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Abstract
Deduction, induction, and abduction are fun-
damental reasoning paradigms, core for hu-
man logical thinking. Although improving
Large Language Model (LLM) reasoning has
attracted significant research efforts, the extent
to which the fundamental paradigms induce
generalization has yet to be systematically ex-
plored. In this study, we shed light on how the
interplay between these core paradigms influ-
ences LLMs’ reasoning behavior. To this end,
we first collect a new dataset of reasoning tra-
jectories from symbolic tasks, each targeting
one of the three fundamental paradigms, to ab-
stract from concrete world knowledge. Then,
we investigate effective ways for inducing these
skills into LLMs. We experiment with a battery
of methods including simple fine-tuning, and
more complex approaches to increase model
depth, or transform a dense model to a mixture-
of-experts. We comprehensively evaluate in-
duced models on realistic out-of-domain tasks,
that are entirely formulated in natural language
and contain real-world knowledge. Our results
reveal that our approach yields strong gener-
alizability with substantial performance gains
(up to 14.60) across realistic tasks.1

1 Introduction

Deduction, induction, and abduction are funda-
mental reasoning paradigms, forming the corner-
stone of human logical reasoning (Frankfurt, 1958;
Salmon, 1994). Deduction infers conclusions based
on rules and observations. Induction abstracts rules
based on patterns in premises and observations,
and Abduction infers the most plausible explana-
tion to account for an observation, given a set of
rules. These paradigms play a crucial role in under-
standing and developing the reasoning capabilities
of large language models (LLMs) (Dougrez-Lewis
et al., 2025; Tan et al., 2025; Hu et al., 2025).

* Equal contribution.
1 Our code is available at https://github.com/

voalmciaf/FR-OOD.

Figure 1: We induce fundamental reasoning skills with
the trajectories generated over symbolic tasks, assessing
generalization to realistic natural language tasks.

Previous work often conflates induction, de-
duction, and abduction, overlooking how they in-
dividually contribute to improving LLM reason-
ing (Zheng et al., 2025; Hu et al., 2025). While Tan
et al. (2025) individually induce deductive skills via
fine-tuning (FT) to improve OOD generalization,
they neglect induction and abduction. Moreover, it
is common practice to use data that entangles world
knowledge and reasoning to improve LLM reason-
ing (Hu et al., 2025; Guha et al., 2025; DeepSeek-
AI, 2025), making it unclear whether gains stem
from genuine reasoning or factual recall. Conse-
quently, two main questions remain unexplored: (1)
to what extent do distinct deduction, induction, and
abduction skills improve general reasoning; and (2)
what are the most effective methods for inducing
these capabilities?

To answer these questions, we first enrich a
procedurally-generated symbolic reasoning dataset
introduced by Hu et al. (2025) with reasoning tra-
jectories from teacher LLMs. The dataset consists
of tasks, each targeting one of the three fundamen-
tal paradigms while abstracting the inference from
world knowledge. However, it only consists of
questions and answers without associated trajec-
tories. The trajectories serve as demonstrations
for inference patterns independent of world knowl-
edge. Subsequently, we induce student LLMs with
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fundamental reasoning abilities, investigating the
impact and interplay of deduction, induction, and
abduction. We systematically evaluate, for the first
time, a battery of inducing methods beyond stan-
dard fine-tuning, including up-scaling to increase
model depth (Wu et al., 2024), allowing the effec-
tive absorption of new reasoning capabilities; and
upcycling converting standard LLMs to Mixture-
of-Experts (MoE) to scale model capacity while
avoiding interference between existing and newly
induced information (Komatsuzaki et al., 2023).
Finally, we comprehensively evaluate the induced
models both in-domain (i.e., on the same symbolic
tasks) and Out-of-Domain (OOD) on the rest of
the symbolic tasks and realistic tasks requiring real-
world knowledge, across two model families (see
Figure 1). Our contributions are as follows:

• We collect and release a new symbolic reason-
ing dataset for deduction, induction, and ab-
duction. It contains a total of ≈17K symbolic
problems enriched with more than 160K rea-
soning trajectories generated via two teacher
LLMs from different families.

• We show that inducing smaller student LLMs
with fundamental reasoning skills, decoupled
from world knowledge, yields substantial per-
formance gains across realistic OOD tasks (up
to 14.60) across different inducing methods
and LLM families.

• We find that deductive abilities generally
offer the highest OOD performance gains
across models. We also observe strong cross-
paradigm improvements, which reveal how
fundamental reasoning skills in isolation ben-
efit LLM reasoning as a whole. On the other
hand, the most effective inducing method is
model-dependent, with upcycling achieving
the best overall results.

2 Related Work

Eliciting Reasoning in LLMs Large reasoning
models integrate step-by-step reasoning during
post-training (Olmo et al., 2025). Recent work
explores how fundamental reasoning paradigms
impact the effectiveness of LLM reasoning. Zheng
et al. (2025) evaluate different logical inference
paradigms, but they only comparing inductive rea-
soning against the combination of abduction and
deduction, lacking understanding of individual fun-
damental reasoning paradigms. Hu et al. (2025)

separately specialize LLMs on deductive, induc-
tive, and abductive reasoning, and subsequently
merge the resulting models, conflating all reason-
ing paradigms together. This makes it difficult
to isolate how each individual fundamental rea-
soning paradigm impacts performance. There-
fore, we learn each specific fundamental reasoning
paradigm individually via training on reasoning tra-
jectories collected by teacher LLMs. This approach
provides a clearer and fine-grained understanding
of their impact on LLM reasoning for the first time.

Synthetic Reasoning Trajectories LLM reason-
ing requires large-scale trajectories in post-training
(Liu et al., 2024; Yang et al., 2025). However,
human-curated reasoning data is often noisy (Mor-
ishita et al., 2024), and difficult to scale (Sun et al.,
2024). Therefore, synthetic reasoning trajectories
from teacher models are increasingly used to train
student models (DeepSeek-AI, 2025; Olmo et al.,
2025). While they offer substantial gains in general
(Guha et al., 2025) and specialized domains (Yu
et al., 2024; Zhao et al., 2025; Yu et al., 2025), the
trajectories include world knowledge, making it
difficult to isolate fundamental reasoning improve-
ments. Tan et al. (2025) use symbolic reasoning
trajectories to decouple world knowledge but focus
exclusively on deductive reasoning, leaving other
fundamental reasoning paradigms unexplored.

3 Fundamental Reasoning Data

Our aim is to investigate the impact of inducing
LLMs with the three fundamental reasoning types:
deduction, induction, and abduction. For this pur-
pose, we need corresponding trajectories.

3.1 Symbolic Reasoning Tasks

We enrich an existing fundamental reasoning
dataset developed by Hu et al. (2025). We opted
for this data because it is publicly available and
comprises 3,600 deductive, 4,500 inductive, and
9,000 abductive questions with their answers, but
without associated reasoning trajectories that are
essential to our study. The data is procedurally-
generated based on three symbolic tasks (Figure 2),
each serving as the sole instantiation of deduction,
induction, and abduction.

Deduction. The task consists of Boolean Satisfi-
ability (SAT) questions, requiring the truth value of
the variables to satisfy a given formula. All prob-
lems are guaranteed to be satisfiable. The original
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Figure 2: Symbolic reasoning tasks, and the fundamen-
tal reasoning inducing process.

questions list the formulas separately without using
a Conjunctive Normal Form (CNF), i.e., a standard-
ized way to write Boolean formulas as a conjunc-
tion of clauses, where each clause is a disjunction
of variables or their negations. Our preliminary
experimentation showed that this creates confusion
for LLMs. Furthermore, the original answers are
presented in plain text, which complicates auto-
mated evaluation. Therefore, we modify the origi-
nal formulas into CNFs and express the answers in
JSON for collecting reasoning trajectories.

Induction. This task requires the model to pre-
dict the next number in a given sequence of num-
bers, representing a basic form of inductive reason-
ing. The numerical sequences consist of repeating
patterns that involve addition, subtraction, or mul-
tiplication. We use the original input-output pairs
without any modifications.

Abduction. The task uses logic formulas and
known atoms with hidden truth values. The ob-
jective is to first identify all reachable goals from
the atoms by checking if formulas related to the
goals exist. The model requires abductive reason-

ing to work backward from an assumed conclu-
sion (i.e., the goals are true) to hypothesizing the
most likely set of premises (antecedent truth val-
ues). However, the original task instructions do
not clarify that known atoms do not necessarily
equate to true atoms, leading to misinterpretations
by LLMs. Moreover, the original answers only
check for goal reachability despite requiring LLMs
to identify related premises and trace back the truth
values of the known atoms. This oversimplification
causes the model to simply check whether the goals
appear in the premises. To overcome these limita-
tions, we keep the original formulas but modify the
task instructions and the answers by searching the
possible truth values of known atoms that make the
reachable goal true using Prolog (Wielemaker et al.,
2012). Table 3 (Appendix A) shows a comparison
between the original and our abductive task.

3.2 Reasoning Trajectories Sampling
Data Splits. From each task type, we use 100
questions and answer pairs for testing and 100 for
development, reserving the remaining for training.
We collect reasoning trajectories only for the train-
ing set. A question-answer pair and its trajectories
only appear in one of the splits.

Teacher Models. We sample reasoning trajec-
tories using two widely used open-weight LLMs:
Qwen3-30B-Instruct (Yang et al., 2025) and Llama-
3.3-70B-Instruct (Grattafiori et al., 2024).2

Sampling. Questions are fed to a teacher LLM
(see Appendix A for prompts) in a zero-shot set-
ting. For each question, we sample five responses
using different random seeds. We set the maximum
number of generated tokens to 10,000, ensuring the
trajectories reach the conclusion. We exclude re-
sponses with fewer than 20 words since such short
texts are unlikely to contain valid reasoning trajec-
tories. For the Qwen model, this results in filtering
out 554 deductive, 2,430 inductive, and 19,872 ab-
ductive trajectories. However, no trajectories from
the Llama model were filtered out. We find that
the filtered responses of Qwen are either empty or
strings including random tokens, perhaps generated
due to confusion. Due to the fact that automatically
verifying the logic consistency of textual reasoning
trajectories remains an open problem and LLMs
learn more from structure instead of content (Li
et al., 2025a), we do not filter out more trajectories.

2We use the vLLM API (Kwon et al., 2023), ensuring
efficient inference.
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Teacher Type # Quest. # Traject. # Tokens Avg. Tokens

De. 3,400 17,000 18.6M 1,093Llama3.3-70B-IT
In. 4,300 21,500 11.7M 544
Ab. 8,800 44,000 51.2M 1,164

De. 3,400 16,446 23.0M 1,397Qwen3-30B-IT
In. 4,300 19,070 47.8M 2,507
Ab. 8,800 24,128 135.9M 5,631

Table 1: Fundamental reasoning training data statistics.

The final training set comprises ∼16,000 ques-
tions together with ∼82,000 and ∼60,000 trajec-
tories generated by Llama and Qwen teacher mod-
els, respectively. Table 1 shows detailed statistics.
We note that Qwen generates longer trajectories
than Llama, particularly on inductive and abductive
tasks (four times longer on average). We further
observe that Qwen tends to repeat formulas and
sequences from the questions in its reasoning steps.
It also frequently uses tables to summarize its re-
sponses and generates many special tokens such
as “<tool_call>”, “<IActionResult]”, and “<pal>”.
This is likely due to post-training on tool calling.

4 Inducing Fundamental Reasoning Skills

We experiment with various inducing methods,
from standard FT to more sophisticated approaches
that introduce structural changes to the model.

Full FT. First, we simply update all model pa-
rameters via next-token prediction on the collected
reasoning trajectories, similar to Tan et al. (2025).

LoRA FT. As an efficient alternative, we also
experiment with Low-Rank Adaptation (Hu et al.,
2022, LoRA) FT. Instead of updating an existing
weight matrix W ∈ Rd×k, LoRA injects a low-
rank decomposition ∆W = BA, where A ∈ Rr×k

and B ∈ Rd×r, updating only A and B.

Up-scaling. LoRA’s low-rank constraint while
efficient, limits its effectiveness in domain adapta-
tion (Biderman et al., 2024; Pletenev et al., 2025).
Model up-scaling (Wu et al., 2024; Cao et al., 2025)
increases model capacity by inserting additional
layers into a pre-trained LLM. By updating only
the new layers, up-scaling preserves original para-
metric knowledge. It also allows better acquisi-
tion of new knowledge for language (Choudhury
et al., 2025; Lee et al., 2025) and domain adapta-
tion (Hoffmann et al., 2025; Lim et al., 2025). We
up-scale models with LLaMAPro (Wu et al., 2024)
by dividing base models into multiple layer groups
and insert new layers atop each group. The new
layers are initialized by copying weights from the

corresponding base layers, with the attention and
MLP output projection matrices set to zero.

Upcycling. Upcycling (Komatsuzaki et al., 2023;
Nakamura et al., 2025) transforms a dense Trans-
former layer to a MoE layer by expanding the MLP
block into multiple expert MLPs. During infer-
ence, a router chooses experts. It has been suc-
cessfully used for multilingual (Zhou et al., 2025;
Zhang et al., 2025) and domain adaptation (Li et al.,
2025b). Compared to the depth expansion of up-
scaling, upcycling is an efficient width expansion
approach. We use Sparse-Upcycling (Komatsuzaki
et al., 2023) as it does not require additional train-
ing for the router (Gritsch et al., 2025), or extra
modules beyond the MoE structure (Zhou et al.,
2025). Sparse-Upcycling initializes new expert
MLPs by copying the original pre-trained MLP
weights, with the router randomly initialized.

5 Experimental Setup

5.1 Training Settings

To study how each of the fundamental reasoning
paradigms influence reasoning behavior, we train
LLMs separately using Deduction, Induction, and
Abduction reasoning trajectories respectively. For
comparison, we also induce LLMs with all three
reasoning types together (i.e., Mix) for assessing
whether they offer complementary inductive bias.

5.2 Models & Baselines

We use two student models: Llama-3.1-8B-Instruct
(Grattafiori et al., 2024) with 32 layers; and Qwen3-
8B (Yang et al., 2025) with 36 layers.

We compare inducing methods to (1) student
models before FT (vanilla); and (2) teacher models
used for collecting the trajectories (§3.2).

5.3 Implementation Details

For fair comparison, we keep the parameters of
all induced models at a similar size, updating only
the newly-added parameters, except of Full FT. We
apply LoRA to all linear layers of the students, with
ranks set to 1,024 for Llama-3.1-8B-Instruct and
512 for Qwen3-8B. For up-scaling, we divide each
student into four layer groups, inserting three new
layers into each group. We upcycle odd-numbered
dense layers into MoE layers by adding a single
expert MLP per layer, following Fedus et al. (2022).
Further details are in Appendix B.
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Figure 3: Symbolic task accuracy of induced models across different settings. X-axis and y-axis denote inducing
paradigms and symbolic test tasks, respectively. Solid/striped bars denote teacher for generating trajectories. Dotted
lines denote performance for the vanilla student and teacher models.

5.4 Evaluation

Symbolic In-Domain. We evaluate on the test set
(§3.2) that corresponds to the reasoning type used
for training (e.g., training and testing on inductive
tasks). When training on the Mix dataset, the test
sets of all three reasoning types are in-domain.

Symbolic OOD. To test symbolic generalization,
we evaluate on symbolic tasks not seen during train-
ing (e.g., train on abductive, test on deductive).

Realistic OOD. We include the following realis-
tic OOD datasets: True Detective (Del and Fishel,
2023) contains detective puzzles with multi-choice
questions; αNLI (Zhao et al., 2023) consists of
multi-choice questions of the most probable ex-
planation given a context; WinoWhy (Zhang et al.,
2020) includes explanations for the questions in
Winograd Challenge (Levesque et al., 2012), aim-
ing to distinguish plausible reasons from similar but
wrong reasons; FOLIO (Han et al., 2024) contains
logical reasoning questions in natural language.
Given the context, a set of first-order logic formu-
las, the model predicts if a statement is true, false,
or uncertain; RECV (Dougrez-Lewis et al., 2025)
contains claims from Twitter and Wikipedia, for de-
termining whether they are true or false, requiring
deductive or abductive reasoning.

Metrics. We report the accuracy of the final an-
swer, judged by Qwen3-30B-Instruct. We use this

judge based on recent analysis by (Haldar and
Hockenmaier, 2025), which indicates it is more
robust than competitive alternatives (including
Llama-3 and Deepseek-R1 (DeepSeek-AI, 2025))
in terms of coherence, consistency, and relevance.
We further validate its reliability in Appendix B.

6 Results

Figures 3 and 4 show model performance on sym-
bolic and realistic tasks respectively. Tables 5 and 6
(Appendix D) show full results and std deviations.

6.1 Symbolic Tasks
In-Domain: Specialized training yields the high-
est gains. The subplots on the main-diagonal and
the last column in Figure 3 represent in-domain set-
tings, where the train and test paradigms match. In
five of the six scenarios (2 student models × 3 sym-
bolic tasks), specialist induced models substantially
outperform the vanilla student. We find that in-
ducing Deduction yields the largest improvements
(e.g., Llama-3.1-8B gains 56.00 via up-scaling,
while Qwen-3-8B is up 12.33 via upcycling). In-
duction follows (46.00 via Full FT, 9.67 via Up-
cycling), while inducing Abduction produces the
smallest comparative gains (41.66 via LoRA, 10.67
via Upcycling). One possible explanation of the
larger deduction gains is that the transformer archi-
tecture has the right structure for deduction (Aggar-
wal et al., 2025). Notably, the Mix setting, which
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trains LLMs on a mixture of all three paradigms,
offers a competitive inducing strategy. While the
Mix setting does not yield the largest in-domain
performance gains achieved by single-paradigm
specialists, it still outperforms the vanilla Qwen-3-
8B on all symbolic tasks in six out of eight cases
(2 teachers × 4 inducing methods).

OOD: Asymmetric transfer between paradigms.
Turning to the other subplots in Figure 3, we an-
alyze OOD generalization, where models trained
on one paradigm are tested on other. We observe
a distinct order of effectiveness: Deduction > In-
duction > Abduction. Gains in deduction transfer
strongly to other tasks. Across 16 symbolic cases
per paradigm, deduction gains transfer in 12 cases,
improving induction and abduction in nine cases
each. In contrast, induction transfers moderately
(co-occurring with gains in 7 cases), while abduc-
tion transfers poorly, benefiting deduction in only
four cases and induction in five cases. For instance,
when inducing Qwen-3-8B via upcycling, deduc-
tion yields the most transferable gains ( induction:
73.00, abduction: 34.67). Induction achieves mod-
erate transfer, exhibiting asymmetric generalization
(deduction: 89.00, abduction: 11.00). In contrast,
inducing abduction does not provide comparable
gains (deduction: 74.67, induction: 62.00). These
results show the transfer between fundamental rea-
soning paradigms is asymmetric. While abduction
is the hardest to learn (lowest in-domain gains),
deduction is the most transferable skill to other
reasoning paradigms under our task instantiations.

Inducing methods: Capacity expansion vs. effi-
cient adaptation. Looking at different inducing
methods, we observe that the most effective method
is model-dependent, though upcycling generally
offers more robust gains. For Qwen3-8B, upcy-
cling consistently offers the highest gains across
paradigms (e.g., 12.33 in deduction, 9.67 in induc-
tion and 10.67 in abduction). In contrast, Llama-
3.1-8B benefits from a diverse range of inducing
methods. Up-scaling drives its peak gains in deduc-
tion (56.00) and Full FT dominates in induction
(46.00). While LoRA is a competitive efficient al-
ternative, surprisingly achieving the best abduction
improvement (41.66), it generally lags capacity-
expanding methods (upcycling), suggesting that
fundamental reasoning skills benefit from the addi-
tional capacity offered by structural adaptation.

Stronger teachers lead to higher student perfor-
mance. Qwen-3-30B substantially outperforms
Llama-3.3-70B on symbolic tasks (deduction:
82.00 vs. 33.00, induction: 81.00 vs. 55.33, ab-
duction: 74.33 vs. 16.00). Both student LLMs
benefit more from the stronger Qwen teacher for
symbolic tasks. For example, Qwen3-8B, using the
Llama teacher, causes performance drops in most
cases (43/48). When shifting to Qwen teacher, its
deduction performance substantially improves (up
to 92.00 via deduction upcycling) even surpassing
the teacher model (82.00). Such improvements
on the deduction task are observed across different
inducing paradigms (except abduction), further sup-
porting the asymmetric transfer between paradigms.
The performance difference between teachers high-
lights that the quality of reasoning traces is crucial
for symbolic generalization.

6.2 Realistic Tasks

Transferability: Deduction > Induction > Ab-
duction. We observe that the order of effective-
ness established in the symbolic experiments (§6.1)
persists in realistic tasks. As shown in Figure 4, in-
ducing deduction offers the strongest realistic OOD
performance. Both Qwen-3-8B and Llama-3.1-8B
achieve the highest average performance when in-
ducing deduction (70.14 via upcycling, 58.70 via
up-scaling) using traces from the Llama teacher.
Induction is slightly lower (69.49 via upcycling,
57.58 via up-scaling), while abduction yields more
modest gains (69.34 via upcycling, 56.79 via Full
FT). The Mix strategy is worse than any single-
paradigm approach (69.04 via upcycling, 56.07 via
up-scaling), contrary to the symbolic performance.
We hypothesize that, unlike symbolic tasks, real-
istic tasks are less structured, causing the Mix set-
ting to dilute the strong inductive bias provided by
single-paradigms, especially deduction.

Knowledge-free inducing goes beyond the
teacher. Inducing reasoning paradigms, ab-
stracted from world knowledge, enables student
LLMs to surpass their teachers even in realistic
tasks. For example, when training Llama stu-
dent (RECV: 71.98) with Llama teacher (RECV:
77.07), 13 out of 16 induced models (four induc-
ing paradigms × four inducing methods) outper-
form the teacher, achieving up to 81.73 via abduc-
tive Full FT. Strikingly, this improvement remains
observable even when the student initially outper-
forms the teacher. For example, when training
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Figure 4: Realistic OOD task performance when inducing student model across different settings.

Qwen student (αNLI: 81.26) with Qwen teacher
(αNLI: 75.77), the student performs better in the
majority of cases (13/16), reaching up to 84.24 via
inductive upcycling. Such improvements are ob-
served across tasks under different teacher–student
pairs. We attribute these gains to the knowledge-
free symbolic trajectories. The teacher transfers
better fundamental reasoning skills to the student
through symbolic structures, avoiding the content
bias of world knowledge, pervasive in real tasks.

Cross-paradigm transfer: The Abduction Para-
dox. Inducing the reasoning paradigm corre-
sponding to a realistic task does not always yield
best performance. This is evident in realistic tasks
that rely heavily on abduction. For True Detective,
training on deduction yields the best performance
for both Llama-3.1-8B and Qwen3-8B (26.18 and
44.50). In contrast, training on abduction per-

forms the worst (21.47 and 38.57). A similar pat-
tern emerges on αNLI, where inducing induction
(79.73/85.76) consistently outperforms abduction
(77.37/82.73). Since abduction is inherently diffi-
cult to learn, models benefit more from the trans-
ferable logic acquired via deduction or induction.

Task-specific concentration of gains. OOD gen-
eralization is highly concentrated on specific tasks.
Compared to the vanilla model, gains are higher
on αNLI (improving in 50 out of 64 cases) and
Folio (41/64 cases). However, the source of these
gains varies by teacher family. Llama teachers are
more effective on RECV (28/32 cases), whereas
Qwen teachers struggle (16/32) but perform bet-
ter on WinoWhy (increasing cases from 5 to 13).
This shows that while the training paradigm de-
cides OOD effectiveness, teacher models determine
which tasks benefit from the transfer.
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Students learn better from teachers from the
same family. While symbolic tasks benefit from
the stronger Qwen teacher regardless of model fam-
ily, realistic OOD generalization improves when
the teacher and student belong to the same model
family, contradicting our findings in symbolic tasks
(§6.1). For example, when inducing deduction for
Llama-3.1-8B, the best performance on realistic
tasks is achieved with the Llama teacher (58.70)
rather than the Qwen teacher (54.79). This pattern
is consistent across both student models when in-
ducing deduction or induction. We speculate that
realistic tasks are more sensitive to stylistic mis-
matches inherent in cross-family distillation. This
aligns with prior work on cross-model trajectory
mismatch (Wen et al., 2025), suggesting that, min-
imizing distributional shift between teacher and
student is more critical than teacher capability.

Inducing Methods: Consistent with symbolic
tasks. We observe a similar pattern to the sym-
bolic domain (§6.1): although the most effective in-
ducing method is model-dependent, upcycling pro-
vides more robust improvements overall. Across all
eight settings (two teacher models × four inducing
paradigms), upcycle Qwen-3-8B achieves the high-
est realistic performance in seven out of eight cases.
For example, with Llama teacher, upcycling con-
sistently yields the best realistic performance for
Qwen-3-8B across all paradigms (deduction: 70.14,
induction: 69.49, abduction: 69.34, Mix: 69.04).
In contrast, Llama-3.1-8B benefits from a diverse
range of inducing methods (i.e. Full FT, LoRA,
Up-scaling). This observation shows the consis-
tency of OOD generalization across symbolic and
realistic tasks when the same inducing method is
applied. Furthermore, the superior performance of
upcycling further illustrates that more sophisticated
inducing methods outperform the current practice
on using simpler Full FT, i.e., Tan et al. (2025).

6.3 Takeaways

Based on our findings, we summarize the key take-
aways to answer the two research questions.

RQ1: To what extent do distinct deduction, in-
duction, and abduction skills improve general
reasoning?

• Inducing distinct fundamental reasoning
skills, decouple from world knowledge, yields
substantial gains across realistic OOD tasks

(Detect:+7.7, αNLI:+5.8, WinoWhy:+14.6,
FOLIO:+9.4, RECV:+9.8).

• A consistent asymmetric transfer pattern
emerges across both symbolic and realistic
OOD tasks: Deduction > Induction > Abduc-
tion, with deduction being the most transfer-
able and abduction the least.

• Student model can even surpass the teacher
model across symbolic and realistic OOD
tasks, suggesting that gains arise from induced
structural reasoning biases, rather than task-
specific knowledge transfer.

RQ2: What are the most effective methods for
inducing these capabilities?

• Although the best inducing method is model-
dependent, upcycling generally offer the best
overall performance.

• Regarding symbolic OOD generalization, stu-
dent model benefit more from a teacher model
that exhibit stronger reasoning capabilities.

• For realistic OOD generalization, student
models learn better from a teacher model
within the same model family.

7 Qualitative Analysis

Table 2 shows examples of reasoning behavior us-
ing different inducing methods. In Case 1, the
vanilla Llama and deductive Full FT Llama fail by
prematurely resolving epistemic uncertainty, com-
mitting to a determinate conclusion through im-
plicit assumption-making. In contrast, the deduc-
tive up-scaling Llama succeeds by preserving the
uncertainty deriving from the disjunctive premise.
This indicates that stronger structural constraints
introduced by inducing methods support logical
validity, preventing overconfident conclusions on
underdetermined realistic reasoning problems.

In Case 2, the vanilla Qwen and abductive up-
cycling Qwen fail by prioritizing world knowl-
edge over logical reasoning, revising implausible
premises and overriding the given logical rules.
Conversely, the deductive upcycling Qwen suc-
ceeds by strictly adhering to the stated premises
and applying logical rules regardless of content.
This behavior aligns with the intrinsic nature of
abduction and deduction. Abduction focuses on
exploring the most plausible observations under
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Case 1 Premises: (1) People in this club who perform in school talent shows often attend and are very engaged
with school events. . . . (3) People in this club who chaperone high school dances are not students who
attend the school. . . . (6) Bonnie is in this club and she either (i) both attends and is very engaged with
school events and is a student who attends the school, or (ii) is not someone who both attends and is very
engaged with school events and is not a student who attends the school.

Conclusion Bonnie performs in school talent shows often.

Model Vanilla Llama Deductive Full FT Llama Deductive Up-scaling Llama

Reasoning “1. If Bonnie is a stu-
dent... then she must perform
in school talent shows often...
5. This means that if Bonnie is
not a student... then she must
chaperone high school dances,
which contradicts the fact that
she is not a student”

“...we cannot definitively say
if she performs in school tal-
ent shows often......we have a
premise that supports this con-
clusion if she is a student, we
can say that the conclusion is
True if we assume Bonnie is a
student...”

“...cannot directly conclude
that Bonnie performs in school
talent shows often... premise 6
does not directly state that Bon-
nie is a student or that she is
not a student. It only gives two
possible scenarios for Bonnie’s
situation... cannot be certain
of it.”

Analysis Directionality Error: Il-
legally reverses implication
(P → Q as Q → P ) and
hallucinates a contradiction to
force a determinate conclusion.

Conditional Reasoning Drift:
Recognizes uncertainty but
nonetheless resolves it via
assumption-dependent reason-
ing.

Disjunction Preservation:
Correctly treats the disjunction
in Premise 6 as epistemic
uncertainty and maintains
logical validity.

Final Answer True True Uncertain

Case 2 Premises: (1) Barutin Cove is a cove named after the Bulgarian settlement of Barutin. (2) Barutin Cove
is on the southwest coast of Snow Island. (3) Snow Island, Greenwich Island, and Deception Island are
located in the South Shetland Islands. (4) Antarctica is located on the South Shetland Islands. (5) If place
A is located in place B and place B is located in place C, then place A is located in place C.

Conclusion Barutin Cove is not located in Antarctica.

Model Vanilla Qwen Abductive Upcycling Qwen Deductive Upcycling Qwen

Reasoning “...the South Shetland Islands
are not part of Antarctica, but
rather located near Antarc-
tica... which seems to be a con-
tradiction...”

“...there’s a potential confu-
sion in the premises... Antarc-
tica is a continent, while the
South Shetland Islands are a
group of islands that are ge-
ographically close to Antarc-
tica...”

“...So maybe the premise is in-
correct? But I have to take the
premises as given, even if they
might be factually wrong...”

Analysis World-Knowledge Bias:
Overrides given premises
using real-world knowledge,
invents a spurious contradic-
tion, and derives a formally
correct answer by invalidating
the logical setting.

Plausibility Reinterpretation:
Treats premises as revisable
observations, resolves tension
via plausibility-based reinter-
pretation, and violates premise-
faithful logical entailment.

Premise-Faithful Deduction:
Explicitly distinguishes logical
validity from factual correct-
ness, enforces strict premise
adherence, and rejects the con-
clusion through rule-consistent
inference.

Final Answer True True False

Table 2: Qualitative comparison of reasoning traces on realistic tasks across models before and after inducing
fundamental reasoning skills. Full example for Case 1 and Case 2 are included in Appendix E.

a set of rules and thus encourages premise rein-
terpretation. In contrast, deduction derives con-
clusions from rules and observations and inher-
ently promotes premise faithfulness. This further
emphasizes how inducing fundamental reasoning
paradigms that are decoupled from world knowl-
edge can reduce content biases, leading to more
robust reasoning generalization on realistic OOD
tasks. We further extend our qualitative analysis to
symbolic OOD tasks, with detailed examples and
discussions provided in Appendix F.

8 Conclusion

We systematically studied how inducing fundamen-
tal reasoning types (i.e., deduction, induction, and

abduction) shapes the generalization of LLM rea-
soning. By training on reasoning trajectories ab-
stracted from world knowledge, we isolate the ef-
fect of each paradigm. We evaluate a range of
inducing methods, from standard fine-tuning to ca-
pacity expansion approaches such as up-scaling
and upcycling. Our results show that knowledge-
free inducing yields substantial and transferable
OOD gains. Deduction is the most robust paradigm
and upcycling provides the largest overall improve-
ments, enabling student LLMs to acquire structural
inductive biases that even surpass their teachers
on realistic tasks. Future work will extend this
framework and explore principled ways of combin-
ing multiple reasoning paradigms without diluting
their individual contribution.
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Limitations

All data and evaluations are in English given the
availability and diversity of reasoning datasets. We
acknowledge that the linguistic expression and un-
derlying cognitive strategies for fundamental rea-
soning may differ across languages which is an
interesting avenue for future work.

In addition, while many different symbolic tasks
can be generated to represent the three fundamental
reasoning paradigms, this work explored a single
representative task for deduction, induction, and
abduction, respectively. We focused, in fact, on
the interplay between fundamental paradigms and
inducing methods, prioritising depth of analysis
rather than exhaustive coverage of the whole spec-
trum of symbolic reasoning tasks. While we found
the proposed tasks to be sufficient to induce strong
OOD generalisation, future work might investigate
the potential impact of different symbolic data on
performance and generalisation.
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A Reasoning Task Examples

The following boxes present the questions and cor-
responding gold answers used in our synthetic fun-
damental reasoning tasks.

Deductive Task

This is a <Deductive> reasoning task. Below are some formulas
connected by conjunctions:
¬(((¬A ∧ A) ∨ ¬(F )))
∧((¬(¬E) ∨ ¬(¬B)) ⊕ ((H ∧ F ) → (H ↔ F )))
∧¬(((H → A) ∨ (¬G ⊕ D)))
∧(((F ∧ C) ∧ (G ⊕ ¬G)) ↔ ((D ↔ A) ∧ (F ∧ G)))
∧((¬(C) ∧ (¬F → D)) ⊕ ¬((¬B ↔ ¬F )))
Please list the truth value of each variable to make the whole con-
junction true using a JSON dictionary, which maps variable names
to their truth values, then enclose the answer in <answer><answer>.
Please put all the intermediate reasoning steps in <think><think>.
Gold Answer:
{ “A”: “False”,“B”: “False”,
“C”: “True”,
“D”: “False”,
“E”: “False”,
“F”: “True”,
“G”: “True”,
“H”: “True”
}

Inductive Task

This is a <Inductive> reasoning task. Given the following sequence,
[‘5’, ‘10’, ‘6’, ‘12’, ‘15’, ‘30’, ‘26’, ‘52’, ‘55’, ‘110’, ‘?’]
What is the value at the question mark? Please enclose the answer in
<answer><answer>, and put all the intermediate reasoning steps in
<think><think>.
Gold Answer: 106

Rev. Rule-Graph Search (Hu et al., 2025) Assumption Trace-Back (Ours)

Premises: [‘(L) => L’,
‘(((NOT D) OR (NOT M))) => N’,
‘((M OR M)) => C’,
‘((M OR L)) => LI’,
‘(M) => M’,
‘((L OR LI)) => G’]
Known Atoms: [‘L’, ‘M’, ‘LI’, ‘D’, ‘N’]
Goals: [‘LI’, ‘KM’, ‘NK’]
Instruction: For each goal, first as-
sume it is true and determine what con-
ditions must be satisfied. Identify which
premises directly lead to these goals, then
trace back what must be established to
satisfy those premises. Finally, check
whether the known atoms can lead to
these conditions

Premises: [‘(L) => L’,
‘(((NOT D) OR (NOT M))) => N’,
‘((M OR M)) => C’,
‘((M OR L)) => B’,
‘(M) => M’,
‘((L OR B)) => G’]
Known Atoms: [’L’, ’M’, ’A’, ’D’, ’N’]
Goals: [’B’, ’A’, ’C’]
Instruction: For each goal, identify
which premises directly lead to the goal.
Then, trace back what the true value of
the atoms must be to make each of the
goal true. Only the atoms in the ‘known
atoms’ are known but their values are
not shown. Finally, return the reachable
goals with the true values of the known
atoms that make it true. Please enclose
the final answer with <answer><answer>.
All the intermediate thinking steps should
be enclosed in <think><think> tags.

Answer: (1) B is reachable (2) KM is
unreachable (3) NK is unreachable

Answer: Goal ‘B’ is reachable.
Sol 1: {“D”: false, “L”: false, “M”: false}
Sol 2: {“D”: false, “L”: false, “M”: true}
...
Sol 8: {“D”: true, “L”: true, “M”: true}

Table 3: Comparison between the original abductive
task by Hu et al. (2025) and ours.

B Implementation Details

Data Sampling. The generation of training data
takes approximately 280 hours for LLaMA trajec-
tories and 304 hours for Qwen trajectories when
executed on an AMD MI300X accelerator.

Training and Evaluation Setup For training all
methods, we use a cosine scheduler with warm-up
and a maximum learning rate of 5e-6 (degraded
to 5e-7). We fine-tune models using SFT trainer
from package TRL (von Werra et al., 2020) on
one NVIDIA A100 (80GB). We employ Flash-
Attention 2 (Dao, 2024) and mixed-precision bf16
for accelerated training. We use the package Trans-
formers (Wolf et al., 2020) for reproducible output
generation and vLLM (Kwon et al., 2023) for eval-
uation.

Format-Robust Evaluation. Due to require-
ments (§ 3.1), the final answer is explicitly sepa-
rated from the reasoning chain, and Deduction and
Abduction tasks need JSON-formatted answers. In-
duced models sometimes deviate from the required
format while still producing correct answers.

To address this issue, we use Qwen3-30B-
Instruct (Yang et al., 2025) to compare the gen-
erated answer with the gold answer. Specifically,
the model is instructed to determine whether the
generation is consistent with the gold label and to
return TRUE or FALSE. The full prompt is provided
in Appendix C.

Reliability of LLM-as-Judge. One concern is
the choice of LLM judge, as inconsistencies across
LLM judges may affect evaluation reliability (Hal-
dar and Hockenmaier, 2025). Additionally, using
Qwen3-30B-Instruct to evaluate Qwen-based stu-
dent models may introduce bias due to their shared
model family (Wang et al., 2024).

Thus, we further use Gemini-2.5-Flash (Co-
manici et al., 2025), a closed-source flagship LLM
with strong reasoning capabilities as the judge for
validating the robustness of our evaluation. We
randomly sample 30 instances per task (15 shared
questions for Llama/Qwen students) to form a vali-
dation set. We first report consistency (i.e., whether
two judges decide the same), and further quantify
inter-judge agreement using Cohen’s kappa, shown
in Table 4.

Subset Consistency Cohen’s κ

Qwen Student 89.17 77.07
Llama Student 90.00 79.96

Total Instances 89.58 78.98

Table 4: Consistency and Cohen’s κ between two LLM
judges on the validation set. “Qwen/Llama Student”
denote the source LLM for output generation.
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Despite differences in model family and rea-
soning capability, the two LLM judges agree
on the vast majority of cases (89.58), indicating
strong consistency. Consistency remains similarly
high across subsets from different model families
(Llama vs. Qwen; 89.17 vs. 90.00), suggesting that
Qwen3-30B-Instruct exhibit no noticeable self-bias
toward the Qwen studnet model. Crucially, this
observation is further supported by Cohen’s kappa,
which falls within the substantial agreement range
(61.00–80.00) and approaches the threshold for al-
most perfect agreement (81.00–100.00), thereby
confirming that our evaluation does not suffer from
inter-judge inconsistency or model-family bias.

C Prompt Examples

Below is the prompt used to compare generated
answers with gold answers.

Flexible Match

Instruction: Please check whether the generation results is consistent
with the gold label.

Generation Results:{output}

Gold Label:{answer}

Please output TRUE if they are consistent, otherwise output FALSE.

D Full Results

Tables 5 and 6 present the full results of induc-
ing reasoning paradigms using different inducing
methods across experimental settings.
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Symbolic Tasks Realistic Tasks

Method FT Train/Total Deduct Induct Abduct Detect αNLI Winowhy Folio RECV Avg

Llama-3.3-70B-IT - 0/70.0 33.00±0.3 55.33±2.5 16.00±2.6 39.96±0.3 79.28±0.2 65.75±0.2 60.59±0.9 77.07±0.1 64.53±0.2

Llama-3.1-8B-IT - 0/8.03 14.00±1.0 32.00±0.0 1.67±0.6 28.80±0.0 73.97±0.0 48.60±0.4 53.69±0.5 71.98±0.0 55.41±0.0

Full FT 8.03/8.03 15.00±1.0 57.00±0.0 5.67±0.6 19.72±0.3 79.34±0.1 25.44±0.1 59.28±0.8 78.55±0.0 52.47±0.1

LoRA 3.73/10.71 11.00±0.0 59.00±0.0 14.67±0.6 18.15±0.3 79.73±0.0 33.87±0.1 56.32±1.0 80.07±0.0 53.63±0.2

Up-Scaling 3.67/10.65 13.00±0.0 56.00±0.0 11.00±1.0 24.78±0.3 78.97±0.1 47.00±1.9 59.61±0.0 77.55±0.0 57.58±0.4

Upcycling

Induct

3.87/10.85 13.67±1.5 53.00±0.0 8.67±2.1 24.08±0.0 78.50±0.1 43.61±0.3 55.83±0.6 76.82±0.0 55.77±0.2

Full FT 8.03/8.03 24.67±0.6 39.00±0.0 8.67±1.2 26.18±0.0 77.24±0.1 45.92±0.7 59.61±0.9 78.60±0.0 57.51±0.1

LoRA 3.73/10.71 31.33±1.5 37.67±0.6 4.00±1.0 24.05±0.0 77.18±0.0 52.27±0.9 57.14±0.5 78.38±0.0 57.81±0.3

Up-Scaling 3.67/10.65 37.67±1.5 35.00±0.0 4.00±0.0 23.89±0.6 76.34±0.0 58.92±1.1 59.28±0.6 75.05±0.0 58.70±0.3

Upcycling

Deduct

3.87/10.85 34.00±2.0 33.00±0.0 6.67±1.5 25.13±0.0 69.80±0.4 20.92±0.1 55.34±0.6 73.36±0.1 48.91±0.0

Full FT 8.03/8.03 13.67±1.2 28.00±0.0 5.67±1.5 21.47±0.0 75.74±0.0 47.06±0.4 57.97±0.3 81.73±0.0 56.79±0.1

LoRA 3.73/10.71 10.33±1.5 35.33±0.6 9.00±1.0 18.85±0.0 75.92±0.0 46.60±0.7 56.65±0.0 79.87±0.0 55.58±0.1

Up-Scaling 3.67/10.65 13.00±0.0 36.00±0.0 5.67±1.5 21.12±0.3 77.16±0.0 46.42±0.7 55.34±1.2 79.13±0.1 55.83±0.4

Upcycling

Abduct

3.87/10.85 14.00±0.0 29.00±0.0 8.00±1.0 19.90±0.0 77.37±0.0 32.02±0.1 56.16±1.7 78.16±0.1 52.72±0.4

Full FT 8.03/8.03 26.00±0.0 0.00±0.0 5.33±0.6 18.85±0.0 76.03±0.1 29.93±0.9 55.83±0.3 80.51±0.0 52.23±0.2

LoRA 3.73/10.71 28.33±3.2 0.00±0.0 8.33±0.6 21.12±0.6 78.22±0.2 43.78±4.2 56.32±1.6 79.76±1.1 55.84±0.8

Up-Scaling 3.67/10.65 30.00±3.5 0.00±0.0 9.67±1.5 20.60±1.2 78.25±0.2 45.58±4.6 56.82±1.4 79.09±1.1 56.07±0.8

Upcycling

Mix

3.87/10.85 32.33±0.6 56.00±0.0 4.67±2.1 26.18±0.0 77.02±0.0 43.63±0.6 54.19±0.0 77.33±0.0 55.67±0.1

Llama-3.3-70B-IT - 0/70.0 33.00±0.3 55.33±2.5 16.00±2.6 39.96±0.3 79.28±0.2 65.75±0.2 60.59±0.9 77.07±0.1 64.53±0.2

Qwen3-8B - 0/8.19 79.67±2.1 67.33±0.6 35.33±0.6 40.14±0.8 81.26±0.0 70.98±0.7 78.33±1.0 71.40±0.0 68.42±0.2

Full FT 8.19/8.19 68.67±0.6 58.00±0.0 24.67±1.2 32.98±2.7 78.90±0.0 55.68±1.4 75.21±0.3 71.91±0.0 62.94±0.9

LoRA 3.88/10.83 61.67±0.6 60.00±0.0 14.33±0.6 30.89±0.9 78.25±0.0 39.07±1.6 67.16±0.3 72.18±0.0 57.51±0.5

Up-Scaling 3.56/10.51 34.00±1.7 57.00±0.0 40.67±0.6 33.86±5.1 82.06±0.0 67.60±1.0 73.89±0.5 72.67±0.0 66.02±1.1

Upcycling

Induct

3.96/10.91 72.67±1.5 72.00±0.0 31.67±1.2 41.19±2.4 81.88±0.0 74.54±1.0 77.67±0.3 72.20±0.0 69.49±0.7

Full FT 8.19/8.19 35.33±0.6 64.33±0.6 19.33±0.6 34.21±3.3 81.55±0.0 67.26±0.4 71.76±0.3 70.53±0.0 65.06±0.6

LoRA 3.88/10.83 28.00±1.0 58.33±1.2 15.00±2.6 31.76±1.2 83.25±0.0 55.26±1.1 80.30±0.0 70.96±0.0 64.31±0.0

Up-Scaling 3.56/10.51 28.33±0.6 62.00±0.0 12.00±0.0 36.82±5.1 74.29±0.1 52.60±1.0 82.43±0.3 70.00±0.0 63.23±0.8

Upcycling

Deduct

3.96/10.91 72.00±0.0 71.00±0.0 12.00±1.0 42.76±2.1 82.77±0.0 73.59±0.9 80.13±0.3 71.45±0.0 70.14±0.4

Full FT 8.19/8.19 33.33±1.2 69.33±0.6 17.33±1.2 40.31±0.0 83.81±0.1 67.79±0.7 71.10±0.3 73.96±0.0 67.39±0.1

LoRA 3.88/10.83 43.67±0.6 64.00±0.0 16.00±2.0 39.61±0.8 81.96±0.1 53.33±1.2 71.76±0.7 74.11±0.0 64.16±0.2

Up-Scaling 3.56/10.51 44.33±0.6 60.00±0.0 14.33±1.2 37.00±0.3 81.92±0.0 44.09±0.9 72.25±0.3 73.47±0.0 61.74±0.1

Upcycling

Abduct

3.96/10.91 53.33±0.6 68.33±0.6 13.67±0.6 47.82±0.6 83.74±0.0 68.08±0.9 75.53±0.3 71.51±0.1 69.34±0.1

Full FT 8.19/8.19 31.00±0.0 60.00±0.0 20.33±0.6 35.78±0.6 82.34±0.0 62.84±0.1 73.56±0.3 72.40±0.0 65.38±0.2

LoRA 3.88/10.83 33.00±1.0 61.33±2.3 11.67±2.5 31.94±0.0 81.52±0.2 59.56±7.5 66.50±5.6 73.82±0.3 62.67±0.4

Up-Scaling 3.56/10.51 33.00±1.7 62.33±2.1 12.67±2.1 31.94±0.0 81.42±0.2 53.63±8.8 69.29±5.8 73.98±0.3 62.05±0.6

Upcycling

Mix

3.96/10.91 48.33±0.6 64.33±0.6 12.00±1.0 43.45±0.9 81.89±0.1 71.13±0.7 77.34±0.0 71.40±0.0 69.04±0.3

Table 5: Accuracy of the fine-tuned models on the fundamental reasoning tasks using trajectories collected
from Llama-3.3-70B-Instruct. Method indicates the base model and the applied PEFT methods. FT shows the
fundamental reasoning task used for fine-tuning. Train/Total denotes the number of trainable and total parameters.
The best and second-best methods for each fundamental reasoning task are indicated in bold and underlined,
respectively. Scores that exceed the base model performance are shown in green .
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Symbolic Tasks Realistic Tasks

Method FT Train/Total Deduct Induct Abduct Detect αNLI Winowhy Folio RECV Avg

Qwen3-30B - 0/30.5 82.00±1.0 81.00±4.0 74.33±4.2 33.51±3.2 75.77±0.1 72.73±0.2 72.41±0.5 80.56±0.3 67.00±0.6

Llama-3.1-8B-IT - 0/8.03 14.00±1.0 32.00±0.0 1.67±0.6 28.80±0.0 73.97±0.0 48.60±0.4 53.69±0.5 71.98±0.0 55.41±0.0

Full FT 8.03/8.03 25.67±1.5 78.00±0.0 2.33±0.6 25.13±0.0 77.71±0.0 43.05±0.1 54.84±0.3 78.29±0.0 55.80±0.1

LoRA 3.73/10.71 24.33±1.2 69.33±0.6 1.67±1.2 21.82±0.3 78.23±0.0 44.33±0.4 56.00±0.3 76.82±0.0 55.44±0.1

Up-Scaling 3.67/10.65 34.67±1.5 69.33±0.6 5.33±1.2 24.43±0.3 67.37±0.1 35.25±0.1 56.98±0.6 72.36±0.5 51.28±0.3

Upcycling

Induct

3.87/10.85 26.00±1.0 64.00±0.0 5.67±1.5 24.08±0.0 78.18±0.1 51.67±0.3 51.96±2.6 74.73±0.0 56.13±0.5

Full FT 8.03/8.03 67.33±0.6 33.00±0.0 7.67±1.5 24.61±0.0 48.73±0.1 41.51±0.3 56.65±0.0 77.80±0.0 49.86±0.1

LoRA 3.73/10.71 39.00±3.5 36.00±0.0 6.00±1.0 29.49±0.3 70.35±0.2 40.42±0.4 56.65±0.0 77.02±0.0 54.79±0.1

Up-Scaling 3.67/10.65 70.00±1.7 32.00±0.0 3.33±1.5 27.23±0.0 57.26±0.2 42.93±0.3 58.46±0.3 73.87±0.0 51.95±0.1

Upcycling

Deduct

3.87/10.85 47.00±1.0 40.00±0.0 6.33±1.5 26.18±0.0 69.87±0.1 37.69±0.1 56.65±0.0 73.29±0.0 52.74±0.0

Full FT 8.03/8.03 34.67±1.5 28.00±0.0 39.67±0.6 18.67±0.3 77.27±0.1 63.20±0.8 59.61±0.5 77.20±0.1 59.19±0.3

LoRA 3.73/10.71 34.67±2.9 29.33±1.2 43.33±1.5 23.56±0.0 75.59±0.1 56.74±2.9 59.77±0.8 75.09±0.0 58.15±0.7

Up-Scaling 3.67/10.65 34.33±0.6 39.00±0.0 39.33±1.2 23.04±0.0 70.57±0.0 48.19±0.2 52.38±0.3 70.89±0.0 53.01±0.0

Upcycling

Abduct

3.87/10.85 41.67±0.6 36.00±0.0 35.00±2.6 26.70±0.0 68.02±0.1 51.76±0.3 63.05±0.5 75.73±0.1 57.05±0.1

Full FT 8.03/8.03 50.67±0.6 63.33±0.6 45.00±2.0 24.08±0.0 77.54±0.0 55.17±0.1 57.64±0.5 78.24±0.0 58.53±0.1

LoRA 3.73/10.71 69.33±2.3 65.67±1.2 43.67±1.2 23.39±0.3 79.26±0.1 44.89±0.2 58.29±0.7 77.67±0.0 56.70±0.2

Up-Scaling 3.67/10.65 62.00±1.0 65.00±0.0 38.33±1.2 24.08±0.0 76.57±0.0 49.59±0.2 56.49±0.7 75.82±0.0 56.51±0.2

Upcycling

Mix

3.87/10.85 58.00±0.0 58.33±0.6 34.33±2.9 21.99±0.0 74.36±0.1 52.23±0.1 58.13±0.5 74.16±0.1 56.17±0.1

Qwen3-30B - 0/30.5 82.00±1.0 81.00±4.0 74.33±4.2 33.51±3.2 75.77±0.1 72.73±0.2 72.41±0.5 80.56±0.3 67.00±0.6

Qwen3-8B - 0/8.19 79.67±2.1 67.33±0.6 35.33±0.6 40.14±0.8 81.26±0.0 70.98±0.7 78.33±1.0 71.40±0.0 68.42±0.2

Full FT 8.19/8.19 68.33±0.6 49.00±0.0 7.67±0.6 27.23±0.0 84.57±0.0 79.34±0.2 77.18±0.3 70.42±0.0 67.75±0.1

LoRA 3.88/10.83 82.67±0.6 75.33±1.2 2.67±0.6 40.84±0.9 85.56±0.1 77.88±0.1 77.83±0.5 70.64±0.0 70.55±0.2

Up-Scaling 3.56/10.51 6.33±0.6 41.00±0.0 0.00±0.0 43.63±0.6 83.53±0.1 56.00±0.6 78.49±0.3 70.18±0.2 66.37±0.0

Upcycling

Induct

3.96/10.91 89.00±0.0 77.00±1.0 11.00±1.0 40.14±1.1 80.34±0.2 75.65±0.2 84.24±0.5 71.13±0.0 70.30±0.3

Full FT 8.19/8.19 88.00±1.7 60.00±0.0 48.00±1.0 36.65±0.0 81.92±0.0 70.30±0.4 75.04±0.8 70.98±0.0 66.98±0.2

LoRA 3.88/10.83 84.00±1.0 68.67±1.2 21.33±1.5 42.76±0.3 82.70±0.1 69.83±0.2 80.79±1.0 71.13±0.0 69.44±0.3

Up-Scaling 3.56/10.51 85.33±1.2 63.33±0.6 34.67±2.1 37.35±0.6 80.84±0.1 19.82±0.1 80.30±0.0 71.40±0.0 57.94±0.1

Upcycling

Deduct

3.96/10.91 92.00±1.0 73.00±0.0 34.67±0.6 44.50±0.5 84.00±0.0 73.58±0.2 81.94±0.3 70.82±0.1 70.97±0.2

Full FT 8.19/8.19 74.33±0.6 67.67±0.6 32.00±2.0 38.57±0.3 81.54±0.1 69.03±0.8 77.18±0.3 69.82±0.2 67.23±0.1

LoRA 3.88/10.83 77.67±1.5 70.67±0.6 41.33±1.5 36.13±0.0 81.97±0.1 66.72±0.6 76.03±1.0 70.02±0.0 66.18±0.1

Up-Scaling 3.56/10.51 68.67±0.6 62.33±0.6 35.67±0.6 34.20±0.3 76.05±0.1 27.05±0.0 70.44±0.0 68.91±0.1 55.33±0.1

Upcycling

Abduct

3.96/10.91 74.67±1.2 62.00±0.0 46.00±1.7 33.86±0.3 82.73±0.0 68.20±0.6 79.15±0.3 70.49±0.0 66.89±0.1

Full FT 8.19/8.19 88.33±1.2 77.33±0.6 41.33±1.2 39.44±0.3 81.69±0.0 73.44±0.2 74.55±0.3 70.29±0.0 67.88±0.1

LoRA 3.88/10.83 85.33±1.5 74.67±0.6 23.67±3.1 40.32±0.9 84.10±0.0 71.02±0.1 74.55±0.3 69.20±0.1 67.84±0.1

Up-Scaling 3.56/10.51 85.67±0.6 76.33±0.6 32.67±0.6 44.68±0.3 84.16±0.1 51.15±0.4 82.26±0.9 69.76±0.0 66.40±0.1

Upcycling

Mix

3.96/10.91 87.00±0.0 69.00±0.0 51.00±1.0 42.58±0.3 81.32±0.0 68.28±0.1 81.12±0.3 70.56±0.1 68.77±0.1

Table 6: Accuracy of the fine-tuned models using trajectories collected from Qwen3-30B-Instruct.
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E Out-of-Domain Generation Example

Examples 1–3 show the generated outputs for a
question from FOLIO. The vanilla Llama-3.1-8B-
Instruct and the deductive Full FT model fail to
answer the question correctly, whereas deductive
up-scaling produces the correct answer.

Example 1: Vanilla Llama

Based on the given premises, is the conclusion correct?
Please respond with True, False, or Uncertain enclosing in
<answer><answer>.
Premises: People in this club who perform in school talent shows
often attend and are very engaged with school events.
People in this club either perform in school talent shows often or are
inactive and disinterested community members.
People in this club who chaperone high school dances are not
students who attend the school.
All people in this club who are inactive and disinterested members
of their community chaperone high school dances.
All young children and teenagers in this club who wish to further
their academic careers and educational opportunities are students
who attend the school.
Bonnie is in this club and she either both attends and is very
engaged with school events and is a student who attends the school
or is not someone who both attends and is very engaged with school
events and is not a student who attends the school.
Conclusion: Bonnie performs in school talent shows often.

Generated Output:
in this case, we can break down the information as follows:

1. If Bonnie is a student who attends the school, then she must
perform in school talent shows often (from the first premise).
2. If Bonnie is not a student who attends the school, then she must
be an inactive and disinterested community member (from the
second premise).
3. If Bonnie is an inactive and disinterested community member,
then she must chaperone high school dances (from the fourth
premise).
4. However, we know that people who chaperone high school dances
are not students who attend the school (from the third premise).
5. This means that if Bonnie is not a student who attends the school,
then she must chaperone high school dances, which contradicts the
fact that she is not a student who attends the school.
6. Therefore, Bonnie must be a student who attends the school.
7. Since Bonnie is a student who attends the school, she must
perform in school talent shows often (from the first premise).

So, the conclusion is correct: <answer>True</answer>.

Examples 4–6 show the generated outputs for
another question from FOLIO. The vanilla Qwen-
3-8B and the abductive upcycling model fail to an-
swer the question correctly, whereas the deductive
upcycling model produces the correct answer.

Example 2: Deductive Full FT Llama

Generated Output:
in order to determine if the conclusion is correct, we need to analyze
the premises and apply them to Bonnie’s situation.

From the premises, we know:
1. People in this club who perform in school talent shows often
attend and are very engaged with school events.
2. People in this club either perform in school talent shows often or
are inactive and disinterested community members.
3. People in this club who chaperone high school dances are not
students who attend the school.
4. All people in this club who are inactive and disinterested
members of their community chaperone high school dances.
5. All young children and teenagers in this club who wish to further
their academic careers and educational opportunities are students
who attend the school.

Given that Bonnie is in this club, we can start by looking at the last
premise:
All young children and teenagers in this club who wish to further
their academic careers and educational opportunities are students
who attend the school.
This implies that if Bonnie is a young child or teenager and wishes
to further her academic career and educational opportunities, then
she must be a student who attends the school.

However, we also know from premise 3 that people in this club
who chaperone high school dances are not students who attend the
school.
If Bonnie is a student who attends the school, then she cannot be a
chaperone for high school dances.

Now, looking at premise 2:
People in this club either perform in school talent shows often or are
inactive and disinterested community members.
If Bonnie is a student who attends the school, then from premise 1,
she must perform in school talent shows often because she is very
engaged with school events.

However, premise 4 states that all people in this club who are
inactive and disinterested members of their community chaperone
high school dances.
This means that if Bonnie is not a student who attends the school,
then she must be an inactive and disinterested member of her
community, which would make her a chaperone for high school
dances, which contradicts our earlier deduction that if she is a
student, she cannot be a chaperone.

Considering all premises, we can conclude that if Bonnie is a
student who attends the school, then she must perform in school
talent shows often.
But we also know from premise 3 that if she is a chaperone, she
cannot be a student.
So, if we consider the possibility that Bonnie is not a student,
then she would be an inactive and disinterested member of her
community, which would make her a chaperone, but this contradicts
our initial assumption that she is not a student.

Given the premises, the most consistent conclusion we can draw
about Bonnie is that if she is a student who attends the school, then
she must perform in school talent shows often.
But since we cannot definitively conclude that Bonnie is a student or
not based on the given information, we cannot definitively say if she
performs in school talent shows often.

However, looking closely at premise 5 and the structure of the
premises, we can see that if Bonnie is a student who attends the
school and is very engaged with school events, then she must
perform in school talent shows often.
But we cannot conclude this with absolute certainty without
more information about Bonnie’s status as a student or a non-student.

Therefore, based on the given premises, we cannot definitively
conclude that Bonnie performs in school talent shows often without
assuming that she is a student who attends the school.
But since the conclusion is about whether Bonnie performs in
school talent shows often, and we have a premise that supports this
conclusion if she is a student, we can say that the conclusion is True
if we assume Bonnie is a student who attends the school and is very
engaged with school events.

<answer>True</answer>
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Example 3: Deductive Up-scaling Llama

Generated Output:
in order to determine if the conclusion is correct, we need to analyze
the premises:

1. People in this club who perform in school talent shows often
attend and are very engaged with school events.
2. People in this club either perform in school talent shows often or
are inactive and disinterested community members.
3. People in this club who chaperone high school dances are not
students who attend the school.
4. All people in this club who are inactive and disinterested
members of their community chaperone high school dances.
5. All young children and teenagers in this club who wish to further
their academic careers and educational opportunities are students
who attend the school.
6. Bonnie is in this club and she either both attends and is very
engaged with school events and is a student who attends the school
or is not someone who both attends and is very engaged with school
events and is not a student who attends the school.

From premise 6, we know that Bonnie is in this club and has two
possible scenarios:
- She both attends and is very engaged with school events and is a
student who attends the school.
- She is not someone who both attends and is very engaged with
school events and is not a student who attends the school.

From premise 1, if Bonnie is someone who both attends and is very
engaged with school events, then she must perform in school talent
shows often.

From premise 3, if Bonnie is a student who attends the school, then
she cannot chaperone high school dances.

From premise 4, if Bonnie is an inactive and disinterested member
of her community, then she must chaperone high school dances.

From premise 5, if Bonnie is a young child or teenager in this
club who wishes to further her academic careers and educational
opportunities, then she must be a student who attends the school
.
Considering all premises, we cannot directly conclude that Bonnie
performs in school talent shows often from the given information.
However, we can deduce that if Bonnie is a student who attends
the school and is very engaged with school events, then she must
perform in school talent shows often.

But premise 6 does not directly state that Bonnie is a student or
that she is not a student. It only gives two possible scenarios for
Bonnie’s situation.

Therefore, the conclusion that Bonnie performs in school talent
shows often is not directly supported by the premises, and we
cannot be certain of it.

<answer>Uncertain</answer>

Example 4: Vanilla Qwen

Based on the given premises, is the conclusion correct?
Please respond with True, False, or Uncertain enclosing in
<answer><answer>.
Premises: Barutin Cove is a cove named after the Bulgarian
settlement of Barutin.
Barutin Cove is on the southwest coast of Snow Island.
Snow Island, Greenwich Island, and Deception Island are located in
the South Shetland Islands.
Antarctica is located on the South Shetland Islands.
If place A is located in place B and place B is located in place C,
then place A is located in place C.
Conclusion: Barutin Cove is not located in Antarctica.

Generated Output:

from the premises, we know that barutin cove is on the
southwest coast of snow island. snow island is part of the south
shetland islands. the south shetland islands are not part of antarctica,
but rather located near antarctica. the premises also state that
antarctica is located on the south shetland islands, which seems to
be a contradiction. however, the correct understanding is that the
south shetland islands are a group of islands located near antarctica,
not part of it. thus, barutin cove, being on snow island, is not located
in antarctica. the conclusion is correct.

<answer>True</answer>

Example 5: Abductive Upcycling Qwen

Generated Output:
The premises state that Barutin Cove is on the southwest coast
of Snow Island. Snow Island, along with Greenwich Island
and Deception Island, is located in the South Shetland Islands.
Furthermore, it is stated that Antarctica is located on the South
Shetland Islands.

However, there’s a potential confusion in the premises. The
statement “Antarctica is located on the South Shetland Islands” is
incorrect. In reality, the South Shetland Islands are located in the
Southern Ocean, near Antarctica, but they are not part of Antarctica
itself. Antarctica is a continent, while the South Shetland Islands are
a group of islands that are geographically close to Antarctica but are
not part of it.

Given the logical structure provided: If place A is located in place
B and place B is located in place C, then place A is located in place C.

Applying this to the premises:
- Barutin Cove is located in Snow Island (A in B).
- Snow Island is located in the South Shetland Islands (B in C).
- Therefore, by transitivity, Barutin Cove is located in the South
Shetland Islands (A in C).

But the conclusion states that Barutin Cove is not located in
Antarctica. Since the South Shetland Islands are not part of
Antarctica, and Barutin Cove is in the South Shetland Islands, it
follows that Barutin Cove is not located in Antarctica.

However, the premise that “Antarctica is located on the South
Shetland Islands” is factually incorrect. This might lead to
confusion. But based on the logical structure provided and assuming
the premises are to be taken as true, even if they contain factual
errors, the conclusion that Barutin Cove is not located in Antarctica
would still follow from the transitive property of the given premises.

Therefore, based on the premises as given, the conclusion is correct.

<answer>True</answer>
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Example 6: Deductive Upcycling Qwen

Generated Output:
Okay, let’s try to figure this out step by step. So, the question is whether the
conclusion “Barutin Cove is not located in Antarctica” is correct based on the
given premises. Let me break down the information provided.

First, the premises say that Barutin Cove is a cove named after the Bulgarian
settlement of Barutin. Then, it’s located on the southwest coast of Snow Island.
Next, Snow Island, Greenwich Island, and Deception Island are all in the South
Shetland Islands. Then there’s a statement that Antarctica is located on the
South Shetland Islands. Wait, that seems a bit off. Wait, actually, the South
Shetland Islands are a group of islands located north of the Antarctic Peninsula,
and they are part of the Antarctic region, but Antarctica itself is a continent. So
maybe there’s a mistake here? Let me check that again.

The fourth premise says: “Antarctica is located on the South Shetland Islands.”
That doesn’t sound right. Antarctica is a continent, and the South Shetland
Islands are a group of islands that are part of the Antarctic region, but they
are not part of Antarctica itself. Wait, actually, the South Shetland Islands are
considered part of the Antarctic Treaty System, but geographically, they are
separate from the continent of Antarctica. So maybe the premise is incorrect?
But I have to take the premises as given, even if they might be factually wrong.

So, according to the premises, if place A is located in place B and place B
is located in place C, then place A is located in place C. That’s a transitive
property. So, applying that.

Barutin Cove is on Snow Island. Snow Island is in the South Shetland Islands.
Then, the premise says Antarctica is located on the South Shetland Islands.
Wait, that’s confusing. If the South Shetland Islands are in Antarctica, then
Barutin Cove would be in Antarctica. But the conclusion says it’s not. But
according to the premises, if the South Shetland Islands are part of Antarctica,
then Barutin Cove, being on Snow Island (which is in South Shetland), would
be in Antarctica. Therefore, the conclusion that it’s not located in Antarctica
would be false. But wait, the premise says “Antarctica is located on the South
Shetland Islands.” That seems like a reversal. Normally, the South Shetland
Islands are located in the Antarctic region, but not part of Antarctica. But if the
premise states that Antarctica is located on the South Shetland Islands, then that
would mean that the South Shetland Islands are part of Antarctica. So, if that’s
the case, then Barutin Cove is in Antarctica. Therefore, the conclusion that
it’s not located in Antarctica would be false. But wait, the premises might be
conflicting. Let me re-express:

Premise 1: Barutin Cove is on Snow Island.
Premise 2: Snow Island is in South Shetland Islands.
Premise 3: South Shetland Islands, Greenwich Island, Deception Island are in
South Shetland Islands. Wait, that’s redundant. Wait, the third premise says
“Snow Island, Greenwich Island, and Deception Island are located in the South
Shetland Islands.” So, Snow Island is in South Shetland Islands.

Premise 4: Antarctica is located on the South Shetland Islands. So, if the South
Shetland Islands are in Antarctica, then Barutin Cove is in Antarctica. But the
conclusion says it’s not. Therefore, the conclusion would be false. But wait,
maybe the premise is that the South Shetland Islands are located in Antarctica?
Wait, the wording is “Antarctica is located on the South Shetland Islands.” That
would mean that Antarctica is a part of the South Shetland Islands, which is not
correct in reality, but according to the premises, we have to take it as given. So,
if Antarctica is located on the South Shetland Islands, then the South Shetland
Islands are part of Antarctica. Therefore, Barutin Cove, being on Snow Island
(which is in South Shetland), would be in Antarctica. Therefore, the conclusion
that it’s not located in Antarctica would be false. Therefore, the answer should
be False. But wait, maybe I’m misunderstanding the premise. Let me check
again.

Wait, the fourth premise says “Antarctica is located on the South Shetland
Islands.” That’s a bit confusing. Normally, the South Shetland Islands are
located in the Antarctic region, but they are not part of Antarctica. However,
if the premise states that Antarctica is located on the South Shetland Islands,
that would imply that the South Shetland Islands are part of Antarctica. So, if
that’s the case, then Barutin Cove is in Antarctica. Therefore, the conclusion
that it’s not located in Antarctica would be false. Therefore, the answer should
be False. But wait, maybe the premise is that the South Shetland Islands
are located in Antarctica? But the wording is “Antarctica is located on the
South Shetland Islands,” which is the opposite. So, if Antarctica is located
on the South Shetland Islands, then the South Shetland Islands are part of
Antarctica. Therefore, Barutin Cove is in Antarctica. Hence, the conclusion is
false. Therefore, the answer is False.
<answer>False</answer>
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F Symbolic Generation Example

The following examples shows the generated out-
put of answering a symbolic inductive task. The
vanilla Llama-3.1-8B-Instruct failed to answer the
question, while Inductive and Deductive Full FT
can generate the correct answer. The vanilla model
(Example 7) fails on a inductive task, while induc-
tive (Example 8) and deductive (Example 9) Full
FT succeed. Example 8 adopts a pattern-driven,
data-oriented perspective, while Example 9 follows
a rule-based, hypothesis-testing process, consistent
with their respective paradigms. Interestingly, both
induced models exhibit self-reflection by revising
earlier reasoning. These observations indicate that
inducing different reasoning paradigms steers mod-
els toward distinct reasoning perspectives, while
shared behaviors across induced models demon-
strate transferability among these paradigms (§6.1).

Example 7: Untrained Llama 3.1 8B

This is a <Inductive> reasoning task. Given the following sequence,
[’2’, ’5’, ’20’, ’23’, ’26’, ’104’, ’107’, ’110’, ’440’, ’443’, ’?’]
What is the value at the question mark? Please enclose the answer
in <answer><answer>, and put all the intermediate reasoning steps in
<think><think>.

Generated Output:
<think>The given sequence appears to be formed by alternating between two
different operations: multiplication and addition. To identify the pattern, let’s
break down the sequence into two separate sequences, one for the numbers that
are obtained by multiplication and one for the numbers that are obtained by
addition.</think>

Sequence 1 (Multiplication): 2, 20, 104, 440
Sequence 2 (Addition): 5, 23, 107, 443

<think>Now, let’s analyze Sequence 1. The numbers in this sequence are
obtained by multiplying the previous term by 10 and then adding 2. This can
be represented as: 2 * 10 + 2 = 20, 20 * 10 + 2 = 202, but 202 is not in the
sequence, however 20 * 10 + 4 = 204 is not in the sequence either, but 20 *
10 + 2 = 202 is not in the sequence, however 20 * 10 + 4 = 204 is not in the
sequence...
Keeping Repeatitive until hit max number of tokens

Example 8: Inductive Full FT Llama

This is an <Inductive> reasoning task. Given the following
sequence,
[‘2’, ‘5’, ‘20’, ‘23’, ‘26’, ‘104’, ‘107’, ‘110’, ‘440’, ‘443’, ‘?’]
What is the value at the question mark? Please enclose the answer in
<answer><answer>, and put all the intermediate reasoning steps in
<think><think>.
Generated Output:
<think> To find the pattern in the sequence, let’s first examine the
differences between consecutive numbers:
5 - 2 = 3, 20 - 5 = 15, 23 - 20 = 3, 26 - 23 = 3, 104 - 26 = 78, 107 -
104 = 3, 110 - 107 = 3, 440 - 110 = 330, 443 - 440 = 3

From the differences, we can observe a pattern where the difference
alternates between 3 and a larger number. The larger numbers are
increasing (15, 78, 330), which suggests a pattern of multiplication
or addition that increases each time.

Looking closer at the larger differences:
- 15 * 5.2 = 78 (approximately)
- 78 * 4.23 = 330 (approximately)

However, a more precise pattern can be observed:
15 = 3 * 5, 78 = 15 * 5 + 3, 330 = 78 * 4 + 6

But a simpler pattern can be observed if we consider the sequence
of operations:
Start with 2, Add 3 to get 5, Multiply by 4 to get 20, Add 3 to get
23, Add 3 to get 26, Multiply by 4 to get 104, Add 3 to get 107, Add
3 to get 110, Multiply by 4 to get 440, Add 3 to get 443

Following this pattern, the next operation should be to add 3 again,
as the pattern alternates between multiplying by 4 and adding 3.

So, the next number in the sequence after 443 would be 443 + 3 =
446. </think>
<answer>446</answer>
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Example 9: Deductive Full FT Llama

Generated Output:
<think> To solve this, let’s analyze the given sequence for any
patterns or rules that could help us determine the next value. The
sequence is: ‘2’, ‘5’, ‘20’, ‘23’, ‘26’, ‘104’, ‘107’, ‘110’, ‘440’,
‘443’, ‘?’.

Looking at the sequence, we can see that it starts with ‘2’ and
‘5’, which are both prime numbers. Then, ‘20’ and ‘23’ are not
prime, but ‘26’ is not a prime either, which makes us think that the
sequence might not follow a simple pattern of prime numbers.

However, if we look closer, we can see that the sequence seems to
be formed by adding a certain number to the previous term to get
the next term. Let’s try to find this pattern.

From ‘2’ to ‘5’, the difference is 3. From ‘5’ to ‘20’, the difference
is 15. From ‘20’ to ‘23’, the difference is 3. From ‘23’ to ‘26’, the
difference is 3. From ‘26’ to ‘104’, the difference is 78. From ‘104’
to ‘107’, the difference is 3. From ‘107’ to ‘110’, the difference is 3.
From ‘110’ to ‘440’, the difference is 330. From ‘440’ to ‘443’, the
difference is 3.

We can see that the differences are not consistent except for the
differences between ‘2’ and ‘5’, ‘23’ and ‘26’, ‘104’ and ‘107’,
‘107’ and ‘110’, and ‘440’ and ‘443’, which are all 3. However, the
other differences are not consistent.

But if we look at the sequence again, we can see that the numbers
‘20’, ‘104’, and ‘440’ are all multiples of 4, and ‘23’, ‘26’, ‘107’,
and ‘110’ are all 3 more than a multiple of 4.

So, the pattern seems to be that the sequence is formed by adding
3 to the previous term when the previous term is 3 more than a
multiple of 4, and the term before that is a multiple of 4.

Let’s apply this pattern to find the next term:
- The last term before the question mark is ‘443’, which is 3 more
than a multiple of 4 (440).
- So, the next term should be ‘443 + 3 = 446’.

Therefore, the value at the question mark is 446.
</think>
<answer>446</answer>
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