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Abstract

We study semi-supervised sequence prediction
tasks where labeled data are too scarce to ef-
fectively finetune a model and at the same time
few-shot prompting of a large language model
(LLM) has suboptimal performance. This hap-
pens when a task, such as parsing, is expensive
to annotate and also unfamiliar to a pretrained
LLM. In this paper, we present a discovery that
student models distilled from a prompted LLM
can often generalize better than their teacher
on such tasks. Leveraging this finding, we
propose a new distillation method, multistage
collaborative knowledge distillation from an
LLM (MCKD), for such tasks. MCKD first
prompts an LLM using few-shot in-context
learning to produce pseudolabels for unlabeled
data. Then, at each stage of distillation, a pair
of students are trained on disjoint partitions of
the pseudolabeled data. Each student subse-
quently produces new and improved pseudola-
bels for the unseen partition to supervise the
next round of student(s) with. We show the
benefit of multistage cross-partition labeling on
two constituency parsing tasks. On CRAFT
biomedical parsing, 3-stage MCKD with 50
labeled examples matches the performance of
supervised finetuning with 500 examples and
outperforms the prompted LLM and vanilla KD
by 7.5% and 3.7% parsing F1, respectively.

1 Introduction

Low-resource tasks are common in real-life applica-
tions, including in specialized domains where data
collection is expensive and requires expert knowl-
edge (Verspoor et al., 2012). Semi-supervised
learning has been proposed as a solution when
abundant unlabeled data are available (McClosky
et al., 2006; Blum and Mitchell, 1998; Han et al.,
2018). In a typical application, a model is trained
on limited labeled data and produces pseudolabels
for unlabeled data (Amini et al., 2022; McClosky
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et al., 2008). The synthetic data are filtered accord-
ing to some confidence threshold and used to train
a new model. In more extreme few-shot cases, la-
beled data are too scarce to finetune a decent model
to begin with. Since large language models (LLMs)
can be prompted with a few demonstrations to per-
form a wide variety of sequence generation tasks,
it has become popular to employ LLMs to synthe-
size pseudolables (Wang et al., 2021b; Yoo et al.,
2021; Ding et al., 2022). Fast and accurate domain-
specific models can then be trained using knowl-
edge distillation (KD) from LLMs.

In this paper, we study a challenging semi-
supervised sequence prediction scenario where la-
beled data are too few to finetune a model and
few-shot prompted LLMs also have suboptimal per-
formance. This happens when the task is both ex-
pensive to annotate and unfamiliar to off-the-shelf
LLMs. For example, it took 80 annotators around
2.5 years to parse the 20k sentences of biomedical
text in the CRAFT corpus (Verspoor et al., 2012).
An LLM pretrained on natural language data may
not excel in parsing where the outputs are logical
forms; in-context learning performance can also
be mediocre now that input text is from a special-
ized scientific domain. Our overarching research
question in this paper is whether in this scenario
we can still leverage an LLM to develop a strong
prediction model.

We examine vanilla KD using a few-shot
prompted LLM as the teacher and find that the
student model generally outperforms the LLM
teacher on unseen evaluation data. This is not
very surprising given the large distribution shift
the teacher undergoes when applied to the task;
at the same time, this result is encouraging as it
opens up the possibility of leveraging the student
as a teacher for further distillation. Motivated by
this phenomenon, we propose a novel distillation
method, multistage collaborative knowledge distil-
lation from an LLM (MCKD), for semi-supervised
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Figure 1: Overview of 2-stage multistage collaborative knowledge distillation from an LLM (MCKD). We prompt
an LLM teacher t to produce pseudolabels for unlabeled data Dunlabeled, using demonstrations from few-shot
labeled data Dlabeled. We partition Dunlabeled into Dunlabeled

A and Dunlabeled
B . Let D(x,ỹ)

A and D(x,ỹ)
B denote these data

with teacher-generated pseudolabels. In KD stage 1, each of student sA and sB is trained on a partition and
produces pseudolabels for the other partition. Let D(x,ŷ)

A and D(x,ŷ)
B denote unlabeled data with student-generated

pseudolabels. In stage 2, the final student s is trained on both latest pseudolabeled partitions D(x,ŷ)
A and D(x,ŷ)

B .

sequence prediction. We first collect pseudolabels
for a large amount of unlabeled data from an LLM.
Then we perform multistage knowledge distillation.
We split the pseudolabeled data into two partitions
and perform cross-partition labeling. At each stage,
a pair of students are trained on distinct partitions
of pseudolabeled data and produce improved pseu-
dolabels for the data that they have not been trained
on, taking advantage of the fact that the students
generalize better than their teachers. In the final
distillation stage, a single student is trained on all
the latest pseudolabeled data.

Our main contributions are as follows:

• We study whether an LLM can be lever-
aged to train a strong student model for
semi-supervised sequence prediction tasks on
which the LLM itself performs suboptimally
when prompted with in-context learning exam-
ples. We find that a student can often achieve
better generalization than an LLM teacher
when trained with vanilla KD.

• We propose a novel distillation method, mul-
tistage collaborative knowledge distillation
from an LLM (MCKD), for semi-supervised
sequence prediction. Data partitioning and
cross-partition labeling enable us to gradu-
ally improve the quality of pseudolabels over
multiple distillation stages, which in turn im-

proves student performance.

• Given 50 to 250 gold labeled examples on
two constituency parsing datasets, 2- and 3-
stage MCKD consistently and significantly
outperform few-shot prompted LLMs, di-
rect supervised finetuning, and KD base-
lines. On CRAFT biomedical parsing, 3-stage
MCKD with 50 labeled examples matches
the performance of supervised finetuning with
500 examples and outperforms the LLM and
vanilla KD with 50 labeled examples by 7.5%
and 3.7% parsing F1, respectively.

• Further analyses show that (a) the student cor-
rects many of the teacher’s errors, and (b) a
sufficiently large amount of unlabeled data is
needed for the student to reach its peak perfor-
mance.

2 MCKD: Multistage Collaborative
Knowledge Distillation from an LLM

2.1 Problem setup

We study semi-supervised sequence prediction
tasks where the training data consist of few la-
beled examples Dlabeled = {xi, yi}Nlabeled

i=1 and many
unlabeled examples Dunlabeled = {x̄i}Nunlabeled

i=1 . In
each example, x and y are sequence data. We
assume (1) Dlabeled is not large enough for train-



ing a capable prediction network via direct super-
vised fine-tuning and (2) LLM few-shot prompt-
ing with demonstrations sampled from Dlabeled has
suboptimal performance. This is a challenging
but prevalent scenario that happens when a task is
both expensive to annotate and unfamiliar to off-
the-shelf LLMs. Examples of these tasks include
various parsing, domain-specific, and low-resource
language applications.

2.2 Method

MCKD employs an LLM for synthetic data gener-
ation and multistage collaborative knowledge dis-
tillation to train a fast and accurate final prediction
network. Figure 1 illustrates 2-stage MCKD; the
KD Stage 1 of it can be repeated in MCKD with
more stages.

LLM in-context learning. We sample examples
from the labeled dataset Dlabeled to prompt LLMs to
produce pseudolabels for unlabeled data Dunlabeled.

MCKD. We focus on tasks that are challenging
for few-shot prompted LLMs and conjecture that
training a specialized student model using a suffi-
cient amount of pseudolabels from an LLM teacher
can outperform the LLM teacher on held-out data.
We confirm this speculation in Sec. 5.1, finding
that when a student learns teacher pseudolabels
well, its generalization performance can surpass
the LLM in-context learning performance on the
same held-out evaluation data.

Inspired by this finding, we propose a multistage
knowledge distillation method with the hypothe-
sis that a student distilled from an LLM teacher
can produce better pseudolabels for training a next-
stage student. Now that the student model well
fits the teacher pseudolabels on its training data,
using the student to label its training data will re-
sult in similar pseudolabels that it is trained on and
no significant improvement. To leverage the bet-
ter generalization performance of the student, we
propose data partitioning and cross-partition la-
beling. We split unlabeled data Dunlabeled randomly
and evenly into two distillation sets Dunlabeled

A and
Dunlabeled

B . At each intermediate distillation stage,
we (1) train a pair of students using the distinct par-
titions with pseudolabeled data from the previous
stage and (2) let each student predict pseudolabels
for the partition that it has not been trained on, in
order to gradually improve the overall quality of the
latest pseudolabels for Dunlabeled over stages. In the

final distillation stage, a student model is trained
on the entire Dunlabeled with the latest pseudolabels.

Distillation mechanism. Throughout this work,
we experiment with sequence-level knowledge dis-
tillation where a sequence prediction student is
trained on hard labels generated by the teacher.
This is an effective distillation method compared
to token logit distillation for sequence generation
tasks (Kim and Rush, 2016), commonly adopted
in literature on distillation from LLMs (Wang et al.,
2021b; Yoo et al., 2021; Ding et al., 2022; Li et al.,
2023; Gilardi et al., 2023), and applicable given
either open-source or closed-source LLM teachers.

3 Experimental Setup

3.1 Data and evaluation
Datasets. We perform experiments on two con-
stituency parsing datasets where a general-purpose
LLM pretrained to generate natural language text
will undergo distribution shifts and produce sub-
optimal results. We use the Penn Treebank (PTB)
dataset (Marcus et al., 1993) for news parsing and
the Colorado Richly Annotated Full-Text (CRAFT)
corpus for biomedical text parsing (Verspoor et al.,
2012). PTB has standard training, validation, and
testing splits. CRAFT contains 21121 sentences,
but does not have standard splits; we randomly
sample 50%/10%/40% of the sentences to form
the training, validation, and testing sets. Semi-
supervised learning for biomedical tasks is espe-
cially valuable since data annotation usually re-
quires expertise and is formidably expensive. It
took 80 annotators around 2.5 years to parse the
20k sentences in the CRAFT corpus.

Simulating low-resource scenarios. For each
dataset, we sample 250 examples from the training
set as labeled data and treat the remaining exam-
ples as unlabeled data. In different experiments,
we randomly sample 50 or 250 of the 250 labeled
data as the labeled set Dlabeled. For the main results
(Table 1), We randomly sample 20k unlabeled data
as Dunlabeled for PTB and all the available 9060 un-
labeled data as Dunlabeled for CRAFT. We then ran-
domly and evenly partition Dunlabeled into Dunlabeled

A

and Dunlabeled
B . We do not use the validation sets,

assuming a low resource regime where the only
available labeled data are Dlabeled. We use test sets
for final evaluation.

Evaluation. We compute per-example parsing
F1 and average over examples to measure model



performance. We use bracketing in training and
evaluation, but discard constituent tags (see Ap-
pendix B.1 for more details).

3.2 Model, learning, and prediction

LLM teacher. We use gpt-3.5-turbo, i.e., Chat-
GPT, to collect initial pseudolabels for Dunlabeled.
We access it through the OpenAI API. We ran-
domly and uniformly sample 30 labeled parsing
examples from Dlabeled to include in the prompt for
each unlabeled example in Dunlabeled, since 50 or
250 examples will exceed the allowed maximum
context length. More details about the prompt de-
sign are in Appendix C.

Student model. We use T5-Base as the student
models (220M parameters). We use the same hy-
perparameters for training students in all experi-
ments: learning rate 3× 10−4, batch size 32, and
21 maximum training epochs. We assume a low-
data regime where no labeled validation dataset is
available. We stop training runs when the differ-
ence in student’s training performance among three
epochs is within 0.1%. Student pseudolabels are
predicted with greedy decoding.

3.3 Baselines

We compare MCKD with the LLM teacher, T5-
Base finetuned using few-shot labeled data Dlabeled,
and two knowledge distillation baselines described
below.

Vanilla KD. We employ sequence-level knowl-
edge distillation (Kim and Rush, 2016) where a
student is trained on hard labels generated by gpt-
3.5-turbo for the unlabeled dataset Dunlabeled.

KD + SD w/ filtering. We train a student to
match teacher pseudolabels on the entire unlabeled
dataset Dunlabeled through vanilla KD. We then ap-
ply self-distillation (SD): letting the student pre-
dict pseudolabels for Dunlabeled, filtering them by
keeping half of the data where the student has the
highest average token log-probabilities, and retrain-
ing a student on the filtered pseudolabeled data.
Confidence-based filtering is a common method to
optimize learning from pseudolables (Lang et al.,
2022; Wang et al., 2021a; Mohananey et al., 2020;
Vinyals et al., 2015; McClosky et al., 2006). KD +
SD without filtering is similar to vanilla KD, since
the student pseudolabels on Dunlabeled will be al-
most the same as teacher pseudolabels. Since we

PTB CRAFT
Method 50 250 50 250

ChatGPT 69.1 70.7 60.0 59.9
T5-Base 0 59.7 0 54.1

Vanilla KD 71.6 74.7 63.8 63.7
KD + SD w/ filter 72.4 74.6 64.3 64.9

2-stage MCKD 73.9 76.6 66.9 67.5
3-stage MCKD 74.2 76.9 67.5 68.7

Table 1: Parsing F1 on PTB and CRAFT test sets using
50 or 250 labeled training data. ChatGPT is few-shot
prompted, while T5-Base is finetuned. MCKD outper-
forms baselines in all settings.

use a blackbox LLM teacher where logits are un-
available, we also do not use a baseline that filters
LLM pseudolabels.

4 Main Results

Baseline performance. As shown in Table 1,
ChatGPT’s few-shot performance on constituency
parsing is around 70% F1 for PTB and 60% for
CRAFT. Sampling in-context demonstrations from
a pool of 50 of 250 labeled data does not make a big
difference, now that the number of samples that can
fit in the ChatGPT input is the same. Vanilla KD
can yield students that outperform the teacher. KD
+ SD w/ filtering performs similarly to or slightly
better than vanilla KD. Direct supervised finetun-
ing of T5-Base has the worst performance. On both
datasets, 50 labeled data are too few to effectively
finetune a T5-Base model.

MCKD performance. Our MCKD approach
significantly outperforms the few-shot prompted
ChatGPT and KD baselines in all setting. For ex-
ample, on CRAFT with 50 gold labeled training
examples, 2-stage MCKDperforms ChatGPT by
6.9% F1 and Vanilla KD by 3.1% F1. The 3-stage
MCKDfurther improves the results, outperforming
ChatGPT by 7.5% and Vanilla KD by 3.7%, but
requires additional training time. Practitioners can
choose the number of stages ad hoc.

Comparison with direct supervised finetuning.
As shown in Figure 2, 3-stage MCKD using 50
labeled examples can match the performance of su-
pervised finetuning of T5-Base using 500 labeled
examples on PTB, and outperform SFT using 500
labeled examples on CRAFT. This demonstrates
the label-efficiency of MCKD and its effective-
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Figure 2: 3-stage MCKD with 50 labeled examples can
match the performance of supervised finetuning (SFT)
with 500 or more labeled examples on PTB and CRAFT.

ness in semi-supervised sequence generation tasks
where annotation is expensive. When abundant
labeled examples are available, practitioners can
directly finetune a T5-base without needing to rely
on LLM few-shot reasoning abilities.

5 Analysis

In this section, we perform analysis experiments
using PTB data. We sample subset of Dunlabeled

A

and Dunlabeled
B (Sec. 3.1), denoted as DA and DB ,

of different sizes for various experiments. We train
stage-1 students using DA with pseudolabels from
an LLM teacher, and evaluate them on DB against
ground truth labels. Then we train stage-2 students
using DB with pseudolabels from stage-1 students.

5.1 Student generalization correlates with
training fidelity

When we train a stage-1 student on 4k data DA,
we stop the runs when the student training F1
compared to the LLM teacher’s pseudolabels con-
verges. We find that as this training fidelity (Stan-
ton et al., 2021) increases, the student performance
on 4k held-out data DB also increases (Figure 3).
This trend similarly holds for other distillation set
sizes (see Appendix A). When the average per-
example F1 converges, the medium per-example
F1 is close to 100%, indicating that the student has
perfectly memorized many teacher pseudolabels.
However, this does not affect the generalizable pat-
terns learned by student model. The student gen-
eralization performance continues to increase and
outperforms the few-shot prompted LLM teacher
on DB . This suggests that in low-data regimes
without a validation set, training the student to-
ward high fidelity with teacher pseudolabels can
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Figure 3: A student model is trained on 4k data DA

with LLM pseudolabels and evaluated on 4k held-out
data DB . The student held-out performance (orange)
increases as it better fits the teacher pseudolabels on
the training data (blue) and outperforms the teacher
performance on the held-out data.
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Figure 4: Further comparison between the performance
on held-out data of student and teacher. We then com-
pare the student and teacher on those two splits, as
denoted by, e.g., S_Dhigh and T_Dhigh. It is observed
that the student and teacher have high agreement on
Dhigh, while the student can outperform the teacher on
Dlow, i.e., where the teacher performs poorly.

be a viable strategy to pick checkpoints during the
distillation process. We adopt this strategy in all
distillation experiments.

5.2 Student can correct teacher errors

We further look into how a student trained on vari-
ous amounts of pseudolabeled data DA may outper-
form an LLM teacher on 4k held-out data DB . We
split DB evenly into halves, Dhigh and Dlow, based
on teacher performance. The teacher achieves high
F1 on the former examples and low on the latter.

As shown in Figure 4, the student performance
on both halves increase given more pseudolabeled
training data DA. Give a large enough DA, the
student approaches teacher performance on the ex-
amples that the teacher is good at, i.e. Dhigh, and
outperforms the teacher on examples where the
teacher performs poorly, i.e., Dlow. The student can
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Figure 5: (a) Stage-1 student performance on 4k held-
out data DB increases with more LLM pseudolabeled
data DA. (b) The test performance of stage-2 student
trained by 4k DB data with stage-1 student pseudolabels
increases when the stage-1 student is trained on a larger
teacher pseudolabeled DA.

correct teacher mistakes especially on the examples
that the teacher is bad at. This shows that the stu-
dent is able to learn a generalizable distribution for
the task by learning noisy teacher pseudolabels.

5.3 Larger distillation sets help student
performance

Given the same amount of labeled data Dlabeled,
we show that a larger amount of unlabeled data
Dunlabeled can improve the performance of the final
student. Figure 5a shows that as the training set
DA for the stage-1 student grows larger, the perfor-
mance of the stage-1 student on the separate set of
4k data DB increases. With 2k, 4k, and 8k data in
DA, the stage-1 student outperforms the few-shot
prompted LLM on the held-out set DB .

Then we use 4k DB with pseudolabels from the
stage-1 student to train a stage-2 student and eval-
uate it on the test set (Figure 5b). We observe
that when the stage-1 student is trained on a suf-
ficiently large DA, this outperforms the stage-2
student trained on 4k teacher pseudolabeled DB .
Although using 2k, 4k, and 8k data to train the
stage-1 student yields similar stage-1 student F1,
we find that this F1 is not a good indicator for

the supervision signals that a stage-1 student can
provide for a stage-2 student. The stage-1 student
trained with more data tends to have less variance
in its per-sentence F1 and has less poor-performing
examples. Accordingly, a better stage-2 student can
be trained by using pseudolabels from a stage-1 stu-
dent that is trained on more data. Overall, we find
that an adequately large distillation set is necessary
for the final student to achieve its peak performance.
In MCKD, we partition the unlabeled dataset and
use a pair of students at each stage to label all of
them, so that the final student can take advantage
of all the unlabeled data available.

6 Related Work

Knowledge Distillation. Knowledge distillation,
apart from being used for model compression (Tang
et al., 2019; Jiao et al., 2020; Bucila et al., 2006;
Sun et al., 2020), is effective for semi-supervised
learning (Iliopoulos et al., 2022), where a teacher
model annotates unlabeled data to train a student
model. In terms of KD for sequence-to-sequence
tasks, it has been popular to use hard pseudolabels
from teachers (Kim and Rush, 2016), including
LLM teachers (Ding et al., 2022; Yoo et al., 2021;
Wang et al., 2021b; Gilardi et al., 2023; Shrid-
har et al., 2022; Ho et al., 2022; Li et al., 2023).
Self-distillation (SD) (Furlanello et al., 2018; Liu
et al., 2021) through training the model with its
self-generated labels on external unlabeled data
is often valuable in enhancing generalization, but
finding reliable confidence thresholds to filter the
self-generated labels is often tricky.

Co-training. Co-training (Blum and Mitchell,
1998; Han et al., 2018; Lang et al., 2022) is relevant
to our work as it involves using a separate model to
generate improved pseudolables. Wei et al. (2021)
provides theoretical explanation on why generated
pseudolables can be more credible than original
labels for training. Co-training employs two mod-
els that iteratively train each other, utilizing their
own predictions and considering the newly gener-
ated confident pseudolables as more reliable. It
can be seen as a form of KD with alternating roles
of student and teacher. In contrast, our approach
introduces a new compact student model instead of
retraining the initial teacher model. This is more
efficient than co-training and favorable when the
teacher is an LLM (Lang et al., 2022).



7 Conclusion

We study semi-supervised sequence generation
tasks where labeled data are too scarce to fine-
tune a model and few-shot prompted LLMs have
mediocre performance. We present the discovery
that a student distilled from an LLM can often
correct many teacher mistakes and generalize bet-
ter than the LLM teacher on such tasks. We then
propose multistage collaborative knowledge distil-
lation (MCKD), a novel distillation method that
significantly outperforms the LLM teacher and stu-
dents trained by vanilla KD. Data partitioning and
cross-partition labeling design enable us to lever-
age student generalization abilities to improve the
quality of pseudolabels over stages, and thus ob-
tain train student models. Extensive experiments
demonstrate the label-efficiency of MCKD and its
effectiveness for low-resource sequence prediction.

References

Massih-Reza Amini, Vasilii Feofanov, Loic Pauletto,
Emilie Devijver, and Yury Maximov. 2022. Self-
training: A survey. arXiv preprint arXiv:2202.12040.

Avrim Blum and Tom M. Mitchell. 1998. Combining la-
beled and unlabeled data with co-training. In COLT’
98.

Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, Sandhini Agarwal, Ariel Herbert-Voss,
Gretchen Krueger, Tom Henighan, Rewon Child,
Aditya Ramesh, Daniel M. Ziegler, Jeffrey Wu,
Clemens Winter, Christopher Hesse, Mark Chen, Eric
Sigler, Mateusz Litwin, Scott Gray, Benjamin Chess,
Jack Clark, Christopher Berner, Sam McCandlish,
Alec Radford, Ilya Sutskever, and Dario Amodei.
2020. Language models are few-shot learners. In Ad-
vances in Neural Information Processing Systems 33:
Annual Conference on Neural Information Process-
ing Systems 2020, NeurIPS 2020, December 6-12,
2020, virtual.

Cristian Bucila, Rich Caruana, and Alexandru
Niculescu-Mizil. 2006. Model compression. In
Knowledge Discovery and Data Mining.

Bosheng Ding, Chengwei Qin, Linlin Liu, Lidong Bing,
Shafiq Joty, and Boyang Li. 2022. Is gpt-3 a good
data annotator? arXiv preprint arXiv:2212.10450.

Tommaso Furlanello, Zachary Chase Lipton, Michael
Tschannen, Laurent Itti, and Anima Anandkumar.
2018. Born again neural networks. In International
Conference on Machine Learning.

Fabrizio Gilardi, Meysam Alizadeh, and Maël Kubli.
2023. Chatgpt outperforms crowd-workers for text-
annotation tasks. arXiv preprint arXiv:2303.15056.

Bo Han, Quanming Yao, Xingrui Yu, Gang Niu, Miao
Xu, Weihua Hu, Ivor Tsang, and Masashi Sugiyama.
2018. Co-teaching: Robust training of deep neural
networks with extremely noisy labels. Advances in
neural information processing systems, 31.

Namgyu Ho, Laura Schmid, and Se-Young Yun. 2022.
Large language models are reasoning teachers. arXiv
preprint arXiv:2212.10071.

Fotis Iliopoulos, Vasilis Kontonis, Cenk Baykal, Gau-
rav Menghani, Khoa Trinh, and Erik Vee. 2022.
Weighted distillation with unlabeled examples. In
Advances in Neural Information Processing Systems,
volume 35.

Xiaoqi Jiao, Yichun Yin, Lifeng Shang, Xin Jiang, Xiao
Chen, Linlin Li, Fang Wang, and Qun Liu. 2020.
TinyBERT: Distilling BERT for natural language un-
derstanding. In Findings of the Association for Com-
putational Linguistics: EMNLP 2020, pages 4163–
4174. Association for Computational Linguistics.

Yoon Kim and Alexander M. Rush. 2016. Sequence-
level knowledge distillation. In Proceedings of the
2016 Conference on Empirical Methods in Natural
Language Processing, pages 1317–1327. Association
for Computational Linguistics.

Hunter Lang, Monica N Agrawal, Yoon Kim, and
David Sontag. 2022. Co-training improves prompt-
based learning for large language models. In Inter-
national Conference on Machine Learning, pages
11985–12003. PMLR.

Zongjie Li, Chaozheng Wang, Pingchuan Ma, Chaowei
Liu, Shuai Wang, Daoyuan Wu, and Cuiyun Gao.
2023. On the feasibility of specialized ability steal-
ing for large language code models. arXiv preprint
arXiv:2303.03012.

Yang Liu, Sheng Shen, and Mirella Lapata. 2021. Noisy
self-knowledge distillation for text summarization.
In Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 692–703. Association for Computational Lin-
guistics.

Mitchell P. Marcus, Beatrice Santorini, and Mary Ann
Marcinkiewicz. 1993. Building a large annotated
corpus of english: The penn treebank. Comput. Lin-
guistics, 19(2):313–330.

David McClosky, Eugene Charniak, and Mark Johnson.
2006. Effective self-training for parsing. In Human
Language Technology Conference of the North Amer-
ican Chapter of the Association of Computational
Linguistics, Proceedings, June 4-9, 2006. The Asso-
ciation for Computational Linguistics.



David McClosky, Eugene Charniak, and Mark Johnson.
2008. When is self-training effective for parsing?
In COLING 2008, 22nd International Conference
on Computational Linguistics, Proceedings of the
Conference, 18-22 August 2008, pages 561–568.

Anhad Mohananey, Katharina Kann, and Samuel R.
Bowman. 2020. Self-training for unsupervised pars-
ing with PRPN. In Proceedings of the 16th Interna-
tional Conference on Parsing Technologies and the
IWPT 2020 Shared Task on Parsing into Enhanced
Universal Dependencies, pages 105–110. Associa-
tion for Computational Linguistics.

Kumar Shridhar, Alessandro Stolfo, and Mrinmaya
Sachan. 2022. Distilling multi-step reasoning ca-
pabilities of large language models into smaller mod-
els via semantic decompositions. arXiv preprint
arXiv:2212.00193.

Samuel Stanton, Pavel Izmailov, Polina Kirichenko,
Alexander A Alemi, and Andrew G Wilson. 2021.
Does knowledge distillation really work? In Ad-
vances in Neural Information Processing Systems,
volume 34, pages 6906–6919. Curran Associates,
Inc.

Zhiqing Sun, Hongkun Yu, Xiaodan Song, Renjie Liu,
Yiming Yang, and Denny Zhou. 2020. MobileBERT:
a compact task-agnostic BERT for resource-limited
devices. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 2158–2170. Association for Computational
Linguistics.

Raphael Tang, Yao Lu, Linqing Liu, Lili Mou, Olga
Vechtomova, and Jimmy Lin. 2019. Distilling task-
specific knowledge from bert into simple neural net-
works. arXiv preprint arXiv:1903.12136.

Karin Verspoor, Kevin Bretonnel Cohen, Arrick Lan-
franchi, Colin Warner, Helen L Johnson, Christophe
Roeder, Jinho D Choi, Christopher Funk, Yuriy
Malenkiy, Miriam Eckert, et al. 2012. A corpus of
full-text journal articles is a robust evaluation tool for
revealing differences in performance of biomedical
natural language processing tools. BMC bioinformat-
ics, 13(1):1–26.

Oriol Vinyals, Łukasz Kaiser, Terry Koo, Slav Petrov,
Ilya Sutskever, and Geoffrey Hinton. 2015. Grammar
as a foreign language. Advances in neural informa-
tion processing systems, 28.

Fusheng Wang, Jianhao Yan, Fandong Meng, and Jie
Zhou. 2021a. Selective knowledge distillation for
neural machine translation. In Proceedings of the
59th Annual Meeting of the Association for Compu-
tational Linguistics and the 11th International Joint
Conference on Natural Language Processing (Vol-
ume 1: Long Papers), pages 6456–6466.

Shuohang Wang, Yang Liu, Yichong Xu, Chenguang
Zhu, and Michael Zeng. 2021b. Want to reduce la-
beling cost? GPT-3 can help. In Findings of the

Association for Computational Linguistics: EMNLP
2021. Association for Computational Linguistics.

Colin Wei, Kendrick Shen, Yining Chen, and Tengyu
Ma. 2021. Theoretical analysis of self-training with
deep networks on unlabeled data. In International
Conference on Learning Representations.

Kang Min Yoo, Dongju Park, Jaewook Kang, Sang-
Woo Lee, and Woomyoung Park. 2021. GPT3Mix:
Leveraging large-scale language models for text aug-
mentation. In Findings of the Association for Compu-
tational Linguistics: EMNLP 2021. Association for
Computational Linguistics.

https://proceedings.neurips.cc/paper_files/paper/2021/file/376c6b9ff3bedbbea56751a84fffc10c-Paper.pdf
https://openreview.net/forum?id=rC8sJ4i6kaH
https://openreview.net/forum?id=rC8sJ4i6kaH


1 10 20 30 40 50
Training epoch

0
10
20
30
40
50
60
70
80
90

100

F1
 (%

)
tr_S250
te_S250

tr_S1k
te_S1k

tr_S4k
te_S4k

Figure 6: Training F1 of student wrt. teacher labels
and according F1 wrt. ground truth on held-out data
with different scales of distillation sets, e.g., “tr_S250”
representing the training F1 of student trained with 250
teacher labels “te_S250” for performance on held-out
data. Despite the reduced size of distillation set (4k,
1k, 250), the student will generally have higher test
performance on held-out data rather than overfitting
when the student memorizes more teacher labels during
training.

A Effects of Training Fidelity in
Distillation Sets of Different Sizes

As discussed in Section 5.1, we find high training
fidelity, can generally lead to a better student’s per-
formance on held-out data, despite the unreliability
of teacher labels. This section investigates whether
the observation still holds with different scales of
the distillation set, especially when the size is sig-
nificantly smaller. Results are shown in Figure 6.
Similar patterns across different scales of distilla-
tion sets can be observed. Even if the distillation
set only contains 250 teacher labels, the student
can still generally have better performance on held-
out data rather when the student memorizes more
teacher labels.

B Reproducibility Notes

B.1 Parsing F1

We use parsing F1 to measure model performance,
and we remove punctuation before computing pars-
ing F1.1 Many constituency parsing models output
binary trees which are partially flattened by using
-NONE- tags, and sometimes no flattening is done
which in turn limits the upperbound on parsing F1.

1Ground truth parse tree decisions associated with punctu-
ation are often arbitrary and deterministic, and are not infor-
mative for task performance.

...
Input:{input string of exemplar i}
Output:{output result of exemplar i}
...
Input:{input string of test data}
Output:

Table 2: The prompting format for LLM.

The sequence-to-sequence approach we use has no
such limitation. We minimally post-process model
outputs, balancing brackets and fixing accidental
word segmentation.2

C Prompting LLM for Pseudolabel
Generation

We employ the standard random selection ap-
proach (Brown et al., 2020) to choose in-context
exemplars from available labeled data to prompt
the LLM. The prompt is shown in Table 2.

2Our student and teacher generators are unconstrained —
early in training T5 fails to consistently output well-formed
parse trees but this is not an issue after the first few epochs.


