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Abstract

Continual learning for Table Question Answer-
ing (TableQA-CL) aims to train models on
sequential tasks with limited supervision per
task. Existing methods either rely on replay-
ing historical data or assume ideal conditions
like gold task boundaries, limiting real-world
applicability. We propose TORe (Table Op-
eration Recipe Reconstruction), a rehearsal-
free framework that reconstructs historical
knowledge through schema-aware reasoning
patterns. TORe extracts abstract Operation
Recipes from table reasoning processes, identi-
fies fine-grained knowledge deviations between
current and past tasks, and employs execution-
verified LLM synthesis to generate pseudo-
examples reflecting both current and histori-
cal reasoning patterns. Experiments on two
TableQA-CL benchmarks and multiple back-
bone models show that TORe consistently im-
proves average accuracy over strong rehearsal-
free baselines, remains competitive with replay-
based methods, and maintains robust perfor-
mance under different task orders.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable performance in Table Ques-
tion Answering (TableQA) tasks (Wang et al.,
2024b; Zhu et al., 2024a), enabling non-experts
to query structured data via natural language. How-
ever, most studies assume static data distributions
(Sarmah et al., 2024), whereas real-world tables
continuously evolve with shifting schemas and ex-
panding domains. As shown in Figure 1(a), models
must be continuously trained on task streams from
diverse tables while maintaining performance on
both current and historical tasks.

Consequently, continual learning for TableQA
over task streams has gained substantial attention.
Three key challenges have been identified in this
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Figure 1: (a) The TableQA-CL scenario. (b) Method-
ological comparisons: TORe combines rehearsal-free
operation with schema-agnostic knowledge reconstruc-
tion while avoiding raw-data replay and requiring nei-
ther SQL programs nor task ID labels.

line of research: (1) Limited training data: An-
notating large-scale high-quality data for new ta-
ble schemas is costly, and insufficient data may
cause overfitting (Qin and Joty, 2022; Chen et al.,
2023a). (2) Catastrophic forgetting: Training
on new tasks degrades performance on past tasks
(Wang et al., 2021; Qiao and Mahdavi, 2024). (3)
Knowledge transfer: Generalizing learned tabular
reasoning operations to unseen structures based on
existing knowledge (Zhao et al., 2024).

Beyond these general challenges, TableQA-CL
is additionally characterized by schema/layout het-
erogeneity, the absence of executable SQL pro-
grams, and the need for schema-agnostic reasoning
abstractions. These properties require preserving
transferable reasoning structure rather than replay-
ing schema-specific examples.

To address these challenges, prior research
has explored various continual learning methods,
broadly categorized into rehearsal-based, program-
based, and parameter-based approaches, as illus-
trated in Figure 1(b). Rehearsal-based methods
prevent forgetting by replaying real data from his-
torical tasks (Chen et al., 2023a). However, data
replay is often infeasible due to strict privacy and
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security constraints in real-world tabular data (e.g.,
finance, healthcare). Program-based methods typ-
ically require deriving reasoning experience from
additional SQL annotations to guide the synthesis
of pseudo-samples (Liu et al., 2025b). However,
this fails entirely in the general TableQA-CL sce-
nario involving semi-structured tables (e.g., web
tables) where explicit program execution is not
feasible. Parameter-based methods directly use
gold-truth task ID labels as the basis for selecting
task-specific PEFT parameters (Wang et al., 2025;
Chen et al., 2023b), which contradicts practical
real-world conditions where task boundaries dur-
ing inference are unknown.

One might ask whether strong static TableQA
methods (Chen et al., 2020; Herzig et al., 2020)
or inference-time approaches (Wang et al., 2024b;
Zhu et al., 2024a) already solve this problem. They
do not: such methods improve the starting model
via a fixed inference procedure or inference-time
scaling, but do not address the retention prob-
lem created by sequential task-specific updates.
TableQA-CL asks how a model can incorporate
newly arriving supervision while historical train-
ing data are no longer accessible, without erasing
earlier capabilities. Freezing a strong model avoids
forgetting by construction but prevents learning
organization-specific schemas and terminology; se-
quential SFT enables adaptation but introduces in-
terference.

To address these limitations, we propose
TORe (Table Operation Recipe Reconstruction),
a rehearsal-free knowledge reconstruction frame-
work. TORe abstracts the table reasoning process
into schema-agnostic Operation Recipes that cap-
ture transferable structural patterns, precisely iden-
tifies fine-grained knowledge deviation between
current and past tasks via recipe-level comparison,
and employs execution-verified LLM synthesis (us-
ing Meta-Llama-3.1-70B-Instruct) to reconstruct
both current and historical knowledge—all without
data replay, program supervision, or idealized as-
sumptions. Extensive experiments demonstrate that
TORe significantly outperforms baselines across
all categories. Our contributions are threefold:

• We formalize TableQA-CL as a schema-agnostic
continual learning problem, constructing two
controlled task-stream benchmarks (Mixed-
QA-Stream and Mixed-Struct-Stream) with
table/domain-disjoint splits to simulate data
scarcity and no-replay constraints.

• We propose TORe, a novel knowledge recon-
struction framework featuring: (1) abstract Op-
eration Recipe extraction for schema-agnostic
reasoning pattern analysis; (2) execution-guided
LLM synthesis with strict verification to ensure
synthetic data quality; (3) synergistic combina-
tion of Consolidation Knowledge (CK) and His-
torical Knowledge (HK) for balanced learning.

• Extensive experiments demonstrate that TORe
achieves strong no-replay performance, improves
over Naive Generate by up to 9.91 ACCa points,
and shows high task-order robustness (99.24%
stability) and forward transfer (FWT up to
39.18%).

2 Related Work

2.1 Table Question Answering
Table Question Answering (TableQA) aims to gen-
erate answers from structured tables given natural
language questions. Early approaches employed
specialized pre-training to capture tabular structure:
TAPAS (Herzig et al., 2020) introduced table-aware
positional encoding for joint row-column reason-
ing, while TABBIE (Iida et al., 2021) leveraged
row-column intersection embeddings for richer ta-
ble representations. HybridQA (Chen et al., 2020)
broadened the scope by integrating tabular and tex-
tual evidence for multi-hop reasoning. With the ad-
vent of LLMs, recent methods (Wang et al., 2024b;
Zhu et al., 2024a) have achieved strong perfor-
mance via in-context learning and chain-of-thought
prompting over diverse table formats. However,
these studies predominantly assume static data dis-
tributions. In practice, tables evolve with shift-
ing schemas and expanding domains, necessitating
models that can continuously adapt—the setting
we address in this work.

2.2 Continual Learning
The core challenge of continual learning lies in mit-
igating catastrophic forgetting while enabling posi-
tive knowledge transfer. Although early research
focused primarily on classification tasks (Zhou
et al., 2025; Zhu et al., 2024b; García-Santaclara
et al., 2025), recent advances have extended to
continual generation scenarios, among which Con-
tinual Semantic Parsing (CSP) over dynamically
updated databases has received considerable atten-
tion (Chen et al., 2023a; Liu et al., 2025b; Chen
et al., 2023b; Liu et al., 2025a). However, existing
CSP methods are primarily designed for structured
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databases with fixed schemas, relying on SQL an-
notations or idealized task boundaries that limit
their applicability.

In contrast, continual learning for TableQA
(TableQA-CL), which we address in this work,
presents distinct challenges that set it apart from
CSP: (1) Schema heterogeneity: CSP operates
over fixed database schemas where tables main-
tain consistent structure. TableQA-CL encounters
semi-structured web tables with arbitrary layouts,
making SQL-based program synthesis infeasible.
(2) Answer verification: CSP benefits from exe-
cutable SQL programs that guarantee correct an-
swers via database execution. TableQA-CL lacks
this oracle, requiring models to generate free-form
text answers without programmatic validation. (3)
Reasoning abstraction: Existing CSP methods
rely on SQL syntax trees for knowledge distilla-
tion, which is inapplicable to semi-structured tables
lacking formal query languages. These distinctions
motivate our recipe-based framework that operates
on universal, schema-agnostic reasoning abstrac-
tions.

Data Synthesis for Continual Learning. Recent
work explores synthetic data generation to allevi-
ate forgetting. SSR (Chen and Lee, 2024) trains
generative models on each task to synthesize his-
torical samples, but suffers from low-quality hallu-
cinations under data scarcity. MBPA++ (Wang
et al., 2024a) uses prompt-based augmentation
but requires task-specific templates. Unlike these
data-level synthesis approaches, TORe operates
at the reasoning-level, reconstructing abstract Op-
eration Recipes rather than concrete instances to
enable schema-agnostic knowledge transfer with
execution-guided quality assurance and no raw his-
torical data storage.

3 Preliminaries

Table Question Answering aims to generate an an-
swer A = F (Q,D) from a natural language ques-
tion Q and a tableD = (B, C,V), where B denotes
the set of table names, C represents corresponding
column names, and V contains associated values.

Following established continual learning formu-
lations (Liu et al., 2025b), we define TableQA-
CL as learning from a sequential task stream
{T1, T2, . . . , TN} with N total tasks. Each task
Tt = {Xi

t , Y
i
t }Nt

i=1 constitutes an independent
TableQA task where X = (Q,D) and Nt is the
dataset size. Tasks originate from distinct table

domains such that D(Ti) ∩ D(Tj) = ∅ for ∀i ̸= j.
Every task Ti maintains its own training, validation,
and test sets. The primary objective is to develop a
system that achieves strong performance on previ-
ous tasks without accessing historical data, while
generalizing to unseen tasks.

4 Methodology

4.1 Overview

Core Intuition. Consider how humans handle
continual learning: when learning a new skill (e.g.,
analyzing medical tables), we don’t memorize past
examples verbatim. Instead, we recall abstract
problem-solving strategies (e.g., "group by diagno-
sis, then aggregate costs") and apply them to new
contexts.

As illustrated in Figure 2, TORe mimics this
process through three stages. First, it extracts ab-
stract Operation Recipes from current task data
and identifies which historical recipes are absent,
yielding the knowledge deviation ∆Rt (Pattern
Extraction & Deviation Analysis). Then, Dual
Knowledge Reconstruction synthesizes Consol-
idation Knowledge (CK) to combat current-task
data scarcity and Historical Knowledge (HK) to
reconstruct missing historical reasoning patterns
by projecting ∆Rt onto current-domain tables—
all without accessing past data. Finally, Adaptive
Sampling balances synthetic data quality and quan-
tity via diversity-aware sampling for training. Here,
“rehearsal-free” refers to the absence of historical-
example replay: TORe retains abstract procedu-
ral recipes but stores no historical raw examples
or content-dependent parameters; it is raw-data
rehearsal-free, not memory-free. A privacy audit
(Appendix I) confirms low recoverability of his-
torical content from recipe sets alone, though we
do not claim an information-theoretic guarantee
against adversaries with external side information.
We provide theoretical intuition in Appendix J. We
now detail each component below.

4.2 Table Operation Recipe Extraction and
Analysis

4.2.1 Operation Pool
To capture the abstract reasoning process across
diverse table structures uniformly, we construct a
comprehensive Table Operation Pool, as detailed in
Table 1. Unlike methods that rely on external pro-
gram annotations, these predefined operations are
schema-agnostic and cover both single and multi-
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Figure 2: Knowledge reconstruction on task t via LLMs. First, operations are sequentially selected from the
Operation Pool. After removing parameters, the Table Operation Recipe Rt is formed. The difference between Rt

and the historical recipes yields ∆Rt. Crucially, both Rt and ∆Rt consist of predefined abstract operations and
do not involve any historical data. Finally, Rt and ∆Rt guide the construction of Consolidation Knowledge and
Historical Knowledge, respectively, reinforcing current capabilities and filling knowledge gaps.

Operation Function

select_row Selects relevant rows
select_column Selects relevant columns
add_knowledge_column Adds external knowledge as new

columns
add_inferred_column Adds inferred information from

other columns
group_column Aggregates column values
sort_column Sorts column values
stitch_tables Combines multiple tables
select_table Selects a specific table
change_column_name Modifies column names

Table 1: The predefined Table Operation Pool.

table scenarios. By restricting the reasoning paths
to this foundational set, we effectively decouple the
logical structure of a task from its concrete seman-
tic data, enabling robust cross-domain knowledge
transfer. A coverage analysis on 500 randomly
sampled instances confirms that these 9 operations
cover 94.3% of reasoning chains across all bench-
marks (details in Appendix G).

4.2.2 Table Operation Recipe Extraction
TORe employs LLMs to distill abstract reasoning
paths into Table Operation Recipes (TOR). For a
given sample consisting of an initial table T0 and
a question Q, the generation proceeds iteratively.
At step k, the LLM observes the current table state
Tk−1 and the historical operation chain Ck−1, se-
lects an operation opk from the pool, and predicts
content-specific parameters λk. Executing opk(λk)

on Tk−1 yields the next state Tk.
Once the reasoning chain C =

[(op1, λ1), . . . , (opn, λn)] resolves Q, we
strip away all content-dependent parameters λ,
retaining only the structural sequence of operations
r = [op1, . . . , opn]. Aggregating these sequences
across all samples in task t forms the task-level
operation recipe set, denoted as Rt. A detailed
illustration of this extraction process is provided
in Figure 6 (Appendix). Manual verification on
200 randomly sampled instances shows that 89.5%
of extracted recipes are fully correct, and after
execution-guided verification this rate reaches
99.0% (details in Appendix H).

4.2.3 Schema-Aware Historical Recipe
Deviation

To prevent catastrophic forgetting, the model must
recognize which past reasoning skills are absent
from the current task. Let Rpast =

⋃t−1
i=1Ri be

the accumulated bank of historical recipes. We
formulate the schema-aware knowledge deviation
∆Rt as:

∆Rt =
{
r ∈ Rpast \ Rt

∣∣ Valid(r,S(Dcurrent))
}

(1)
where S(Dcurrent) denotes the structural topology
of the current task’s tables, and Valid(·) checks
whether the operations in r can be executed un-
der the current schema constraints, such as column
availability, sortable fields, and single-/multi-table
structure. Implementation details are provided in
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Algorithm 1 Execution-Guided Historical Knowl-
edge Construction
Input: Schema-aware historical deviation ∆Rt,
Current task table distribution Dcurrent
Output: Historical Knowledge dataset
SHK

1: Initialize SHK ← ∅
2: for each recipe r ∈ ∆Rt do
3: Sample table T ∼ Dcurrent
4: Tadapt ← Transform(T, Schema(r))
5: Candidates Λ ← LLM_Gen(Tadapt, r, k =

3)
6: for each parameter set λ ∈ Λ do
7: Executable sequence r̃ ← (r, λ)
8: if T ′ ← Execute(r̃, Tadapt) is Valid then
9: QA← LLMSynthesize(Tadapt, r̃, T

′)
10: CoT ← FormReason(QA, r̃, Tadapt)
11: SHK ← SHK ∪ {(QA,CoT )}
12: break {Proceed to next recipe upon

success}
13: end if
14: end for
15: end for
16: return SHK

Appendix B.3.1. This formulation isolates the ab-
stract capabilities that require reconstruction with-
out raw data replay.

4.3 Recipe-Guided Data Construction

4.3.1 Historical Knowledge Construction &
Quality Assurance

To facilitate the model’s recall of historical solu-
tions without accessing old data, we synthesize new
instances leveraging the deviation ∆Rt. As for-
mally described in Algorithm 1, we sample a table
T from the current domain. If the target structure
specified by the historical recipe r differs from T ,
we apply transformation rules to adapt T (e.g., sim-
ulating multi-table views from a single table). To
address invalid operation instantiations caused by
LLM hallucinations, we implement an Execution-
Guided Verification mechanism. During the pa-
rameter instantiation step, the LLM generates a
candidate set Λ. We select the λ that successfully
compiles and executes against the table environ-
ment to yield a valid final state T ′. Should all
candidates fail, the generation for that sample is
safely aborted. Successfully executed paths are
then formulated into final QA pairs and Chains of

Thought (CoT); Appendix E.3 audits their semantic
correctness.

4.3.2 Consolidation Knowledge Construction

To mitigate labeled data scarcity in the current task,
we construct Consolidation Knowledge (formally
described in Algorithm 2 in the Appendix). Using
the current task’s extracted recipes Rt, we sam-
ple tables and prompt the LLM to generate task-
adapted parameters. These are executed to produce
transformed tables and subsequently high-quality
QA pairs. This process acts as semantic data aug-
mentation, deeply embedding the current task’s
structural patterns into the model while adhering
strictly to the target distribution.

4.4 Task-Adaptive Data Selection

We merge the Historical and Consolidation Knowl-
edge. To efficiently utilize the data and prevent
overriding the original annotated examples, we per-
form controlled sampling. We employ TF-IDF to
embed the synthesized samples and conduct K-
means cluster analysis:

d∗j = arg min
di∈Cj

∥TF-IDF(di)− cj∥ (2)

Dcore =

Nk⋃

j=1

{d∗j} (3)

where Nk is the desired number of clusters (sam-
pling budget) and cj is the centroid of cluster Cj .
These representative samples, combined with the
original annotated data, compose the final training
set Dtrain = Dcore ∪Dcurrent.

5 Experiments

5.1 Datasets

Currently, there is a lack of dedicated evaluation
benchmarks for continual learning in dynamic
TableQA scenarios. To bridge this gap and simu-
late real-world conditions where models encounter
shifting schemas and disjointed data domains, we
construct two novel task streams: Mixed-QA-
Stream and Mixed-Struct-Stream.

We partition existing static datasets into sequen-
tial tasks by source, domain, and table ID, ensuring
that no table appears in more than one task. Each
task is limited to fewer than 200 training instances
to mimic supervision scarcity.
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• Mixed-QA-Stream: Focuses on single-table
schema shifts, comprising 9 distinct tasks de-
rived from TableInstruct (Wu et al., 2025b) and
SQUALL (Shi et al., 2020).

• Mixed-Struct-Stream: Introduces structural het-
erogeneity by incorporating multi-table schemas
and complex joins from MMQA (Wu et al.,
2025a) and OMNISQL (Li et al., 2025).

The detailed introduction of the source datasets,
table/domain-disjoint split protocol, and discussion
of template overlap are deferred to Appendix F.

5.2 Evaluation Metrics

Following prior work (Chen et al., 2023a; Li et al.,
2021), we employ four standard continual learn-
ing metrics: Average Accuracy (ACCa), reflecting
overall performance across all tasks; Whole Ac-
curacy (ACCw), measuring accuracy on the com-
bined test set; Forgetting Measure (FM), quanti-
fying catastrophic forgetting (lower is better); and
Forward Transfer (FWT), examining zero-shot
generalization to future tasks. Formal definitions
are provided in Appendix C.

5.3 Baselines

We compare TORe against baselines spanning four
categories: (1) Original: SFT (Yogatama et al.,
2019) sequentially fine-tunes on each task without
continual learning interventions. (2) Rehearsal-
based: RandSel (Scialom et al., 2022) randomly
replays 10% of historical data; KMeansSel (Wang
et al., 2025) selects representative 10% via clus-
tering; MTL (Chen et al., 2023a) replays all his-
torical data as an upper bound. (3) PEFT-based:
C3 (Chen et al., 2023b) uses task-specific PEFT
with gold task IDs (ideal setting, marked ♢); SEE
(Wang et al., 2025) combines data replay with se-
quential PEFT ensembles. (4) Synthesis-based:
Naive Generate synthesizes data via few-shot
prompting; SSR (Huang et al., 2024) generates
pseudo-samples refined by the latest model weights,
evaluated at multiple scales. Detailed descriptions
are in Appendix D.

Controlled Synthesis Comparison. All
synthesis-based methods use the same Meta-
Llama-3.1-70B-Instruct generator and the same
final selected-data budget of NK = 400 examples
per task (unless otherwise specified). Their
end-to-end generation costs differ because each
method retains its own synthesis procedure: Naive

Generate uses its original few-shot generation
pipeline, SSR uses its self-synthesis pipeline, and
TORe adds recipe extraction, schema transfor-
mation, up to k = 3 parameter candidates, and
execution verification.

5.4 Implementation Details

We use Qwen-2.5-1.5B-Instruct and DeepSeek-R1-
Distill-Llama-8B as the main backbone models,
fine-tuned with LoRA (Hu et al., 2022) via the
AdamW optimizer. LoRA rank is set to 32, and
the learning rate is 2e-4. For TOR extraction and
data synthesis, we employ Meta-Llama-3.1-70B-
Instruct accelerated by vLLM. Unless otherwise
specified, all synthesis-based methods use the same
generator and matched generation budget for con-
trolled comparison. Results with Meta-Llama-3.2-
1B-Instruct are reported in Appendix K.1 to further
validate generalizability across model backbones.

6 Results and Analysis

6.1 Overall Results

Table 2 summarizes the results. TORe consis-
tently improves final average accuracy over vanilla
SFT and the controlled synthesis baselines, while
achieving a favorable overall balance among ACCa,
ACCw, FM, and FWT.

Comparison with Rehearsal-based Methods:
Rehearsal methods inherently rely on data replay,
making the direct metric comparison somewhat
unfair to synthesis methods. TORe achieves com-
petitive accuracy without replay data, but this com-
parison reflects a compute–memory–privacy trade-
off: TORe uses additional offline inference (via
an external 70B generator) to avoid raw-data stor-
age, whereas rehearsal methods store historical
examples but require no external generator. On
DeepSeek-R1-Distill-Llama-8B, TORe achieves
42.46% ACCa on Mixed-QA-Stream, outperform-
ing SEE (41.33%) and all rehearsal baselines. It
also maintains low FM values (1.99 on Mixed-QA-
Stream and 1.86 on Mixed-Struct-Stream), show-
ing a favorable accuracy–retention trade-off with-
out raw replay. Figure 3 further illustrates that
TORe maintains consistently high ACCa and ACCw
across the entire task sequence, while other meth-
ods exhibit larger fluctuations.

Comparison with PEFT Methods: C3 assumes
PEFT parameters are known in advance to guar-
antee perfect selection. However, in TableQA-CL,
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Method Type Mixed-QA-Stream Mixed-Struct-Stream

ACCa ACCw FM FWT ∆ ACCa ACCw FM FWT ∆

Qwen-2.5-1.5B-Instruct

SFT ORIGINAL 23.50 24.95 0.80 13.94 – 23.24 24.19 5.59 20.53 –
RandSel RECALL‡ 22.59 23.43 2.57 16.93 -0.91 27.99 28.15 2.29 24.37 +4.75
KMeansSel RECALL‡ 22.49 23.01 4.37 17.80 -1.01 25.74 26.32 5.48 23.30 +2.50
MTL RECALL‡ 17.70 18.19 5.89 15.28 -5.80 25.62 25.10 5.61 23.93 +2.38
SEE RECALL&PEFT‡ 26.06 26.29 2.91 21.87 +2.56 30.07 30.49 1.26 23.20 +6.83
C3♢ PEFT 20.05 20.22 – – -3.45 19.66 19.41 – – -3.58
Naive generate SYNTHESIS† 22.90 24.16 2.21 16.82 -0.60 22.44 22.76 9.59 22.45 -0.80
SSR(2%) SYNTHESIS† 14.67 14.97 8.33 12.55 -8.83 22.83 23.27 6.64 20.14 -0.41
SSR(20%) SYNTHESIS† 14.08 14.24 9.24 13.81 -9.42 22.47 23.07 6.22 20.30 -0.77
SSR SYNTHESIS† 5.05 4.92 10.91 9.96 -18.45 12.63 12.91 10.89 11.41 -10.61

TORe(only CK) SYNTHESIS† 24.94 26.46 2.69 15.12 +1.44 27.22 27.95 3.14 21.62 +3.98
TORe(only HK) SYNTHESIS† 27.33 28.66 1.65 21.75 +3.83 27.61 28.35 4.08 23.50 +4.37
TORe SYNTHESIS† 27.51 29.08 1.03 20.20 +4.01 30.43 31.30 1.85 24.24 +7.19

DeepSeek-R1-Distill-Llama-8B

SFT ORIGINAL 38.31 39.88 2.25 23.94 – 31.05 32.21 12.54 27.77 –
RandSel RECALL‡ 39.34 39.60 5.22 32.17 +1.03 32.81 33.54 5.76 21.41 +1.76
KMeansSel RECALL‡ 40.62 41.06 2.53 32.06 +2.31 33.17 34.04 5.07 22.94 +2.12
MTL RECALL‡ 38.87 39.47 4.58 31.41 +0.56 37.70 37.20 3.86 36.20 +6.65
SEE RECALL&PEFT‡ 41.33 42.05 3.03 31.51 +3.02 43.13 44.41 2.91 28.55 +12.08
C3♢ PEFT 35.74 35.49 – – -2.57 31.47 32.11 – – +0.42
Naive generate SYNTHESIS† 36.56 37.84 6.87 27.24 -1.75 34.04 35.06 6.98 29.71 +2.99
SSR(20%) SYNTHESIS† 31.25 32.79 2.46 26.99 -7.06 28.26 29.57 13.27 24.43 -2.79
SSR SYNTHESIS† 22.88 22.22 11.49 21.62 -15.43 19.68 20.73 12.50 20.01 -11.37

TORe(only CK) SYNTHESIS† 40.83 42.99 3.78 30.84 +2.52 44.57 45.42 2.20 37.97 +13.52
TORe(only HK) SYNTHESIS† 39.33 41.11 5.45 32.80 +1.02 43.33 44.61 3.44 38.30 +12.28
TORe SYNTHESIS† 42.46 43.62 1.99 35.62 +4.15 43.95 45.32 1.86 39.18 +12.90

Table 2: Results on Mixed-QA-Stream and Mixed-Struct-Stream. Type denotes the method category. ∆ indicates
the performance gain relative to vanilla SFT baseline (ACCa difference). ♢ indicates an ideal continual learning
configuration requiring gold task boundaries. Bold and underlined values denote top and second-best results. †

denotes use of an external 70B generator; ‡ denotes storage of historical raw data for replay. Full per-method
resource overhead (replay ratio, synthetic sample count, external generator usage) is summarized in Table 5.

where each task involves abstract reasoning, knowl-
edge interaction between tasks actually enhances
learning. SEE allows fallback capabilities via data
replay, outperforming C3. Conversely, TORe nat-
urally preserves and actively enhances this cross-
task interaction through shared operation recipes,
outperforming both without task labels.

Comparison with Data Synthesis Methods:
Under the matched-generator setting described
above, TORe outperforms Naive Generate by 5.90
ACCa points on Mixed-QA-Stream and 9.91 points
on Mixed-Struct-Stream with DeepSeek-R1. The
gain therefore cannot be attributed to a stronger
teacher model. Compared with SSR variants,
TORe also yields substantially lower FM (1.99 vs.
11.49 on Mixed-QA-Stream), indicating that recipe-
guided reconstruction better mitigates forgetting

Figure 3: ACCa and ACCw on all seen tasks across the
Mixed-QA-Stream task sequence (DeepSeek-R1-Distill-
Llama-8B).

than unconstrained pseudo-sample generation.

6.2 Analytical Insights

We conduct in-depth analysis to understand the
mechanisms behind TORe’s superiority.
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Figure 4: Correlation between recipe-based and
semantic-based representations with actual SFT perfor-
mance across 8 sequential tasks on Mixed-QA-Stream.

Insight 1: Recipe Abstraction Effectively
Bridges Schema Gaps. Traditional methods
struggle because they overfit to the specific seman-
tic tokens of a table. By abstracting operations
into TORs, we decouple the reasoning from the
data. While the semantic vocabularies across tasks
exhibit near-zero overlap, the underlying Table Op-
eration Recipes share significant commonalities.
By identifying the deviation ∆Rt, TORe explicitly
targets the "reasoning blind spots" rather than just
hallucinating random data, making the synthesized
Historical Knowledge highly efficient.

To validate the effectiveness of recipe-based ab-
straction, we compare the correlation between dif-
ferent representation methods and actual continual
learning performance across eight sequential tasks.
Figure 4 reveals that recipe-based representations
(Recipe lap) exhibit significantly higher Pearson
correlation with SFT performance (r = 0.87, p <
0.001) compared to semantic-based representations
(Semantic lap, r = 0.34, p = 0.12). A Fisher’s
Z-transformation test confirms this difference is
statistically significant (Z = 3.42, p < 0.001),
providing evidence consistent with the hypothesis
that recipe abstraction captures the fundamental
transferable reasoning patterns that drive continual
learning success.

Insight 2: Strict Sequence Agnosticism via
Structural Reconstruction. A robust CL frame-
work should not be biased by the task arrival order.
We evaluate sequence robustness using the Order
Stability score (Ω) (Yoon et al., 2020). As shown in
Figure 5, TORe achieves near-perfect order stabil-
ity, substantially surpassing all baselines. The de-
tailed results in Table 3 further confirm that TORe
maintains the lowest forgetting under random task
ordering. This demonstrates that recipe-based ab-

Method ACCa ACCw FM FWT Ω (%) ↑
SFT 24.29 25.26 1.61 22.56 96.64
MTL 22.22 22.56 3.17 25.42 74.46
SEE 24.64 25.94 2.64 27.20 94.55
C3 22.12 22.04 – – 89.68
SSR 24.02 25.09 1.05 21.59 36.27

TORe 27.72 28.69 0.81 25.38 99.24

Table 3: Performance comparison under a random task
order on Mixed-QA-Stream. Ω denotes the Order Stabil-
ity score, measuring the relative performance retention
compared to the original task sequence (higher is bet-
ter).
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Figure 5: Order Stability (Ω) comparison on Mixed-QA-
Stream under random task ordering.

straction effectively decouples learning from the
task curriculum, enabling both order-agnostic learn-
ing and minimal forgetting simultaneously.

Insight 3: The Synergy of Consolidation and
Historical Knowledge. Reconstructing histori-
cal knowledge alone is insufficient if the model
fails to grasp the current task under data scarcity.
Ablation studies (Table 4) demonstrate the dynamic
interplay between Consolidation Knowledge (CK)
and Historical Knowledge (HK). CK rapidly builds
schema familiarity for the current task, establish-
ing a foundation upon which HK can project past
recipes. A synergistic ratio of 1HK:3CK achieves
the optimal balance with FM = 1.03, preventing
the model from either forgetting the past or failing
the present. In contrast, using only HK results in
higher forgetting (FM = 2.81), while using only
CK yields FM = 2.31, both substantially worse
than the balanced combination. Setting NK = 400
maximizes performance while maintaining low for-
getting (FM = 1.03); increasing volume excessively
degrades both accuracy and forgetting resistance
(FM = 3.46 at NK = 1200), proving that struc-
tural fidelity matters more than sheer synthetic data
quantity. Interestingly, NK = 0 (i.e., vanilla SFT
without synthesis) achieves the lowest FM of 0.80,
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ACCa ACCw FM FWT

TORe 27.51 29.08 1.03 20.20

w/o clustering 26.26 27.82 3.08 16.75
random TOR 24.08 24.98 2.27 16.09

only HK 25.50 27.03 2.81 18.34
1HK : 3CK 27.51 29.08 1.03 20.20
1HK : 1CK 26.79 28.59 3.39 17.55
3HK : 1CK 26.61 28.38 2.73 18.93
only CK 25.30 26.82 2.31 21.54

NK = 1200 26.66 28.27 3.46 20.26
NK = 800 26.76 28.27 3.71 19.48
NK = 400 27.51 29.08 1.03 20.20
NK = 0 23.50 24.95 0.80 13.94

Table 4: Ablation study results on Mixed-QA-Stream.

but at the cost of significantly reduced overall ac-
curacy (ACCa = 23.50 vs. 27.51), highlighting
the critical trade-off between forgetting prevention
and knowledge acquisition that TORe navigates
effectively.

We provide qualitative analysis including a case
study of knowledge transfer and a detailed error
analysis in Appendix E.

7 Conclusion

We introduced TORe, a rehearsal-free continual
learning framework for Table QA that addresses
the tension between no-replay learning and knowl-
edge retention. TORe abstracts table reasoning
into schema-agnostic Operation Recipes, enabling
knowledge reconstruction at the reasoning level
rather than data level. Through recipe-guided dual
knowledge synthesis and execution-verified quality
control, TORe bridges schema deviations across
sequential tasks without data replay, program su-
pervision, or idealized task boundary assumptions.
Experiments on two benchmarks across multiple
backbone models validate that TORe consistently
improves final accuracy while maintaining low for-
getting and strong robustness to task ordering.

8 Limitations

Our work has several limitations: (1) TORe re-
lies on a fixed operation pool of 9 operations,
which may not cover highly specialized domain-
specific reasoning (e.g., financial IRR calcula-
tions); (2) the recipe extraction step depends on
a large LLM (Meta-Llama-3.1-70B), limiting de-
ployment in resource-constrained environments;
(3) our benchmarks simulate domain and schema
shifts but do not model continuous temporal drift

in live enterprise tables; (4) our evaluation is re-
stricted to TableQA scenarios—extending TORe
to broader structured reasoning tasks (e.g., Text-to-
SQL, knowledge graph QA) remains future work.
These limitations suggest future directions: (1) dy-
namic operation pool expansion via automatic op-
eration discovery; (2) lightweight recipe extrac-
tion using smaller models; (3) cross-modal recipe
transfer between table, text, and knowledge graph
domains.
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A Reproducibility Statement

To facilitate reproducibility, we commit to:

• Code Release: Full implementation (includ-
ing data preprocessing, TOR extraction, syn-
thesis prompts, task split files, generated-data
formats, and training scripts) will be released
upon acceptance at https://github.com/
oakor/TORe.

• Data Release: Our constructed bench-
marks (Mixed-QA-Stream and Mixed-Struct-
Stream) will be publicly available in Alpaca
format.

• Hyperparameters: All hyperparameters are
detailed in our training configurations. We use
Qwen-2.5-1.5B-Instruct and DeepSeek-R1-
Distill-Llama-8B as backbone models with
LoRA (rank=32). Training employs learning
rate 2e-4 with AdamW optimizer.

• Computational Resources: Experiments
conducted on 2×NVIDIA A100 (80GB)
GPUs. Recipe extraction uses Meta-Llama-
3.1-70B-Instruct accelerated by vLLM.

• License and Terms: The released code will
be distributed under the MIT License. The
constructed benchmark splits and generated
examples will be released for research use
under CC BY-NC 4.0, subject to the licenses
and terms of the original source datasets.

• Intended Use: The source datasets are used
only for research-oriented benchmark con-
struction and evaluation. Our derived task
streams, generated examples, and released
splits are intended for research use in TableQA

and continual learning, consistent with the re-
search purposes of the original artifacts.

B Method Details

B.1 TOR Construction Process
The TOR construction exclusively utilizes Meta-
Llama-3.1-70B-Instruct. For the given data, TOR
processing follows the sequence of operation selec-
tion → output parameters → table processing →
selection of next operation.

1. Before processing, it is first necessary to de-
termine whether the current table to be pro-
cessed is multi-table or single-table. If single-
table, the table, question, and historical opera-
tions are directly input into the LLM, which
provides the next operation. If multi-table,
the LLM first selects either select_table
or stitch_tables to convert the multi-table
into a single table (as illustrated in Figure 10).

2. Due to the excessive number of available op-
erations and the limited context provided by
each operation, parameter selection is pro-
cessed independently (as shown in Figure 12).

3. The operations and parameters are executed
on the table according to the methods shown
in Table 1, selecting predefined procedures to
obtain an updated table.

B.2 Knowledge Difference Analysis
For each task, when computing the difference be-
tween the current task TOR and all past TORs, no
clustering or deduplication is performed to strictly
preserve the original distribution information.

B.3 TOR-Guided Data Synthesis
The extracted TORs are used for data synthesis.

Current task data is combined with past and current
TORs respectively and input to LLMs.

B.3.1 Validity Checking and Schema
Transformation

The function Valid(r,S(Dcurrent)) checks whether
a historical recipe can be instantiated on the
current task schema. For select_row and
select_column, validity requires at least one
row or column. For group_column, the ta-
ble must contain a categorical or numeric col-
umn. For sort_column, at least one sortable
column must exist. For stitch_tables, the
instance must contain multiple tables or be
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Figure 6: Detailed illustration of the Table Operation Recipe extraction process. Given a table and question, the
LLM iteratively selects operations from the Operation Pool, generates content-specific parameters, and executes
them to transform the table state. After the reasoning chain resolves the question, content-dependent parameters are
stripped to form the abstract recipe.

Algorithm 2 Consolidation Knowledge Construc-
tion
Input: Current task recipe setRt, Current task ta-
ble distribution Dcurrent
Output: Consolidation Knowledge dataset
SCK

1: Initialize SCK ← ∅
2: for each recipe r ∈ Rt do
3: Sample table T ∼ Dcurrent
4: Instantiate parameter λ← LLM_Gen(r, T )

5: Executable sequence r̃ ← (r, λ)
6: T ′ ← Execute(r̃, T )
7: QA← LLM_Synthesize(T, r̃, T ′)
8: CoT ← Format_Reasoning(QA, r̃, T )
9: SCK ← SCK ∪ {(QA,CoT )}

10: end for
11: return SCK

transformable into a multi-table context. For
select_table, the input must contain multiple
candidate tables. For add_knowledge_column and
add_inferred_column, validity requires that the
source columns needed for the generated field can
be identified.

Transform(T, Schema(r)) adapts the sampled
current table to the structural requirement of recipe
r. If r contains multi-table operations but T is
single-table, we prompt the generator to create a
semantically related auxiliary table and then instan-

tiate stitch_tables. If r contains only single-
table operations but T is multi-table, we first apply
select_table to reduce the context to the target
table. These transformations are applied before
parameter instantiation and execution verification.

B.3.2 Data Preprocessing
While Mixed-QA-Stream features single-table data,
Mixed-Struct-Stream is heterogeneous. If a target
recipe specifies select_table but the sampled in-
stance is a single table, the execution fails. To
address this, we synthesize single-table inputs by
randomly sampling from pure multi-tables, and
conversely synthesize related multi-table contexts
using LLMs on pure single-tables.

B.3.3 Data Construction
We iterate through the constructed TORs, select a
table from the current task, and prompt the LLM
to perform parameter filling adapted to the cur-
rent table (Figure 13 and Figure 14). The TOR
and parameters are executed step-by-step. Since
some operations cannot guarantee parameter filling
quality purely from abstract recipes (e.g., concrete
values from a table), we regenerate parameters dy-
namically (Figure 16). Finally, the original table,
modified table, and TOR are used to synthesize
complete QA pairs (Figure 15).

C Evaluation Metrics

Following prior work (Chen et al., 2023a; Li et al.,
2021), we employ four standard continual learning
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metrics. Let aj,i denote accuracy on task i after
training on task j, M the total number of tasks,
and âi the zero-shot accuracy on task i before any
training:

Average Accuracy (ACCa): The arithmetic
mean of final accuracies across all tasks: ACCa =
1
M

∑M
i=1 aM,i

Whole Accuracy (ACCw): Accuracy evaluated
on the combined test set of all tasks: ACCw =
aD(1:M)

test

Forgetting Measure (FM): Quantifies catas-
trophic forgetting by measuring the performance
degradation from the peak accuracy on each
past task. FM ≥ 0 by definition, and
lower values indicate better retention: FM =

1
M−1

∑M−1
i=1

(
maxj∈[i,M ] aj,i − aM,i

)

Forward Transfer (FWT): Examines zero-
shot generalization to future tasks: FWT =

1
M−1

∑M
i=2(ai−1,i − âi)

D Detailed Baseline Descriptions

To comprehensively evaluate TORe, we compare
it against representative state-of-the-art methods
across four categories.

1. Original Methods: SFT (Yogatama et al.,
2019) serves as the lower bound, where the vanilla
language model is fine-tuned sequentially on the
task stream without any continual learning interven-
tions, typically suffering from severe catastrophic
forgetting.

2. Replay-based Methods: These methods
explicitly store and replay past data. RandSel
(Scialom et al., 2022) constructs a memory buffer
by randomly sampling 10% of data from previous
tasks. KMeansSel (Wang et al., 2025) improves
upon this by using K-Means clustering to select the
most representative 10% of historical data. MTL
(Chen et al., 2023a) represents the empirical upper
bound for rehearsal methods by replaying 100% of
the historical data alongside the current task.

3. PEFT Methods: C3 (Continual Context Cus-
tomization) (Chen et al., 2023b) utilizes Parameter-
Efficient Fine-Tuning dynamically but operates un-
der an idealized assumption: it requires gold-truth
task ID labels during inference to select the cor-
rect parameter routing. SEE (Wang et al., 2025)
represents a hybrid approach, integrating data re-
call (replay) with PEFT methodologies to preserve
early representations while accommodating new
task features.

4. Data Synthesis Methods: These are strictly

rehearsal-free approaches. For controlled compari-
son, Naive Generate, SSR, and TORe use the same
Meta-Llama-3.1-70B-Instruct generator and the
same final selected-data budget of NK = 400 ex-
amples per task. Their end-to-end generation costs
differ because each method retains its own synthe-
sis procedure. Naive Generate synthesizes generic
table QA pairs via zero-shot/few-shot prompting,
lacking recipe-level structural constraints. SSR
(Synthetic Sample Refinement) (Huang et al., 2024)
synthesizes pseudo-samples based on the current
context and refines them using the latest model
weights. We evaluate SSR at different generation
scales (1%, 10%, and matched volume).

Interpreting MTL and SSR. MTL has 100%
historical-data access but is not monotonically
beneficial under heterogeneous task distributions:
mixing all historical examples with a small cur-
rent task shifts the task distribution and can over-
weight larger historical tasks, causing negative
transfer (e.g., Qwen/Mixed-QA drops from 23.50
to 17.70, while DeepSeek/Mixed-Struct improves
from 31.05 to 37.70). SSR trains a task-specific
synthesis model to generate data for subsequent
tasks, so compounding errors degrade quality as the
sequence progresses—its ACCa on Qwen/Mixed-
QA monotonically degrades from 14.67 (2% scale)
to 5.05 (full scale), with FM worsening from 8.33
to 10.91. TORe avoids both failure modes by us-
ing a fixed external generator with recipe-guided
deviation analysis and execution verification.

Full TORe versus only-CK. Full TORe makes
a stability–plasticity trade-off rather than maxi-
mizing any single metric. On DeepSeek/Mixed-
Struct, although only-CK achieves 44.57 ACCa
(0.62 points above full TORe’s 43.95), full TORe
reduces FM from 2.20 to 1.86 and increases FWT
from 37.97 to 39.18, while ACCw remains nearly
unchanged (45.42 vs. 45.32). Incorporating HK
thus trades a small amount of immediate average
accuracy for stronger retention and forward trans-
fer.

Resource Overhead Summary. Table 5 summa-
rizes the per-method resource overhead. The quan-
tity NK denotes the number of synthetic examples
retained after diversity selection and used for train-
ing; it is not the total number of LLM calls. Failed
parameter candidates in TORe consume inference
but do not increase NK .
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Method Ext. 70B Replay Synth./task

RandSel No 10% 0
KMeansSel No 10% 0
MTL No 100% 0
SEE No 10% 0
C3 No 0 0
Naive Generate Yes 0 400
SSR Yes 0 400
TORe Yes 0 400

Table 5: Resource overhead per method: external 70B
generator usage, historical raw-data replay ratio, and
final selected synthetic examples per task.

E Qualitative Analysis

E.1 Case Study: Knowledge Transfer in
Action

Consider transitioning from Task 1 (Financial
databases requiring multi-table stitch_tables
and group_by) to Task 3 (Medical single-tables
requiring simple select_row). When training
on Task 3, ∆Rt identifies the missing group_by
recipe. TORe samples a medical table containing
“Patient ID” and “Treatment Costs”, and the LLM
projects the group_by operation onto this schema,
synthesizing: “What is the total cost grouped by
Treatment Type?” This effectively injects the his-
torical “aggregation” reasoning skill into the cur-
rent domain, maintaining Task 1 proficiency while
strictly preserving financial data privacy.

E.2 Error Analysis

To understand TORe’s limitations, we manually
analyzed 100 failure cases across both benchmarks.
We identify four primary error categories:

Complex Multi-Table Reasoning (38%): When
historical recipes involve deeply nested operations
(e.g., 3-way table joins + nested aggregation), pro-
jecting these onto structurally simpler current ta-
bles causes LLM hallucination. While execution-
guided verification rejects invalid syntheses, it re-
sults in high rejection rates (up to 62% for recipes
with >5 operations). The 62% rejection rate re-
flects lower per-update instantiation coverage for
recipes containing more than five operations. A
rejected generation attempt does not delete the cor-
responding recipe; the recipe remains inRpast and
can be reconstructed again on a later compatible
task. Unlike recursive model collapse, TORe uses a
fixed external generator that is never updated with
its own synthetic outputs, and the recipe bank is
always extracted from real task data rather than

from previous synthetic generations.

Numerical Reasoning Errors (31%): LLMs
occasionally generate parameters with incorrect
numerical constraints (e.g., sort_column(age,
threshold=200) for human age data). Although
executable, these produce semantically invalid
questions, degrading training quality.

Domain-Specific Knowledge Gaps (21%): For
highly specialized domains (e.g., medical terminol-
ogy, chemical formulas), the LLM lacks domain
expertise to generate realistic QA pairs, leading to
shallow or incorrect questions.

Others (10%): Miscellaneous errors including
formatting issues and edge cases.

These findings suggest future directions: (1) in-
corporating domain-specific knowledge bases; (2)
enhanced semantic validation beyond execution
correctness; (3) adaptive complexity-aware recipe
selection.

E.3 Human Audit of Synthesized QA Pairs

Execution-guided verification ensures that the in-
stantiated operation sequence is executable, but
executability alone does not guarantee semantic
QA correctness. We therefore manually audited
100 synthesized QA pairs that passed execution
verification, including 50 CK and 50 HK examples.
Two annotators independently judged whether the
question-answer pair was correct and meaningful.

Label Prop. Description

Fully correct 88% Question and answer are ac-
curate

Partially correct 9% Answer correct, phrasing
ambiguous

Incorrect 3% Factual or semantic error

Table 6: Human audit of synthesized QA pairs after
execution verification.

F Detailed Dataset Construction

TableInstruct (Wu et al., 2025b): A comprehen-
sive dataset containing 3,681 single tables spanning
20 domains, originally designed to enhance LLM
instruction following on tables. We utilize its di-
verse domains to construct distinct sequential tasks.

SQUALL (Shi et al., 2020): An extension of
WikiTableQuestions (WTQ) featuring manually
paraphrased natural language questions aligned
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with SQL equivalents, focusing on complex col-
umn/row filtering.

MMQA (Wu et al., 2025a): A multimodal
dataset featuring complex multi-hop reasoning over
tables, text, and images sourced from Wikipedia.
We extract its multi-table sub-graphs to challenge
the model’s schema-linking capabilities in our
Mixed-Struct-Stream.

OMNISQL (Li et al., 2025): A large-scale Text-
to-SQL benchmark containing complex multi-table
join operations across varied database schemas. It
serves as a rigorous testbed for evaluating the transi-
tion from single-table to deeply nested multi-table
reasoning in our task stream.

Task Disjointness. Both benchmarks are con-
structed to avoid table leakage across tasks. In
Mixed-QA-Stream, tasks are partitioned by source
dataset/domain and further separated by table ID,
so no table appears in more than one task. In Mixed-
Struct-Stream, MMQA and OMNISQL instances
are partitioned into disjoint table/database subsets
before stream construction. We allow overlap in
abstract operation patterns, such as select_row or
group_column, because such overlap reflects trans-
ferable reasoning skills rather than table-content
leakage.

G Operation Pool Coverage Analysis

To validate the sufficiency of our 9 predefined oper-
ations, we analyze their coverage on 500 randomly
sampled TableQA instances across all datasets.

Task Type Samp. Full Part. None %Cov.

Single (SQUALL) 150 149 1 0 99.3
Single (TableInst.) 150 148 2 0 98.7
Multi (MMQA) 100 85 13 2 85.0
Multi (OMNISQL) 100 90 8 2 90.0

Total 500 472 24 4 94.3

Table 7: Operation pool coverage by task type. “Full”
means all reasoning steps are expressible using our 9 op-
erations. The 9 uncovered cases involve domain-specific
computations (e.g., financial IRR, statistical hypothesis
testing) that rarely appear in general TableQA.

H Recipe Extraction Quality Analysis

We validate the quality of LLM-generated Table
Operation Recipes on 200 randomly sampled in-
stances across both benchmarks. Three annotators

independently assess whether each recipe: (1) cor-
rectly captures the reasoning chain, (2) uses ap-
propriate operations, and (3) maintains parameter-
operation consistency (inter-annotator Fleiss’ κ =
0.87).

Quality Level Pre-Verif. Post-Verif.

Fully correct 179 (89.5%) 198 (99.0%)
Minor errors 14 (7.2%) 1 (0.5%)
Major errors 7 (3.3%) 1 (0.5%)

Usable rate 96.7% 99.5%

Table 8: Recipe extraction quality on 200 manually
verified samples. Execution-guided verification reduces
the major error rate from 3.3% to 0.5%.

The 7 pre-verification major errors stem from
ambiguous questions (57%), complex multi-table
joins (29%), and underrepresented operations
(14%). Execution-guided verification catches 6 out
of 7 major errors (85.7% catch rate), demonstrating
its effectiveness as a quality control mechanism.
This two-stage approach (LLM generation + exe-
cution verification) ensures high-quality recipe ex-
traction that forms a reliable foundation for down-
stream knowledge reconstruction.

I Privacy Threat Model and Audit

TORe assumes a no-replay setting in which raw his-
torical tables, questions, answers, and cell values
cannot be stored after leaving a task. The retained
object is only the Operation Recipe set, where
content-dependent parameters λ are removed and
each recipe is represented as an abstract operation
sequence. The relevant privacy question is there-
fore whether access to recipe sets alone reveals past
task domains, schemas, or cell values.

We conduct a reconstruction audit on three
randomly selected tasks from Mixed-QA-Stream.
Three annotators are given only the correspond-
ing recipe sets, without original tables, questions,
schemas, or cell values. They are asked to choose
the most likely task domain from five candidate
domains and to reconstruct schema fields or cell
values when possible. The five-way domain classi-
fication has a 20% random baseline.

Target Result Reference

Domain reconstruction 18.7% 20% random
Schema/cell reconstruction 4.2 F1 near random
Annotator agreement 0.81 κ substantial

Table 9: Privacy audit using recipe sets only.
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Figure 8: The specific data volume for each task in Mixed-QA-Stream and Mixed-Struct-Stream

Figure 7: The specific data volume for each task in Mixed-QA-Stream and Mixed-Struct-Stream

These results suggest that recipes mainly encode
operation-level reasoning structure rather than re-
coverable table content. However, they do not rule
out stronger threat models that exploit external side
information or operation-frequency priors.

J Theoretical Intuition

We provide intuition for why recipe-based abstrac-
tion can support effective continual learning, with-
out claiming a formal generalization bound for neu-
ral LLM systems.

Information Bottleneck Perspective. Tradi-
tional methods learn P (Y |X) directly from table
content X , overfitting to task-specific semantics.
TORe introduces recipes R = ϕ(X) and learns
P (Y |R) instead. Following the Information Bot-
tleneck principle, recipes minimize I(X;R) (dis-
carding schema-specific details) while maximizing
I(R;Y ) (preserving reasoning patterns), forcing
the model to learn generalizable structural patterns
that transfer across schema changes.

Hypothesis Space Intuition. By representing
reasoning as combinations of 9 predefined oper-
ations, TORe reduces the surface-form variability
that the learner must track across tasks. This con-
straint does not constitute a formal VC-dimension
bound for neural LLMs, since final QA perfor-
mance still depends on language understanding
and table content. Instead, it offers an intuition
for why recipe-guided synthesis can reduce noisy
task-specific variation while preserving transfer-
able reasoning structure.

Error Propagation Bound. We now bound
how recipe-extraction errors propagate to final
continual-learning performance. Let Rtotal de-
note the cumulative risk after training on tasks
T1, . . . , TM .

Proposition 1. The total risk decomposes as

Rtotal ≤ εext + εsynth + εopt, (4)

where εext, εsynth, and εopt denote the extraction,
synthesis, and optimization error respectively, and
the three terms do not accumulate recursively
across tasks.

Extraction error (εext): the probability of incor-
rect recipe extraction, bounded by our measured
post-verification error rate. Manual verification on
200 sampled instances yields 99.0% fully-correct
recipes after execution-guided verification (Table
8), so εext ≤ 0.01.

Synthesis error (εsynth): the distribution mis-
match between synthetic and real QA pairs, i.e.,
DTV(Psynth∥Preal). It is reduced by execution veri-
fication, which discards non-executable candidates
before they enter training.

Optimization error (εopt): the standard finite-
sample training error over N synthetic examples,
scaling as O(

√
VC/N) in the worst case.

Non-recursive accumulation. Crucially, because
the external generator is fixed and never updated
with its own synthetic outputs, and because the
recipe bank is always extracted from real (not syn-
thetic) task data, these three error components do
not compound recursively across the task sequence.
This bounds TORe’s performance degradation by
extraction accuracy and synthesis quality rather
than by unbounded error accumulation, in contrast
to recursive model-collapse regimes.

K More Results and Analysis

K.1 Results with Meta-Llama-3.2-1B-Instruct
To further validate TORe’s generalizability across
different model backbones, we conduct exper-
iments using Meta-Llama-3.2-1B-Instruct. As
shown in Table 10, TORe consistently achieves
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the best performance among all methods on both
benchmarks.

On this smaller backbone, TORe achieves
19.40% ACCa on Mixed-QA-Stream (+3.31 over
the best baseline SEE) and 24.04% on Mixed-
Struct-Stream (+0.53 over MTL). The consistent
improvement across Qwen-2.5-1.5B (Table 2),
DeepSeek-R1-8B (Table 2), and Meta-Llama-3.2-
1B confirms that TORe’s recipe-based reconstruc-
tion is model-agnostic and robust across different
backbone architectures and scales.

K.2 Variance Across Random Seeds

We additionally evaluate the strongest baselines
and TORe variants with three random seeds (42,
22, 13) to measure sensitivity to sampling and
synthetic-data randomness. Table 11 reports mean
and standard deviation of ACCa on the DeepSeek-
R1-Distill-Llama-8B backbone.

K.3 Synthetic Data Statistics

Table 12 reports synthetic-data statistics averaged
across the 9 tasks of Mixed-QA-Stream. CK and
HK use the same generator, but HK has a higher
rejection rate because historical recipes must be
projected onto current-domain schemas.

For HK, 34.2% of selected samples share at
least one operation subsequence with current-task
recipes, indicating that HK introduces histori-
cal reasoning patterns without simply duplicating
current-task examples.

K.4 Analysis of Forgetting Measure (FM)

As shown in Table 2, the FM results in our
TableQA-CL scenario exhibit interesting patterns
worthy of deeper analysis. Unlike traditional con-
tinual learning scenarios where forgetting mea-
sures typically show severe degradation (large pos-
itive values indicating substantial forgetting), our
TableQA-CL setting demonstrates relatively con-
trolled forgetting across most methods.

Understanding FM in TableQA-CL Context.
The FM metric measures the gap between peak
performance on each task (which may occur at any
point from that task’s training through all subse-
quent tasks) and the final performance after train-
ing on all tasks. Formally, for task i evaluated after
completing task M :

FMi = max
j∈[i,M ]

aj,i − aM,i (5)

where aj,i denotes the accuracy on task i after train-
ing on task j. A lower FM indicates better knowl-
edge retention.

Floor-Effect Caveat. A low FM value alone
is not sufficient evidence of successful continual
learning, because low peak task accuracy restricts
the amount that can subsequently be forgotten:
FMi = maxj aj,i−aM,i ≤ maxj aj,i, so a method
with low maxj aj,i is mechanically bounded to
low FM. We therefore interpret FM together with
ACCa/ACCw and report both acquisition and reten-
tion. This also clarifies why SFT can obtain FM =
0.80 on Qwen/Mixed-QA while remaining substan-
tially below TORe in final average accuracy.

Why TableQA-CL Shows Moderate FM Val-
ues. Due to the special nature of the TableQA-CL
scenario, where abstract reasoning patterns (e.g.,
row selection, column grouping, table joining) are
shared across diverse table schemas, the FM values
exhibit several distinctive characteristics:

(1) Positive Transfer Effects: Unlike image
classification or text generation tasks where task
distributions are highly disjoint, TableQA tasks
share common structural reasoning operations.
Therefore, training on later tasks can actually im-
prove performance on earlier tasks through en-
hanced abstract reasoning capabilities. This man-
ifests as the peak accuracy maxj∈[i,M ] aj,i often
occurring after task i itself, naturally bounding FM
from below.

(2) Schema-Agnostic Skills: Operations like
select_row, group_column, and sort_column
are domain-invariant. A model trained on financial
tables (Task 1) that learns to perform aggregation
operations can readily apply this skill to medical
tables (Task 3), mitigating catastrophic forgetting
at the reasoning level even if semantic vocabulary
differs entirely.

(3) Low Data Regime Amplifies Generaliza-
tion: With fewer than 200 training samples per
task, models cannot overfit to task-specific surface
patterns. Instead, they are forced to learn general-
izable structural patterns, which naturally transfer
across tasks and reduce forgetting.

Comparative Analysis Across Methods. De-
spite these favorable conditions, substantial dif-
ferences exist between methods:

Rehearsal-based methods (RandSel, KMeans-
Sel, MTL, SEE) achieve moderate FM values (1.26-
5.89) by directly replaying historical data or lever-
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Method Type Mixed-QA-Stream Mixed-Struct-Stream

ACCa ACCw FM FWT ACCa ACCw FM FWT

SFT ORIGINAL 14.85 16.00 0.89 8.31 19.75 20.33 1.81 12.86
MTL RECALL 11.01 12.65 1.31 6.04 23.51 23.17 1.79 20.55
SEE RECALL&PEFT 16.09 17.05 1.18 10.73 23.11 23.68 1.57 15.45
C3♢ PEFT 14.40 15.05 – – 15.72 15.96 – –
SSR(1%) SYNTHESIS 9.75 9.88 7.44 7.77 16.86 17.58 3.52 12.08
SSR(10%) SYNTHESIS 10.71 10.50 5.61 6.91 17.37 18.29 2.37 12.74
SSR SYNTHESIS 10.55 10.71 5.93 6.70 9.35 9.55 7.53 4.85

TORe(only CK) SYNTHESIS 15.08 15.96 3.16 10.86 22.60 24.05 4.07 16.09
TORe(only HK) SYNTHESIS 15.66 16.84 2.96 11.53 22.77 24.09 4.66 17.21
TORe SYNTHESIS 19.40 20.69 2.27 14.12 24.04 24.90 3.12 18.60

Table 10: Results on Meta-Llama-3.2-1B-Instruct. TORe achieves the highest ACCa on both benchmarks (+3.31
over SEE on Mixed-QA-Stream, +0.53 over MTL on Mixed-Struct-Stream), demonstrating consistent effectiveness
across different model backbones.

Method Mixed-QA
ACCa

Mixed-Struct
ACCa

SEE 41.15± 0.28 43.21± 0.41
Naive Generate 36.72± 0.55 33.89± 0.48
TORe (only CK) 40.94± 0.52 44.25± 0.67
TORe (only HK) 39.48± 0.38 43.41± 0.33
TORe 42.51± 0.36 44.08± 0.29

Table 11: Mean ± standard deviation of ACCa over
three random seeds (42, 22, 13) for the strongest base-
lines and TORe variants on the DeepSeek-R1-Distill-
Llama-8B backbone. Small margins (e.g., TORe vs.
TORe (only HK) on Mixed-QA) are statistically indis-
tinguishable after Holm correction.

Statistic CK HK

Generated / task 412 203
Passed verification 387 178
Rejection rate 6.1% 12.3%
Final selected ∼300 ∼100

Table 12: Synthetic-data statistics averaged across
Mixed-QA-Stream tasks.

aging PEFT mechanisms. SEE achieves the best
FM among this category (1.26 on Mixed-Struct-
Stream) by combining data replay with adaptive
PEFT parameter selection.

Synthesis-based methods without structural
control (SSR, Naive generate) suffer from dramati-
cally higher FM (6.22-10.91). SSR’s FM of 10.91
on Mixed-QA-Stream indicates catastrophic forget-
ting despite synthetic data augmentation, reveal-
ing that unverified LLM-generated data introduces
noise that actively harms knowledge retention. The
more synthetic data SSR uses, the worse its FM be-
comes (compare SSR(2%): 8.33, SSR(20%): 9.24,
SSR: 10.91), validating that quality trumps quan-

tity.
TORe’s superior FM performance (0.81-1.03

on Mixed-QA-Stream, 1.85-1.99 on Mixed-Struct-
Stream) stems from three key mechanisms:

• Explicit Deviation Modeling: By computing
∆Rt, TORe precisely identifies which histor-
ical reasoning patterns are absent from the
current task and reconstructs them, directly
addressing the root cause of forgetting.

• Execution-Guided Verification: Only suc-
cessfully executable synthetic examples are
retained, ensuring high-quality data that rein-
forces correct reasoning patterns rather than
introducing hallucinated noise.

• Balanced CK-HK Synthesis: The 1HK:3CK
ratio ensures sufficient current-task learn-
ing (via CK) while maintaining historical
proficiency (via HK), achieving an optimal
forgetting-acquisition trade-off.

The Trade-off Between Forgetting and Learn-
ing. An intriguing observation from Table 4 is
that vanilla SFT (NK = 0) achieves the lowest FM
of 0.80, yet its ACCa of only 23.50 is far below
TORe’s 27.51. This reveals a fundamental ten-
sion: aggressive knowledge acquisition inevitably
incurs some forgetting. Methods that avoid for-
getting entirely (FM ≈ 0) typically fail to learn
new tasks effectively, while methods that learn ag-
gressively (high ACCa) risk catastrophic forgetting
(high FM). TORe’s achievement of simultaneously
high ACCa and low FM demonstrates its ability
to navigate this trade-off via structurally-controlled
knowledge reconstruction.
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Implications for Future Work. The moderate
FM values in TableQA-CL suggest that structural
reasoning tasks may be inherently more amenable
to continual learning than previously studied do-
mains. However, this does not diminish the impor-
tance of anti-forgetting mechanisms—as evidenced
by SSR’s catastrophic failure (FM = 10.91) without
proper structural control. Future work should ex-
plore: (1) whether similar recipe-based abstractions
can be derived for other structured reasoning tasks
(e.g., program synthesis, mathematical reasoning);
(2) how to automatically discover optimal CK-HK
ratios per task; (3) techniques to further reduce FM
while maintaining high ACCa in scenarios with
extreme schema heterogeneity.

K.5 Impact of Synthesized Data Amount
We provide detailed results on the impact of dif-
ferent amounts of synthesized data on various met-
rics (Figure 8). As the amount of synthesized data
scales up to NK = 400, both ACCa and FWT
reach their optimal maximum values, while FM
achieves its optimal minimum value of approxi-
mately 1.0, indicating minimal forgetting. This
sweet spot represents the ideal balance where the
model acquires sufficient new knowledge without
introducing excessive synthetic noise.

When the data amount increases further (NK >
400), performance becomes unstable: ACCa be-
gins to decline, FM increases (indicating more
forgetting), and FWT fluctuates. This degrada-
tion proves that massive hallucinated data with-
out structural control actively harms the model.
Specifically, at NK = 1200, FM rises to 3.46
(more than 3× the optimal value), revealing that
over-synthesized low-quality examples confuse the
model’s internal representations, causing it to for-
get previously learned reasoning patterns.

The U-shaped FM curve validates our core hy-
pothesis: structural fidelity matters more than sheer
quantity. TORe’s execution-guided verification en-
sures that each synthetic example faithfully repre-
sents a valid reasoning path, but when synthesis
scales beyond the diversity of underlying Operation
Recipes, redundant low-quality samples accumu-
late, degrading retention of historical knowledge.

K.6 Contamination Analysis
A potential concern is that the reported Forward
Transfer (FWT) gains are confounded by pre-
training exposure to widely used TableQA bench-
marks. To rule out this alternative explanation, we

report zero-shot ACCa of each backbone on the two
task streams (without any TORe training) and com-
pare against the final ACCa after TORe training.

Backbone QA
Zero

Struct
Zero

QA
Final

Struct
Final

Qwen-2.5-1.5B 13.81 16.77 27.51 30.43
DeepSeek-R1-8B 19.77 20.33 42.46 43.95

Table 13: Zero-shot ACCa (before TORe training) ver-
sus final ACCa (after TORe training) on Mixed-QA-
Stream (“QA”) and Mixed-Struct-Stream (“Struct”).
DeepSeek-R1-8B denotes DeepSeek-R1-Distill-Llama-
8B.

The results show that TORe achieves signifi-
cant improvements over zero-shot baselines, prov-
ing that performance gains originate from contin-
ual recipe-guided knowledge reconstruction rather
than pre-training exposure. The improvement is
consistent across both backbones (Qwen-2.5-1.5B:
+13.70 / +13.66; DeepSeek-R1-Distill-Llama-8B:
+22.69 / +23.62), which further indicates the gains
stem from the method design rather than memo-
rization by a specific pre-trained model. We note
that pre-training corpora are not fully auditable, so
zero exposure cannot be guaranteed.

K.7 Generator Scale Ablation

To quantify TORe’s dependence on the 70B back-
bone, we replace the extractor/generator with
smaller models (Qwen-2.5-7B-Instruct and Llama-
3.1-8B-Instruct) while keeping the task stream,
generation budget, verification procedure, selected-
data budget, and downstream backbone fixed, and
report recipe extraction accuracy and final ACCa
on both streams.

Extractor Recipe acc. QA ACCa Struct ACCa

Llama-3.1-70B 99.0 42.46 43.95
Qwen-2.5-7B 94.1 40.92 41.88
Llama-3.1-8B 93.5 40.31 41.24

Table 14: Recipe extraction accuracy and final ACCa on
Mixed-QA-Stream (“QA”) and Mixed-Struct-Stream
(“Struct”) under different extractor/generator scales,
with the downstream backbone fixed.

The smaller models retain most of the recipe-
extraction accuracy (93.5%–94.1%) but produce a
measurable downstream decrease (1.5–2.7 ACCa
points), quantifying TORe’s reliance on the
70B backbone and demonstrating adaptability to
resource-constrained environments.
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Figure 8: Impact of synthesized data amount on results

L Prompt Examples and Data Formats

Below are visual representations of the prompts
and data formats used during TOR extraction and
dataset synthesis.
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Figure 9: An example of the data format of the dataset we constructed

Figure 10: Prompt to prompting LLMs to generate next step (stitch_tables or select_table).
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Figure 11: Prompt to prompting LLMs to generate next step (other operations except stitch_tables or select_table).
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Figure 12: One of the prompts used in the parameter generation process.
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Figure 13: Prompt for filling parameters in TOR given a table.
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Figure 14: An example of parameter filling.
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Figure 15: Prompt of question-answer pairs generation
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Figure 16: Prompt of refilling the values of the operation
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