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Abstract

Adaptation of black-box large language mod-
els (LLMs) at test time seeks to adjust LLMs
to target domains in order to handle distribu-
tion shifts during testing, without access to
model parameters. Most existing approaches
rely on adapters trained with substantial target-
domain data, which is often scarce in practical
scenarios, and these adapters are tightly cou-
pled to their training distribution, leading to de-
graded performance in dynamic scenarios with
changing domains. To solve this, we propose
LADA, a framework leveraging meta-training
for continuous and rapid adaptation of black-
box LLMs to unseen and changing domains.
Specifically, LADA meta-trains an adapter on
diverse tasks that cover multiple datasets and
error combinations to learn transferable adapta-
tion skills. At test time, the adapter needs only
a few target-domain examples for lightweight
adaptation and guides the LLM stepwise to-
ward domain-appropriate reasoning via adap-
tive selection of reliable steps, without any up-
dates to the LLM parameters. Experiments on
datasets spanning multiple domains validate
the effectiveness of the proposed approach.

1 Introduction

Large language models (LLMs), such as GPT se-
ries (OpenAI et al., 2023) and Qwen family (Yang
et al., 2024a), have demonstrated remarkable ca-
pabilities in language understanding, reasoning,
and generation through training on vast text cor-
pora. These models are now deployed across a
wide range of real-world applications, including
software engineering (Fan et al., 2023; Hou et al.,
2024), healthcare (Wang and Zhang, 2024; Bedi
et al., 2025), and legal assistance (Huang et al.,
2023a; Zhou et al., 2024), where they often en-
counter inputs that deviate significantly from their
pretraining distribution (Quiñonero-Candela et al.,
2022).

*Corresponding author.

To address this challenge, adapting LLMs to tar-
get domains at test time has received increasing
attention (Shi et al., 2024; Hu et al., 2025a). A
growing body of work focuses on white-box adap-
tation methods, which update internal model pa-
rameters via fine-tuning on retrieved data (Hardt
and Sun, 2024; Hübotter et al., 2025) or via per-
plexity minimization on unlabeled test inputs (Hu
et al., 2025a). While effective, these approaches
require full access to model weights and incur high
computational costs, making them incompatible
with black-box, API-served LLMs widely used in
practice.

In response, recent studies explore black-box
strategies that leverage auxiliary adapters to guide
the LLM without modifying its parameters. For ex-
ample, Liu et al. (2024) use a small trainable model
to adjust next-token probabilities, while Shi et al.
(2024) and Sun et al. (2024) employ rerankers or
scoring models to select among multiple generated
candidates. However, these methods share a critical
limitation: they rely on substantial target-domain
data for adapter training, resulting in domain-tied
adapters that fail in dynamic real-world settings,
where task requirements and data distributions shift,
such as general-purpose assistants operating under
abrupt and unpredictable domain shifts across user
sessions. Re-collecting domain-specific data and
retraining adapters for every new context is im-
practical, and assuming prior knowledge of future
domains contradicts the open-ended nature of dy-
namic deployment environments.

To overcome this challenge, we propose a novel
framework named LADA, i.e., Learning-to-ADapt
for black-box LLMs, that enables continuous and
rapid adaptation of black-box LLMs to unseen and
changing domains at test time, even without prior
domain information. Unlike previous methods with
static and domain-specific adapters, LADA meta-
trains an adapter across diverse tasks spanning mul-
tiple publicly available datasets and error combi-
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nations, enabling it to learn transferable step-level
error patterns and quickly adapt to new domains
using a few examples. At test time, the adapter
employs a few target-domain positive–negative rea-
soning pairs for lightweight adaptation, then guides
the black-box LLM step-by-step by adaptively se-
lecting reliable reasoning steps and steering gener-
ation toward domain-appropriate trajectories with-
out parameter updates or prior domain exposure.
Critically, its ability to generalize across domains
and error types ensures effectiveness as the target
domain changes. Our contributions can be summa-
rized as follows:
• We propose LADA, a meta-learning-based frame-

work for black-box LLMs that enables continu-
ous adaptation to unseen and changing domains
at test time, eliminating reliance on prior knowl-
edge of specific target domains.

• LADA avoids the need for substantial training
data from a specific target domain. Instead, it
meta-trains an adapter on diverse tasks spanning
multiple available datasets and error combina-
tions, and requires only a few target-domain ex-
amples for lightweight adaptation at test time.

• The few-shot adaptation and stepwise adaptive se-
lection mechanism introduce a controllable over-
head at test time, making LADA feasible for real-
world deployment.

2 Related Work

2.1 Adapting LLMs at Test Time.

In general, this paradigm can be categorized into
white-box and black-box settings, depending on
whether LLM parameters are accessible. In the
white-box setting, the parameters are fully acces-
sible and can be directly updated. For each test
input, Hardt and Sun (2024) retrieve its neighbors
and fine-tune the model on their text at test time.
Building on this idea, Hübotter et al. (2025) further
reduce redundancy among the selected data to op-
timize the overall information gain of the chosen
examples. Along similar lines, Yu et al. (2025) en-
able LLM to retrieve and learn from related reason-
ing traces to enhance reasoning capabilities. More
recently, Hu et al. (2025a) reveal that more accu-
rate predictions can be obtained by minimizing the
input perplexity of unlabeled test data. Yet, these
approaches incur substantial computational over-
head and are inapplicable to today’s API-served
LLMs, where parameters are inaccessible, thereby
limiting their practicality in real-world scenarios.

This motivates black-box settings, where adapta-
tion must be performed without access to or mod-
ification of LLM parameters. Some methods as-
sume access to the output token probabilities of
the LLM and perform adaptation by correcting
the probability distribution of the next token. For
example, Huang et al. (2023b) adaptively inter-
polate the LLM’s prediction probabilities with re-
trieval results from a datastore. Ormazabal et al.
(2023) and Liu et al. (2024) leverage a smaller
model fine-tuned on target-domain data to cor-
rect the LLM’s next-token probabilities using its
context-dependent predictions during inference. It
is worth noting that some close source LLMs, such
as Claude models, do not expose token-level proba-
bilities, thereby restricting the applicability of such
methods. Another line of work relies only on ob-
servable outputs generated by LLM. They typi-
cally leverage target-domain training data to train
a scoring model that ranks candidate responses
through multiple sampling. For instance, Khalifa
et al. (2023) use a step-level scoring model to select
the best reasoning step, Sun et al. (2024) employ an
adapter to guide sentence-level beam search, and
Shi et al. (2024) utilize a reranker to rank complete
solutions, thereby enabling adaptation to the tar-
get domain. However, these approaches assume
access to substantial target-domain data, which is
not always feasible in practical scenarios.

2.2 Canonical Test-Time Adaptation.

Canonical test-time adaptation (TTA) has estab-
lished a robust paradigm for mitigating distribu-
tion shifts by adapting pre-trained models to unla-
beled test data before making predictions (Liang
et al., 2025). Most representative methods, such
as those focusing on entropy minimization (Wang
et al., 2021; Niu et al., 2022), pseudo-labeling
(Goyal et al., 2022; Hu et al., 2025b), or consis-
tency (Döbler et al., 2023) are primarily designed
for white-box settings where internal parameters or
batch-norm statistics can be updated. While these
methods have achieved remarkable success in dis-
criminative tasks like image classification, their
direct application to the adaptation of black-box
LLMs faces challenges. In this work, we distin-
guish our setting from the canonical unsupervised
TTA. Unlike previous unsupervised signals, LADA

leverages a few positive–negative reasoning pairs
from the target domain for lightweight adapter tun-
ing at test time. The formal formulation of this
setting is provided in Section 3.1.
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Figure 1: Overview of the LADA framework.

3 Proposed Method

3.1 Preliminaries
We begin by introducing the notations used
throughout the paper and outlining the problem
setting. In step-by-step reasoning tasks such as
question answering or problem solving, given an
input question q, a black-box LLM πLLM incremen-
tally generates a sequence of l intermediate reason-
ing steps r = (r1, . . . , rl). Let πLLM(· | c) denote
the next-sentence distribution given context c, and
Sample(p, t) denote the outcome of the t-th sam-
pling trial from distribution p. Given the previously
accepted reasoning steps r̂<s = (r̂1, . . . , r̂s−1),
the t-th sampling candidate for the s-th reasoning
step is defined as r t

s by:

r t
s = Sample (πLLM(· | q, r̂<s) , t) . (1)

Under the standard decoding process, only a single
candidate is sampled at each step, and the accepted
step r̂s is set to this candidate, i.e., r̂s = r 1

s . When
πLLM is applied to a new target domain, distribu-
tion shift and decoding stochasticity may induce
incorrect reasoning steps, manifesting as hallucina-
tion, repetition, or missing steps. Once such errors
occur, subsequent reasoning typically derails and
fails to reach the correct answer. To address this
problem, we aim to utilize an adapter that acts as
a step-level scoring model for detecting erroneous
steps. As reasoning error patterns differ across
domains, the meta-trained adapter fθ is quickly
adapted using a small set of positive–negative rea-
soning pairs BT from the target domain at test time,
yielding a domain-specific adapter fθ̂. At each
step, candidates are sampled sequentially and eval-
uated on the fly by the adapter, with resampling
performed until an acceptable candidate is found.

Formally, given the question q from the target dis-
tribution pT (q) and r̂<s, we define the accepted
step r̂s as the first candidate whose score exceeds
the threshold τ :

r̂s = r t∗
s ,

t∗ = min
{
t | tanh

(
fθ̂(q, r̂<s, r

t
s )
)
> τ

}
.

(2)

By iteratively applying this selection process, the
adapter fθ̂ guides πLLM step by step, accepting reli-
able reasoning steps and avoiding potential reason-
ing errors, thereby steering the reasoning toward
domain-appropriate trajectories.

3.2 Overview

LADA achieves adaptation of black-box LLMs at
test time using an adapter that is meta-trained in
advance. To meta-train the adapter, we construct
tasks via the Cartesian product of different datasets
and error combinations, with each task containing
step-level positive–negative reasoning pairs with
the same dataset and error combination. Then these
tasks are utilized to meta-train the adapter as a
step-level scorer in an inner–outer loop: the in-
ner loop adapts to each task with a few samples,
while the outer loop optimizes meta-parameters to
capture transferable patterns across diverse tasks,
thereby enabling effective adaptation to dynamic
domain changes. At test time, the adapter is rapidly
optimized with a few paired examples from the
target domain, which can be obtained from ex-
pert annotations or retrieval, and guides the black-
box LLM stepwise by adaptively retaining reliable
steps while resampling unreliable ones. The overall
framework of LADA is illustrated in Figure 1.
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3.3 The LADA Framework

3.3.1 Task Construction
We aim to construct diverse meta-training tasks
to simulate potential adaptation scenarios and en-
able the meta-trained adapter to capture transfer-
able patterns across domains. πLLM may produce
various errors during reasoning, such as halluci-
nation, repetition, or missing steps. To train the
adapter to recognize different types of reasoning
errors, following Golovneva et al. (2023), we for-
malize these errors into m categories, denoted as
{eg}mg=1. At test time, we aim to quickly adapt
the meta-trained adapter using n positive–negative
sample pairs from the target domain, where each
pair is associated with one error type, allowing the
adapter to adapt to error patterns specific to the
target domain. To simulate such adaptation sce-
narios, we construct meta-training tasks by consid-
ering combinations of error types with repetition.
Specifically, from the m error types, we form com-
binations with repetition of size n, yielding a total
of c =

(
m+n−1

n

)
distinct error-type combinations,

each corresponding to an error-type configuration
of the n pairs. The resulting set of combinations E
is formally defined as:

E =
{
(eg1 , . . . , egn)

∣∣∣

(g1, . . . , gn) ∈ {1, . . . ,m}n, g1 ≤ · · · ≤ gn

}
.

(3)
To enable meta-learning of cross-domain rea-

soning patterns, we use multiple publicly available
datasets {Di}ai=1. Each dataset comes from a differ-
ent domain and is defined as Di = {(qj , rj)}bij=1,

where for each example rj = (rj,s)
lj
s=1 represents

a sequence of reasoning steps. Taking the Carte-
sian product of the {Di}ai=1 and E yields ac tasks,
where each task Ti is specified by a specific dataset
and an error combination, and is intended to sim-
ulate an adaptation scenario that may arise in real-
world deployment. Formally, the meta-learning
task set isM = {Ti}aci=1.

With the meta-training tasks defined, we next de-
scribe the internal organization of each task. Each
task Ti consists of a support set Si and a query set
Qi. The support set Si contains n reasoning pairs,
where each negative sample corresponds to one
error type in the corresponding error combination.
The query setQi is designed to serve two purposes,
to evaluate how well the adapter learns the error
types present in Si and to assess whether it can

generalize to other error types not observed in Si.
In practice, Qi contains m+ n reasoning pairs: n
task-aligned pairs with the same error-type combi-
nation as Si, and m pairs, one for each predefined
error type, all using examples distinct from those
in Si. This design intentionally biases the evalua-
tion towards the current task’s error combination by
making the corresponding error types appear more
frequently in Qi, while encouraging generalization
to other error types.

Finally, at the finest granularity, we describe the
construction of the basic training units within each
task, namely positive–negative reasoning pairs.
These paired examples allow the adapter to explic-
itly contrast correct and erroneous reasoning steps,
enabling it to learn discriminative step-level error
patterns. For the construction of these pairs, we
aim to ensure balanced coverage across error types,
but error types in real-world data typically follow
a long-tailed distribution (Golovneva et al., 2023).
Using real-world data alone often results in insuf-
ficient samples for certain long-tail error types. In
practice, we employ a data synthesis approach (Tan
et al., 2024; Yang et al., 2024b). We employ an
oracle LLM πoracle to synthesize positive–negative
reasoning pairs for each error type eg in three steps.
Given an example (qj , rj), πoracle first selects a
step rj,sg from rj that is susceptible to the error
type eg. Conditioned on (qj , rj) and the chosen
step rj,sg , πoracle then produces two corresponding
variants: a correct argumentation r o

j,sg
that aug-

ment the step, and an erroneous counterpart r eg
j,sg

that distorts it. This process can be formalized as:
{
r o
j,sg ∼ πoracle

(
·
∣∣ (qj , rj), rj,sg , ⟨o⟩

)

r
eg
j,sg
∼ πoracle

(
·
∣∣ (qj , rj), rj,sg , ⟨eg⟩

) , (4)

where ⟨o⟩ and ⟨eg⟩ denote the prompts for cor-
rect argumentation and error generation of type
eg, respectively. Finally, by truncating the rea-
soning sequence after rj,sg , we construct a pos-
itive–negative reasoning pair (x+

j ,x
−
j ), where

x+
j = (qj , rj,1, . . . , rj,sg−1, r

o
j,sg

) and x−
j =

(qj , rj,1, . . . , rj,sg−1, r
eg
j,sg

). The two reasoning se-
quences differ only in their final step, and contin-
uing reasoning from x−

j typically leads πLLM to
fail in producing the correct answer. This design
isolates the impact of a single step correctness, al-
lowing the adapter to focus on step-level scoring
while avoiding interference from later steps (Khal-
ifa et al., 2023). In addition, we use a judge model
πjudge to evaluate and filter the synthetic samples
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for each error type, ensuring the quality of the syn-
thesized data.

3.3.2 Meta-Training

Building on the constructed task set, we employ
a meta-training (Finn et al., 2017) stage to enable
fθ to be quickly adapted when only a few target-
domain examples are available. In each meta-
training iteration, we first sample z tasks {Ti}zi=1

from the task setM. In the inner loop, the goal is
to obtain the task-specific adapter for Ti. To this
end, the base adapter fθ is adapted by minimizing
the inner loss Lin on the corresponding support set
Si:

min
θ
Lin(fθ,Si) , (5)

which simulates the adaptation to an unseen tar-
get task with a few examples. The resulting task-
specific parameters are obtained through the up-
date:

θ′
i ← θ − α∇θLin(fθ,Si), (6)

where α is the adaptation step size. Subsequently,
the outer loop evaluates the generalization of the
adapted parameters θ′

i on the corresponding query
set Qi through the outer loss Lout. By minimizing
the aggregated Lout across all query sets {Qi}zi=1,
we obtain the meta-objective:

min
θ

z∑

i=1

Lout
(
fθ′

i
,Qi

)
. (7)

Since each θ′
i is derived from θ through the in-

ner update, the meta-objective’s dependence on θ′
i

implicitly links the optimization to θ. Thus, the
meta-parameters are updated as:

θ ← θ − β∇θ

z∑

i=1

Lout(fθ′
i
,Qi), (8)

where β is the meta step size. Specifically, the
meta-update relies on a meta-gradient calculated
over the performance on a variety of query sets.
This meta-gradient averages information from mul-
tiple tasks, thereby preventing the model from over-
fitting to any single task’s data. Consequently,
the meta-parameters are steered towards a general-
purpose initialization that captures the shared struc-
ture across different tasks, which is key for acquir-
ing transferable knowledge.

In practice, the inner objective is defined using

Algorithm 1 LADA Algorithm

Require: Black-box LLM πLLM, pretrained
adapter fθ, publicly available datasets
{Di}ai=1, reasoning error types {eg}mg=1, meta
batch size z, a small set of target-domain
reasoning pairs BT ;
# Task Construction:

1: Construct meta-training task setM based on
{Di}ai=1 and {eg}mg=1 via data synthesis and
filtering;
# Meta Training:

2: while not converged do
3: Sample z tasks {Ti}zi=1 fromM;
4: for all Ti do
5: Compute θ′

i based on Si using Eq. (6);
6: end for
7: Update θ based on {Qi}zi=1 using Eq. (8);
8: end while

# Adaptation at Test Time:
9: Obtain the adapted parameters θ̂ based on BT

using Eq. (11);
10: for q ∼ pT (q) do
11: Obtain adapted response r̂ step by step using

Eq. (1) and Eq. (13);
12: end for
Ensure: Adapted response r̂ for q ∼ pT (q).

the max-margin loss:

Lin (fθ,Si) =
1

n

n∑

j=1

max
(
0,

ζ −
[
tanh

(
fθ

(
x+
j

))
− tanh

(
fθ

(
x−
j

))])
,

(9)
where ζ is the margin hyperparameter. For the outer
objective, we adopt the same form of max-margin
loss:

Lout
(
fθ′

i
,Qi

)
=

1

m+ n

m+n∑

j=1

max
(
0,

ζ −
[
tanh

(
fθ′

i

(
x+
j

))
− tanh

(
fθ′

i

(
x−
j

))])
.

(10)
Through meta-learning across diverse tasks, the

adapter acquires an initialization θ that encodes
cross-task patterns, allowing it to adapt efficiently
to unseen domains with limited data and remain
effective in dynamic real-world scenarios.

3.3.3 Adaptation at Test Time
Building on the meta-trained adapter, we proceed
to describe the adaptation at test time process, con-
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sisting of the few-shot adaptation of the adapter
and stepwise adaptive selection. For few-shot adap-
tation, we exploit a small set of positive–negative
reasoning pairs BT =

{
(x+

j ,x
−
j )

}n

j=1
from the

target domain, which can be obtained through ex-
pert annotations or retrieval, to quickly adapt the
meta-trained adapter fθ by minimizing the inner
loss:

θ̂ ← θ − γ∇θLin(fθ,BT ), (11)

where γ is the adaptation step size. Through this
process, fθ̂ acquires the ability to score reasoning
steps in accordance with the target domain, then it
steers πLLM stepwise toward domain-appropriate
reasoning trajectories. For a question q ∼ pT (q),
the basic stepwise selection process is described in
Eq. (2), which accepts the first candidate reasoning
step whose score exceeds a threshold τ . In practice,
to prevent the selection process from entering an
infinite loop, we set a maximum number of resam-
pling trials tmax. When no candidate exceeds the
threshold within tmax trials, we fall back to select-
ing the candidate with the highest score, whose
index t′ is given by:

t′ = argmax
1≤t≤tmax

fθ̂(q, r̂<s, r
t
s ). (12)

Overall, the acceptance of step s can be formalized
as r̂s = r t̂

s , where t̂ denotes the accepted index:

t̂ =

{
t∗, t∗ ≤ tmax,

t′, otherwise.
(13)

By iteratively applying this adaptive selection strat-
egy, LADA effectively constructs a complete and
adapted reasoning path r̂ = (r̂1, . . . , r̂l) for a given
question q ∼ pT (q) using the domain-specific
adapter fθ̂. The algorithmic description of LADA

is presented in Algorithm 1.

4 Experiments

4.1 Experimental Configurations
4.1.1 Datasets
We evaluate LADA on ten subsets of MMLU
(Hendrycks et al., 2021), including high school
physics (Phys.), high school statistics (Stats.),
high school microeconomics (Microecon.), high
school computer science (CS), machine learning
(ML), formal logic (Form. Log.), logical falla-
cies (Log. Fall.), professional accounting (Prof.
Acc.), professional medicine (Prof. Med.), and

electrical engineering (EE). Each selected subset is
treated as a distinct target domain, and dynamic do-
main changes are simulated by switching between
subsets. Our meta-training data are constructed
from three datasets: GSM8K (Cobbe et al., 2021),
StrategyQA (Geva et al., 2021), and ReClor (Yu
et al., 2020). These datasets differ from the selected
MMLU subsets, encouraging the adapter to learn
domain-general error patterns rather than domain-
specific knowledge. Complete dataset details are
given in Appendix A.1.

4.1.2 Baselines
We compare LADA with four black-box baselines:
• ZERO-SHOT-COT (Kojima et al., 2022): A

prompt-based approach that instructs the model
to “think step by step” at test time to derive the
final answer.

• COT-PROMPTING (Wei et al., 2022): A prompt-
based approach that augments the prompt with
chain-of-thought examples to guide multi-step
reasoning.

• SELF-CONSISTENCY (Wang et al., 2023): A
decoding-based approach that samples multiple
solutions and aggregates them by majority voting
to obtain the final answer.

• BBOX-ADAPTER (Sun et al., 2024): A training-
based approach that learns a scoring model on
the target-domain training set and leverages it to
guide beam search for the final prediction.

4.1.3 Implementation Details
For the black-box LLMs, we simulate API-style
access via vLLM (Kwon et al., 2023) and use two
representative open-source models: Qwen2-7B-
Instruct (Yang et al., 2024a) and Mixtral-8x7B-
Instruct-v0.1 (Jiang et al., 2024). As the adapter,
we use Qwen3-0.6B (Yang et al., 2025), followed
by a single linear layer.

For task construction, we synthesize m = 7
types of commonly observed reasoning errors
(Golovneva et al., 2023). This results in 252 meta-
training tasks. We use DeepSeek-V3 (DeepSeek-
AI et al., 2024) as πoracle and Gemini 2.5 Flash
as πjudge. Additional details on task construction,
including the selected error types, illustrative exam-
ples, and the prompts used for data synthesis and
post-processing, are provided in Appendix A.2.

For meta-training, we use first-order MAML and
train for 2 epochs. In each epoch, we iterate over
all tasks with meta-batch size z = 8. The inner
update uses 3 gradient steps with α = 1×10−4 and
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Table 1: Reasoning accuracy (%) of different methods, reported as mean ± standard deviation across changing
target-domains.

Methods Model Phys. Stats. Microecon. CS ML

ZERO-SHOT-COT

Qwen2-7B

46.36 ±3.90 61.42 ±1.09 76.47 ±2.40 75.67 ±1.25 44.94 ±3.67
COT-PROMPTING 52.98 ±1.87 60.34 ±0.79 81.09 ±0.34 77.33 ±2.49 47.92 ±0.42
SELF-CONSISTENCY 54.97 ±1.32 62.19 ±1.34 82.63 ±0.87 78.67 ±1.15 49.70 ±0.52
BBOX-ADAPTER 53.64 ±1.99 62.04 ±1.60 82.21 ±1.75 79.33 ±2.52 48.51 ±2.58
LADA 57.17 ±1.38 64.35 ±1.39 83.19 ±1.11 79.67 ±1.53 50.60 ±0.52

ZERO-SHOT-COT

Mixtral-8x7B

45.58 ±3.04 56.21 ±2.74 69.47 ±1.70 73.67 ±0.47 47.32 ±1.26
COT-PROMPTING 53.98 ±2.75 62.44 ±1.51 78.01 ±1.10 77.26 ±0.90 47.92 ±2.34
SELF-CONSISTENCY 55.19 ±1.67 63.58 ±0.71 78.99 ±0.42 78.67 ±1.53 49.11 ±0.89
BBOX-ADAPTER 54.53 ±2.68 63.27 ±0.96 79.13 ±1.75 78.00 ±2.65 48.51 ±3.38
LADA 56.95 ±1.99 65.28 ±1.67 79.69 ±0.49 79.33 ±2.08 49.40 ±1.03

Methods Model Form. Log. Log. Fall. Prof. Acc. Prof. Med. EE

ZERO-SHOT-COT

Qwen2-7B

46.03 ±1.37 73.42 ±0.77 49.65 ±0.29 68.14 ±0.76 65.29 ±2.60
COT-PROMPTING 46.30 ±1.87 72.60 ±0.94 54.26 ±0.77 68.63 ±1.05 67.36 ±0.65
SELF-CONSISTENCY 48.41 ±0.79 74.23 ±0.61 55.79 ±0.41 69.24 ±0.77 69.20 ±0.80
BBOX-ADAPTER 47.35 ±2.55 73.01 ±1.62 54.85 ±1.08 68.87 ±1.39 68.74 ±2.11
LADA 49.47 ±1.21 75.26 ±0.29 56.03 ±0.71 69.85 ±1.27 69.89 ±1.44

ZERO-SHOT-COT

Mixtral-8x7B

45.62 ±2.26 70.49 ±3.06 45.37 ±0.64 70.80 ±2.25 66.21 ±0.69
COT-PROMPTING 51.85 ±1.65 75.87 ±1.61 54.79 ±1.39 79.02 ±1.41 66.90 ±3.38
SELF-CONSISTENCY 52.38 ±0.79 77.10 ±0.71 55.91 ±0.89 79.78 ±0.37 67.36 ±1.59
BBOX-ADAPTER 51.06 ±2.29 76.48 ±1.54 55.20 ±1.43 79.41 ±1.33 67.52 ±2.07
LADA 53.97 ±1.37 77.71 ±0.94 56.26 ±0.82 80.39 ±0.56 68.28 ±1.38

is performed with SGD. The outer update uses a
single gradient step with β = 5× 10−6, optimized
using AdamW (Loshchilov and Hutter, 2019) with
a weight decay of 0.01, with a cosine decay learn-
ing rate. We set the margin ζ in both inner and
outer losses to 1.

For adaptation at test time, we perform 3 up-
date steps using SGD, with the adaptation step size
γ = 1 × 10−4. We set the acceptance threshold
τ = 0, and the maximum number of sampling at-
tempts tmax = 3. The decoding parameters were
set to a temperature of 0.7 and a top-p value of
0.95. In principle, BT could be obtained via expert
annotation or retrieval, but in this work, we focus
on the synthesis approach in order to isolate the
effect of the proposed adaptation mechanism. In
practice, we use n = 3 sample pairs for adaptation,
which are obtained via the data synthesis procedure
in Section 3.3.1.

For the baselines, SELF-CONSISTENCY samples
8 answers and BBOX-ADAPTER also uses Qwen3-
0.6B as the adapter, which is initialized by training

on GSM8K, StrategyQA, and ReClor, then adapted
on 3 target-domain examples with a beam size of
3, to ensure a fair comparison. All methods use
the same 3 target-domain examples for in-context
learning, which are updated as the target domain
changes, except ZERO-SHOT-COT.

The MAML and test-time adaptation hyperpa-
rameters are selected using a held-out validation
split from the meta-training task set. Specifically,
we split the constructed meta-training tasks into
training and validation tasks. The training tasks are
used to meta-train the adapter with MAML, while
the validation tasks are used to simulate test-time
adaptation on unseen domains. We then choose
the hyperparameters based on the validation perfor-
mance after this simulated adaptation process.

4.2 Experimental Results
We conduct 3 trials and report the mean and stan-
dard deviation of reasoning accuracy. Results are
summarized in Table 1, and the best performance
is shown in boldface. The results show that:
• Across all evaluated domains and black-box
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Table 2: Reasoning accuracy (%) of LADA and its vari-
ants across different target domains, reported as mean
± standard deviation.

Methods Phys. Stats. Log. Fall.

LADA-ND 53.20 ±1.67 60.80 ±1.93 73.01 ±2.81
LADA-NR 56.51 ±0.76 63.43 ±1.67 74.64 ±0.94
LADA-NC 55.85 ±2.02 63.73 ±0.71 74.44 ±1.54
LADA-NO 55.41 ±1.01 63.12 ±1.87 74.23 ±1.23
LADA-NM 53.86 ±2.68 61.57 ±2.12 73.21 ±1.28
LADA-NS 52.98 ±1.87 60.34 ±0.79 72.60 ±0.94
LADA-NA 54.30 ±1.99 62.50 ±1.67 74.03 ±2.32
LADA 57.17 ±1.38 64.35 ±1.39 75.26 ±0.29

Table 3: Adaptation and 10-sample inference running
time (s) and GPU memory consumption (GiB) of dif-
ferent methods on target domain. "–" denotes that the
metric is not applicable.

Methods
Adaptation Inference

Time Mem. Time Mem.

COT-PROMPTING - - 25.48 -
SELF-CONSISTENCY - - 203.17 -
BBOX-ADAPTER 7.39 15.97 122.79 6.85
LADA 4.62 11.06 46.72 6.81

LLMs, LADA consistently achieves the best per-
formance, outperforming all baselines, includ-
ing prompt-based, decoding-based, and training-
based methods.

• LADA achieves performance improvements to
varying degrees across all target domains. In
domains such as physics and statistics, the im-
provements exceed 3.5% compared to COT-
PROMPTING, which demonstrates the effective-
ness of LADA under distribution shifts.

• The performance gains of LADA are robust across
different black-box LLMs. Performance im-
provements are observed on both Qwen2-7B-
Instruct and Mixtral-8x7B-Instruct, suggesting
that LADA does not rely on model-specific be-
haviors and can generalize to different backbone
architectures.

4.3 Further Analysis

4.3.1 Ablation Study
We perform ablation studies on six design choices
of LADA across three stages: task construction,
meta-training, and adaptation at test time. Experi-
ments are conducted on three subsets of MMLU: high
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Figure 2: Sensitivity analysis of tmax and τ .

school physics, high school statistics, and logical
fallacies, using Qwen2-7B-Instruct. Results are
summarized in Table 2. In the task construction
stage, we design four variants: LADA-ND, LADA-
NR, LADA-NC, and LADA-NO. In LADA-ND, we
construct an equal number of tasks solely from
GSM8K, rather than from multiple datasets. This
leads to a significant performance drop because
meta-training is unable to capture cross-domain
reasoning patterns. For LADA-NR, the error types
of samples in the support set within each task are
all different, with no repetition. While for LADA-
NC, all samples in the support set within each task
share the same error type, with no combination
of different error types. Neither variant reflects
the practical scenario in which a small number of
examples may involve diverse error types, which
leads to inferior performance compared to LADA.
Finally, in LADA-NO, the query set contains only
the error types that appear in the support set. This
leads to performance degradation, as the adapter
does not learn to generalize to unseen error types.

In the meta-training stage, we introduce one
variant, LADA-NM, where the adapter is trained
with standard supervised learning instead of meta-
learning. Without meta-training, the adapter can-
not quickly adjust to a target domain when only
a small number of target samples are available,
which leads to degraded performance. In the adap-
tation of LLMs at test time stage, we consider two
variants: LADA-NS and LADA-NA. In LADA-
NS, we accept the model’s first sample at each
reasoning step without error-driven selection. As
a result, it loses the ability to correct erroneous
reasoning steps and degenerates to standard COT-
PROMPTING. In LADA-NA, we directly apply the
meta-trained adapter to the target domain without
further adaptation. Although meta-training enables
the adapter to learn transferable adaptation skills,
the lack of target-domain adaptation leads to worse
performance than LADA.
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Table 4: Reasoning accuracy (%) of different methods
across different target domains evaluate on GPT-4o-
mini, reported as mean ± standard deviation.

Methods CS Phil. Law

ZERO-SHOT-COT 63.09 ±1.59 45.96 ±1.61 34.97 ±0.91
COT-PROMPTING 65.85 ±1.22 49.37 ±1.30 35.33 ±0.82
SELF-CONSISTENCY 66.99 ±0.86 49.97 ±0.90 36.21 ±0.50
BBOX-ADAPTER 66.59 ±1.95 49.43 ±2.12 35.60 ±0.96
LADA 68.13 ±1.10 50.50 ±1.20 36.63 ±0.59

4.3.2 Running Time and Memory Analysis
Computational efficiency is essential for making
adaptation of models at test time practical (Niu
et al., 2022; Song et al., 2023). To evaluate the
computational efficiency of LADA, we measured
the adaptation and inference running time and GPU
memory consumption of LADA and the baselines
on the high school physics subset of MMLU using
Qwen2-7B-Instruct. The stepwise adaptation time
was evaluated on a subset of 10 samples to simu-
late a single conversation with thematically related
questions, as is typically the case in real-world sce-
narios (Deng et al., 2023). We measure peak GPU
memory during both the few-shot adaptation and
stepwise adaptive selection phases. The results are
presented in Table 3. It can be observed that, com-
pared with inference time, the few-shot adaptation
time of LADA accounts for only a small fraction.
Moreover, thanks to its stepwise adaptive selection
mechanism, LADA requires less than one-quarter
of the inference time used by SELF-CONSISTENCY

for full-answer resampling, as it avoids redundant
resampling of correct reasoning steps and instead
focuses on resampling incorrect ones. In addition,
LADA fine-tunes only a 0.6B-parameter model us-
ing a small number of samples, which helps keep
the memory overhead manageable.

4.3.3 Parameter Sensitivity Analysis
Lastly, we study the sensitivity of two hyperpa-
rameters in the adaptation at test time stage of
LADA, tmax and τ , on three domains with Qwen2-
7B-Instruct. The results are presented in Figure 2.
We observe that when tmax ≥ 3, the performance
continues to improve with larger values of tmax but
remains overall stable, indicating that LADA can
correct faulty reasoning steps with only a small
number of resampling attempts. Since the adapter
is trained with a max-margin objective that sep-
arates correct and incorrect reasoning steps by a

positive score gap, setting τ = 0 naturally aligns
with the learned decision boundary. Lower values
of τ tend to admit erroneous steps, while higher
thresholds provide only marginal gains and trigger
additional resampling of correct steps, leading to
unnecessary inference overhead.

4.3.4 Evaluation on Closed-Source LLMs
We also evaluate LADA on closed-source API-
based LLMs, specifically the GPT-4o-mini model,
on three domain-specific subsets of the challenging
MMLU-Pro (Wang et al., 2024) benchmark, includ-
ing computer science (CS), philosophy (Phil.), and
law. Results in Table 4 show that LADA consis-
tently achieves the best performance across three
different domains, which further demonstrates the
robustness and practical effectiveness of LADA in
real-world scenarios.

4.3.5 Case Study
Figure 4 presents case studies of LADA under dif-
ferent domains. For example, in the first case, the
reasoning proceeds normally in the first five steps,
with the adapter assigning scores above the accep-
tance threshold to the sampled candidate at each
step. As a result, each of these steps is accepted
after a single sampling. At the sixth step, how-
ever, the model’s first sampled candidate exhibits
a coherency error. The adapter detects this issue
and assigns a score below the threshold, triggering
a resampling of the step. A subsequent candidate
yields a correct reasoning step, which is then scored
above the threshold and accepted by the adapter.
The model subsequently continues its reasoning
and arrives at the correct final answer. More analy-
sis of LADA can be found in Appendix B.

5 Conclusion

In this paper, we propose a new framework, LADA,
for continuous and rapid adaptation of black-box
LLMs to unseen and changing domains at test time.
LADA meta-trains an adapter on diverse tasks that
cover different datasets and error combinations to
learn transferable adaptation skills. At test time, the
adapter uses a few target-domain positive–negative
reasoning pairs for lightweight adaptation, then
guides the black-box LLM step-by-step by select-
ing reliable reasoning steps and steering generation
toward domain-appropriate trajectories without pa-
rameter updates or prior domain exposure. Ex-
periments on datasets spanning multiple domains
validate the effectiveness of LADA.
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Limitations

While LADA demonstrates consistent improve-
ments across multiple different target domains, our
experiments mainly focus on reasoning-oriented
benchmarks, including selected subsets of MMLU
and MMLU-Pro. The effectiveness of LADA on
more open-ended generation tasks, such as long-
form writing, dialogue, or creative generation, re-
mains to be further explored. We leave broader
evaluation across more diverse task formats for fu-
ture work.
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A Experimental Details

A.1 Additional Dataset Details
This section presents a detailed description of the
evaluation benchmarks and meta-training datasets
used in our experiments. We first describe the ten
subsets of MMLU and the three subsets of MMLU-Pro,
which are treated as dynamically changing target
domains and cover quantitative reasoning, logical
reasoning, and domain-specific technical problem
solving. We then introduce the three datasets used
to construct the meta-training data, namely GSM8K,
StrategyQA, and ReClor, and describe their task
settings and the forms of reasoning they require.
The key properties of these datasets are summa-
rized below.
• MMLU 1 (Hendrycks et al., 2021) is a multitask

benchmark designed to evaluate knowledge and
reasoning across a wide range of subject areas.
In our experiments, we use ten reasoning-related
subsets, comprising a total of 1.8K examples:
high school physics (Phys.), high school statistics
(Stats.), high school microeconomics (Microe-
con.), high school computer science (CS), ma-
chine learning (ML), formal logic (Form. Log.),
logical fallacies (Log. Fall.), professional ac-
counting (Prof. Acc.), professional medicine
(Prof. Med.), and electrical engineering (EE).

• MMLU-Pro 2 (Wang et al., 2024) is an extended
benchmark that builds on MMLU with a stronger fo-
cus on expert-level reasoning and reduced short-
cut cues. It evaluates model performance across
professional and applied domains using more
complex question structures. In our experiments,
we use three subsets from MMLU-Pro, comprising
a total of 2K examples: computer science (CS),
philosophy (Phil.), and law.

• GSM8K 3 (Cobbe et al., 2021) is a grade-school
mathematics word problem dataset with 8.5K ex-
amples. Each problem typically requires two to
eight reasoning steps based on basic arithmetic
operations, and solutions are provided in natural
language by human annotators with quality con-
trol. The dataset evaluates a model’s ability to
perform multi-step numerical reasoning and to
produce coherent step-by-step solutions.

• StrategyQA 4 (Geva et al., 2021) is a yes/no
1https://huggingface.co/datasets/cais/mmlu
2https://huggingface.co/datasets/TIGER-Lab/

MMLU-Pro
3https://huggingface.co/datasets/openai/gsm8k
4https://huggingface.co/datasets/wics/

question answering dataset with 2.3K examples.
The questions require implicit multi-step reason-
ing, where intermediate reasoning steps are not
annotated and must be inferred by the model.
The dataset evaluates a model’s ability to carry
out implicit reasoning across multiple facts and
assumptions.

• ReClor 5 (Yu et al., 2020) is a reading compre-
hension dataset with 6.1K multiple-choice ques-
tions collected from standardized graduate admis-
sion examinations. Each example consists of a
short argumentative passage and a question with
four answer options, requiring logical reasoning
over the argument structure. The dataset evalu-
ates a model’s ability to perform passage-level
logical reasoning in natural language.

A.2 Additional Task Construction Details

Before synthesizing data for meta-training, we ob-
tain step-by-step reasoning traces for the train-
ing splits of the relevant datasets. GSM8K di-
rectly provides annotated step-by-step reason-
ing traces, whereas for StrategyQA and ReClor,
which lack such annotations, we employ DeepSeek-
V3 (DeepSeek-AI et al., 2024) to generate corre-
sponding traces and discard erroneous samples.

Regarding error types in LLM reasoning,
Golovneva et al. (2023) categorize them into nine
types: grammar, factuality, hallucination, redun-
dancy, repetition, missing step, coherency, com-
monsense, and arithmetic. We select seven of these
types, excluding grammar and arithmetic, and the
following provides their descriptions along with
synthesized examples. The sentences highlighted
in red represent erroneous reasoning steps corre-
sponding to each error type.

Factuality
Description: Information about object (i.e.
quantity, characteristics) or a personal named
entity does not match information provided in
the question.
Example: Q: Mrs. Snyder used to spend 40%
of her monthly income on rent and utilities.
Her salary was recently increased by $600 so
now her rent and utilities only amount to 25%
of her monthly income. How much was her
previous monthly income? A: Let’s think step
by step. Let her previous monthly income be

strategy-qa
5https://huggingface.co/datasets/metaeval/

reclor
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p. The cost of her rent and utilities was 40%
of p which is 2p/5. Her income rose by 500
dollars, making it p plus 500.

Hallucination
Description: Information is not provided in
the problem statement and is irrelevant or
wrong.
Example: Q: A concert ticket costs $40. Mr.
Benson bought 12 tickets and received a 5%
discount for every ticket bought that exceeds
10. How much did Mr. Benson pay in all? A:
Let’s think step by step. Mr. Benson had a 5%
discount for each of the 12 - 10 = 2 tickets.
So, all 12 tickets received a discount of 5 dol-
lars each, even though only the extra tickets
should qualify.

Redundancy
Description: Explanation contains redundant
information, which even though might be fac-
tual, is not required to answer the question.
Example: Q: Hector purchased a container of
gumballs. He gave 4 to Todd, then he gave
twice as many as he had given Todd to Al-
isha, and then he gave 5 less than four times
as many to Bobby as he had given to Alisha.
If Hector had 6 gumballs remaining, what is
the total number of gumballs that Hector pur-
chased? A: Let’s think step by step. Hec-
tor gave 4 gumballs to Todd. Since Alisha
received twice as many as Todd, she got 8
gumballs, which is a common pattern in many
doubling problems and often appears in simi-
lar arithmetic word problems.

Repetition
Description: Step paraphrases information al-
ready mentioned in previous reasoning steps.
Example: Q: Boris has 24 books and he do-
nates a fourth of his books to the library.
Cameron has 30 books and he donates a third
of his books to the library. After donating
their books, how many books in total do Boris
and Cameron have together? A: Let’s think
step by step. Boris donates 24 / 4 = 6 books.
Then Boris has a total of 24 - 6 = 18 books.
Cameron donates 30 / 3 = 10 books. Cameron
donates 10 books out of his 30, which is a
third of his books.

Missing step
Description: The content of the generated rea-

soning is incomplete and lacks required infor-
mation to produce the correct answer. If these
missing steps are added, the model would pro-
duce the correct answer.
Example: Q: A vendor bought apples at 2 for
$3 and plans to sell them at 5 for $10. He also
bought 3 oranges for $2.70 and plans to sell
them at $1 each. How much is his profit if he
sells 5 apples and 5 oranges? A: Let’s think
step by step. A vendor bought each apple for
$3/2 = $1.50. His profit for each apple is $10
- $1.50 = $8.50.

Coherency
Description: Steps contradict each other or do
not follow a cohesive story.
Example: Q: Otto’s local kitchen supply store
charges $5.00 for the first knife that you need
sharpened. They charge $4.00 for the next 3
knives and $3.00 for any knife after that. If
Otto has 9 knives that need to be sharpened,
how much will it cost to sharpen his knives?
A: Let’s think step by step. Knives 2, 3 & 4
will cost $4.00 each to sharpen so that’s 3*4
= $12.00. Knives 5-9 will cost $3.00 each to
sharpen so that’s 5*3 = $15.00. Adding only
the $12.00 and $15.00 for knives 2–9, the total
cost is 12 + 15 = $27.00

Commonsense
Description: Model lacks relations that should
be known from general knowledge about the
world (i.e. how to compute velocity, how
many inches in one foot, all ducks are birds,
etc.).
Example: Q: Molly got a bike for her thir-
teenth birthday. She rode her bike 3 miles
a day, every day, until she turned 16. How
many miles did Molly ride on her bike? A:
Let’s think step by step. Molly rode for 16
– 13 = 3 years. That means she rode over a
period of 4 full years, from her 13th birthday
up to (but not beyond) her 16th birthday.

The prompts used for data synthesis and post-
processing are presented in Figure 3.

B Further Analysis

B.1 Evaluation on More Datasets

We conduct additional experiments on five
larger and more diverse datasets beyond MMLU:
MedMCQA (Pal et al., 2022) and PubMedQA (Jin
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Table 5: Reasoning accuracy (%) of different methods, reported as mean± standard deviation across diverse datasets
spanning different domains.

Methods Model MedMCQA PubMedQA PIQA Social IQa LEXam

ZERO-SHOT-COT

Qwen2-7B

45.74 ±1.16 63.85 ±1.42 81.74 ±0.72 70.21 ±1.49 22.96 ±1.79
COT-PROMPTING 48.91 ±0.78 66.40 ±1.14 83.84 ±0.60 71.80 ±1.16 24.53 ±1.31
SELF-CONSISTENCY 53.31 ±0.59 68.98 ±0.95 84.76 ±0.43 73.27 ±0.73 26.61 ±0.94
BBOX-ADAPTER 52.14 ±1.26 68.03 ±1.27 84.28 ±0.67 72.78 ±1.07 25.92 ±1.53
LADA 55.19 ±0.68 70.55 ±1.22 85.83 ±0.52 75.73 ±1.19 28.37 ±1.24

ZERO-SHOT-COT

Mixtral-8x7B

48.29 ±1.47 67.47 ±1.52 79.95 ±1.15 64.73 ±1.38 20.31 ±2.14
COT-PROMPTING 51.80 ±1.25 69.20 ±1.26 81.33 ±0.94 66.68 ±1.03 21.99 ±1.15
SELF-CONSISTENCY 54.97 ±0.79 72.79 ±0.84 83.05 ±0.61 67.81 ±0.71 24.56 ±0.96
BBOX-ADAPTER 53.76 ±1.45 71.87 ±1.35 82.57 ±0.87 67.46 ±0.88 23.15 ±1.28
LADA 57.14 ±1.17 75.07 ±1.03 84.46 ±0.53 69.89 ±0.75 26.43 ±0.84

Table 6: Reasoning accuracy (%) and significance analysis on MMLU subsets using Mixtral-8x7B-Instruct-v0.1. •/◦
indicates whether the performance of LADA is statistically superior/inferior to BBox-Adapter on the corresponding
subset under a pairwise t-test at the 0.05 significance level.

Methods Phys. Stats. Microecon. CS ML

BBOX-ADAPTER 54.68 ±1.38• 63.40 ±0.77• 78.82 ±0.71• 77.84 ±0.89• 48.45 ±0.91•
LADA 56.83 ±1.05 65.54 ±1.16 80.34 ±0.49 79.50 ±0.68 49.69 ±0.42

Methods Form. Log. Log. Fall. Prof. Acc. Prof. Med. EE

BBOX-ADAPTER 51.23 ±1.28• 76.53 ±0.87• 55.04 ±0.71• 79.35 ±0.68• 67.37 ±0.93•
LADA 53.89 ±0.86 77.98 ±0.58 56.31 ±0.59 80.55 ±0.41 68.49 ±0.71

et al., 2019) for medical reasoning, PIQA (Bisk
et al., 2020) for physical commonsense reasoning,
Social IQa (Sap et al., 2019) for social interaction
reasoning, and LEXam (Fan et al., 2026) for legal
reasoning. We evaluate all methods with Qwen2-
7B-Instruct and Mixtral-8x7B-Instruct-v0.1 over
three runs, and report the results in Tables 5. The re-
sults show that LADA consistently improves perfor-
mance across these datasets and backbone models,
demonstrating that its effectiveness is not limited
to MMLU subsets but generalizes to broader domains
and reasoning tasks.

B.2 Significance Analysis

We conduct a more rigorous significance analy-
sis between LADA and the training-based baseline,
BBOX-ADAPTER. Specifically, on Mixtral-8x7B-
Instruct-v0.1, we rerun both BBOX-ADAPTER and
LADA with 10 random seeds across the MMLU sub-
sets and perform pairwise t-tests at the 0.05 sig-
nificance level. As shown in Table 6, LADA sig-
nificantly outperforms BBOX-ADAPTER across

the evaluated subsets, indicating that the observed
gains are statistically reliable rather than caused by
random variation.

B.3 Synthetic Data Analysis

According to Gan and Liu (2025), the generaliza-
tion error upper bound of a model trained with
synthetic data can be decomposed into two parts,
namely the distributions’ divergence and the gener-
alization error with respect to synthetic data. Their
reverse-bottleneck analysis suggests that, while
synthetic data may introduce some distributional
mismatch, the information gain contributed by the
generative model can tighten the generalization
bound. In practice, the bound is closely related to
the generative model’s capability and to the method
used to construct and curate synthetic data. To in-
vestigate the impact of these factors, in addition
to DeepSeek-V3, we consider GPT-5 and Qwen3-
8B (Yang et al., 2025) as alternative data genera-
tion models. We also conduct an ablation study
on the filtering process applied to the synthesized
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Table 7: Reasoning accuracy (%) of LADA across differ-
ent target domains using adapters trained on synthetic
data generated by different generative models, reported
as mean ± standard deviation.

Models Filter Phys. Stats. Log. Fall.

DeepSeek-V3 ✓ 57.17 ±1.38 64.35 ±1.39 75.26 ±0.29
GPT-5 ✓ 57.40 ±1.67 64.51 ±1.17 75.46 ±0.61
Qwen3-8B ✓ 56.95 ±1.15 64.20 ±1.34 75.26 ±0.71
DeepSeek-V3 ✗ 56.51 ±1.91 63.89 ±1.85 74.64 ±1.54

data. The results on three domains using Qwen2-
7B-Instruct are shown in Table 7. We observe that
the effectiveness of the synthetic data is robust to
the choice of the generative model, and the perfor-
mance remains strong even when using Qwen3-8B,
suggesting that the information gains are not tied
to a single oracle. Moreover, filtering consistently
improves performance by reducing noise in the syn-
thesized data, thereby enhancing its effectiveness
for meta-training.

B.4 Discussion on the Practicality of
Supervision in LADA

The core objective of LADA is to correct reasoning
trajectories under distribution shift by identifying
unreliable intermediate steps before they propa-
gate downstream errors. Achieving this requires
supervision that is aligned with the granularity at
which reasoning failures occur. Unlike answer-
level feedback, which provides only coarse signals
and leaves the location of errors ambiguous, step-
level positive-negative supervision directly isolates
whether a candidate reasoning step is appropriate
given the current context (Cobbe et al., 2021; Khal-
ifa et al., 2023). This design choice allows the
adapter to focus on local reliability signals, which
is important for identifying faulty steps early before
errors propagate.

Importantly, step-level contrastive signals can
arise naturally in existing LLM-based systems.
Multi-sample decoding procedures often produce
diverse candidate reasoning steps, some of which
lead to successful solutions while others derail the
reasoning process (Wang et al., 2023). These out-
comes implicitly define positive–negative contrasts
at intermediate steps. Similarly, user interactions
such as corrections, clarifications, or flagged hallu-
cinations frequently target specific parts of a rea-
soning chain rather than the entire response. In
addition, as demonstrated in our experiments, such

pairs can be synthesized offline using off-the-shelf
language models and filtered through automatic
judging mechanisms. These signals can be col-
lected offline to form a retrieval pool covering a
broad range of scenarios, and queried at test time
as needed.

Last but not least, rather than relying on exten-
sive domain-specific resources, LADA leverages a
few positive-negative information to facilitate adap-
tation of a meta-trained adapter at test time. This
design choice reflects a balance between adaptabil-
ity and practicality, and supports the feasibility of
the proposed setting under real-world deployment
conditions.

C Potential Risks

We did not identify any major risks associated with
our work. One limited potential risk is that noisy
or biased target-domain adaptation examples may
cause the adapter to prefer unreliable reasoning
steps, leading to incorrect outputs. This can be
mitigated by using quality-controlled adaptation
examples and applying standard safety checks in
practical deployment.

D Use of Scientific Artifacts

The MMLU, MMLU-Pro, GSM8K, and StrategyQA
datasets are released under the MIT License. The
ReClor dataset does not provide an explicit license.
For models, the Qwen models are released under
the Apache-2.0 License, and the Mistral model is
also released under the Apache-2.0 License.

We use all existing artifacts in accordance with
their intended purposes and applicable license
terms. Any artifacts newly created in this work are
intended solely for research purposes. Our study re-
lies exclusively on publicly available datasets, and
we do not collect any private or personally identi-
fiable information ourselves. For data privacy and
anonymization, we defer to the release protocols
and preprocessing procedures established by the
original dataset providers.
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Prompt for Data Synthesis

You are a data synthesis assistant.
The input is a correct reasoning process, which can be formalized as the sequence "Q: <question>
A: Let’s think step by step. rstart · · · ri · · · rend", where each r denotes a reasoning step.

The type of error you need to synthesize is: "Coherency", which refers to: "Steps contradict each
other or do not follow a cohesive story".

First, you need to select a reasoning step ri from the reasoning steps that is prone to the "Coherency"
error during LLM reasoning. Then:
• Generate a correct version right(ri) by rewriting the original step ri in a different form, while

preserving its original meaning.
• Generate a corresponding faulty version wrong(ri) by introducing the error into ri.
The faulty step should resemble realistic reasoning mistakes commonly made by large language
models, rather than artificial or exaggerated errors.

Next, you need to construct a positive and a negative sample. You only need to include the
reasoning steps up to and including the synthesized correct step right(ri) (for the positive sample),
or up to and including the synthesized incorrect step wrong(ri) (for the negative sample). Do not
include the rest of the reasoning chain. In terms of output format, please return the positive and
negative samples in a list. Each sample should be a string, and each reasoning step should occupy
one line, as follows:
[ "Q: <question> \n A: Let’s think step by step. \n rstart \n · · · right(ri)",
"Q: <question> \n A: Let’s think step by step. \n rstart \n · · ·wrong(ri)" ]

Finally, check carefully whether the data synthesis and output format meet the specified
requirements, and briefly explain the reasons.

Your task:

Prompt for Post-processing

You are a judge model for filtering synthesized reasoning samples.

The input consists of 10 pairs of positive and negative reasoning samples, where the positive
and negative samples differ only in the final reasoning step. The negative samples simulate the
“Coherency” error in the final reasoning step, defined as "Steps that contradict each other or do not
follow a cohesive line of reasoning."

Your task is to select the best subset of 6 pairs from the 10 candidates based on three evaluation
criteria: quality, diversity, and fidelity:
• Quality: Positive samples must be logically correct and coherent, and negative samples must

contain a plausible commonsense reasoning error that is not trivial, random, or nonsensical.
• Diversity: Prefer pairs that cover diverse failure modes, and avoid many highly similar cases.
• Fidelity: Negative reasoning should resemble realistic LLM mistakes and remain subtle, fluent,

contextually coherent, and believable.

Output Requirement:
• Keep the same output format as the input.
• Only remove low-quality ones.
• Do not add explanations or comments.
• Carefully verify formatting before returning the final filtered set.

Your task:

Figure 3: Prompt used for data synthesis and filtering.
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Q: A block is dragged along a table and experiences a frictional force, f, that opposes its movement.
The force exerted on the block by the table is
Choice: A. zero, B. parallel to the table, C. perpendicular to the table, D. neither parallel nor
perpendicular to the table
A: Let’s think step by step.
Step 1: The force of friction, f, is a force that opposes the motion of an object. (0.87,→)
Step 2: In this case, the frictional force, f, is acting in the opposite direction of the block’s movement.
(0.96,→)
Step 3: The normal force, which is the force exerted by the table on the block, is always perpendicular
to the surface of contact. (0.90,→)
Step 4: Therefore, the normal force is perpendicular to the table. (0.89,→)
Step 5: However, the force of friction is not the same as the normal force. (0.72,→)
Step 6: The force exerted on the block by the table is the normal force, which is perpendicular to the
table, not the frictional force. (-0.69, ⟳) (Coherency Error)
Step 6: The force exerted on the block by the table is the resultant of the normal force and the
frictional force, so it is neither parallel nor perpendicular to the table. (0.79,→)
Answer: D.

Q: A student is recording a song on her computer. When the recording is finished, she saves a copy
on her computer. The student notices that the saved copy is of lower sound quality than the original
recording. Which of the following could be a possible explanation for the difference in sound quality?
Choice: A. The song was saved using fewer bits per second than the original song. B. The song was
saved using more bits per second than the original song. C. The song was saved using a lossless
compression technique. D. Some information is lost every time a file is saved from one location on a
computer to another location.
A: Let’s think step by step.
Step 1: To determine the cause of the difference in sound quality, we need to consider how sound
quality is affected when saving files on a computer. (0.97,→)
Step 2: When a file is saved, it is usually compressed to reduce the size of the file. This compression
process can result in some information being lost, which may affect the sound quality. (0.93,→)
Step 3: Since the saved copy has lower sound quality than the original recording, it suggests that
some information was indeed lost during the saving process. (-0.52, ⟳) (Repetition Error)
Step 3: Saving with fewer bits per second reduces the data used to represent the sound, so the quality
decreases, meaning it was likely saved with a lower bit rate. (0.93,→)
Answer: D.

Q: Sussman Co. prepared cash-basis financial statements for the month ended January 31. A summary
of Sussman’s January activities follows: Credit sales of $5600. Collections of $1900 relating to
January credit sales. Accrued salaries of $1200. By what amount will Sussman’s cash-basis income
for the month ended January 31 increase as a result of restating these activities to the accrual basis of
accounting?
Choice: A. $2,500, B. $3,700, C. $4,400, D. $4,900
A: Let’s think step by step.
Step 1: Calculate total credit sales for January, which is $5,600. (0.87,→)
Step 2: Deduct collections from January credit sales ($1,900) from total credit sales to find the
remaining balance to be collected under accrual basis, which is $3,700 ($5,600 - $1,900). (0.94,→)
Step 3: Add accrued salaries ($1,200) to the remaining balance to account for expenses not yet paid,
resulting in an increase of $4,900 ($3,700 + $1,200). (-0.93, ⟳) (Commonsense Error)
Step 3: Subtract accrued salaries of $1,200 (an expense under accrual accounting) from the $3,700
revenue increase to get the net income increase of $2,500 ($3,700 - $1,200). (0.89,→)
Answer: A.

Figure 4: Case study of LADA, where parentheses show (score, action);→ denotes moving to the next step, and ⟳
denotes regenerating the current step.
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