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Abstract

Continual Semantic Parsing (CSP) aims to train parsers to
convert natural language questions into SQL across tasks
with limited annotated examples, adapting to dynamically
updated databases in real-world scenarios. Previous studies
mitigate this challenge by replaying historical data or em-
ploying parameter-efficient tuning (PET), but they often vi-
olate data privacy or rely on ideal continual learning set-
tings. To address these issues, we propose a new Large
Language Model (LLM)-Enhanced Continuous Semantic
Parsing method, named LECSP, which alleviates forgetting
while encouraging generalization, without requiring real data
replay or ideal settings. Specifically, it first analyzes the com-
monalities and differences between tasks from the SQL syn-
tax perspective to guide LLMs in reconstructing key mem-
ories and improving memory accuracy through calibration.
Then, it uses a task-aware dual-teacher distillation frame-
work to promote the accumulation and transfer of knowledge
during sequential training. Experimental results on two CSP
benchmarks show that our method significantly outperforms
existing methods, even those utilizing data replay or ideal set-
tings. Additionally, we achieve generalization performance
beyond upper limits, better adapting to unseen tasks.

Code — https://github.com/tom68-11/LECSP
Extended version — https://arxiv.org/abs/2412.07246

Introduction

Semantic parsing offers a user-friendly interface for non-
experts to query data and perform various analyses (Hu et al.
2023; Li et al. 2023b). While most previous studies focus
on static data distributions (Li et al. 2023a; Wang et al.
2024a; Guo et al. 2024), the frequent updates in real-world
databases have led researchers to shift their focus to contin-
ual semantic parsing (Li, Qu, and Haffari 2021; Lialin et al.
2021; Yadav et al. 2023; Chen et al. 2023a,b).

As illustrated in Figure 1(a), a semantic parser must un-
dergo continual training across a series of tasks from differ-
ent databases, while ensuring good performance on current
and historical tasks. This task faces two primary challenges:
(1) The scarcity of annotated data for each task can easily
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Figure 1: (a) Description of the continual semantic parsing
process. (b) The average number of single SQL keywords
at cluster centers of different tasks in Spider-stream-semi
dataset (Chen et al. 2023a). (c) Comparison between our
method and others, where Additional data required refers
to extra historical data or unsupervised data.

result in model overfitting (Qin and Joty 2022; Chen et al.
2023a). (2) Training sequentially leads to catastrophic for-
getting (Chen et al. 2023a,b; Wang et al. 2024b; Qiao and
Mahdavi 2024), where the model’s performance on earlier
tasks significantly worsens after learning new ones.

To tackle these challenges, several studies have explored
continual learning methods, which can be divided into two
types from data and model dimensions: Rehearsal-based
and PET-based. The former devises specific sampling strate-
gies to replay historical task data to prevent forgetting (Li,
Qu, and Haffari 2021; Wang et al. 2022; Chen et al. 2023a).
The latter freezes the model backbone and uses small-scale
parameters, such as prompt (Lester, Al-Rfou, and Constant
2021), to steer representation learning (Chen et al. 2023b;



Razdaibiedina et al. 2023; Yadav et al. 2023). Although
these methods have made initial progress, they still face lim-
itations. First, the performance of Rehearsal-based methods
relies heavily on the amount of historical data and may not
be practical in privacy-sensitive or memory-constrained en-
vironments (Jung et al. 2023; Wang et al. 2023b, 2024b).
Second, PET-based methods learn PET modules for each
task and store them in a cache pool. When test samples ar-
rive, most methods assume that the corresponding PET mod-
ule for each sample is known. This ideal setting contradicts
real-world scenarios and hinders generalization to unseen
samples (Chen et al. 2023b; Razdaibiedina et al. 2023).

Considering the above, we believe the ideal approach
should not rely on historical data or ideal continual learning
settings. Instead, it should effectively bridge the gaps be-
tween tasks by identifying and analyzing the potential com-
monalities and critical differences in the required knowledge
between incoming new tasks and previously learned ones,
thereby mitigating forgetting and promoting generalization.
As shown in Figure 1(b), limited annotated data can lead to
uneven distribution of SQL syntax knowledge among tasks.
Our motivation is to leverage these variances to guide LLMs
in reconstructing relevant memories to fill these gaps.

In this work, we propose a novel LLM-Enhanced
Continual Semantic Parsing method (LECSP). First, it ana-
lyzes component biases from the perspective of SQL syntax
between current and past tasks, without accessing historical
data. Then, these biases are used to guide LLMs in generat-
ing relevant pseudo-samples as memory from intra-task and
inter-task perspectives, reinforcing commonalities and fill-
ing in differences. Additionally, a calibration strategy is in-
troduced to enhance the accuracy and fidelity of memory. To
further improve memory utilization efficiency, we design a
task-aware dual-teacher distillation framework. This frame-
work not only facilitates the transfer and accumulation of
historical task knowledge across the task stream but also en-
ables the migration of external knowledge from LLMs to
smaller models. A comparison of our approach with existing
methods is illustrated in Figure 1(c). Extensive experiments
on the CSP benchmarks Spider-stream-semi (Chen et al.
2023a) and Combined-stream (Chen et al. 2023b) demon-
strate that LECSP significantly outperforms other baselines
that use data replay or ideal continual learning settings, with
gains up to 8.8%, and effectively adapts to more challenging
cold-start scenarios. Additionally, we achieve performance
beyond the theoretical upper bounds in knowledge forward
transfer capability. The main contributions of this work are
summarized as follows:

* We propose a novel CSP framework LECSP, including
memory reconstruction with LLMs and task-aware dual-
teacher distillation learning. These help to mitigate for-
getting and promote generalization.

A memory calibration strategy is introduced, consisting
of iterative self-correction and SQL skeleton-based sam-
pling, to further improve memory accuracy and fidelity.

Extensive experiments on benchmark datasets show that
LECSP achieves state-of-the-art (SOTA) performance
without using historical data or ideal continual learn-
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ing setups, and surpasses the upper bounds in knowledge
transfer capabilities.

Related Work
Semantic Parsing with LL.Ms

The purpose of semantic parsing is to simplify data access
in relational databases for users. Most previous research
(Cai et al. 2022; Li et al. 2023a; Dou et al. 2023) relies
on sequence-to-sequence architectures needing fine-tuning
on large datasets. However, SQL annotation of natural lan-
guage is costly and requires domain-specific experts. Re-
cently, with the rise of LLMs like GPT-4 (OpenAl et al.
2024) and PaLM-2 (Anil et al. 2023), some methods have
leveraged in-context learning to achieve SOTA performance
and reduce labeled data needs (Pourreza and Rafiei 2023; Li
et al. 2023b; Mao et al. 2024). However, relying on closed-
source LLLMs poses database security and privacy risks (Xue
et al. 2024), incurs high inference costs, and hinders contin-
ual learning due to their black-box nature (Li et al. 2024).
Unlike previous work, we leverage LLMs to guide smaller
models in dynamically adapting to different tasks in CSP
and facilitate capability transfer. Notably, to better meet se-
curity and cost requirements in real-world applications, we
focus on open-source LLMs that can be deployed offline.

Continual Learning

A significant feature of human intelligence is the ability to
learn new tasks while accumulating experience and prevent-
ing the forgetting of old knowledge, a concept known as con-
tinual learning (d’Autume et al. 2019; Wang et al. 2023a).
There are two main challenges: (1) Preventing catastrophic
forgetting. (2) Enabling forward transfer of knowledge from
past to new tasks. Previous research on continual learn-
ing has primarily focused on classification tasks (Han et al.
2020; Wang et al. 2021a; Razdaibiedina et al. 2023). Re-
cently, with advancements in Pre-trained Language Models
(PLMs), it has also garnered widespread attention in com-
plex tasks such as generative tasks (Chen et al. 2023a,b; Ya-
dav et al. 2023; Zhao et al. 2024; Liang et al. 2024). SFNET
(Chen et al. 2023a) adopts a semi-supervised learning ap-
proach, expanding data through self-training on additional
unsupervised data. It also designs specific strategies for re-
playing historical instances to mitigate catastrophic forget-
ting. C3 (Chen et al. 2023b) freezes the core parameters of
the PLM while training small-scale prompts and performing
in-context tuning with relevant instances, ideally preventing
forgetting issues. In this study, we focus on more realistic
and challenging CSP scenarios, without accessing any his-
torical data or relying on ideal task settings.

Preliminaries

Given a natural language question Q and a database
schema & = (C,7T) consisting of columns C

{chr chr . et 2.} and tables T = {tz}lzll The goal
of the semantic parsing task is to generate the correspond-

ing SQL query YV = Fy(Q, S), where Fy is the parser with
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Figure 2: Memory reconstruction on task ¢ via LLMs. (a) Domain-specific information in the questions and SQL pairs is firstly
removed by replacing entity-linked results with placeholders like [COL] and [VAL]. (b) K-means clustering is then applied to
derive the SQL skeleton set A® for task ¢, capturing SQL syntax structure. The component bias A.A® is computed by taking
the difference with the saved sets from previous tasks A™), ..., A¢=1) Note that the set A is only related to SQL syntax and
does not involve any historical data. Finally, in (c) and (d), AA® and A® are used to guide inter-task and intra-task memory
reconstruction, respectively, filling differences between tasks and reinforcing commonalities.

parameters 0, and C and T are respectively the sets of col-

umn names and table names, with czj indicating the i-th col-
umn in table ¢;. Following the problem definition of previ-
ous works (Li, Qu, and Haffari 2021; Lialin et al. 2021; Chen
et al. 2023a,b), we assume that the semantic parser in CSP
is not confined to a single specific train and test set. Instead,
it is required to handle a series of semantic parsing tasks
{D',D?,..., DM}, referred to as a task stream. Each task
Dl originates from a different database domain, formally,
for VD' and VD7, if i # j, then S(D') N S(D?) = (), where
S(D?) represents the set of all database schemas S in task
D'. Additionally, each task D? has its own training, valida-
tion, and test sets. The primary objective of CSP is to de-
velop a semantic parser that not only performs excellently
on previous tasks but also effectively generalizes to future
unseen tasks after being sequentially trained on all tasks.

Methodology

Our method consists of two main stages: memory recon-
struction and dual distillation learning. In the first stage (Fig-
ure 2), when a new task arrives, domain-specific information
is first masked to eliminate any irrelevant context, and com-
ponent biases are computed to help the model connect with
prior knowledge from an SQL syntax perspective, identify-
ing the key knowledge features of the current task and its dif-
ferences from previous tasks. Then, intra-task memory is re-
inforced, memory gaps between tasks are filled, and memory
is calibrated. In the second stage (Figure 3), after acquiring
key memories, a task-aware dual-teacher distillation learn-
ing framework is designed to facilitate the accumulation and
transfer of memory in the continuous learning process.
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Reconstruct Memory with LLMs

Domain Information Elimination To mitigate the impact
of database domain differences between tasks, we remove
domain-specific information from each sample, as detailed
in Figure 2(a). This allows us to uncover the commonalities
and differences between individual tasks from a syntax per-
spective. Specifically, following previous works (Yu et al.
2021; Li et al. 2023a), we first employ the string matching
method to establish entity links between questions and SQL
based on the database schema S. Subsequently, we mask all
linked entities in the question to obtain Q% and retain only
the original syntactic structure in SQL to get Z, which we
named SQL skeleton. Finally, we merge these two parts to
form the joint input pair (Q%¢, Z) for further analysis.

Component Bias Analysis After the above process, we
analyze component bias in the current task D! and all
historical tasks Uﬁ;}D"’, identifying features that present
in historical tasks but are absent in the current one, as
shown in Figure 2(b). Specifically, given the program-like
attributes of SQL, we use CodeT5 (Wang et al. 2021b) to
encode (Q% Z) from all training samples of the current
task and apply K-means clustering to the obtained repre-
sentations. We then extract the SQL skeleton Z correspond-
ing to the sample closest to each cluster center, forming
the component feature set for task D¢, denoted as A =
{Z{t), Zg(t), s ZI(? }, where K is the number of cluster cen-
ters. Finally, we select individuals that are present in the
stored component feature sets of all previous tasks UE;%Di
but absent in the current task D!, forming the component
bias AA®) . This bias is then utilized to guide subsequent
memory reconstruction, mitigating the model’s forgetting of



these crucial features. When ¢ > 1, the formula is as follows:
AAD = (ADUAD U uAEDYy = AD (1)

Importantly, to get AA®), we need to save each task’s A®),
which only contains the SQL skeleton related to syntax and
does not involve any real historical database information or
samples, ensuring minimal storage costs. This highlights our
method’s feature of not requiring data replay.

Inter-Task Memory Completion We employ the ob-
tained component bias AA®) to guide LLMs in generat-
ing pseudo-samples for the current task, as shown in Fig-
ure 2(c). This process aims to help the model fill in the
memory gaps between the current and past tasks, while also
uncovering knowledge relevant to the current domain from
LLMs. Unlike previous strategies that generate pseudo-data
through semi-supervised learning methods such as self-
training (Chen et al. 2023a), these methods require collect-
ing task-related questions in advance and then construct-
ing pseudo-labels for them. In reality, obtaining accurate
pseudo-labels for complex tasks like semantic parsing, rely-
ing solely on limited annotated data, is itself a challenge for
most LLMs (Li et al. 2024). Therefore, we propose a soft
pseudo-sample construction strategy that uses SQL skele-
tons to guide LLMs to simultaneously generate the natural

language question Q and corresponding SQL query ) on the

current task’s database schema S(). The generation process
can be summarized as follows:

(8, 7) = { Fum(A®,8M), - ift =1,

Fum(AAD SOy ift > 1. &

Where (Q, 3>)<f> refers to the pseudo-samples generated by
LLMs. On the first task, we use SQL skeletons A® for bet-
ter initialization. Each SQL skeleton generates Ny, data.

Inter-Task Memory Calibration Although our proposed
soft pseudo-sample construction strategy avoids the chal-
lenge of directly requiring the model to generate complex
SQL queries and further leverages the generative capabili-
ties of LLMs, it also faces the issue of hallucinations (Ji et al.
2023), which can lead to noise. To address this, we design a
memory calibration strategy that includes two stages: itera-
tive self-correction and SQL skeleton-based sampling. This
aims to improve the accuracy of generated pseudo-samples
and ensure fidelity to specific SQL skeletons.

The inspiration for iterative self-correction comes from
previous works that used LLMs for code debugging and
fixing (Pourreza and Rafiei 2023; Chen et al. 2024). We
iteratively execute SQL queries and correct the generated
pseudo-samples, ultimately retaining only the samples that
LLMs consider correct and whose SQL queries can be exe-
cuted successfully. Additionally, we sample pseudo-samples
that best match the specified SQL skeleton by calculating the
edit distance after removing domain information.

Intra-Task Memory Reinforcement Following previous
work (Yu et al. 2021), we introduce a data synthesis method
based on context-free grammar, utilizing the component fea-
tures A(*) of the current task D* to enhance memory. Specif-
ically, for each annotated sample, we synthesize Ny, new
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instances Xé;L by synchronously replacing entities in the

natural language question Q and SQL query ) with other
database content based on entity linking results, as illus-
trated in Figure 2(d). To ensure quality, only SQL queries
that pass execution tests are retained. Additionally, we use
LLMs to rephrase questions to enhance data diversity.

Taskt—1 Taskt
Reconstruct
- S -
— & D Memory with s S ol
T’ LLMs (Teacher 1) T’

---» & |Teacher 2:
a P

Memory Accumulation & Transfer

Figure 3: The task-aware dual-teacher distillation learning
framework of LECSP.

Task-Aware Dual-Teacher Distillation Learning
Framework

After reconstructing the relevant inter-task and intra-task
memories, we design a task-aware dual-teacher distillation
framework to promote the efficient utilization of these mem-
ories. The training framework is shown in Figure 3. Specifi-
cally, for each task, a Student model is trained to learn from
two Teacher models: one from the LLM and the other from
the previous student.

LLMs as Teacher 1 This process facilitates knowledge
transfer from the LLMs (ZTeacher I) to the smaller model
(Student) via reconstructed memory, consisting of two types
of pseudo-data: Xore and chg. They respectively repre-
sent shared knowledge accumulated from historical tasks
and specific domain knowledge related to the current task.
We utilize these pseudo datasets for additional supervised
training of the smaller student model. The loss function is
defined as follows:

1

Ne/s
~c/s
cur/past — Ne/s i

c S UFa(@), 0 3)
i=1

)

r

Where N€¢ N°® respectively represent the number of data
generated for types X cfg and Xoke. #; and y; with differ-
ent superscripts denote the input and target output for the
corresponding data types. £ means the cross-entropy loss.

Previous Student as Teacher 2 Although Xoke already
covers knowledge from past tasks that is missing in the cur-
rent task, this knowledge is primarily derived from indirect
transfer by the teacher LLM, which may affect the stability
and introduce inherent biases from the LLM. Therefore, we
introduce another Teacher 2 (the student model from the pre-
vious task) to directly constrain the learning of the current
student. We encourage both models to maintain consistent

representations of the shared knowledge in memory Xke-



Specifically, inspired by previous work (Qin and Joty 2022),
after freezing the parameters of the student model from the
previous task, we use KL divergence as the distillation loss
to promote consistency in the output distributions of the two
models. The specific process is as follows:

N°® 1
1 A8 A8
Lo = N DO Du(Py(E5,00)]1Pi(#5,0)) (4
i=1 j=1

Where [ is the number of tokens in the output ] correspond-
ing to the input &7, and P;(-) denotes the probability distri-
bution over the vocabulary of model F(-) when generating
the j-th token. 6 and 6’ respectively represent the parame-
ters of the current and previous task student models. Note

that we do not calculate Lzﬁgt on the first task.

Total loss function The loss of the student model on the
original annotated data follows a similar calculation pro-
cess as previously described, and it can be represented as
Liask = % Zf\il 0(Fo(x;i),y;), N is the count of original
annotated data. The final loss is as follows, where \ repre-
sents the weight factor:

£ == £ta5k + £cur + Epast + )\Elllil‘gt (5)

Experiments

Datasets We evaluate our method on the publicly avail-
able Spider-stream-semi (Chen et al. 2023a) and Combined-
stream (Chen et al. 2023b) datasets. Spider-stream-semi is
derived from Spider dataset and consists of 10 tasks in-
volving complex SQL syntax such as JOIN and GROUP BY.
Each task also provides unlabeled data intended for semi-
supervised learning baselines, but our approach does not re-
quire these data. Most tasks have fewer than 500 annotated
samples to evaluate the impact of database domain changes
under limited resources. Combined-stream consists of Spi-
der and WikiSQL datasets, with a total of 7 tasks. Unlike
Spider-stream-semi, it introduces simple SQL syntax for
single-table queries to assess the dual impact of table do-
main and SQL structure changes. In previous works, to en-
sure good initial performance, both Spider-stream-semi and
Combined-stream set the task with the most annotated data
as the first task, termed a warm start. Conversely, we also in-
troduce a variant called cold start, which is more reflective
of real-world scenarios. In this variant, tasks are randomly
shuffled without assigning the first task the most annotated
data. This helps us further study the effects of initial perfor-
mance and task order on the model.

Evaluation Metrics Following previous works (Yu et al.
2018; Chen et al. 2023a,b), we define a,;, ,, as the model’s
accuracy on the n-th task’s test set after training on the m-th
task, split into Exact-set-Match (EM) and EXecution (EX)
accuracy. EM assesses the formal accuracy of SQL queries
and EX measures their execution results. (1) Average accu-
racy: ACC, % Zf\il apr,;- It reflects the model’s overall
performance across all historical tasks. (2) Whole accuracy:
ACCy = apuan, where Dy = UM Di,,. Tt mea-
sures accuracy on all tasks’ combined test sets after train-
ing on task M, reflecting historical performance changes.
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(3) Backward transfer: BWT = ﬁ Zﬁ;l(ami — ;).

It assesses the average impact of learning the M -th task on
the performance of all previous tasks. (4) Forward transfer:

FWT = ﬁ Zi]\iz(ai,l,i — a;), where a; represents the
test accuracy of a randomly initialized reference model on
the i-th task, examining its generalization performance.

Implementation Details In our experiments, we utilize
T5-base and T5-large as backbone models, applying the
Adafactor (Shazeer and Stern 2018) optimizer. The maxi-
mum input and output lengths are configured to 512 and
256, respectively. In the component bias analysis, we choose
CodeTS5 as the encoder and set the number of cluster centers
K to 80. In the data generation process, we set Ngpe as 10
and N.t4 as 3. The weight hyperparameter ) in the train-
ing process undergoes grid search on the set {0.03, 0.05,
0.1, 0.2, 0.3}, and 0.1 is selected. For LLMs, We employ
the publicly available Mixtral-8x7B-Instruct-v0.1, which is
a sparse mixture of experts’ language model. All experi-
ments are performed on A100 GPUs with 80GB memory.

Baselines Our proposed method is compared with three
types of baselines. (1) Original method: Sequential Fine-
Tuning (SFT) (Yogatama et al. 2019). (2) Rehearsal-based
methods: EMAR (Han et al. 2020), SFNET (Chen et al.
2023a). (3) PET-based methods: PEFT (Chen et al. 2023b),
C3 (Chen et al. 2023b), ProgPrompt (Razdaibiedina et al.
2023). Since our method uses LLMs as Teacher 1 for zero-
shot memory construction, we also report the zero-shot per-
formance of a single LLM for comparison. The ORACLE
setting trains the model incrementally on all seen tasks’ data,
representing the CSP performance upper bound.

Results and Analysis
Overall Results

Table 1 shows the performance of each method across vari-
ous backbones and benchmarks, noting whether data replay
strategies are used. We also list baselines under other config-
urations, such as ideal settings, LLM integration, and ORA-
CLE performance. The results show that our method is com-
petitive across all scenarios, requiring no external data or
ideal settings, and better adapts to real-world applications.

Comparison with PET-based Methods LECSP outper-
forms PEFT by up tp 11.1% on ACC,. PEFT uses an ideal
continual learning setup that sacrifices model generalization,
as it is challenging to select the appropriate PET module for
unseen samples, making FWT calculation impossible. We
also note that ProgPrompt does not require ideal settings, but
its performs worse than SFT. This is because ProgPrompt is
designed for tasks with simpler output structures, such as
classification. However, for models pre-trained on natural
language corpora, adapting to complex tasks like semantic
parsing with limited-length prompts is challenging (Qin and
Joty 2022). The progressive prompt design of ProgPrompt
further compresses the prompt length for individual tasks,
worsening the issue and making it nearly non-functional
in cold start scenarios. Notably, PET-based methods with



Spider-stream-semi

Combined-stream

Method DR
ACC, ACC,, BWT FWT A ACC, ACC,, BWT FWT A
T5-Base(220M)
SFT X 41.7/453 40.1/43.7 -13.6/-11.7 22.5/252 1.5  51.0/36.0 52.4/38.3 -11.1/-17.6 19.9/11.1 [11.1
ProgPrompt X 149/165 14.3/164 -25.6/-26.3 14.7/15.8 [149 21.3/19.2 27.2/26.8 -43.9/-41.2 6.1/3.3  |21.1
EMAR v 44.1/48.0 43.0/47.0 -11.8/-9.7 23.7/252 123  60.6/58.9 55.7/55.3  -79/-7.1  28.7/254 [5.6
SENET* X 39.5/439 38.1/42.7 -14.6/-12.4 22.7/2577 104  56.2/49.4 51.8/484 -7.9/-144 21.0/146 |21.7
SFNET* v 45.8/48.1 44.2/47.7 -64/-64  23.9/26.2 |34  60.7/57.7 552/539  -6.0/-6.7  28.7/26.0 6.7
LECcSP(Ours) X  47.4/53.7 46.5/53.3 -4.7/-4.6 30.1/32.8 114  63.4/61.7 60.5/59.8 -4.6/4.3 32.7/31.5 4.8
Ideal Setting & Upper Bound
PEFT? X 40.6/43.8 44.6/48.4 0.0/0.0 -/- 132.5 63.8/- 66.2/- 0.0/0.0 -/- 138.8
ORACLE 60.3/61.3  62.8/63.9 4.6/3.3 25.71279 |1.1 70.2/68.2  71.1/70.8 5.6/4.7 29.2/26.6 10.3
T5-Large(770M)
SFT X 46.4/504 44.3/489 -13.2/-11.5 29.0/31.5 1.8  57.8/489 58.9/533 -7.6/-16.4 28.3/254 |83
ProgPrompt X 2217239 224246 -27.0/-27.5 21.1/23.1 [20.8 23.5/20.2 29.8/27.7 -46.4/-42.7 10.2/3.7 224
EMAR v 4809/51.8 48.4/525  -8.5/-83  30.3/33.5 114  639/619 60.6/604  -6.6/-89  33.8/29.3 |55
SENET* X 442/482 43.3/47.8 -12.3/-99 299/31.0 133  65.0/603 61.5/59.7 -7.5/-11.9 28.2/204 [24.1
SENET* v 522/55.0 52.0/55.8 -6.5/-42  34.1/35.5 |22  65.3/64.7 61.8/619 -5.7/-52  34.9/31.1 5.6
LECcSP(Ours) X  58.6/63.5 57.4/63.8 -5.8/-50 41.4/443 108 68.2/66.7 66.5/654 -2.9/-3.7 37.1/345 |5.1
Ideal Setting & LLMs Performance & Upper Bound
PEFT? X 49.6/52.4 53.4/56.4 0.0/0.0 -/- 124.1 67.3/- 70.0/- 0.0/0.0 -/- 1234
Cc3© X -/- -/- -/- -/- - 69.0/- 71.2/- 0.0/0.0 -/- -
30t X -/- -/- -/- -/- - 67.6/- 70.0/- 0.0/0.0 -/- -
Mixtral-8x7B X 22.0/49.4 22.2/52.4 -/- -/- - 28.6/24.4  27.0/26.0 -/- -/- -
ORACLE 66.6/68.2 68.6/70.1 3.7/4.0 34.3/36.0 104  73.7/73.2 75.8/76.0 1.9/2.3 37.3/342 0.1

Table 1: Results (EM/EX) on Spider-stream-semi and Combined-stream datasets (%). LECSP uses Mixtral-8x7B as Teacher
1. DR indicates whether historical data replay is used, with a memory size set to 10. A represents the performance change
(ACC,-EM) from the current warm start to the cold start scenario. & indicates the need for additional unsupervised data, and
{> means an ideal continuous learning setting is used, but forward transfer is impossible. The results of PEFT and C3 on the
Combined-stream are from the original paper and its official code repository. 1 signifies the use of GPT-3.5 as the teacher. The
best results are highlighted in bold, and the second-best results are underlined. Our results are the average of three random runs.

ideal settings, like PEFT, heavily rely on the initial task’s la-
beled data. In cold start scenarios, their performance drops
sharply, with a maximum decline of 38.8%.

Comparison with Rehearsal-based Methods Compared
to the previous SOTA method SFNET, LECSP achieves up
to an 8.8% improvement in FWT on Spider-stream-semi,
despite SFNET using additional unlabeled data and data re-
play strategies. This improvement is attributed to LECSP’s
efficient use of knowledge from learned tasks and LLMs.
Notably, SENET (w/o DR) performs worse than SFT, likely
due to the exacerbated noise from pseudo-labels in self-
training, highlighting its reliance on data replay. In contrast,
our method operates without relying on any external data.

Comparison with ORACLE and LLMs Impressively,
our method outperforms most ORACLE baselines in FWT
performance, with up to an 8.3% improvement, demonstrat-
ing effective knowledge transfer from LLMs to smaller mod-
els and enhancing their generalization ability. In contrast,
the zero-shot performance of standalone LLM:s is poor, even
worse than the naive SFT baseline, and continuous training
of LLMs is often challenging and resource-intensive, further
highlighting the importance of our approach. By combining
models of different scales, we effectively address this issue,
carefully balancing cost and performance.
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Detailed Results and Analysis

Results Till the Seen Tasks Figure 4 shows that as task
numbers increase, LECSP (red) consistently outperforms
other baselines in ACC, and ACC,,, closely approaching the
ORACLE (grey) and effectively mitigating forgetting. It also
maintains stable BWT performance, especially in the early
stages, thanks to its ability to quickly connect with previ-
ously learned knowledge. Notably, LECSP surpasses ORA-
CLE in FWT, highlighting effective knowledge accumula-
tion and transfer from LLM and past tasks.

Influence of Task Order and Cold Start Unlike previ-
ous works that start with data-rich tasks, we further explore
the cold-start scenario with random task order and limited
data. The results in Table 1 show a significant performance
drop for most baselines, especially PET-based methods like
PEFT and ProgPrompt, reflecting their strong dependence
on labeled data of the initial task. In contrast, LECSP is less
affected in this challenging scenario, demonstrating strong
robustness and maintaining a significant advantage.

Influence of SQL Syntax Variance To further explore
the role of SQL syntax variance in LECSP, we compare
the impact on model performance between our method and
randomly obtained component bias. Specifically, we swap
the memories constructed under different orders of Spider-
stream-semi and Spider-stream-semi (cold start), keep other
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Figure 4: Results (EX) till the seen tasks based on Spider-stream-semi (T5-large).
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different stages. (b) Impact of pseudo-sample quantity on
different metrics (T5-base).

ACC, ACC,, BWT FWT
Ss  47.4/53.77 46.5/53.3 -4.7/-4.6 30.1/32.8
Sc  45.0/49.1 43.7/48.0 -4.5/-5.7 28.1/31.7
Cc 48.8/52.6 49.9/542 -1.1/-09 24.8/27.3
Cs 43.6/48.1 44.2/49.2 -4.4/-5.6 27.1/30.2

Table 2: The impact of SQL syntax variance on model
performance (%). Ss denotes using component bias from
Spider-stream-semi itself, as does Cc. Sc indicates using
component bias from Spider-stream-semi (Cold start) to
construct memory for Spider-stream-semi, and vice versa.

experimental settings unchanged, and retrain the models.
The results in Table 2 show that, after the exchange, model
performance decreases on most metrics but improves in
FWT on Cg. This improvement may be due to the introduc-
tion of unseen SQL syntax, enhancing generalization.

Quality and Quantity of Pseudo-Samples To evaluate
the quality of generated memory (pseudo-samples), we com-
pare our method with the self-training method used in
SENET (T5-large) and the zero-shot results of Mixtral-
8x7B, both using additional unsupervised data. We divide
the original Spider-stream-semi into early, mid, and late
stages, randomly selecting 70 pseudo-samples from each
stage to compare SQL execution accuracy. For our method,
we use manual evaluation, whereas for the other two meth-
ods, we rely on their original labels. The results in Fig-
ure 5(a) show that our method significantly improves the
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ACC, ACC, BWT FWT
LEcSp  47.4/5377 46.5/53.3  -47/-46  30.1/32.8
-Xepg  45.6/503  44.3/49.1  -5.6/-6.6  27.7/30.7
-MC  20.3/229 19.4/21.9 0.4/-0.6 15.8/17.5
-T2 46.6/52.8 45.5/51.8  -6.6/-5.9  30.4/33.3
-Xore 41.7/453 40.1/437 -13.6/-11.7 22.5/25.2

Table 3: Ablation study results on Spider-stream-semi.

quality of pseudo-samples, while the self-training method
in SENET is less stable. Figure 5(b) shows that as the pro-
portion of pseudo-samples increases, all metrics generally
improve, but several metrics stabilize in the later stages.

Ablation Study We decompose LECSP (T5-base) and se-
quentially remove each component to assess its impact on
performance. Table 3 shows that the full LECSP achieves
the best overall performance. Omitting intra-task memory

X yg4 or inter-task memory X, reduces performance, with
the latter significantly improving forgetting mitigation, with
gains of 5.7%-9.6%, as it retains SQL knowledge from pre-
vious tasks. Removing the Memory Calibration (MC) strat-
egy leads to a sharp performance drop of up to 31.4%,
highlighting the importance of MC in mitigating hallucina-
tions in LLM-generated memories (Ji et al. 2023). Ignor-
ing Teacher 2 (T2) leads to an overall performance decline
(0.8%-1.9%) despite minor gains on FWT (0.3%-0.5%).

Conclusion

In this paper, we introduce LECSP, a novel CSP method
without real data replay or ideal settings. To handle incom-
ing new tasks, LECSP extracts key SQL syntax features and
analyzes the commonalities and differences with historical
task knowledge, guiding LLMs to generate pseudo-samples
to reconstruct key memories. We also design a task-aware
dual-teacher distillation framework to transfer knowledge
from the LLM and previous tasks to a smaller model. Exper-
imental results show that, even with auxiliary strategies in
the baseline, LECSP achieves competitive performance and
overcomes certain performance limits, demonstrating strong
adaptability to challenging real-world scenarios.
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