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Abstract
In-context learning (ICL) tackles downstream
tasks conditioned on demonstrations. This
paradigm relies heavily on neighbor-based
matching between queries and demonstra-
tions, limiting out-of-distribution (OOD) per-
formance. For better generalization, rule-
based inductive reasoning derives task-level
regularities, which we term task-level induc-
tive representations (TIR), before directly an-
swering. However, existing methods lack
generalizable inductive ability across diverse
tasks. Inspired by meta-learning, we propose
Cognitive-Decoupling meta-Induction (CoDI)
for TIR-based inductive reasoning on general
tasks. CoDI comprises a Cognitive-Decoupling
Framework for query-blind TIR induction,
and a Dual-Loop Meta-Inductive Learning
method for cross-task inducer optimization.
Empirically, CoDI achieves substantial per-
formance gains on five ID and OOD bench-
marks, and preserves OOD gains without ex-
plicit induction at inference. Code is available
at https://github.com/Yuqian-Wang2277/
codi-meta-induction.

1 Introduction

In-context learning (ICL) is a prevalent paradigm
for tackling downstream tasks, allowing large lan-
guage models (LLMs) to solve new queries condi-
tioned on limited contextual labeled demonstra-
tions (Brown et al., 2020). Despite achieving
promising performance, ICL can rely heavily on
demonstration format, label space, and nearest-
neighbor-style similarity between queries and
demonstrations (Min et al., 2022b; Li et al., 2025).
Under distribution shifts and unseen task functions,
such similarity-dominated behavior often suffers
substantial performance degradation (Wang et al.,
2025).

To address this limitation, rule-based induc-
tive reasoning derives generalizable principles for

† Corresponding Authors.

Figure 1: ICL (left) surface-matches and fails OOD.
TIR-based reasoning (right) induces a task-level rule
that generalizes to both ID and OOD.

straight answering, which we name task-level in-
ductive representations (TIR). The difference be-
tween ICL and TIR-based reasoning is shown in
Figure 1. The former relies on surface matching
with certain demonstrations, while the latter learns
universal task patterns from all supports for better
transfer. Some works elicit intermediate reason-
ing through chain-of-thought (CoT) prompting and
structured reasoning plans (Wei et al., 2022; Zhou
et al., 2024). Yet these reasoning structures are usu-
ally produced at inference time for the prompted
query or task context, so they are not learned as a
reusable cross-task inducer (Li et al., 2025; Zhou
et al., 2024). A complementary direction pursues
task-level rules via automated prompt optimiza-
tion (Zhou et al., 2023; Fernando et al., 2024;
Agrawal et al., 2026), but such methods optimize
prompts per task or system and must re-optimize
when the task setting changes.

In comparison, human concept learning can infer
compact, program-like rules from very few exam-
ples (Lake et al., 2015), suggesting an induction-
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before-straight-answering pattern even on unfamil-
iar tasks. We refer to this cross-task TIR inference
capability as meta-induction. Recent work finds
that LLMs are weak at this capability (Li et al.,
2025), as their inductive behavior is dominated by
neighbor-based matching rather than reusable ab-
stract rules. However, instilling this capacity in
LLMs presents two challenges: i) ensuring meta-
induction generalizes across tasks without overfit-
ting to instance-specific patterns or task-local rules;
ii) learning TIR in the absence of ground-truth la-
bels and established evaluation criteria.

To address these challenges, we propose
Cognitively Decoupled meta-Induction (CoDI), a
TIR-based inductive reasoning method on general
tasks. As shown in Figure 2, CoDI comprises a
Cognitive-Decoupling Framework and Dual-Loop
Meta-Inductive Learning method. In the Cognitive-
Decoupling Framework, a query-blind inducer in-
duces TIR solely from demonstrations, and an ex-
ecutor executes TIR for each query. Based on
the above framework, Dual-Loop Meta-Inductive
Learning optimizes the inducer across tasks via
meta-RL, guided by execution feedback without
ground-truth TIR labels, where an inner loop ap-
plies candidate TIR and an outer loop refines induc-
tion via two complementary rewards for extrinsic
correctness and intrinsic certainty.

Experiments on BBH (Suzgun et al., 2023), BIG-
Bench (Srivastava et al., 2023), MATH-500 (Light-
man et al., 2024), StrategyQA (Geva et al., 2021),
and ReClor (Yu et al., 2020) show that CoDI
(Qwen3-4B) outperforms ICL on in-distribution
(ID) and out-of-distribution (OOD) evaluations.
On BIG-Bench, CoDI achieves +120% and +18%
gains on ID and OOD splits, respectively. Further-
more, a smaller trained inducer surpasses a larger
untrained one on OOD tasks, confirming TIR qual-
ity as an independently optimizable capability or-
thogonal to model scale. Notably, OOD gains per-
sist even without the induction step at inference,
indicating that meta-inductive training internalizes
inductive priors into model parameters.

In summary, our contributions are as follows:

• We formulate TIR-based inductive reasoning as a
learning problem that requires inferring reusable
task rules from support examples alone before
execution.

• We present CoDI to instill meta-induction with-
out TIR supervision, decoupling rule induction
from straight answering and optimizing induc-

ers across tasks via reinforcement learning on
execution feedback.

• Experiments on five benchmarks show CoDI
outperforming few-shot ICL in- and out-of-
distribution, with smaller trained inducers beat-
ing larger untrained ones and OOD gains persist-
ing without inference-time induction.

2 Problem Statement

In this section, we formalize the task of TIR-based
inductive reasoning.

Notation. Let T denote a task space. Each
task τ ∼ P (T ) has a K-shot demonstration set
D(τ)

supp = {(xi, yi)}Ki=1 and query set D(τ)
qry of pairs

(x, y∗). The TIR of τ is a natural-language strategy
s induced from D(τ)

supp, and πind denotes the inducer
policy, where ind abbreviates inducer.

Task. Given D(τ)
supp and query x, TIR-based induc-

tive reasoning samples s ∼ πind(· | D(τ)
supp) as the

TIR and uses an executor to predict ŷ(s, x) for y∗.
The optimization objective is

J = max
πind

E
τ,D(τ)

supp, (x,y∗)

[

E
s∼πind(·|D(τ)

supp)

[
1
[
ŷ(s, x) = y∗

]]]
.

(1)

where 1[·] is the indicator function, the outer ex-
pectation is over tasks, supports, and queries, and
the inner expectation is over s ∼ πind.

3 CoDI

In this section, we present the proposed CoDI for
TIR-based inductive reasoning, built on a cognitive-
decoupling architecture (§3.2) and a dual-loop
meta-inductive learning scheme (§3.3).

3.1 Overview

The proposed CoDI employs a cognitive-
decoupling induction–execution framework: the
query-blind inducer abstracts TIR and the executor
solves new query based on it. To enhance the
inductive reasoning ability for general tasks, a
dual-loop meta-inductive learning approach is
proposed: the inner loop is executed based on TIR,
and improves answers through ICL; the outer loop
is based on the feedback signal from the inner loop
execution, and optimizes the abstraction of TIR
through RL. This design is overviewed in Figure 2.
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Figure 2: Overview of CoDI. The Cognitive-Decoupling Framework induces query-blind TIR with SG and
executes each query with AS. Dual-Loop Meta-Inductive Learning applies candidate TIRs in the inner loop and
optimizes SG across tasks in the outer loop via GRPO with EIR and ICR.

3.2 Cognitive-Decoupling Framework
CoDI cognitively decouples induction and execu-
tion through two modules. The Strategy Generator
(SG) induces TIR from few-shot demonstrations
alone, and the Answer Solver (AS) answers each
query by executing the TIR.

Inducer (SG). The SG induces a natural-
language strategy s from D(τ)

supp alone, where s
serves as the TIR of task τ . The query-blind
interface isolates reusable task regularities from
query-specific cues. Specifically, s comprises
[INDUCTIVE_RULE], [TASK_PROCEDURE] (3–6 ex-
ecutable steps), and [TRANSFER_SCOPE] (Ap-
pendix B). Each section plays a distinct role:
[INDUCTIVE_RULE] states verifiable task-family
regularities; [TASK_PROCEDURE] operationalizes
them as executable steps; and [TRANSFER_SCOPE]
specifies applicability boundaries. This semi-
structured format yields comparable rollouts across
candidates and enables format validation during
training. The induction step is formalized as

s = LLMSG

(
D(τ)

supp
)
. (2)

Executor (AS). The AS applies s to query x via
the concatenated prompt (s, x). It remains frozen
throughout training; gradient partitioning blocks

back-propagation to SG, so SG is updated only
through the discrete strategy interface. The execu-
tion step is formalized as

ŷ = LLMAS(s, x). (3)

Gradient partitioning confines updates to πSG.
Without this barrier, gradients from query-
conditioned execution would leak into the inducer
and blur the TIR interface, conflating reusable
task regularities with instance-specific matching.
Because AS remains frozen, execution accuracy
reflects each TIR’s transfer value rather than co-
adaptation between modules.

3.3 Dual-Loop Meta-Inductive Learning

Building on the cognitive-decoupling framework,
dual-loop meta-inductive learning evolves TIR
when no strategy labels are available. Execution
under a frozen AS provides a weak, task-agnostic
supervision signal for πSG. πSG is first warmed up
via SFT on teacher demonstrations to satisfy the
schema. During RL, format-invalid rollouts receive
zero reward and are excluded from AS execution.

Inner loop: TIR application. At each training
step, SG induces G TIR candidates {si}Gi=1 from
the support set D(τ)

supp. The frozen AS applies each
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si to query x through in-context prompting on
(si, x), without updating parameters. This step
tests whether each induced TIR generalizes beyond
the few-shot demonstrations. Execution yields a
prediction and per-token log-probabilities; the re-
sultant accuracy ai and decoding distribution serve
as reward signals for the outer loop.

Outer loop: TIR evolution. The outer loop opti-
mizes πSG via cross-task GRPO with two comple-
mentary rewards:

• Execution Incremental Reward (EIR) mea-
sures difficulty-adaptive accuracy gain. Let ai∈
[0, 1] be the answer accuracy of AS under si,
δi = ai − bτ its deviation from a per-task cached
baseline bτ (fixed before the G-rollout group; up-
dated via exponential moving average to prevent
within-group leakage), and graw the difficulty-
normalized gain (log-smoothing constant k; Ap-
pendix F):

δi = ai − bτ , graw =
δi

max
(
bατ (1−bτ )1−α, ε

)
(4)

where α = α+ if δi ≥ 0, else α− (α+ > α−;
Appendix A.3):

REIR,i = sign(graw) · ln
(
1 + k |graw|

)
. (5)

For positive δi, EIR sets α=α+, down-weighting
gains on easy tasks; for negative δi, it sets α=α−,
amplifying penalties on high-baseline regressions
(Appendix A.3).

• Internal Confidence Reward (ICR) measures
the extent to which si concentrates AS’s decod-
ing distribution, distinguishing systematic accu-
racy from chance-level correctness. RICR,i ∈
(0, 1] is the geometric mean of per-token proba-
bilities under AS, normalized by output length
Ti:

RICR,i = exp
( 1

Ti

Ti∑

t=1

log pAS

(
yt | y<t, si, x

))
.

(6)

EIR and ICR are combined via multiplicative
gating:

Ri = REIR,i ·
(
1 + β ·RICR,i

)
, (7)

where β is set in Appendix F. The factor
(1+βRICR,i)> 0 up-weights positive EIR propor-

tionally to prediction confidence without revers-
ing the sign of negative EIR. EIR normalizes re-
wards by per-task difficulty so that πSG is not bi-
ased toward easy tasks. ICR complements EIR
by up-weighting strategies whose frozen AS de-
coding is concentrated, separating systematic cor-
rectness from lucky hits. Together, EIR and ICR
supply complementary, label-free signals for meta-
inductive training; the full SFT→RL pipeline and
hyperparameters are in Appendix A.

4 Experiments

4.1 Experimental Setup

Baselines. FS (few-shot ICL) prepends K
demonstrations for decoding (Dong et al., 2024).
S-FS (strategy-based few-shot; untrained-inducer
baseline) induces a strategy before straight answer-
ing (Gao et al., 2024), sharing the query-blind
interface without cross-task RL. MetaICL (Min
et al., 2022a) performs cross-task meta-training
under equal compute without explicit induction.
GEPA (Agrawal et al., 2026) performs inference-
time prompt optimization. Gemini-3-flash and
GPT-5 are closed-source upper bounds. See Ap-
pendix A for details.

Datasets and Metrics. Training data are drawn
from StrategyBench (Tan et al., 2026), a curated
subset of BIG-Bench (Srivastava et al., 2023) fil-
tered according to five inducibility criteria (Ap-
pendix I.1) using Qwen3-32B scoring with author
spot-checks. We use execution-filtered demon-
strations from this corpus for SFT (Appendix I).
Evaluation covers BIG-Bench ID/OOD splits (Ap-
pendix J), BBH (Suzgun et al., 2023), MATH-
500 (Lightman et al., 2024), StrategyQA (Geva
et al., 2021), and ReClor (Yu et al., 2020), with
exact-match accuracy throughout. ∆% denotes rel-
ative change from the same-backbone FS baseline:
∆ = (score − FS)/FS × 100%; absolute accuracy
differences are reported in percentage points (pp);
Avg. in Table 1 averages the five benchmarks.

4.2 Main Results

To isolate what enables transferable TIR, we com-
pare methods in Table 1 and obtain three findings.

Cross-task training alone cannot yield TIR.
Under equal training budgets, MetaICL scores be-
low the untrained FS baseline on OOD and trails
CoDI by over 34 points, showing cross-task pa-
rameter updates alone fail to produce reusable task-
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BIG-Bench
Type Model Method BBH (∆%) ID (∆%) OOD (∆%) MATH-500 (∆%) StratQA (∆%) ReClor (∆%) Avg.

w
/o

Tr
ai

ni
ng

Gemma-3-4B FS 37.41 26.00 45.00 54.00 58.95 48.00 44.89
S-FS 25.00−33% 18.33−30% 28.00−38% 60.00+11.1% 59.97+1.7% 46.40−3.3% 39.62

Qwen3-4B
FS 35.56 29.33 53.33 63.13 69.97 83.60 55.82
S-FS 27.78−22% 30.00+2% 38.33−28% 65.20+3.3% 64.19−8.3% 81.20−2.9% 51.12
GEPA§ 79.59 61.65 56.88 61.20 71.32 79.80 68.41

Llama-3.1-8B FS 31.11 20.00 44.33 43.40 70.60 39.40 41.47
S-FS 21.30−32% 13.33−33% 23.00−48% 37.80−12.9% 53.13−24.7% 40.60+3.0% 31.53

Gemini-3-flash† FS 95.37 84.67 84.00 65.93 83.50 84.53 83.00
S-FS 91.67−4% 76.00−10% 78.67−6% 60.60−8.1% 87.29+4.5% 85.00+0.6% 79.87

GPT-5† FS 94.44 80.33 73.67 71.40 85.54 97.93 83.89
S-FS 88.89−6% 63.00−22% 61.67−16% 68.00−4.8% 97.93+14.5% 98.00+0.1% 79.58

w
/T

ra
in

in
g Gemma-3-4B FS 40.00+7% 31.33+21% 50.33+12% 61.60+14.1% 69.72+18.3% 49.20+2.5% 50.36

CoDI 42.67+14% 43.00+65% 55.67+24% 62.20+15.2% 67.98+15.3% 65.60+36.7% 56.19

Qwen3-4B
FS 40.93+15% 41.33+41% 55.56+4.2% 65.80+4.2% 73.53+5.1% 85.80+2.6% 60.49
CoDI 82.22+131% 64.67+120% 63.00+18% 76.15+20.6% 77.44+10.7% 86.60+3.6% 75.01
MetaICL 33.52 32.00 28.67 16.80 58.95 72.00 40.32

Llama-3.1-8B FS 32.22+4% 22.11+11% 45.56+3% 50.00+15.2% 81.51+15.5% 45.60+15.7% 46.17
CoDI 41.67+34% 23.00+15% 48.33+9% 47.80+10.1% 73.94+4.7% 48.00+21.8% 47.12

Table 1: Exact-match accuracy comparing CoDI with FS, S-FS, GEPA, MetaICL, and closed-source APIs
on BBH, BIG-Bench ID/OOD, MATH-500, StrategyQA, and ReClor (w/o and w/ training). ∆%= (score −
FS)/FS × 100; red/blue = gain/loss. †Unfine-tuned; Gemini-3-flash = gemini-3-flash-preview. §GEPA:
gemini-3-flash-preview optimizer, Qwen3-4B executor, four reflective iterations.

level strategies. GEPA improves over FS on in-
distribution tasks, but its gains derive from query-
conditioned prompt evolution rather than query-
decoupled strategy induction, placing it structurally
apart from the reusable TIR that CoDI targets.

Query-blind interface alone is insufficient. To
disentangle interface from meta-inductive training,
we compare S-FS with FS under the same back-
bone. S-FS retains CoDI’s query-blind interface
but excludes cross-task RL. On OOD, S-FS trails
FS across all three backbones and remains far be-
low trained CoDI, showing query-blind decoupling
alone is insufficient for generalizable TIR.

Explicit TIR-aligned training drives gains.
CoDI consistently outperforms all baselines un-
der full TIR-aligned training. On Qwen3-4B, it
raises OOD accuracy by +18% over the untrained
FS baseline, with especially pronounced gains on
BBH and BIG-Bench ID. Positive OOD improve-
ments hold across all three open-source backbones
and extend to MATH-500, StrategyQA, and ReClor.
These results confirm that optimizing explicitly for
TIR generalizes task-level strategy induction across
diverse backbones and domains.

4.3 Ablation Study

To verify what drives generalizable TIR, we ablate
core components on Qwen3-4B (Table 2, 3).

Reward design and training pipeline. We ana-
lyze the effect of reward design, training stages, and

architectural decoupling on Qwen3-4B. As shown
in Table 2, the full model achieves 63.00 OOD ac-
curacy. Removing ICR preserves ID but reduces
OOD by 9.3 pp, indicating ICR supports cross-task
generalization. Without EIR, ID falls to 49.00, as
rewards without difficulty-adaptive normalization
conflate task difficulty with strategy quality. Raw-
accuracy and LLM-judge rewards, SFT-only train-
ing, and end-to-end non-decoupled training all trail
substantially, indicating that neither alternative re-
wards nor query-coupled optimization suffices for
generalizable TIR induction.

Configuration ID BBH OOD

CoDI (EIR+ICR, full) 64.67 82.22 63.00

Reward component ablation
w/o ICR (β=0, EIR only) 62.67 69.81 53.67

w/o EIR (ICR only) 49.00 69.07 53.67

w/ raw Acc reward 31.67 48.15 56.67

w/ LLM Judge reward 49.00 69.44 57.33

Training pipeline ablation
w/o SFT (RL only) 60.67 78.70 55.00

w/o RL (SFT only) 31.67 33.89 40.00

Decoupled architecture
w/o decoupled arch. (e2e training) 33.67 38.52 40.33

Table 2: Qwen3-4B component ablations.

Strategy format. Table 3 compares TIR for-
mats; the semi-structured schema outperforms
free-form and CoT-style alternatives on ID, BBH,
OOD, and ICR. Removing [TASK_PROCEDURE]
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collapses OOD to 2.67, the largest impact among
its three sections; ablating [INDUCTIVE_RULE] or
[TRANSFER_SCOPE] lowers OOD by over 20 pp
each, showing that both the induced rule and trans-
fer scope are required for generalization.

Strategy Format ID BBH OOD ICR

CoDI (semi-structured) 64.67 82.22 63.00 84.73

Free-form (no schema) 46.00 53.52 40.00 75.59

CoT-style (implicit structure) 59.56 72.84 49.33 75.57

Semi-structured section ablation
w/o [INDUCTIVE_RULE] 42.33 49.44 39.67 74.27

w/o [TASK_PROCEDURE] 1.33 1.48 2.67 71.67

w/o [TRANSFER_SCOPE] 31.67 36.85 33.67 80.35

Table 3: Qwen3-4B ablation comparing alternative TIR
formats and individual schema sections.

5 Analysis

5.1 What Drives the Gains?
Gains exceed scale. Analysis reveals that OOD
improvements primarily reflect TIR optimization
rather than pretrained capacity alone. With AS
fixed to Qwen3-4B, untuned SG OOD accuracy
rises from 0.12 (1.7B) to 0.57 (32B), confirm-
ing that scale remains helpful. Trained CoDI-4B
nonetheless reaches 0.62 and exceeds the 32B base-
line by 9% despite 8× fewer parameters (Figure 3).
Because the gap persists after untuned scaling satu-
rates, TIR quality functions as a distinct optimiza-
tion target orthogonal to model size.

1.74 8 14 32
0.1

0.2

0.3

0.4

0.5

0.6

SG Parameter Count (B)

O
O

D
A

cc
ur

ac
y

Untuned SG CoDI-4B

Figure 3: Trained CoDI-4B exceeds untuned 32B SG
on BIG-Bench OOD with 8× fewer parameters.

Induction becomes cross-example. We next test
whether CoDI induces rules from multiple sup-
ports rather than copying individual examples.
If rules still depended on single demonstrations,
leave-one-out (LOO) removal should strongly alter
[INDUCTIVE_RULE] semantics. On matched evalu-
ation tasks, we regenerate each induced rule after

removing one of K=3 supports and measure em-
bedding shift (Appendix H). Mean LOO sensitivity
drops from 0.325 to 0.087 across 10 task types (Fig-
ure 4). Accordingly, the gains reflect cross-example
abstraction rather than instance memorization.

Pre-CoDI
(base model)

Post-CoDI
(CoDI fine-tuned)

−73.4%

Ex1 Ex1Ex2 Ex2Ex3 Ex3

T01 0.459 0.445 0.500 0.082 0.088 0.085

T02 0.452 0.500 0.455 0.170 0.176 0.181

T03 0.353 0.377 0.364 0.081 0.080 0.088

T04 0.288 0.295 0.304 0.054 0.051 0.060

T05 0.281 0.275 0.302 0.065 0.070 0.062

T06 0.325 0.304 0.357 0.117 0.122 0.114

T07 0.247 0.265 0.232 0.039 0.039 0.039

T08 0.282 0.290 0.272 0.087 0.083 0.089

T09 0.248 0.245 0.245 0.071 0.064 0.073

T10 0.270 0.255 0.273 0.093 0.097 0.082

LOO
sensitivity

0.5

0.4

0.3

0.2

0.1

0.0mean = 0.325 mean = 0.087

Figure 4: Mean LOO rule sensitivity drops 73.4% after
training, supporting cross-example abstraction.

5.2 What Does Meta-Induction Reshape?

Reasoning turns rule-directed. OOD gains co-
occur with shorter, rule-directed traces rather than
longer CoT. Unlike the main protocol (Table 1),
mechanistic analysis uses thinking-enabled ICL
on a trace-paired matched OOD subset, labeling
<think> spans with E/D/P/R units (Appendix D).
On this subset, OOD accuracy rises 104% while
trace length falls 21%; example-recitation units
fall 51% and D→P transitions rise 42% (Figure 5),
indicating demonstrations anchor rule formation
rather than copied text. Varying K on BIG-Bench
OOD (Figure 6), CoDI leads by 12 pp at K=1
but the margin narrows with more demonstrations,
so OOD gains reflect a parametric meta-inductive
prior rather than richer contexts alone.

OUTCOME

Acc.

Lthink

EXAMPLE DEPENDENCE
n
(ph1)
E

qE/R

ρE

RULE FORMATION
rD→P

ℓ̄P

+104%

+42%

+21%

−21%

−51%

−38%

−26%

-50 0 50 100
Relative change from Pre-CoDI: (Post − Pre)/Pre (%)

Figure 5: Post-CoDI raises OOD accuracy while short-
ening traces and example recitation, refuting a length-
driven account and supporting rule-directed reasoning.
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)

Few-shot ICL CoDI (ours)

Figure 6: BIG-Bench OOD accuracy (%) vs. shot count
K on Qwen3-4B (CoDI vs. few-shot ICL). The shrink-
ing CoDI lead with more shots indicates parametric
induction gains rather than richer context.

Strategies favor rule-based modes. We further
find that performance gains concentrate on rule-
oriented induction modes rather than extending
uniformly across all strategy types. Gemini-3-
flash scores Pre- and Post-CoDI strategies on six
induction dimensions (Appendix C). Post-CoDI im-
proves on Constraint, Procedural and Schema but
declines on Analogical and Pattern (Figure 7). This
asymmetric split is consistent with classic distinc-
tions between rule- and schema-based induction
and analogical mapping (Holland et al., 1986; Gen-
tner, 1983); we treat pattern extrapolation as an op-
erational category, and CoDI’s execution feedback
further biases the inducer toward explicit proce-
dures. Accordingly, the Analogical and Pattern de-
clines mark a disclosed capability boundary rather
than a uniform claim of meta-inductive superiority
across all reasoning types. Taken together with the
trace analysis, the shifts support rule-driven over
example-recitation induction.

1

2

3

4

5

Compositional

Analogical

Pattern

Procedural

Constraint

Schema 1.51

0.59

0.47

2.93

3.46

3.19

Pre-CoDI Post-CoDI

Figure 7: Radar chart of Pre- and Post-CoDI strategy
scores on six induction modes (Gemini-3-flash).

Case study. Table 4 instantiates the trace and
induction-mode shifts above on one BIG-Bench
Navigate episode with K=3 supports and a test
query unseen in the supports. FS treats the query
as most similar to Ex3 and reuses its Yes label,
which aligns with the example-recitation pattern in
Figure 5 and with surface matching in §1. S-FS
induces a strategy without seeing the query, yet its
rule restates the Ex3 trajectory and yields the same
wrong Yes answer, so query-blind decoupling alone
does not yield a task-family rule. CoDI abstracts
coordinate updates verified on all three supports
and executes them to reach (2, 2), which yields the
correct No answer and aligns with the Procedural
and Constraint gains in Figure 7. Accordingly, this
case supports the hypothesis that generalization to
unseen instances depends on rules verified across
all supports rather than on query decoupling or
surface matching alone.

5.3 What Do Induced Strategies Achieve?

Correctness and transferability lead. We as-
sess induced strategy quality by comparing CoDI-
Qwen3-4B and GPT-5 strategies via pairwise GPT-
5 judgments on four dimensions (Appendix C; Fig-
ure 8). CoDI is preferred on Correctness and espe-
cially Transferability, indicating that label-free RL
yields portable, execution-grounded TIR. Under
the same objective, Executability and Conciseness
are less favored because CoDI optimizes transfer-
able rules for a fixed 4B executor rather than GPT-
5-native phrasing, and GPT-5 self-judging may am-
plify this asymmetry (§7).

Qwen3-4B Wins Tie GPT-5 Wins

Correct. 52%
2%

46%

Execut. 40%
3%

57%

Transfer. 49% 20% 31%

Concise. 31% 30% 39%

0 20 40 60 80 100
Share of GPT-5 pairwise judgments (%)

Figure 8: Pairwise GPT-5 judgments favor CoDI on
Correctness and Transferability but not on Executability
or Conciseness, defining the polish-oriented boundary
of RL-optimized TIR.

Gains transfer to OOD execution. Analysis re-
veals that induced strategies raise OOD accuracy
under a fixed solver, with the largest margins on
rule-transfer-critical task types and limited gains

20700



Few-shot (K=3). BIG-Bench Navigate; decide return to
origin.

Ex1 N2,S2→Yes; Ex2 E3,W3→Yes;
Ex3 N1,S1,E2,W2→Yes (4 moves, returns).

Test query. N4,S2,E3,W1.
Move combination unseen in supports; return to start?

Gold No (final (2, 2) ̸= (0, 0)).

Method Solving process Pred. Behavior

FS Compare query with all supports in context. Select Ex3 as the nearest match (four moves). Reuse the
Yes label from Ex3 without coordinate tracking. Apply an action-count shortcut rather than origin
logic, never checking whether the final position returns to (0, 0).

Yes
✗

surface
matching

S-FS Induce a strategy from supports only without seeing the query. Rule text states track N/S/E/W and test
the origin. At solve time, pattern-matches the test query to Ex3 and copies that move sequence instead
of applying the rule. Output Yes without independent coordinate calculation or endpoint verification.

Yes
✗

example
recitation

CoDI SG induces a coordinate rule verified on Ex1–Ex3. AS initializes (0, 0) and parses four instructions.
Updates coordinates to (0, 4), (0, 2), (3, 2), and (2, 2). Tests (2, 2) ̸= (0, 0) and outputs No.

No
✓

task-level
regularity

Table 4: Navigate case study on a matched BIG-Bench Navigate episode (K=3; untrained FS/S-FS, trained CoDI,
Qwen3-4B). Rows compare solver processes on the same episode. ✗/✓mark incorrect and correct predictions.

Task Type Gem.-Flash
FS / S-FS

GPT-5
FS / S-FS

Qw3-4B
(CoDI)

Ctx.Param.Conf. 75.00 / 65.00 70.00 / 65.00 90.00
VitaminC 85.00 / 80.00 65.00 / 40.00 78.33
Elem.Math 99.00 / 89.00 95.00 / 75.00 97.67
Track.Shuf. 100.00 / 91.67 85.00 / 90.00 99.44
Bool.Expr. 90.00 / 95.00 100.00 / 85.00 98.33

Table 5: CoDI-induced strategies yield the largest
OOD gains on rule-transfer-critical types under a fixed
Qwen3-4B AS.

where baselines already saturate. We hold Qwen3-
4B AS fixed and vary only strategy source across
five OOD types (Table 5). CoDI achieves the
largest margin on Ctx.Param.Conf. (+15.0 pp over
the best closed-source baseline). On Elem.Math,
Track.Shuf., and Bool.Expr., gains are modest be-
cause strong closed-source FS baselines already ap-
proach ceiling performance. These patterns never-
theless show that label-free induced TIR improves
a fixed 4B executor most where portable rules are
essential, confirming transfer beyond training tasks.
Details appear in Appendix G.

6 Related Work

Meta-learning and in-context adaptation.
MAML (Finn et al., 2017) adapts parameters via
gradient updates without explicit cross-instance
strategies. MetaICL (Min et al., 2022a) likewise
meta-trains in-context learning at the parameter
level. Mirage (Li et al., 2025) shows that ICL
often follows neighbor-based matching rather
than recovering reusable abstract rules. Motivated
by these limitations, our work introduces a
Cognitive-Decoupling Framework for discrete,

query-blind TIR, decoupling induction from frozen
execution.

Induction from examples and prompt opti-
mization. StrategyLLM (Gao et al., 2024) in-
duces and selects task-level strategies, while Self-
Discover (Zhou et al., 2024) composes reasoning
structures for prompted tasks. Induct-Learn (Chen
et al., 2024) and LEAP (Zhang et al., 2024) derive
instructions or principles from few-shot supports,
but remain inference-time prompting methods
rather than a trained cross-task inducer. CoT (Wei
et al., 2022), STaR (Zelikman et al., 2022), and
DeepSeek-R1 (Guo et al., 2025) improve reason-
ing traces or reasoning policies; GEPA (Agrawal
et al., 2026) optimizes prompts via reflective search
at the task level. Our work builds upon this broader
paradigm with Dual-Loop Meta-Inductive Learn-
ing, optimizing query-blind TIR via cross-task RL
and EIR×ICR feedback for reasoning episodes.

ICL under distribution shift. Standard ICL
is highly sensitive to demonstration choice, for-
mat, label space, and input distribution, which
can degrade under task-family or domain mis-
match (Min et al., 2022b; Schoch and Ji, 2025;
de Wynter, 2026). Inference-time remedies such as
CCL (Byun et al., 2025) improve OOD robustness
via domain-invariant demonstration selection but
remain per-query interventions rather than training
a reusable inducer. Mechanistic and theoretical
work further suggests that OOD generalization in
ICL depends strongly on task-distribution cover-
age, low-test-error preferences, and subspace align-
ment (Wang et al., 2025; Goddard et al., 2025;
Kwon et al., 2026). In contrast, CoDI trains a
query-blind inducer to learn transferable TIR from
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supports via cross-task RL, offering a reusable alter-
native to inference-time demonstration engineering
for OOD few-shot generalization.

7 Conclusion

Few-shot OOD generalization demands explicit,
optimizable task-level induction beyond execution
scale. To this end, we presented CoDI, combining a
Cognitive-Decoupling Framework for query-blind
TIR with Dual-Loop Meta-Inductive Learning for
label-free cross-task inducer optimization. Experi-
ments show that neither parameter-level adaptation
nor query-blind decoupling alone yields reusable
TIR, yet TIR-aligned training drives systematic
OOD gains across benchmarks. Accordingly, meta-
induction constitutes a trainable capability comple-
mentary to model scale. Future work may eval-
uate finer task-level shifts, strengthen analogical
and pattern induction, and study strategy–solver
co-adaptation across languages and modalities.

Limitations

Computational cost. Each training episode re-
quires G × M = 32 frozen AS forward passes,
roughly 32× standard SFT compute. Training com-
pletes in 12–24 hours on 8×A800 GPUs; future
work may reduce cost via adaptive rollout sched-
ules, cached solver verification, or distillation from
the trained SG.

Benchmark scope and confounds. We evalu-
ate only on English text-reasoning benchmarks,
leaving broader language, modality, and distribu-
tion shifts untested. Gemini-3-flash both proposes
SFT strategies and annotates mechanistic traces,
and ID/OOD splits share the StrategyBench con-
struction pipeline, but GPT-5 cross-annotation (Ap-
pendix E) and gains on MATH-500, StrategyQA,
and ReClor partially address these concerns.

Strategy–solver coupling. We fix AS during
training and update SG via execution feedback for
stable credit assignment. TIR is natural-language
and interface-decoupled, yet effective quality de-
pends on the training-time executor. Under a fixed
executor (Table 5), substitution gains favor rule-
governed over analogical or pattern modes and
support portable structure, while strategy–solver
co-adaptation remains out of scope.
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A Implementation Details

Pretrained backbones and source datasets follow
their public licenses (Qwen3, Llama 3.1, Gemma 3,
and BIG-Bench). CoDI training code is linked in
the abstract and released under the MIT License.
StrategyBench construction scripts and task-level
splits are given in Appendix I.

A.1 Models, Evaluation Protocols, and
Baselines

Models and APIs. We train and evaluate CoDI
on Qwen3-4B (Yang et al., 2025), Llama-3.1-
8B (Grattafiori et al., 2024), and Gemma-3-
4B (Team et al., 2025). Qwen3-8B uses the same
recipe and is omitted from the main table for space.
Closed-source APIs (Gemini-3-flash (Google
DeepMind, 2025a) and GPT-5 (OpenAI, 2025)) are
inference-time upper bounds and are not fine-tuned.
Gemini-3-flash denotes Google AI model ID
gemini-3-flash-preview. It proposes SFT refer-
ence strategies and serves as the primary annotator
in mechanistic analysis. It is not used for task fil-
tering or ID/OOD split construction. Task filtering,
categorization, and split assignment use Qwen3-
32B scoring with author spot-checks (Appendix I).
Gemma-3-4B denotes gemma-3-4b-it (Google
DeepMind, 2025b) and Llama-3.1-8B denotes
Llama-3.1-8B-Instruct (Meta, 2024).

Baselines and implementation. MetaICL
and GEPA are described in §4.1. GEPA uses
gemini-3-flash-preview as the optimizer and
Qwen3-4B as the executor, with four reflective it-
erations. Defaults are G=8, K=3, and β=0.5 on
8×A800 GPUs; full hyperparameters are in Table 6
and the training pipeline below.

Numeric format. Reported accuracies are per-
centages (e.g., 45.00 denotes 45.00%); ∆% is the
relative change from the same-backbone FS base-
line (§4.1).
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A.2 Hyperparameters
Table 6 lists the default training configuration used
in all main experiments.

Hyperparameter Value

Model configuration
Strategy Generator (SG) Qwen3-4B (trainable)
Answer Solver (AS) Qwen3-4B (frozen, non-thinking mode)
SFT demonstrations Gemini-3-flash proposals, execution-filtered
Task filtering / splits Qwen3-32B scoring + author spot-checks
Hardware 8×A800 (80 GB)
Training time ∼12–24 h (one full CoDI run)

Training hyperparameters
Rollout count G 8
Few-shot shots K 3
Learning rate 1× 10−6 (AdamW)
Max generation length 16,384 tokens
Training data ∼20K samples

Reward parameters
Asymm. weight α+ (positive gain) 0.7
Asymm. weight α− (negative gain) 0.3
ICR amplification β 0.5
Log-smoothing constant k 10
Lower-bound cutoff ε 0.05
Baseline EMA decay γ 0.9

Table 6: Hyperparameters for CoDI training.

Two-stage pipeline. CoDI training comprises
Phase 1 (SFT warm-up) and Phase 2 (inductive
alignment).

Phase 1 SFT warm-up. πSG is fine-tuned on
teacher-constructed demonstrations to emit format-
compliant strategies. Supervision targets schema
validity rather than task accuracy. After a few hun-
dred steps (>90% format-valid rate), π(0)

SG initial-
izes per-task EIR baselines {bτ} from inference
accuracies on training tasks.

Phase 2 inductive alignment. We optimize πSG
with the joint reward in Eq. (7) via cross-task
GRPO while AS remains frozen. Format-invalid
rollouts are excluded from AS execution and re-
ceive a reward of zero, as specified in the format
gate below. Each episode samples one task type
uniformly at random.

Format gating. A binary check tests whether
all required schema sections are present and struc-
turally valid. Format-invalid strategies receive
Ri = 0 and are not passed to AS, so EIR and
ICR are not computed. A zero reward, rather than
a negative penalty, avoids inflating reward variance
while withholding credit for malformed outputs,
which lets GRPO move away from format viola-
tions without destabilizing training.

A.3 EIR: Difficulty-Adaptive Normalizer
The normalizer c(bτ ) in Eq. (4) is defined as

c(bτ ) = max
(
bατ (1− bτ )

1−α, ε
)

(8)

where α is selected by the sign of δi and ε = 0.05
lower-bounds the denominator when bτ approaches
0 or 1.

Mathematical properties. The function bα(1−
b)1−α on b ∈ [0, 1] is an unnormalized
Beta(α+1, 2−α) density, maximized uniquely at
b = α. When bτ = α, c(bτ ) is largest and |graw|
is smallest; as bτ moves toward easy (bτ → 1)
or hard (bτ → 0) extremes, c(bτ ) shrinks and
|graw| grows, up-weighting deviations on extreme-
difficulty tasks.

Role of asymmetric α. With α+ = 0.7 > α− =
0.3, EIR applies two difficulty calibrations:
• Positive (δi ≥ 0, α = α+): c(bτ ) peaks at bτ =
0.7, giving mid-to-high difficulty tasks a natural
baseline while amplifying gains on very hard
tasks (bτ ≪ 0.7).

• Negative (δi < 0, α = α−): c(bτ ) peaks at
bτ = 0.3; regressions on high-baseline tasks
(bτ ≫ 0.3) receive stronger penalties, whereas
low-baseline regressions retain larger c(bτ ) and
preserve early exploration.

Ablation. Setting α+ = α− = 0.5 causes near-
complete training collapse (BBH 4.26, OOD 3.67;
Table 11), confirming that asymmetric EIR weight-
ing is necessary for stable cross-task GRPO.

B Full Strategy Schema and Format
Comparison

This section compares three strategy formats, spec-
ifies the CoDI semi-structured template, and gives
two cross-task examples. Ablation numbers are in
Table 3.

B.1 Format comparison, specification, and
examples

We use BIG-Bench Navigate (grid tracking, decide
whether the agent returns to the origin) to compare
Free-form, CoT-style, and Semi-structured (CoDI)
formats, matching Table 3. The table also ab-
lates the mandatory sections [INDUCTIVE_RULE],
[TASK_PROCEDURE], and [TRANSFER_SCOPE].

Free-form (unstructured). The inducer is
prompted as follows.

Based on the following examples,
generate a strategy to solve this type
of problem.

[few-shot examples]

Strategy:
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A typical SG output is as follows.

Track coordinates. North +y, South -y,
East +x, West -x. Check if (x,y) = (0,0)
at end.

Limitation: Output is unconstrained in length
and structure, so token-level log-probability base-
lines are incomparable across rollouts and ICR is
ill-defined. SG often paraphrases specific exam-
ples rather than stating verifiable task-family rules,
yielding the weakest OOD generalization.

CoT-style (implicit structure). The inducer is
prompted as follows.

Based on the following examples, analyze
the pattern and generate a step-by-step
strategy for solving this type of
problem. Think carefully and reason step
by step.

[few-shot examples]

Strategy:

A typical SG output is as follows.

Let me analyze the examples: -
Example 1: coordinates update with each
direction... - Example 2: same pattern
confirmed...

General approach: 1. Initialize
position (0,0) 2. Parse each
instruction... 3. Check if final
position is origin

This should work for similar grid
navigation problems, though diagonal
movements might need special handling.

Limitation: Reasoning steps appear, but rules and
procedures are interleaved and boundary condi-
tions are ad hoc. Without fixed section headers,
AS sees variable prompts, ICR is only moderately
reliable, and OOD transfer is weaker than under
semi-structured control.

Semi-structured prompt of CoDI:

Based on the following examples,
generate a strategy using EXACTLY the
following sections: [INDUCTIVE_RULE] /
[TASK_PROCEDURE] / [TRANSFER_SCOPE]

[few-shot examples]

Strategy:

Typical SG output:

[INDUCTIVE_RULE] Update coordinates:
North (+y), South (-y), East (+x), West
(-x). Decide whether the endpoint equals
the origin (0,0).

[TASK_PROCEDURE] 1. Initialize
(x,y)=(0,0) 2. Parse each instruction
for direction and steps 3. Update

coordinates 4. Output Yes if
(x,y)==(0,0), else No

[TRANSFER_SCOPE] Applies when
directional moves are given and
the query asks about returning to the
start. Not applicable when diagonal
moves or conditional branches appear;
extend Step 2 accordingly.

Advantage: Fixed section headers yield compa-
rable token-level baselines and measurable ICR;
INDUCTIVE_RULE enforces explicit induction and
TRANSFER_SCOPE manages boundaries, giving the
strongest OOD performance.

Semi-structured specification. CoDI requires
SG to emit three named sections; we define their
semantics and format violations below.

Mandatory sections. Each strategy must contain
three sections delimited by header lines:

• [INDUCTIVE_RULE]: Task-family regularities in-
ferred from K examples, verifiable against sup-
ports but not tied to any single instance. Bound-
ary cases belong in [TRANSFER_SCOPE].

• [TASK_PROCEDURE]: Three to six numbered, ex-
ecutable steps covering parsing, reasoning, and
output formatting.

• [TRANSFER_SCOPE]: Scope specification with
trigger conditions, at least one non-applicable
case, and any exceptions to the inductive rule.

Format violations (missing sections, misspelled
headers, or empty section bodies) assign Ri = 0
and exclude the strategy from AS execution (for-
mat gating above).

Worked example (Navigate). The following
Navigate strategy illustrates the three-section tem-
plate.

[INDUCTIVE_RULE]

From the examples: each instruction
has the form “walk {steps} steps
{direction}.” Update North (+y), South
(-y), East (+x), West (-x); test whether
the final point is (0,0).

[TASK_PROCEDURE]

1. Initialize (x, y) = (0, 0). 2.
Parse each instruction for direction
and step count. 3. Update coordinates
accordingly. 4. After all instructions,
check whether (x, y) = (0, 0). 5. Output
“Yes” if true, otherwise “No.”

[TRANSFER_SCOPE]

Trigger: a sequence of directional
moves with a return-to-start
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query. Application: apply the
coordinate-tracking steps directly.
Non-applicable: (1) diagonal moves; (2)
conditional branches (e.g., “if ...,
then go north”), which require extra
parsing in Step 2.

Worked example (Word sorting). The follow-
ing Word Sorting example shows the same schema
on a different task family.

[INDUCTIVE_RULE]

Sort the given word list alphabetically
(case-insensitive). Compare characters
left to right; digits precede letters;
special characters follow ASCII order.

[TASK_PROCEDURE]

1. Lowercase all words for comparison.
2. Sort by alphabetical order with
character-wise comparison. 3. If
prefixes match, place the shorter word
first. 4. Output the sorted list as
comma-separated tokens.

[TRANSFER_SCOPE]

Trigger: unordered word list requiring
alphabetical output. Application:
follow Steps 1–4. Non-applicable: (1)
frequency- or semantics-based sorting
requires a new criterion in Step 2; (2)
multi-word phrases must be treated as
single tokens in Step 1.

C Annotation and Evaluation Prompts

Figures 9–12 collect the full templates used for
mechanistic scoring. They appear at the end of the
appendix in single-column layout.

Six-mode scoring. Figure 9 is the Gemini-3-
flash rubric for six induction modes (integer
scores 0–5). The rubric is an operationaliza-
tion inspired by classic accounts of induction
and analogy (Holland et al., 1986; Gentner,
1983). Compositional and Procedural scores target
[TASK_PROCEDURE]; Analogical and Pattern Ex-
trapolation target [INDUCTIVE_RULE]; Constraint-
based and Schema target [TRANSFER_SCOPE].

Think-unit tagging. Figure 10 tags sentence-
level <think> units as E/D/P/R.

Strategy quality. Figure 11 is the GPT-5 pair-
wise judge for Correctness, Executability, Transfer-
ability, and Conciseness, with models presented as
A and B.

Inductive-rule judging. Figure 12 scores each
[INDUCTIVE_RULE] on abstraction, coverage,
copying, and transferability. Aggregate judge
means are not reported; the template is included so
the LOO qualitative protocol can be reproduced.

D Thinking-Unit Taxonomy and Trace
Metrics

This section supports §5.2 and Figure 5. Unlike Ta-
ble 1, which uses strategy-then-answer with think-
ing disabled, this analysis uses thinking-enabled
direct ICL on a trace-paired matched OOD sub-
set (episodes where both Pre and Post checkpoints
emit a valid <think> span). We split each <think>
span into sentence-level units and assign E/D/P/R
labels with Gemini-3-flash (Figure 10).

D.1 Unit taxonomy (E/D/P/R)
Table 7 defines the four sentence-level tags used in
this section. E and D are non-inductive. P marks
a newly stated rule. R marks application of a rule
already stated in the same trace.

Tag Name Ind.? Description

E Example-recitation No The unit recalls, quotes, or closely
paraphrases a specific support ex-
ample without abstracting beyond
it.

D Direct-application No The unit applies facts or procedures
to the current instance without first
stating a cross-example pattern.

P Pattern-abstraction Yes The unit states a general rule or in-
variant intended to hold across in-
stances (inductive content).

R Rule-application Yes The unit applies a rule or pattern
that was already stated earlier in
the trace.

Table 7: Cognitive tags for sentence-level units inside
<think>. “Ind.?” indicates inductive (rule-level) con-
tent; descriptions define the annotation target.

Phase-1 prefix. Let the labeled unit sequence
be (y1, . . . , yn). Phase-1 is the maximal prefix
of consecutive E labels at the start of the trace:
indices {1, . . . , t} where y1 = · · · = yt = E and
either t = n or yt+1 ̸= E. We report n(ph1)

E =∑
i≤t 1[yi=E], which equals t on this definition.

Figure 5 plots this prefix length, not the total E
count nE used in qE/R and ρE .

D.2 Trace metrics and statistical tests
Let (y1, . . . , yn) be labels after dropping empty
segments; n is the number of units. Denote counts
nc =

∑
i 1[yi=c] for c ∈ {E,D,P,R}, and

nP∪R = nP +nR. Example-to-rule ratio. When-
ever nP∪R > 0, define qE/R = nE/nP∪R. Exam-
ple share. ρE = nE/n, reported as a percentage.
Think length. Lthink is the character length of the
full <think> span (including whitespace). D→P
rate. rD→P = 1

n−1

∑n−1
i=1 1[yi=D, yi+1=P ]

(percentage of adjacent pairs). Mean P length.
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ℓ̄P = mean{len(uniti) | yi=P} (characters);
undefined if nP=0 (those samples are excluded
from ℓ̄P averages only). Accuracy. Accmatched

OOD

is exact-match accuracy on the same thinking-
enabled matched subset as Fig. 5, not the full OOD
split in Table 1.

Inference and testing. All sentence labels are
produced by Gemini-3-flash with temperature 0.
GPT-5 re-annotation on a random subsample of
40 matched OOD tasks (180 sentence-level units)
yields Cohen’s κ=0.79 on E/D/P/R labels and Pear-
son r=0.91 on six-mode scores (Appendix E; Ta-
bles 9 and 10). Unless otherwise noted, p-values
are two-sided paired tests at the trajectory level
over matched tasks (Pre vs. Post). Table 8 reports
the primary process metrics. Matched accuracy
rises from 45.2 to 92.4 while think length and the
phase-1 recitation prefix fall, and D→P transitions
and mean P length rise.

Metric Pre Post ∆ p

Lthink 5276 4171 −1105 < 10−3

qE/R 1.079 0.674 −0.405 3.0×10−4

rD→P (%) 4.36 6.21 +1.85 4.0×10−5

ℓ̄P 89.4 108.6 +19.2 8×10−6

AccOOD

(matched, %) 45.2 92.4 +47.2 < 10−3

n
(ph1)
E 18.54 9.06 −9.48 2.1×10−4

ρE (%) 16.50 12.14 −4.36 1.3×10−3

Table 8: Pre/Post-CoDI trace metrics on Qwen3-4B
matched OOD tasks with valid thinking traces (K=3;
subset of Table 1 OOD). Acc.: McNemar; n(ph1)

E , ρE :
paired t; remaining metrics: paired trajectory tests.

E GPT-5 Cross-Annotation Check

To test whether mechanistic conclusions reflect
Gemini-3-flash annotation preferences, GPT-5 re-
scores strategies and re-annotates traces on a ran-
dom subsample of 40 matched OOD tasks (180
sentence-level units), using the rubrics in Ap-
pendix C and Fig. 10. The six-mode rubric treats
the six dimensions as distinct (Holland et al., 1986;
Gentner, 1983), so a high score on one mode does
not imply a high score on another.

Six-mode strategy scores. Table 9 reports Pre-
/Post-CoDI scores on the six induction modes.
Gemini-3-flash columns repeat the full-cohort
scores of Figure 7. GPT-5 columns are the n=40
subsample. Rule-oriented modes (Procedural, Con-
straint, Schema) rise after training under both an-
notators, whereas Analogical and Pattern decline.

Every Post−Pre ∆ keeps the same sign, which is
a sign check rather than a claim of equal sample
size.

Mode Gem. Pre Gem. Post G5 Pre G5 Post

Compositional 1.23 1.51 1.18 1.46
Procedural 1.86 2.93 1.81 2.86
Constraint 1.96 3.46 1.88 3.38
Schema 2.47 3.19 2.41 3.12
Analogical 1.22 0.59 1.15 0.54
Pattern 1.09 0.47 1.14 0.53

Table 9: Pre-/Post-CoDI six-mode scores (Gem.: full
cohort, Fig. 7; G5: n=40). All six Post−Pre ∆ share
the same sign across annotators.

Trace-level Post−Pre deltas. Table 10 reports
Post−Pre changes for Gemini-3-flash on the full
matched cohort (Table 8) and for GPT-5 on the
n=40 subsample (180 units). All continuously
scored metrics keep the same sign, as do the six-
mode Post−Pre directions in Table 9. The compar-
ison is a sign check rather than a matched-pair test
on identical items.

Metric Gem. ∆ G5 ∆ Sign

Lthink −1105 −968 ✓
qE/R −0.405 −0.382 ✓
rD→P +1.85 +1.72 ✓
ℓ̄P +19.2 +18.6 ✓

n
(ph1)
E / ρE −9.48 / −4.36 −9.12 / −4.08 ✓

Six-mode signs 6/6 6/6 ✓

Table 10: Post−Pre trace deltas: Gem. (full cohort) vs.
G5 (n=40). Sign agreement only (Appendix D.2).

F Sensitivity Analysis

Table 11 reports hyperparameter sensitivity for K
(shot count in the strategy-then-answer pipeline of
Table 1), β, α, and k (log-smoothing constant in
EIR) on Qwen3-4B. This K sweep is distinct from
the evaluation-time shot curve in Figure 6. ⋆ marks
the default in main experiments.

Shot count K. Performance peaks at K=3
(BBH 82.22, OOD 63.00) and drops slightly at
K=5 (BBH 78.52, OOD 57.67). The largest single-
step gain is K=1→2 (+24.32 BBH). At K=1,
OOD is 34.71, below the untrained FS baseline of
53.33 in Table 1, so one-shot training is insufficient
for the full strategy-then-answer pipeline.

ICR amplification β. β=0.5 is optimal across
all metrics. Performance degrades at both β=0.3
(BBH 44.20, OOD 44.67) and β=0.7 (BBH 48.89,
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Parameter Value ID BBH OOD

K (shots)

1 48.89 44.20 34.71
2 55.67 68.52 48.00
3⋆ 64.67 82.22 63.00
5 63.67 78.52 57.67

β (ICR weight)
0.3 50.00 44.20 44.67
0.5⋆ 64.67 82.22 63.00
0.7 39.00 48.89 47.00

α−/α+
0.1/0.9 55.67 71.85 47.33
0.3/0.7⋆ 64.67 82.22 63.00
0.5/0.5 4.00 4.26 3.67

k (log-smooth.)

1 30.00 35.00 34.00
5 37.33 41.85 36.67

10⋆ 64.67 82.22 63.00
20 41.67 49.81 36.00

Table 11: Hyperparameter sensitivity on Qwen3-4B for
K, β, α, and k (⋆: default; exact-match accuracy, %).

OOD 47.00). Too little amplification under-weights
the inductive signal, while too much distorts the
reward landscape and destabilizes GRPO.

EIR asymmetry α. Asymmetric weighting
(α+, α−) = (0.7, 0.3) yields the best result (OOD
63.00). The symmetric setting (0.5, 0.5) causes
near-complete training collapse (BBH 4.26, OOD
3.67), so the asymmetric design is needed for
GRPO stability across task difficulties. A more ex-
treme pair (α−, α+) = (0.1, 0.9) is worse (OOD
47.33), which suggests that over-penalizing nega-
tive outcomes suppresses exploration on hard tasks.

Log-smoothing constant k. k controls logarith-
mic compression of the difficulty-normalized gain
graw in EIR and is distinct from shot count K. The
default k=10 is best across splits (BBH 82.22,
OOD 63.00). At k=1, insufficient smoothing
yields noisy rewards and unstable training (BBH
35.00, OOD 34.00). Performance rises at k=5
(BBH 41.85, OOD 36.67) and peaks at k=10. In-
creasing k to 20 over-compresses difficulty gradi-
ents (BBH 49.81, OOD 36.00). Weak or strong
compression both hurt; k=10 is the main default.

G Solver Transferability

Table 12 fixes CoDI-4B SG and swaps AS to test
strategy transfer across executors.
The 4B row (61.93) follows the swap protocol, not
the main-table OOD (63.00). 4B, 8B, and 32B AS
remain close to that reference (61.93, 62.89, and
61.30), whereas 14B drops to 51.14. The 14B dip
may reflect instruction-tuning mismatch. Solver
compatibility is left to future work.

SG AS OOD↑ ∆
vs. CoDI-4B AS

CoDI-4B

4B 61.93 −1.07
8B 62.89 −0.11
14B 51.14 −11.86
32B 61.30 −1.70

Table 12: Solver transfer with a fixed CoDI-4B SG.
Deltas are absolute OOD points relative to the main-
table CoDI-4B AS score of 63.00. The 4B row is a re-
run under the swap protocol and need not equal 63.00.

H LOO Rule Sensitivity and
Inductive-Rule LLM Judging

Figure 4 reports embedding-based leave-one-out
(LOO) sensitivity of the [INDUCTIVE_RULE] span
on matched evaluation tasks with K=3. The four-
dimension GPT-5 rubric is given in Fig. 12 for
reproducibility; we do not report aggregate judge
means. Table 13 maps heatmap rows T01–T10 to
task types and splits. T01 and T05 are ID. T02
and T07 are OOD-subtask (Table 15). T10 (Date
understanding) is a BBH diagnostic rather than an
ID or OOD-subtask inventory item.

Row Task type Split

T01 Movie recommendation ID
T02 Dyck languages OOD-subtask
T03 Penguins in a table ID
T04 Geometric shapes ID
T05 Formal fallacies ID
T06 Temporal sequences ID
T07 Nonsense-word grammar OOD-subtask
T08 Logical deduction ID
T09 Salient translation error detection ID
T10 Date understanding BBH

Table 13: Task index for the rows in Fig. 4. Split labels
follow Appendix J; T10 is a BBH diagnostic.

Stratified sampling and rule generation. We
stratify by problem_type, draw evaluation shards,
and use vLLM to sample M=5 independent
[INDUCTIVE_RULE] texts per task under full few-
shot conditioning.

LOO sensitivity and heatmap cells. Let ei be
the bge-m3 embedding of rule i, and e

{−j}
i the

embedding after re-generating the rule with sup-
port example j removed. Per-rule sensitivity is
sij = 1 − cos(ei, e

{−j}
i ). Figure 4 plots task-

level values s̄τj = 1
M

∑M
i=1 sij for ten represen-

tative tasks τ and slots j∈{1, 2, 3}. Cell colors are
clipped at vmax=0.5 for readability. The headline
means s̄LOO are the averages of these 30 cells (Pre
0.325, Post 0.087).
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Optional softmax attribution. Softmax weights
aij = softmax(si1, si2, si3)j are useful for per-
rule attribution summaries; the heatmap cells in
Fig. 4 use the raw cosine-based sensitivities aver-
aged over rules as above.

LLM-as-judge protocol. GPT-5 assigns integer
scores in {1, . . . , 5} with a one-sentence justifica-
tion per dimension, using the template in Fig. 12.
A higher copying_score is worse.

I StrategyBench Dataset

StrategyBench evaluates strategy induction and
strategy application in in-context learning. It is
built from BIG-Bench (Srivastava et al., 2023) by
task filtering, format standardization, categoriza-
tion, and split construction. The target setting is
few-shot induction of a reusable solution method
and application to unseen queries.

Data format. Each example uses a unified input–
output structure. The input field holds the task
instruction and query instance. The output field
holds the target answer for automatic evalua-
tion. Strategy-based episodes also include a small
demonstration set used either to induce a strategy
or as in-context examples for direct inference. Con-
struction scripts and split files are in the public code
release cited at the end of this section.

I.1 Five-Criterion Task Filtering
To keep training data suitable for strategy induction
and reinforcement learning, BIG-Bench tasks are
retained only if they meet five operational criteria.
1. Objective evaluability. Answers must be au-

tomatically checkable. Tasks with subjective
judgments, open-ended opinions, ethical pref-
erences, or unstable answer boundaries are ex-
cluded.

2. Format stability. After standardization, input–
output formats must support a consistent
episode layout for demonstrations, strategies,
and predictions.

3. Rule inductibility. A small support set must
suffice to infer a pattern, rule, mapping, or pro-
cedure. Tasks that mainly require memorized
facts or arbitrary labels are excluded.

4. Low external-knowledge dependency. The
query plus demonstrations should be sufficient.
Tasks that require substantial world knowledge
are excluded so that scores reflect induction
rather than recall.

5. Transfer potential. The induced method must
apply to new instances of the same family or
under a documented shift.

Unsuitable tasks are removed. Retained tasks
are standardized into training, validation, and test
episodes. As BIG-Bench-derived synthetic rea-
soning tasks, our data do not contain personally
identifying information; tasks with subjective or
potentially sensitive content were excluded during
filtering.

Teacher scoring. Retained tasks are processed
for SFT warm-up. Gemini-3-flash proposes can-
didate reference strategies, and only strategies that
pass execution-accuracy filtering on the frozen
solver enter Phase 1 SFT. Task filtering, catego-
rization, and ID/OOD split assignment use Qwen3-
32B scores with author spot-checks, not Gemini.

Code and splits. The public code release
at https://anonymous.4open.science/r/
StrategyBench-D53C/ contains the five-criterion
filtering pipeline, the standardized episode format,
and the ID/OOD split definitions used in §4.1.

J Task-Level ID/OOD Partition

J.1 In-Distribution (ID) Split
The ID split comprises tasks or subtasks present in
the training data, with test instances held out from
training instances. It evaluates whether a model
can induce and apply strategies when task rules,
input–output formats, and demonstration patterns
resemble those seen during training.

J.2 Out-of-Distribution (OOD) Split
The OOD split is created by completely holding
out certain tasks, subtasks, or task categories from
training and using them only for evaluation. OOD
examples differ more strongly from training data in
task source, input–output format, reasoning struc-
ture, or required capabilities.

Granularity levels. StrategyBench also defines
finer diagnostic splits. OOD-subtask holds out
subtasks under related sources. OOD-task holds
out tasks with related ability requirements. OOD-
category holds out coarse categories with larger
shifts. BBH denotes selected Big-Bench Hard tasks
used as an external diagnostic, reported as a sep-
arate column in Table 1 rather than as the main
OOD aggregate. Unless noted, this paper reports
task-level ID and OOD.
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Quantifying distributional shift. Following Ye
et al. (2023), we train an MLP on per-task few-
shot accuracies from ID tasks and evaluate how
well it forecasts held-out OOD accuracy. Ta-
ble 14 summarizes predictability (R2), rule over-
lap, ability-profile Jaccard, and mean absolute error
across split levels. Lower R2 indicates a capa-
bility gap rather than a shared formatting artifact.
Rule overlap is 0% on all OOD rows by construc-
tion. Ability-profile Jaccard is a separate similarity
(0.74, 0.51, 0.29 at OOD-subtask, OOD-task, and
OOD-category) and decreases as structural distance
grows.

Split Hold-out Rule R2 Jacc. MAE
ovlp. (pp)

ID (ref.) same subtasks 100% 0.91 – 3.1
OOD-subtask 28 subtasks 0% 0.68 0.74 6.2
OOD-task 19 tasks 0% 0.38 0.51 9.4
OOD-category 7 categories 0% 0.15 0.29 12.8

Table 14: OOD shift on StrategyBench split levels
(Qwen3-4B FS baseline). Rule overlap is template over-
lap with ID training. Jaccard is ability-profile similarity,
not rule overlap. ID keeps the same subtasks with dis-
joint instances; MAE is mean absolute error in percent-
age points.

ID and OOD-subtask inventories. Table 15 lists
the ID and OOD-subtask inventories used for main-
text BIG-Bench evaluation. The full split defini-
tions and construction scripts are in the Strategy-
Bench repository (Appendix I).

ID subtasks (training + eval)

Navigate, Word Sorting, Tracking Shuffled Objects,
Boolean Expressions, Contextual Parametric Conflicts,
Elementary Math, Formal Fallacies, Geometric Shapes,
Hyperbaton, Implicatures, Logical Deduction, Movie
Recommendation, Penguins in a Table, Reasoning about
Colored Objects, Salient Translation Error Detection,
Snarks, Sports Understanding, Temporal Sequences,
Tracking Shuffled Objects (three objects), Web of Lies,
Winowhy, and related BIG-Bench subtasks

OOD-subtask (held out, 28 subtasks)

Dyck Languages, Causal Judgment, Disambiguation QA,
Epistemic Reasoning, Intent Recognition, Linguistic
mappings, Nonsense-word grammar, Play Dialog Same or
Different, Ruin Names, Strange Stories, Symbol
Interpretation, Unit Conversion, and 16 additional held-out
subtasks (full list in repository)

Table 15: Representative ID and OOD-subtask inven-
tories for main-text BIG-Bench evaluation; remaining
names in the 28-subtask hold-out are in the public re-
lease. Date understanding (Fig. 4, T10) is a BBH diag-
nostic and is not listed in either inventory.
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Prompt Used for Six-Mode Induction Scoring

You are an expert in inductive reasoning. Score the following model-generated strategy on six theoretically grounded
modes of induction. Each mode is rated on an integer scale 0–5; scores must be justified by direct reference to the
strategy text.

Task description: {task}

Strategy to score: {strategy text}

Six induction modes:
1. Compositional — Does the strategy combine multiple atomic sub-rules into a composite procedure (e.g. chaining

conditions, nesting operations)?

2. Analogical — Does the strategy draw structural correspondences across examples, mapping shared relational
patterns rather than surface features?

3. Pattern Extrapolation — Does the strategy extract a pattern that visibly extends beyond the demonstrated
instances (e.g. to longer sequences, new value ranges, unseen entities)?

4. Procedural — Does the strategy abstract a step-wise algorithm from input–output pairs (clear ordering, state
updates, termination conditions)?

5. Constraint-based — Does the strategy identify and articulate implicit constraints, preconditions, or boundary
conditions (e.g. when the rule does not apply)?

6. Schema-induction — Does the strategy explicitly classify the task type itself, recognising the meta-level structure
(e.g. “this is a coordinate-tracking problem”)?

0–5 scoring rubric (applied per dimension):
• 0 — Absent: no evidence of this mode in the strategy.

• 1 — Hinted: a fragment alludes to it but is not developed.

• 2 — Partial: present but incomplete or ambiguous.

• 3 — Adequate: clearly present, executable, but minimal.

• 4 — Strong: well-developed, multi-step or multi-condition.

• 5 — Exemplary: cleanly abstracted, generalisable, with explicit scope statements.

Calibration constraints: (i) Scores must reference specific text spans (quote the supporting sentence in evidence).
(ii) If a mode is structurally inapplicable to the task type, mark as N/A rather than 0. (iii) Modes are scored
independently; high score on one does not imply high score on others.

Output strictly in JSON:

{
"compositional": {"score": 0–5 or "N/A", "evidence": "...", "reason": "..."},
"analogical": {"score": 0–5 or "N/A", "evidence": "...", "reason": "..."},
"pattern_extrapolation": {"score": 0–5 or "N/A", "evidence": "...", "reason":

"..."},
"procedural": {"score": 0–5 or "N/A", "evidence": "...", "reason": "..."},
"constraint_based": {"score": 0–5 or "N/A", "evidence": "...", "reason": "..."},
"schema_induction": {"score": 0–5 or "N/A", "evidence": "...", "reason": "..."},
"composite": {"mean_score": float, "applicable_modes": int}

}

Figure 9: Prompt used for six-mode induction scoring. Each strategy receives an independent 0–5 score per mode;
the composite is the mean over applicable modes (N/A modes excluded from averaging).
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Prompt Used for Thinking-Unit Classification (E/D/P/R)

System. You are an expert cognitive analyst studying how language models reason during few-shot problem solving.
Classify a single reasoning sentence into exactly one of four categories by its cognitive function. Be strict and
consistent; output valid JSON only, with no extra text.

User.
Task context. Problem: {problem_text}

Support examples (summary): {examples_summary}

Four categories.
1. E (Example-recitation): The sentence directly recalls, quotes, or closely paraphrases content from a specific

support example. No abstraction beyond that example.

2. D (Direct-application): The sentence applies knowledge, a fact, or a procedure to the current problem instance
without first deriving or stating a general pattern (calculations, lookups, direct inferences from given facts).

3. P (Pattern-abstraction): The sentence states a general principle, rule, or pattern intended to hold across multiple
examples or instances.

4. R (Rule-application): The sentence explicitly applies a general rule or pattern that was stated or inferred earlier
in the reasoning trace.

Sentence to classify: {unit_text}

Output strictly as JSON (one line, no extra keys): {"label": "<E|D|P|R>", "reason": "<one sentence>"}

Figure 10: Prompt for Gemini-3-flash sentence-level tagging of <think> units.

Prompt Used for Strategy Quality Analysis

Please act as a professional strategy evaluator and compare the following two model-generated strategies across four
dimensions.

Task description: {task}

Model A Strategy: {Model-A-generated strategy}

Model B Strategy: {Model-B-generated strategy}

Compare the two strategies on the following four dimensions:
1. Correctness — Does the strategy accurately capture the task rules and produce correct solutions?

2. Executability — Is the strategy clear and actionable enough for a model to follow step by step?

3. Transferability — Is the strategy abstract and generalizable enough to apply to unseen tasks of the same type?

4. Conciseness — Is the strategy expressed concisely without redundant or repetitive content?
For each dimension, indicate which is better and provide a brief reason. Output in JSON format:

{
"correctness_better": "Model A" / "Model B" / "tie",
"correctness_reason": "reason",
"executability_better": "Model A" / "Model B" / "tie",
"executability_reason": "reason",
"transferability_better": "Model A" / "Model B" / "tie",
"transferability_reason": "reason",
"conciseness_better": "Model A" / "Model B" / "tie",
"conciseness_reason": "reason",
"overall_better": "Model A" / "Model B" / "tie",
"overall_reason": "reason"

}

Figure 11: Prompt used for strategy quality analysis.
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Prompt Used for Inductive-Rule Quality (JSON-only)

System. You are an expert evaluator for few-shot inductive-rule quality. You will receive (i) a task description, (ii)
K=3 support input–output pairs, and (iii) a generated inductive rule [INDUCTIVE_RULE]. Score the rule objectively
on four dimensions (1–5) with a one-sentence justification each. Output only valid JSON (no markdown, no extra
text).

Calibration (do not score). Example A (high abstraction / low copying): sentiment task; rule “Identify whether
the review expresses a net positive or negative evaluation of a product attribute; classify accordingly.” Expected:
abstraction 5, coverage 5, copying 1, transferability 5. Example B (low abstraction / high copying): same demos;
rule “If the review mentions battery life dying quickly, classify it as Negative.” Expected: abstraction 1, coverage 1,
copying 5, transferability 1.

Task. {task_description}
Support. Ex1: in {ex1_input}, out {ex1_output}; Ex2: in {ex2_input}, out {ex2_output}; Ex3: in {ex3_input}, out
{ex3_output}.
Rule. {inductive_rule}

Rubric (1–5 each). (1) abstraction_score: task-level principle vs. paraphrasing demos (5 fully abstract; 1 restates
one demo). (2) coverage_score: supported by multiple demos (5 all three; 1 only one). (3) copying_score: copied
from a single demo (5 strong copying; 1 none)—higher is worse. (4) transferability_score: useful on unseen
instances of the same task type.

JSON schema. {"abstraction_score": int (1–5), "abstraction_reason": "one sentence",

"coverage_score": int (1–5), "coverage_reason": "one sentence",

"copying_score": int (1–5), "copying_reason": "one sentence",

"transferability_score": int (1–5), "transferability_reason": "one sentence"}

Figure 12: GPT-5 prompt for scoring each [INDUCTIVE_RULE] on abstraction, coverage, copying (reverse-scored),
and transferability.
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