiple AI assistance styles is also realistic in 
real-world contexts where AI explanations are presented selectively 
[43] and progressively [80] based on user needs. 

Participants were randomly assigned to types of verifier and 
verifier score quantiles. For each participant, the order of LLM 
assistance treatments was also randomized. Per LLM assistance 

treatment, each instance was annotated by three human annota-
tors, while each human annotator annotated 10 instances. This 
resulted in 30 unique participants in each of the nine between-
subject conditions. The 30 data instances each participant saw were 
different across three LLM assistance treatments. The order of LLM 
assistance treatments, as well as the order of data instances within 
each treatment, were randomized across participants. 

5.1.3 Experimental procedure. Participants first completed a de-
mographic survey. Next, participants were presented with an inter-
active tutorial designed to guide them through their assigned an-
notation task, e.g., natural language inference or stance detection.3 

Within this tutorial, we asked a series of qualification questions to 
ensure participants had a clear understanding of the task instruc-
tions. After completing the tutorial, participants were presented 
with the study background as follows: an AI model is used to anno-
tate data, which can be incorrect, and a human annotator should 
re-annotate potentially incorrect instances. Participants then pro-
ceeded to annotate a set of 30 data instances, divided into 3 phases 
with 10 instances in each phase. Each phase corresponded to one of 
the three within-subject treatments: no LLM assistance, LLM label, 
or LLM label & explanation. For each data instance, participants 
followed a two-step procedure. Initially, they reviewed the data 
instance, with or without the LLM prediction and explanation, and 
then provided a final annotation, as illustrated in Figure 7. Notably, 
the participants did not receive any accuracy feedback concern-
ing their annotations or the LLM’s annotations on any of these 
data instances. Before submitting their study responses, partici-
pants were required to complete an exit survey. In the exit survey, 
participants were asked to report their perceived cognitive load, 
satisfaction with the annotation experience, and self-assessed ac-
curacy for each phase. In addition, for the two phases with LLM 
assistance, participants were asked to rate their intention to utilize 
the LLM assistance again, their perceived helpfulness of the LLM, 
their perceived accuracy of the LLM, and their trust in the LLM (see 
the Appendix for more detail). All ratings were on 7-point Likert 
Scale. To ensure response quality, the study also included three 
attention-check questions. Participants were instructed to select 
pre-specified options in these questions, which later helped us to 
filter out the data from inattentive participants.4 

3We used the task instructions in the original datasets [8, 62].
4Screenshots of our study interface are provided in the Appendix. 
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Table 5: Accuracy of labels after re-annotating bottom 100, 200, or 300 instances from each verifier. Our verifier outperforms all 
compared methods. 

#anno 0 100 200 300 

Verifier LLM Random Baseline Ours Random Baseline Ours Random Baseline Ours 

SNLI 0.795 0.805 0.811 0.831 0.811 0.819 0.865 0.814 0.824 0.868 
SemEval 0.663 0.665 0.680 0.699 0.672 0.692 0.729 0.681 0.707 0.741 

Figure 8: Accuracy of individual annotators by AI assistance 
treatments. Green markers indicate average accuracy. 

5.1.4 Participants. We launched two studies in Prolific5 , one for 
natural language inference task (SNLI dataset) and one for stance 
detection task (SemEval2016 dataset). We selected participants who 
are located in the United States and have a past approval rate ≥ 98% 
and ≥ 1, 000 approved submissions. For each study, we recruited 
participants until the number of participants who passed attention 
checks reached 270 (=30 participants * 9 between-subject condi-
tions). Each participant was allowed to participate only once. The 
percentages of participants who passed attention checks are 78.95% 
for natural language inference task and 88.82% for stance detection 
task.6 Participants were paid $1.6USD for participation and up to 
$0.9USD as a performance-based bonus.7 To motivate participants 
to pay attention during re-annotation, we paid $0.03 USD for each 
correct annotation to participants with ≥ 70% overall accuracy. 

5.2 Results 
5.2.1 Verifier evaluation. For end-to-end evaluation of our frame-
work, we reported the accuracy of collected labels after human 
re-annotation in Table 5. Each instance selected by a verifier was 
re-annotated by three crowd workers per AI assistance treatment. 
Results were based on aggregated labels via majority voting. Our 
verifier outperformed all compared methods by a big margin. For 
the SNLI dataset, LLM’s accuracy was 79.5%, after re-annotation, 
the final accuracy was 86.8% with a 7.3% improvement. For the Se-
mEval2016 dataset, LLM’s accuracy was 66.3%, after re-annotation, 
the final accuracy was 74.1% with a 7.8% improvement. 

5https://www.prolific.co/
6Details about demographic characteristics of study participants are provided in the 
Appendix.
7The pay is calculated based on pilot studies that took approximately 12 minutes to 
complete. 

5.2.2 Effect of LLM assistance. We investigated our second re-
search question: Do LLM-generated labels and explanations help 
humans in re-annotation? Figure 8 shows the average accuracy of 
participants for each AI assistance treatment. For the SNLI dataset, 
human accuracy was higher when providing both LLM labels and 
explanations (74.15%) than when only providing LLM labels (72.07%) 
or without any assistance (70.44%). On the other hand, results on 
the stance detection task did not show any statistically significant 
differences between AI assistance treatments. We further analyzed 
whether the effect of LLM assistance differed on LLM correct in-
stances and LLM wrong instances. We compared average human 
accuracy in two groups of instances: one in which the LLM label 
was accurate and another where it was incorrect. For the instances 
where LLM was correct, participants were more accurate with more 
LLM assistance (Figure 9). In contrast, when LLM was incorrect, 
providing the wrong LLM labels hurted human accuracy. There 
were no statistically significant differences between showing the 
LLM explanation when the LLM label was wrong. 

We analyzed exit survey ratings on participants’ perceived cogni-
tive load, satisfaction with the annotation experience, self-assessed 
accuracy, intention to use AI assistance again, perceived AI help-
fulness, perceived AI accuracy, and their trust in AI (Figure 10). 
We performed ANOVA test for each category and a follow-up pair-
wise analysis between AI assistance treatments. For both tasks, 
participants agreed that having both LLM labels and explanations 
is more mentally demanding than the alternatives (𝑝 < .001), likely 
because they had to read each explanation and assess its validity. 
For the SNLI dataset, the self-assessed accuracy of participants was 
higher for LLM-assisted treatments (T1<T2,T3) and they thought 
having both labels and explanations was more helpful than having 
only labels. Conversely, for the SemEval2016 Stance dataset, par-
ticipants believed that their accuracy was higher when only labels 
were given than both labels and explanations were provided. They 
were also less satisfied when both labels and explanations were pre-
sented, compared with the alternatives. Upon further examination, 
we found that the quality of explanations generated for the SemEval 
dataset was lower, as illustrated in Figure 11. Clearly, there were 
more explanations in the SemEval dataset with lower coherence, 
and it was even lower when the GPT annotation was wrong. While 
in the SNLI dataset, the distribution of coherence was close for 
correct and incorrect annotations. Interestingly, these two datasets 
showed different distributions for sufficiency and readability. For 
the SemEval dataset, the explanations were less sufficient and more 
readable when the GPT annotation was wrong. When the GPT 
annotation was wrong, the explanations in the SemEval dataset 
had lower perplexity than the correct annotation, contrasting the 
distribution of the SNLI dataset. Finally, there were no statistically 

https://5https://www.prolific.co
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Figure 9: Accuracy of individual annotators on instances where LLM is correct (left three boxes) or wrong (right three boxes) by 
AI assistance treatments. Green markers indicate average accuracy. *** indicates 𝑝 < 0.001. 

(a) Natural language inference task (b) Stance detection task 

Figure 10: Exit survey ratings by AI assistance treatments. 

(a) SNLI dataset 

(b) SemEval dataset 

Figure 11: Distribution (density function) of explanation quality measures grouped by the correctness of GPT annotation. For 
perplexity and readability, lower is better; for the rest metrics, higher is better. 

significant effects of AI assistance treatments on participants’ inten-
tion to use AI again, perceived accuracy of the assistant AI model, 
and their trust in the AI model for both tasks. 

5.2.3 Effect of types of verifiers and score quantiles. We studied 
whether human re-annotation accuracy differed by the types of 

verifiers (random, baseline, and ours) and score quantiles (0-100, 
101-200, and 201-300), and whether the effect of LLM assistance 
interacted with these conditions. Figure 13 illustrate that human 
performance was lowest on instances selected by our verifier and 
second lowest on the baseline verifier. This was likely due to our 
verifier identifying more incorrect LLM labels, meaning harder 
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(a) SNLI dataset 

(b) SemEval dataset 

Figure 12: Distribution (density function) of explanation quality measures grouped by the correctness of GPT annotation for 
bottom 200 examples selected by our verifier. For perplexity and readability, lower is better; for the rest metrics, higher is better. 

Figure 13: Accuracy on instances identified by each verifier. 
Green markers indicate average accuracy. 

instances for LLMs were assigned to the annotators of this group. 
There was no statistically significant difference between different 
verifiers and/or score quantiles on the effect of LLM assistance 
treatments. 

5.2.4 Effect on annotation time. We further examined whether 
annotation time was affected by different factors. We calculated the 
annotation time for a task as the time taken between opening up 
the task page in our web interface and clicking a button to move 
to the next page.8 Our study setting did not guarantee that the 
participants were actively engaging in annotation throughout the 
study duration. Hence, annotation tasks with long response times, 
which might indicate the participants were idle, were excluded 
from analysis. We also ignored annotation times exceeding 1.5 
interquartile range (IQR) below the lower quartile or above the 

8Unfortunately, our interface did not capture precise annotation time for the label & 
explanation treatment. This was because annotators need to label and rate the expla-
nation quality in the same task page as in Figure 7c. We still reported the annotation 
times in the figures but excluded them in analysis. 

Figure 14: Annotation time per task instance by AI assis-
tance treatments. Annotation time for label & explanation 
treatment includes time taken for both labeling and rating 
explanations, and hence is not suitable for direct comparison 
(grayed out). Green markers indicate average accuracy. *** 
indicates 𝑝 < 0.001. 

upper quartile of a participant [72]. The remaining tasks were 7,538 
for SNLI and 7,461 for SemEval out of 8,100. 

We conducted Mann-Whitney U test for pair-wise analysis be-
tween AI assistance treatments. Figure 14 shows the average anno-
tation time taken to label one task instance for each AI assistance 
treatment. We found that annotation time was slower when LLM 
labels were shown (13.20 seconds) than without any assistance 
(12.06 seconds, 8.7% faster). In contrast, there was no statistically 
significant difference between the two treatments for the SNLI 
dataset. For both datasets, annotating with both LLM labels and 
explanations shown was statistically significantly slower than the 
other treatments, but we could not presume whether it was because 
of additional cognitive load to read explanation or time taken to 
give ratings to the explanations. Further human-subject study is 
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Figure 15: Annotation time per task instance where LLM is correct (left three boxes) or wrong (right three boxes) by AI assistance 
treatments. Annotation time for label & explanation treatment includes time taken for both labeling and rating explanations, 
and hence is not suitable for direct comparison. Green markers indicate average accuracy. *** indicates 𝑝 < 0.001. 

required to analyze annotation time difference between the label & 
explanation treatment from the others. Additionally, we examined 
if the effect of AI assistance treatment varied by the correctness 
of LLM labels. For both datasets, when LLM labels were incorrect, 
annotation time was statistically significantly slower when LLM 
labels were shown than without any assistance (Figure 15). This 
was unsurprising since incorrect AI pre-labels could make human 
annotators reconsider their decisions, leading to additional time 
spent. For the SNLI dataset, humans were slower when LLM was 
wrong regardless of AI assistance. We posit that instances where 
LLM was wrong were also difficult to humans. 

6 DISCUSSION 

6.1 Verifying LLM Labels 
Logits are not enough. Our empirical evaluation clearly shows 
that our trained verifiers can largely outperform the logits-based 
baseline verifiers in most cases. This is expected because LLMs tend 
to be over-confident [101], and the token-level log probabilities 
may not align with the label space precisely. The textual features 
of both input samples and explanations provide much richer infor-
mation than the logits. Furthermore, as LLM-generated reasoning 
steps or explanations may reveal errors or inconsistencies in its 
prediction [47], verifiers can learn more implicit signals of the LLM 
generation. 
Ways to improve verifiers. We conducted an ablation study by 
adding different sets of features starting with label characteristics 
(detailed results in the Appendix, Figure 2). The findings reveal a 
clear improvement in verifier performance when adding more sets 
of features, especially for explanation characteristics. This confirms 
our design choice of incorporating three dimensions of features 
in the input and underscores the effectiveness of leveraging LLM-
generated explanation. 

Our verifier may be further improved by adding even more fea-
tures. We have explored the effectiveness of augmenting our verifier 
with text embeddings generated from pre-trained language models 
like BERT. The results demonstrate that utilizing text embeddings 
as additional features can often lead to improved verifier accuracy 
(see the Appendix, Figure 3), indicating that there is still space for 

improving the verifier. Additionally, we posit that certain tasks 
may benefit from task-specific features. For instance, we can add 
factuality metrics for knowledge-intensive tasks [68], demographic 
bias metrics for bias detection [14], or toxicity metrics for hate 
speech detection tasks using any language models pre-trained with 
existing knowledge [22]. If the auxiliary language models are sub-
stantially smaller than LLMs, the computation cost to obtain those 
additional features is negligible compared to sampling each LLM 
annotation. 
Alternative approaches to verify LLM labels. We also test al-
ternative methods to identify potentially incorrect LLMs without 
training a verifier model. First, we can directly ask LLMs to score 
their confidence, i.e., self-assessment. However, we notice that they 
generate seemingly plausible but not faithful scores, which is a com-
mon phenomenon called LLM hallucination. Another technique is 
instructing LLMs to output a ‘Do not know’ label when they are not 
confident about their predictions. Next, we can prompt LLM multi-
ple times for the same input and measure annotation agreement, i.e., 
self-consistency [11]. For these approaches, we cannot control the 
number of instances to re-annotate. Also, for commercial LLMs, the 
cost of LLM annotation will be multiplied by the number of trials 
for the self-consistency approach, making those methods requiring 
multiple trials undesirable. 

6.2 Human Re-annotation with LLM Assistance 
Annotators rely on LLM assistance. When LLM labels are in-
correct, manually annotating is more accurate than having any 
kind of assistance in almost all combinations of conditions, e.g., for 
annotators who got a highly accurate subset of LLM labels (>80%) 
as well as ones who got mostly inaccurate LLM labels (<30%). This 
indicates participants can be easily misled by LLM assistance, re-
gardless of LLM accuracy. As shown in Figure 12, the distributions 
of explanation sufficiency diverge less for correct and incorrect 
predictions for the bottom 200 examples compared to the distribu-
tions for the entire dataset (Figure 11). Further study is required to 
understand which factor can mitigate this. 
Re-annotation and explanation quality. Our crowdsourced 
study results in Section 5.2.2 show that for both datasets, when 
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the LLM is wrong, human accuracy was significantly lower when 
providing both LLM labels and explanations than when provid-
ing only the example. This may be due to the ambiguity of those 
wrong annotations: the majority of them are ‘neutral’/‘none’. Fig-
ure 12 shows that the sufficiency of explanations are lower when 
the LLM is wrong, potentially indicating lower explanation qual-
ity (SemEval also has clearly lower coherence). While low-quality 
explanations can be a good indicator of incorrect LLM annotation, 
they may be less helpful in assisting human annotation. Similarly, 
the SemEval dataset even shows no difference across the three 
AI assistance treatments. By comparing the metrics across two 
datasets in Figure 12, although SNLI explanations are more com-
plex (higher perplexity and worse readability), they have better 
semantic qualities (coherence and sufficiency). We conjecture this 
is the reason that the crowd workers have better performance with 
LLM explanations for the SNLI dataset and are more satisfied with 
the explanations. Improving the explanation quality, especially for 
tasks with domain-specific knowledge, could be another essential 
problem in human-LLM collaboration. 
Presentation of LLM Explanations. Our study finds that having 
LLM explanations is strongly mentally demanding (Figure 10). In 
our setup, we utilize natural language explanations, which often is 
longer than the input text. Consequently, reading an explanation 
and labeling takes more time than manual labeling, which results 
in a high cognitive load. Compared to natural language explana-
tions, extractive explanations [58] such as highlighted text, can 
reduce cognitive load while conveying some justification of LLM 
labels to the annotators. Future work can investigate the effect of 
different types and presentations of LLM explanations in human 
re-annotation. 
Towards efficient human re-annotation of LLM labels. An 
ideal annotation system should be accurate, cost-effective, and 
generalizable. In pursuit of these goals, we explored strategies to 
leverage the extensive knowledge embedded in LLMs and maximize 
the impact of human annotation efforts. In our study, the verifier 
model serves the role of identifying potentially incorrect LLM labels. 
The selection of a verifier should be guided by the allocated budget, 
balancing between the cost of training an accurate yet expensive 
verifier and the waste of human re-annotation on correctly labeled 
samples. 

Furthermore, to improve the quality of human re-annotations 
and elicit cleaner labels, we can start with non-LLM-assisted hu-
man re-annotation on a small number of data instances. Ideally, 
instances with the lowest scores from the verifier are more likely 
to be truly incorrect. According to our user study results, when 
LLM labels are incorrect, human annotations without any LLM 
assistance are the most accurate. Furthermore, the verifier itself 
can, in turn, be enhanced by having a feedback loop based on the 
human re-annotations to allow for more relevant and diverse data 
points to be ‘verified’. The current design of Lapras focuses on the 
annotation step for training downstream models, while we may 
improve the verifier in an iterative process, with feedback from the 
human annotators and signals from the progressively trained down-
stream models. In addition, there are possibilities to reduce the cost 
of human efforts further. For example, we can instruct LLMs to 
self-verify or re-annotate their own labels in another round before 
the human re-annotation process. 

6.3 Design Implication for Human-LLM 
Collaborative Annotation Tools 

To apply our Human-LLM collaborative annotation framework to 
annotation tools, there are a few practical considerations to keep 
in mind. 
Improving the quality of LLM labels and explanations. We 
chose prompt templates used in previous works to obtain LLM an-
notations and explanations. In practice, LLM performance for a task 
may significantly vary based on the choice of prompt templates. 
Therefore, it is essential for human-LLM collaborative annotation 
tools to have prompt tuning capabilities. In addition to improv-
ing the accuracy of LLM labels, prompt engineering techniques to 
improve the self-rationalization performance (i.e., faithful explana-
tions) should be considered. 
Robust post-processing of LLM outputs. Despite explicit in-
structions in the prompt and even utilizing few-shot examples, the 
LLM predictions can sometimes be random. For example, the pre-
dicted label may not match with any of the label options provided 
for the task (eg. predicting ‘neutral’ when the instruction stated to 
label the sentiment of a task as either ‘positive’ or ‘negative’ only. 
Furthermore, users may instruct an LLM to produce a label and 
explanation in a certain format e.g. JSON. However, the output 
produced by LLMs may not always adhere to this specific format. 
Hence, it becomes necessary to build and design a post-processing 
module to retrieve the LLM annotations and ensure they fit the 
requirements of the task and prompt instructions. 
Re-annotation interface with selective LLM assistance. De-
pending on the characteristics of the given task and dataset to 
annotate, the effect of LLM assistance may differ. Re-annotation 
interface should be flexible enough to change when and what kind 
of information to show to annotators. For example, by default, we 
may not provide any assistance, and offer assistance only when we 
have explanations of good quality. 
Human annotator selection. In subjective tasks, the human re-
annotation process would need a form of majority voting among 
different annotators. Furthermore, in tasks that require specific 
domain knowledge, it becomes necessary to include crowd workers 
who are experts in that task domain, as otherwise, it would hamper 
the re-annotation process and verification model. 

6.4 Limitations 
There are a few limitations in this work. First, as we conducted the 
crowdsourced study on Prolific, our findings may not generalize 
to other platforms and annotation by human experts. Second, the 
accuracy of the verifier depends on the gold labels for training in our 
setting, and the verifier may adapt poorly to other datasets, while we 
can indeed dynamically update the verifier as the human annotation 
comes in. Third, as discussed in Section 6.3, investigating better 
prompts for annotation and explanation generation could improve 
both LLM accuracy and the quality of generated explanations, even 
leading to better training signals for the verifiers. Another limitation 
is the prevailing bias that exists in the data the LLMs are trained on, 
such as racial, cultural, and gender bias. Such biases may seep into 
the label predictions and explanations made by the LLM, which 
raises several ethical concerns. Furthermore, the datasets we work 
on may deal with sensitive issues, such as hatespeech, which may be 
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sensitive to some users. Lastly, for commercial LLMs, data privacy 
and other legal considerations need to be kept in mind. 

7 CONCLUSION AND FUTURE WORK 
As large language models (LLMs) have been widely used for data 
annotation, it is important to understand its defects and improve 
the annotation quality through collaboration with human anno-
tators. In this paper, we studied how to design LLM-human col-
laborative annotation frameworks by leveraging LLM’s label and 
self-explanation in verification and re-annotation. We built our 
Lapras system and conducted empirical experiments and human-
subject studies to evaluate the verification and re-annotation steps 
in Lapras. Our findings indicate the effectiveness of our verifier 
with LLM-generated explanations. Further, to enhance the human-
LLM collaboration, crowd workers’ annotation performance and 
feedback tell us that there is a need to quantify and improve the 
quality of LLM explanations and carefully decide when explanations 
are helpful for human re-annotation. 
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