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Abstract

Few-shot in-context learning is usually eval-
uated by final accuracy, but correct predic-
tions do not guarantee recovery of the intended
task boundary. We formulate few-shot ICL as
decision-boundary induction and decompose
performance into boundary induction and rule
execution. Using controlled binary verification
tasks with decomposable boundaries, we diag-
nose which necessary components are behav-
iorally enforced and, under chain-of-thought,
explicitly recognized. Across three tasks and
multiple model families, we show that few-shot
ICL often induces component-biased verifiers
rather than the full target boundary. Stronger
models are more robust to this bias, while chain-
of-thought reshapes rather than uniformly im-
proves boundary recovery. An explicit-rule
intervention further shows that improvements
come from both recovering missing boundary
components and executing recognized ones
more reliably. These results suggest that eval-
uating few-shot ICL should go beyond aggre-
gate accuracy and directly test boundary re-
covery. Code is available at https://github.
com/limy805/boundary-icl

1 Introduction

Few-shot in-context learning (ICL) enables a model
to adapt to a task from a small set of labeled demon-
strations without parameter updates (Brown et al.,
2020). Although ICL is often evaluated by final
prediction accuracy, successful adaptation requires
more than assigning correct labels to individual
queries. The model must infer the underlying de-
cision rule: which input distinctions determine
whether an instance should receive one label rather
than another. In this sense, few-shot prompting
induces a behavioral decision boundary under the
prompted task.

*Work done during an internship at Kuaishou Technology.
†Corresponding author.

Recovering this boundary is difficult because re-
alistic task criteria are often only partially specified
and hard to fully describe in natural language. For
example, if a safety filter is shown negative ex-
amples mostly involving explicit violence, it may
induce a narrow verifier that rejects violent content
while overlooking other unsafe cases not repre-
sented in the demonstrations. More generally, a
small set of demonstrations provides only partial
evidence about the intended boundary, allowing the
model to produce labels that are locally consistent
with the examples while relying on an incomplete
or shortcut boundary.

Final correctness alone therefore does not reveal
whether the intended boundary has been recovered.
Let A denote the event that the final prediction is
correct, and let B denote the event that the model
has recovered the intended boundary. Then ag-
gregate accuracy mixes two sources of success:
P (A) = P (A | B)P (B) + P (A | ¬B)P (¬B).
The second term captures cases where the model
is correct despite following a different boundary,
such as a shortcut or locally sufficient pattern. Thus,
treating every correct prediction as evidence of suc-
cessful task induction can overestimate what the
model has actually learned.

Prior work has largely evaluated ICL through
final predictions or aggregate performance, leaving
component-level boundary recovery underexplored
(Zhao et al., 2021; Lu et al., 2022; Min et al., 2022;
Dong et al., 2024; Xie et al., 2022; Kossen et al.,
2024). Since a model’s true internal boundary is
not directly observable, we focus on observable
boundary recovery. When chain-of-thought (CoT)
reasoning is available, we use the reasoning trace
as evidence of the verifier the model explicitly ar-
ticulates during prediction, while noting that CoT
may not fully capture internal mechanisms (Wei
et al., 2022; Turpin et al., 2023). By inspecting
these expressed traces, we can separate two fail-
ure modes that final accuracy conflates: boundary
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Figure 1: Few-shot ICL can be viewed as a two-stage
process. First, given labeled demonstrations, the model
induces an implicit task boundary—an internal hypothe-
sis about the conditions under which an instance should
be accepted. As illustrated on the left, the ground-truth
task is governed by a hidden conjunction of multiple
necessary constraints. Second, the model reasons about
a new query under its inferred boundary to produce a
prediction. However, as illustrated on the right, demon-
strations may not equally reveal every constraint, caus-
ing the model to induce a boundary that is incomplete,
overly broad, or biased toward salient rules.

omission, where a necessary component is absent
from the expressed verifier, and execution failure,
where the component is recognized but checked in-
correctly. To make this diagnosis possible, we con-
struct controlled binary decision tasks with known
and decomposable ground-truth boundaries. We
focus on binary decisions because they provide the
simplest setting for studying boundary induction,
while many multi-class or structured decisions can
be viewed as compositions of binary distinctions.
Each task contains multiple necessary boundary
components: a valid instance must satisfy all com-
ponents, whereas each negative probe violates one
target component while keeping the others valid
whenever possible. This design lets us attribute fail-
ures to specific components and examine whether
demonstrations lead models to enforce some parts
of the boundary while ignoring others.

Using this framework, we compare two diagnos-
tic settings. In the implicit few-shot setting, the
intended boundary is not stated explicitly and must
be inferred from demonstrations. In the explicit-
rule setting, all boundary components are directly
specified in the instruction. The latter is an ide-

alized diagnostic condition rather than a realistic
description of most deployed tasks: in real-world
settings, task boundaries are often only partially
known and cannot be fully enumerated in natural
language. Figure 1 provides an overview of our
diagnostic framework. This paper makes three con-
tributions.

1. We formulate boundary recovery in few-shot
ICL as a two-stage process of boundary induc-
tion and rule execution, enabling component-
level diagnosis of which parts of the boundary
are recovered, enforced, weakened, or omit-
ted.

2. We show that few-shot ICL can induce
component-biased verifiers. Models do not
recover all necessary components uniformly:
stronger models are more robust to this bias,
while CoT reshapes rather than uniformly im-
proves boundary recovery.

3. We show that explicit rule specification
improves both boundary recognition and
recognition-conditioned execution. By com-
paring implicit few-shot prompting with an
explicit-rule intervention, we show that perfor-
mance gains come from both better boundary
recovery and more reliable execution.

2 Related Work

ICL and demonstration sensitivity. In-context
learning enables large language models to adapt
from a small number of demonstrations (Brown
et al., 2020). Prior work shows that ICL is sensitive
to demonstration selection, ordering, label words,
calibration, prompt format, and input–label map-
pings (Zhao et al., 2021; Liu et al., 2022; Lu et al.,
2022; Min et al., 2022; Dong et al., 2024). A related
line of work studies how to retrieve, select, or an-
notate demonstrations for better ICL performance
(Rubin et al., 2022; Su et al., 2023; Qin et al., 2024;
Zhang et al., 2025; Wang et al., 2026; Schoch and
Ji, 2025). Other studies interpret ICL as task infer-
ence, latent concept learning, implicit algorithmic
learning, context-dependent use of input–label re-
lationships, or mixtures of in-context learners (Xie
et al., 2022; Garg et al., 2022; Akyürek et al., 2023;
von Oswald et al., 2023; Kossen et al., 2024; Wang
et al., 2023a; Li et al., 2024a; Hong et al., 2025).
These works show that demonstrations strongly af-
fect how models infer and execute tasks in context.
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Underspecification, shortcuts, and decision
boundaries. Our work is closest to studies show-
ing that few-shot demonstrations can underdeter-
mine the intended task. Si et al. (2023) show that
underspecified demonstrations induce systematic
feature biases, while other work studies shortcuts,
ambiguity, spurious correlations, biased task inter-
pretations, and conflicting rule evidence (Geirhos
et al., 2020; Webson and Pavlick, 2022; Jang et al.,
2024; Li et al., 2024b; Jiao et al., 2026). Closest
in terminology, Zhao et al. (2024) probe decision
boundaries induced by ICL and find that they can
be irregular and non-smooth. In contrast, we study
the component coverage of the induced boundary:
which necessary components of a multi-component
target boundary are recovered, weakened, or ig-
nored.

Behavioral diagnosis and reasoning traces.
Our component-level evaluation relates to behav-
ioral testing and contrast-set evaluation, which use
targeted examples to reveal model behavior beyond
aggregate accuracy (Ribeiro et al., 2020; Gardner
et al., 2020). However, our perturbations diagnose
the boundary induced during few-shot ICL itself,
rather than serving only as post-hoc robustness
tests. We also analyze chain-of-thought traces as
observable expressions of the articulated decision
rule, without treating them as faithful access to the
model’s internal mechanism (Wei et al., 2022; Ko-
jima et al., 2022; Wang et al., 2023b; Turpin et al.,
2023). Overall, we reframe demonstration sensi-
tivity as boundary induction: demonstrations may
reshape not only final predictions, but also which
parts of the intended boundary become decision-
critical.

3 Diagnostic Framework

3.1 Few-shot Verification with
Componentized Boundaries

We study binary decision-making in few-shot in-
context learning, where a model predicts the label
of a query from a small set of labeled demonstra-
tions (Brown et al., 2020; Dong et al., 2024). We
focus on binary decisions because they provide the
simplest and most controlled setting for analyz-
ing decision-boundary induction. Since multi-class
decisions can often be decomposed into multiple
binary distinctions, this setting captures a basic unit
of broader ICL behavior.

Formally, the prompt contains a small set of la-

beled demonstrations

S = {(zi, f(zi))}ni=1,

and the model is asked to predict the label of a
new query instance z. Here, f(z) ∈ {0, 1}, where
f(z) = 1 means that the instance should be ac-
cepted and f(z) = 0 means that it should be re-
jected.

To make the task boundary observable, we for-
mulate verification as a multi-component decision
problem. Let

C = {c1, c2, . . . , cM}

denote a set of controlled and interpretable task
components, where each component is a binary
predicate cj(z) ∈ {0, 1}. An instance is valid only
when all necessary components are satisfied:

f(z) =
M⋀︂

j=1

cj(z).

Thus, the ground-truth boundary is conjunctive: vi-
olating any necessary component should make the
instance negative. This structure lets us ask whether
the model recovers the full set of necessary condi-
tions, rather than merely learning a high-accuracy
shortcut over probes.

This formulation does not assume that real-world
tasks are always reducible to a conjunction of sym-
bolic rules. Instead, we use componentized bound-
aries as a diagnostic tool. By designing tasks in
which the true boundary is known and decom-
posable, we can test whether the model enforces
each necessary condition separately. This is sim-
ilar in spirit to behavioral testing and contrast-set
evaluation, which use targeted perturbations to re-
veal model behavior beyond aggregate accuracy
(Ribeiro et al., 2020; Gardner et al., 2020). In
our setting, this design allows us to compare the
ground-truth verifier with the model’s final predic-
tions, and, when CoT is available, with the verifier
explicitly described in the reasoning trace.

3.2 Observable Boundary Recovery
The componentized formulation defines the in-
tended verifier f through a set of necessary com-
ponents C. However, after observing only a few
demonstrations, a model may not recover the same
verifier. It may enforce all components, omit some
necessary components, or rely on a locally suffi-
cient shortcut.
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Since the model’s internal decision boundary
is not directly observable, we study observable
boundary recovery. That is, we ask whether the
model’s observable outputs indicate that the in-
tended boundary components are treated as nec-
essary. We use two types of evidence. The first is
final prediction behavior: a model should accept
probes that satisfy all components and reject probes
that violate any necessary component. This behav-
ioral evidence is available in both direct and CoT
settings.

The second type of evidence is the reasoning
trace, which is available only in the CoT setting.
We do not treat CoT as a faithful readout of the
model’s hidden causal mechanism. Instead, we
use it as an observable expression of the verifier
articulated during prediction. This allows us to
ask not only whether the final label is correct, but
also whether the model explicitly treats the violated
component as a necessary condition.

This distinction is important because final accu-
racy can conflate different sources of success and
failure. A model may reject a negative probe be-
cause it recognizes the target violation, or it may
reject it for an unrelated reason. Conversely, it
may mention the correct component but still exe-
cute the check incorrectly. We therefore separate
final behavioral success from explicit component
recognition in the diagnostic definitions below.

3.3 Diagnosing Boundary Recovery

We diagnose boundary recovery using two observ-
able signals: final prediction correctness and, in
CoT settings, explicit component recognition.

For each probe z, let

A(z) = 1[ŷ(z) = y(z)]

denote whether the model makes the correct final
prediction. For valid probes, A(z) = 1 means
that the model correctly accepts the candidate. For
violation probes, A(z) = 1 means that the model
correctly rejects the candidate.

For a negative probe whose primary violation
corresponds to component cj , we further define a
trace-based recognition variable:

Bj(z) = J(τ(z), cj),

where τ(z) is the model’s reasoning trace and J is
an LLM-based judge (Zheng et al., 2023). Here,
Bj(z) = 1 means that the trace explicitly treats

component cj as a necessary condition for rejec-
tion. Merely noticing an anomaly is not sufficient.
For example, if the model observes an abnormal de-
limiter but treats it as an acceptable typo, we do not
count this as recognizing the format boundary. This
trace-based signal is used only in CoT settings; in
direct settings, we report behavioral metrics only.

Recognition–execution decomposition. These
two signals allow us to distinguish boundary recog-
nition from rule execution. For a negative probe
targeting component cj , P (Bj) measures whether
the model explicitly recovers cj as part of the
expressed verifier. Conditioned on recognition,
P (A | Bj) measures whether the model correctly
executes the corresponding check. After excluding
unattributable correct rejections, we define target-
attributed success as

P (Aj) = P (Bj) · P (A | Bj).

This decomposition separates two failure modes. If
Bj(z) = 0, the model omits the violated compo-
nent from the expressed boundary. If Bj(z) = 1
but A(z) = 0, the model recognizes the compo-
nent but fails to execute the check correctly. Thus,
final behavior measures whether a component is
enforced, while CoT traces help determine whether
failures arise from boundary omission or execution
failure.

Judge validation and attribution. Because
trace-based recognition depends on annotation, and
LLM-based evaluators can deviate from human
judgments in some settings (Shen et al., 2023;
Zheng et al., 2023), we validate the LLM judge
against human labels. For each CoT trace, the
judge is given the task description, the target viola-
tion component, and the model’s reasoning trace,
and is asked whether the trace explicitly treats the
target component as a necessary condition for re-
jection. The judge only annotates boundary recog-
nition; final prediction correctness is computed di-
rectly from the ground-truth label. The LLM judge
was instantiated with GPT-5.4.

We validate the judge on a stratified set of 500
human-annotated traces covering all three tasks,
multiple models, components, and correctness pat-
terns. The judge achieves over 97% agreement
with human annotations. We also manually audit
the two most important non-trivial cases: failures
without component recognition and failures after
component recognition.
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We exclude unattributable correct rejections
from trace-based recognition analysis. When a
negative probe is correctly rejected for reasons un-
related to the target violation, we keep it in be-
havioral evaluation but exclude it from recognition
analysis, because the trace does not show that the
target component is treated as necessary. These
annotations are used only for aggregate diagnos-
tics, not as claims about the model’s hidden causal
mechanism.

3.4 Task Suite
We construct three controlled verification tasks that
cover different forms of boundary components. De-
tailed task illustrations are shown in Figure 4 in
Appendix A. The core design principle is single-
component controllability: each negative probe
is generated by perturbing one target component
while keeping the other components valid when-
ever they are independently executable.

Task 1: Prefix-preserving digit-wise transforma-
tion. This task verifies whether a candidate string
preserves the prefix and applies a digit-wise +1
transformation to the numeric body. It contains
three components: format validity, prefix copying,
and body transformation.

Task 2: Hidden list-function verification. This
task requires the candidate annotation to select el-
ements from hidden positions in an input list, pre-
serve the required order, and insert a fixed token.
Its components include format validity, content se-
lection, insertion position, and sequence order.

Task 3: Order–invoice reconciliation. This
task models a structured record verification sce-
nario, where a normalized invoice must be checked
against a source order. It contains components such
as schema validity, field copying, item-code map-
ping, quantity and line-amount calculation, condi-
tional fee rules, and total consistency.

Together, these tasks span symbolic transforma-
tion, hidden structural verification, and application-
like structured reconciliation, while repeatedly test-
ing whether models treat format, transformation,
structural, and semantic consistency constraints as
necessary boundary components.

4 Experiments

4.1 Experimental Setup
Models and reasoning modes. We evaluate four
models from two model families: DeepSeek-V4-
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Figure 2: Boundary recognition and prediction suc-
cess across negative-demonstration distributions. Points
show means and vertical bars show min–max ranges;
endpoint labels indicate the distributions attaining large
extrema.

Flash, DeepSeek-V4-Pro, Qwen3.5-Flash, and
Qwen3.5-Plus (DeepSeek AI, 2026; Qwen Team,
2026). These models represent different capability
levels within each family. For each model, we con-
sider two reasoning modes: r ∈ {DIRECT, COT}.
In the DIRECT setting, the model is instructed to
output only the final labels. In the COT setting, the
model is encouraged to reason before giving the
final boolean prediction.

Prompt construction and shot sizes. Each
prompt contains a small set of labeled demon-
strations followed by held-out probes. Templates
for the implicit and explicit-rule settings are pro-
vided in Appendix B. For a task with compo-
nent set C, we scale the number of demonstra-
tions with the number of controlled components:
|S| ∈ {2|C|, 4|C|, 6|C|}. This scaling keeps the
amount of evidence comparable across tasks with
different numbers of components. Within each shot
size, we use an equal number of positive and nega-
tive demonstrations. Negative demonstrations are
sampled according to the negative-demonstration
distribution described below.

Negative-demonstration distributions. The
main experimental variable is the distribution of vi-
olation types among negative demonstrations. For
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CoT vs. Direct: Component-level Success

Direct CoT

Figure 3: Effect of CoT on component-level success.
Bars compare Direct and CoT settings after averaging
over models.

each task, let J denote the set of component-level
violation types. We construct the following set of
negative-demonstration distributions:

Dexp = {dbal} ∪ {d(k)single : k ∈ J }.

The balanced distribution dbal samples negative
demonstrations as evenly as possible from all viola-
tion types: qj = 1

|J | , j ∈ J , up to integer round-

ing. Each single-type distribution d
(k)
single uses only

negative demonstrations that violate component k:
qk = 1, qj = 0, ∀j ̸= k. Thus, by changing d,
we control which component-level violations are
shown as negative evidence in the prompt.

Repetitions and evaluation. For each configu-
ration, defined by task, model, reasoning mode,
shot size, and negative-demonstration distribution
d ∈ Dexp, we run 300 independent repetitions.
In each repetition, demonstrations and held-out
probes are newly sampled, while the task rule and
the distribution setting remain fixed. This allows us
to measure stable component-level behavior rather
than the effect of a particular prompt instance.

Held-out probes include both full-correct cases
and component-level violation cases. A predic-
tion is counted as successful if the model accepts
a full-correct case or rejects a violation case. Un-
less otherwise specified, results are first averaged
over repetitions within each configuration and then
macro-averaged over the three shot sizes.

4.2 RQ1: What Factors Shape the Induced
Boundary under Implicit Few-Shot
Prompting?

We first study how the boundary induced by im-
plicit few-shot prompting is affected by negative-
demonstration distributions, model capability, and
reasoning mode. Direct prediction is used only as
a behavioral reference for final component-level
success.

Negative demonstrations shape the expressed
boundary. Figure 2 shows that models do not
recover the full conjunctive boundary uniformly.
Instead, the components incorporated into the ex-
pressed verifier depend strongly on the negative
evidence provided in the prompt. The effect is
most pronounced for format constraints. Across
negative-demonstration distributions, the average
min–max range of format recognition reaches 34.0
points in Task 1, 61.7 points in Task 2, and 51.8
points in Task 3. The corresponding ranges in over-
all success are similarly large: 34.5, 66.0, and 55.3
points. Thus, whether the model treats format as
a necessary boundary component depends heavily
on whether format violations are represented in the
demonstrations.

This distributional sensitivity is not limited to
format, but it is component-dependent. Relational
and structural components also vary with negative
evidence, although less dramatically. For example,
in Task 2, order, position, and set show average
recognition ranges of 20.5, 20.3, and 17.2 points,
respectively. In Task 3, SKU (Stock-Keeping-Unit)
mapping varies by 16.8 points in recognition and
18.2 points in overall success. By contrast, dis-
count, tax, and shipping remain close to ceiling
across distributions, with average success ranges
below 4.0 points. These results indicate that neg-
ative demonstrations do more than improve detec-
tion of their own violation type. They reshape the
operative verifier by determining which necessary
components are emphasized, weakened, or omit-
ted.

Stronger models are less sensitive to distri-
butional bias. Model capability modulates this
boundary shift. Stronger models are generally more
stable across negative-demonstration distributions
and more often preserve multiple necessary compo-
nents. For example, Qwen-Plus remains at 100.0%
on Task 1 prefix violations across all distributions,
and several Task 3 components such as discount,
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Table 1: Boundary recognition of low-performing components under implicit prompting and explicit rule specifi-
cation. Each cell reports Implicit → Explicit with ∆ in parentheses. We report only components whose implicit
boundary-recognition rate is below 90%. Explicit results close to ceiling are rounded to 100.0 for readability.
Entries marked with “–” indicate components not included in the low-performing set.

Model Task 1 Task 2 Task 3

Format Transform Format Set Position Order Format SKU

Qwen3.5-Plus – –
36.8 → 100.0

(+63.2) – – –
59.6 → 88.1

(+28.5) –

DeepSeek-Pro
72.2 → 100.0

(+27.8)
80.5 → 100.0

(+19.5)
18.4 → 74.0

(+55.6) – – –
56.6 → 79.3

(+22.7) –

Qwen3.5-Flash
83.8 → 100.0

(+16.2)
64.5 → 100.0

(+35.5)
32.0 → 89.3

(+57.3)
86.8 → 100.0

(+13.2) –
87.0 → 100.0

(+13.0)
56.5 → 74.8

(+18.3)
74.3 → 88.0

(+13.7)

DeepSeek-Flash
66.8 → 100.0

(+33.2)
73.2 → 100.0

(+26.8)
10.1 → 25.8

(+15.7)
86.7 → 100.0

(+13.3)
87.1 → 100.0

(+12.9)
81.7 → 100.0

(+18.3)
38.4 → 47.8

(+9.4)
82.4 → 90.0

(+7.6)

tax, and shipping are near ceiling for most models.
In contrast, Flash-level models show larger ranges
and are more likely to collapse toward the compo-
nent emphasized by the prompt. This suggests that
stronger models can better infer underrepresented
boundary components from positive evidence and
task regularities, whereas weaker models rely more
heavily on the observed negative directions.

CoT changes behavioral component success, but
Direct does not reveal boundary recognition.
We further compare Direct and CoT settings at the
behavioral level in Figure 3. Because Direct predic-
tions provide no reasoning trace, this comparison
does not tell us whether Direct models explicitly re-
cover the boundary. It only shows how eliciting rea-
soning changes final component-level success. The
pattern is consistent across tasks: CoT improves
most reasoning-intensive or semantic components,
such as transform, order, tax, shipping, and valid
probes, but it consistently reduces success on for-
mat constraints. For example, format success drops
in all three tasks, with the largest decrease appear-
ing in Task 2. This suggests that CoT encourages
models to perform relational, sequential, and arith-
metic checks, while making them more tolerant of
surface-form deviations.

Overall, RQ1 shows that implicit few-shot
prompting induces a component-biased verifier
rather than a reliably complete boundary. Nega-
tive demonstrations shape which components are
recognized as necessary, model capability controls
the robustness of this recognition under biased ev-
idence, and CoT changes final component-level
behavior by improving most non-format compo-
nents while weakening strict format enforcement.
Thus, the central issue is not merely overall accu-
racy, but which parts of the true boundary become
operative under the prompt. We further validate

Table 2: Decomposing transform verification in Task 1.
We show DeepSeek-V4-Flash as a representative case;
other models exhibit the same qualitative trend.

Setting P(B) P(A | B) P(A)

Implicit, length 15 31.00 54.84 17.00
Explicit, length 15 100.00 82.95 82.95
Implicit, length 20 27.00 40.74 11.00
Explicit, length 20 100.00 70.93 70.93

the main findings on a real-world Amazon–Google
product entity matching benchmark in Appendix C.

4.3 RQ2: Does Explicit Boundary
Specification Recover the Full Boundary
and Ensure Correct Execution?

RQ1 shows that, under implicit few-shot prompt-
ing, models often induce incomplete or component-
biased verifiers. We next ask whether this problem
disappears when the intended boundary is explic-
itly specified. To this end, we consider an ideal-
ized explicit-rule setting in which the instruction
directly states all necessary boundary components.
The explicit-rule setting is not intended to show the
unsurprising fact that stated rules improve perfor-
mance. Instead, it serves as a diagnostic interven-
tion: by removing the need to infer the boundary
from demonstrations, it lets us separate failures
caused by boundary omission from failures caused
by executing an already stated component. Fol-
lowing the recognition–execution decomposition
defined in Section 3.3, this setting allows us to ask
two separate questions: whether explicit rules help
the model recover missing boundary components,
and whether the recovered components can then be
executed correctly.

Table 1 first examines boundary recovery. It
reports components that are weak under implicit
prompting and compares whether they are treated
as necessary conditions after explicit rule specifi-
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cation. Overall, explicit rules substantially reduce
boundary omission. In Task 1, low-performing
format and transform components are raised to
100.0% recognition for most measured models. In
Task 2, structural components such as set, position,
and order also reach 100.0% once they are explic-
itly stated. These results indicate that many implicit
failures are boundary-recovery failures: when the
task boundary must be inferred only from demon-
strations, models do not always incorporate all nec-
essary components into the expressed verifier.

However, explicit specification does not make
boundary recovery uniformly complete. Format re-
mains difficult in the more structured tasks. For in-
stance, Task 2 format recognition improves substan-
tially but remains below ceiling for several mod-
els, and DeepSeek-Flash still reaches only 25.8%.
In Task 3, format recognition remains below 90%
for all measured models, and SKU recognition is
still imperfect for Flash-level models. Thus, ex-
plicit rules greatly reduce boundary omission, but
whether a component is recovered still depends on
both the component type and the model.

We next examine whether recovered components
are executed correctly. Task 1 transform verifica-
tion provides a controlled example for this analysis.
We vary digit length to increase execution difficulty
while holding the target boundary fixed: both set-
tings require the same digit-wise +1 transform, but
longer digit bodies place a higher burden on reliable
execution. This helps separate failures of boundary
induction from failures of post-recognition execu-
tion. Using DeepSeek-V4-Flash as a representative
case, Table 2 shows that explicit rules increase
transform boundary recognition from 31.00% to
100.00% at length 15 and from 27.00% to 100.00%
at length 20. This indicates that many implicit er-
rors arise because the model fails to recover trans-
form as a necessary condition. At the same time,
explicit rules also improve recognition-conditioned
execution: P (A | B) increases from 54.84% to
82.95% at length 15, and from 40.74% to 70.93%
at length 20. Consequently, final success rises from
17.00% to 82.95% and from 11.00% to 70.93%,
respectively. Thus, explicit rules do not merely
make the missing component explicit; they also
make the recovered transform rule more reliably
executable. The other evaluated models show the
same qualitative trend, so we report this case for
clarity.

The remaining failures are component-specific.
SKU errors in Task 3 mainly reflect omitted con-

straints: because the verifier contains many nec-
essary conditions, models may fail to consistently
keep SKU mapping as a required boundary com-
ponent. Format errors follow a different pattern.
Once format is treated as necessary, execution
is essentially perfect; failures arise because mod-
els often notice surface-form deviations but treat
them as minor typos or acceptable notation vari-
ants rather than strict rejection conditions. Thus,
explicit rules reduce boundary omission and can im-
prove recognition-conditioned execution, but they
do not eliminate all errors. Different components
fail for different reasons: SKU failures come from
forgetting a necessary constraint in a crowded veri-
fier, whereas format failures come from refusing to
enforce a surface-form constraint as a hard bound-
ary.

5 Conclusion

This paper reframes few-shot ICL evaluation as
decision-boundary recovery rather than final cor-
rectness alone. We introduce a component-level
diagnostic framework that separates boundary in-
duction from rule execution, enabling failures to
be attributed to omitted components or unreliable
execution after recognition. Across controlled ver-
ification tasks, we show that few-shot demonstra-
tions often induce component-biased verifiers, with
model capability, CoT reasoning, and explicit-rule
specification shaping which components are recov-
ered and reliably executed. These findings suggest
that ICL evaluation should directly diagnose which
parts of the intended boundary are recovered, ig-
nored, or unreliably executed.

6 Limitations

Our tasks use controlled, decomposable bound-
aries, which enable precise diagnosis but simplify
the ambiguity and overlapping constraints of real-
world tasks. Although the structured invoice task
is closer to practical validation scenarios, future
work should evaluate boundary recovery in more
naturalistic domains such as information extraction,
function-call validation, and safety filtering.

Our trace-based analysis treats CoT as an observ-
able expression of the verifier, not as faithful ac-
cess to the model’s internal mechanism. Even with
human-validated judging, reasoning traces may ra-
tionalize or omit factors that influence the final pre-
diction. Future work should combine trace-based
diagnostics with intervention-based or logit-level
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analyses.
Finally, we study a limited set of models, prompt-

ing modes, and negative-demonstration distribu-
tions. The explicit-rule setting is also idealized:
in real applications, instructions are often partial,
noisy, or mixed with demonstrations. Extending
the analysis to hybrid and less controlled settings
would further clarify how ICL recovers and exe-
cutes decision boundaries in practice.
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A Task Illustrations and Capability
Coverage

This appendix provides additional details about
the controlled task suite used in our experiments.
The main paper describes the tasks at a high level,
while Figure 4 gives concrete examples of the input–
candidate format, the valid transformation, and rep-
resentative component-level violations. These ex-
amples are intended to clarify how each task instan-
tiates a decomposable decision boundary and how
negative probes are constructed by targeting one
primary component at a time.

Table 3 summarizes the types of capabilities cov-
ered by the three tasks. The tasks are not designed
to exhaustively cover all possible real-world verifi-
cation scenarios. Instead, they provide complemen-
tary diagnostic settings with increasing structural
complexity. Task 1 focuses on symbolic string
transformation, Task 2 focuses on hidden relational
structure, and Task 3 moves closer to application-
like record reconciliation involving copying, map-
ping, arithmetic calculation, and conditional rules.

Table 3: Capability coverage across tasks (T1–T3).
✓indicates at least one component of that type. Tasks
are complementary: T1 targets symbolic transformation,
T2 relational structure, and T3 arithmetic and condi-
tional rules.

Capability T1 T2 T3

Format compliance ✓ ✓ ✓
String copying ✓ ✓
Arithmetic transformation ✓ ✓
Set membership ✓
Positional constraint ✓
Sequence ordering ✓
Symbol mapping ✓
Quantity calculation ✓
Conditional fee rules ✓
# Components 3 4 5
Boundary nature Symbolic Relational Arithmetic

Across these tasks, the shared design principle is
that a candidate is valid only if all required com-
ponents are satisfied, allowing us to test whether
models recover the full boundary or only a subset
of its necessary conditions.

B Prompt Templates

This appendix provides the prompt templates used
in the implicit few-shot and explicit-rule settings.
For each task, the implicit prompt requires the
model to infer the labeling rule from demonstra-
tions, whereas the explicit-rule prompt directly
states the necessary boundary components in the
task instruction. In both settings, the demonstra-
tions and target probes follow the same input–
candidate–label format. The CoT setting is im-
plemented as a reasoning option applied to these
templates, rather than as a separate task template.

Figure 5 shows the prompt templates for Task 1.
The implicit version only describes the surface for-
mat and asks the model to infer the hidden rule
from examples. The explicit-rule version addi-
tionally states the three necessary components: ex-
act format, prefix preservation, and digit-wise +1
transformation without carry.

Figure 6 shows the prompt templates for Task 2.
The implicit version describes the task as a hidden
list transformation, while the explicit-rule version
specifies the required canonical annotation format,
set selection, sequence order, fixed-token insertion,
and consistency across fields.

Figure 7 shows the prompt templates for Task 3.
The implicit version presents the task as an order-to-
invoice conversion problem, while the explicit-rule
version enumerates the required constraints over
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Three Controlled Verification TasksGround-truth verifier: 𝑓(𝑧) =ሥ𝑟ₖ(𝑧)
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12:43805→23:54916

12:43805→12:54917

set={7,10,9,4,2};seq =[9,2, 42, 7, 4,10]]

[1,2,3,4,5,6,7,8,9,10] ->

[set={7,10,9,4,2};seq=[9,2,42,7,4,10]]

[set={7,10,9,4,3};seq =[9,2, 42, 7, 4,10]]

[set={7,10,9,4,2};seq =[9,2, 7, 42, 4,10]]

[set={7,10,9,4,2};seq=[2,9, 42, 7, 4,10]]

format

prefix

format

mapping

discount

tax

shipping

[id=O01;region=SG;ship=std;coupon=SAVE
10;items=(B2,2,500),(C3,3,750)] ->

[O01|SG|TEA:2:1000;BAG:3:2250|disc=32
5|tax=263|ship=500|total=3688]

[O01\SG\TEA:2:1000;BAG:3:2250\disc=325\tax=263\s

hip=500\total=3688]

[O01|SG|CUP:2:1000;BAG:3:2250|disc=325|tax=263|sh

ip=500|total=3688]

[O01|SG|TEA:2:1000;BAG:3:2250|disc=300|tax=263|sh

ip=500|total=3688]

[O01|SG|TEA:2:1000;BAG:3:2250|disc=325|tax=243|sh

ip=500|total=3688]

[O01|SG|TEA:2:1000;BAG:3:2250|disc=325|tax=263|sh

ip=600|total=3688]

Figure 4: Controlled verification tasks with decomposable boundaries. Each task consists of multiple necessary
components, and each negative probe targets one primary component while keeping the other components valid
whenever possible. This design enables component-level diagnosis of which conditions are enforced, weakened, or
omitted by the model-induced verifier.

record structure, field preservation, product-code
mapping, quantity preservation, line-total calcula-
tion, item order, discount, tax, shipping, and final
total consistency.

C Real-Data Experiment:
Amazon–Google Entity Matching

To further address the generalization concern, we
supplement the synthetic diagnostic tasks with an
experiment on the Amazon–Google product en-
tity matching benchmark (Mudgal et al., 2018;
Primpeli and Bizer, 2020). The task is to de-
cide whether two natural product descriptions from
Amazon and Google refer to the same real-world
entity. Unlike our synthetic tasks, the full matching
boundary is not defined by a symbolic rule that we
constructed.

Setup. We construct few-shot demonstrations
from real matched product pairs. Positive demon-
strations keep the original matched pairs un-
changed, while negative demonstrations modify
one semantically meaningful dimension. We
consider three negative-demonstration conditions:
core-product mismatch, manufacturer mismatch,
and version mismatch. Models are then evaluated

on held-out probes covering these mismatch types.
Importantly, we do not treat Amazon–Google en-

tity matching as a strict conjunctive-rule task. Real
product matching involves missing fields, brand
aliases, paraphrases, version-name variations, and
trade-offs among evidence. Therefore, we do not
assume that the complete boundary is simply “core
product AND manufacturer AND version.” Instead,
these dimensions are used as interpretable local
diagnostic axes to test whether different negative
demonstrations change the model’s sensitivity to
different mismatch types.

Results. The results show that simply changing
the mismatch type in the few-shot negative demon-
strations substantially changes model behavior on
the same Amazon–Google entity matching task.
Across the three negative-demonstration settings,
all four models exhibit clear ranges in boundary
recognition rate. Table 4 reports the minimum and
maximum recognition rates across the three condi-
tions for each model. This indicates that models do
not stably recover a complete entity matching cri-
terion. Instead, they selectively strengthen certain
semantic distinctions depending on the negative-
demonstration distribution, while becoming more
tolerant of mismatch types that are not emphasized.
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Figure 5: Prompt templates for Task 1: prefix-preserving digit-wise transformation. The implicit prompt requires
the model to infer the transformation rule from demonstrations, while the explicit-rule prompt states all necessary
boundary components.

Table 4: Boundary recognition rates across negative-
demonstration types on the Amazon–Google entity
matching benchmark. We report the minimum and
maximum recognition rates across the three negative-
demonstration settings: core-product mismatch, manu-
facturer mismatch, and version mismatch.

Model Min Max Range

Qwen3.5-Flash 0.70 0.99 0.29
DeepSeek-V4-Flash 0.87 1.00 0.13
Qwen3.5-Plus 0.85 0.98 0.13
DeepSeek-V4-Pro 0.82 1.00 0.18

The supplementary experiment therefore supports
the central claim of our paper: negative demon-
strations reshape the expressed boundary and can
induce component-biased or partial verifiers. This
phenomenon is not merely an artifact of strictly
conjunctive synthetic tasks.
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Figure 6: Prompt templates for Task 2: hidden list-function verification. The explicit-rule prompt states the
decomposed conditions over format, selected set, sequence order, fixed-token insertion, and cross-field consistency.

Figure 7: Prompt templates for Task 3: order–invoice reconciliation. The explicit-rule prompt specifies the full set of
required verification conditions, including structural validity, field preservation, product-code mapping, arithmetic
checks, conditional rules, and final total consistency.
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