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ABSTRACT

As strong general reasoners, large language models (LLMs) encounter diverse
domains and tasks, where the ability to adapt and self-improve at test time is
valuable. We introduce MASS, a meta-learning framework that enables LLMs to
self-adapt by generating problem-specific synthetic training data and performing
targeted self-updates optimized for downstream performance at inference time.
We train this behavior end-to-end via bilevel optimization: an inner loop adapts on
self-generated examples while an outer loop meta-learns data-attribution signals
and rewards post-update task performance. The synthetic data is optimized with
scalable meta-gradients, backpropagating the downstream loss through the inner
updates to reward useful generations. Experiments on mathematical reasoning
show that MASS learns to synthesize per-instance curricula that yield effective,
data-efficient test-time adaptation.

1 INTRODUCTION

Large language models (LLMs) have demonstrated great general-purpose capabilities, yet they are
typically deployed as static artifacts. In real-world applications, however, models must continuously
adapt to evolving tasks, new information, and shifting distributions encountered during deployment
(Zheng et al.| 2024; /Wu et al., 2025).

The ability of models to learn how to learn at test time represents a critical frontier in Al develop-
ment (Zweiger et al., 2025; Sun et al.,|2020; Finn et al., |2017; [Hu et al.,|2025). Rather than relying
on fixed pretrained capabilities, we explore whether models can learn how to best adapt themselves
at test time for a new task or domain. Our approach frames this challenge as a bilevel optimiza-
tion problem where models generate and curate their own problem-specific synthetic data to achieve
the best self-updates at inference time. This enables models to utilize test-time compute to adapt
to each unique problem they encounter and become data-efficient where high-quality task-specific
supervision is sparse (Wang et al., [2023} [Zelikman et al., [2022; |Dong & Ma, [2025)).

We introduce MASS (META-ADAPTATION WITH SELF-SYNTHESIS), a meta-learning framework
for models to self-adapt at test time. We demonstrate the effectiveness of our method in math-
ematical reasoning across diverse fields; by dynamically constructing a synthetic curriculum for
self-improvement at test time, MASS addresses problem-specific knowledge gaps while offering a
scalable alternative to massive offline pretraining.

2 METHODS

We formulate test-time adaptation as a bilevel meta-learning problem. Each input is treated as a
distinct task, and we learn what small synthetic self-generated dataset enables the best downstream
performance for each task. Concretely, MASS has a generator which generates a corpus of syn-
thetic auxiliary problem-solution pairs given a target task and a scorer which assigns scores to these
examples based on their relevance to the target task (Calian et al,|2025). During training, MASS
then performs temporary parameter updates with this weighted dataset prior to solution generation.
Optimization of the model on this downstream performance allows the scorer to learn what examples
are most important and the generator to generate such examples. The overall pipeline is illustrated

in Figure|[T]
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Figure 1: MASS pipeline. The generator parameterized by 6 generates m auxiliary training ex-
amples (p1,a1),. .., (Pm,am) given the target task T'. The examples are assigned scores using the
scorer parameterized by 7. Then, 6 performs a weighted SFT self-update on the synthetic data to

produce an adapted model 6’ before producing resposne Rin attempting the target problem. Meta-
gradients computed by backpropagating target performance through the inner updates are used to
update 7 to identify examples that help the downstream loss and reward 6 to generate better exam-
ples.

2.1 DATA GENERATION AND INNER-LOOP ADAPTATION

We have a generator model 7y and a scorer s,,. For a target task T', we sample m auxiliary examples
(pi,a;) ~ mg(- | T) for i € [m], forming an auxiliary dataset D(T") = {(pi, a;)}i%,. A scorer s,
assigns each example a relevance weight s; = s,,(7T', p;, a;).

Initializing from the current model parameters 6, we perform a short update on the weighted auxil-
iary data according to

['mncr 0 ;T an T pz;az melz‘§9)a

where £(-) is a supervised loss. The adapted model ¢’ is then used to attempt the target task 7.

2.2 OUTER OBJECTIVE

We optimize 6 and 7 so that the adapted parameters 6’ achieve strong performance on 7T':
Igin Louter(0'(0,7;T); T).
n

In our experiments, we study two instantiations of L.y, depending on the assumptions of the
setting: if a gold solution R* is provided for 7" during training, we use standard cross-entropy; if

no gold solution is available but we can verify candidate responses, we sample k attempts {E] } ;?:1
from 7g/ (- | T'), and treat verified responses as the target.

2.3  OPTIMIZATION

Backpropagating through the inner update with higher-order differentiation yields the meta-gradient
for the scorer parameters 7:
8£0uter 8‘ﬁouter 89/

on 09 on’
Updating according to this encourages the scorer s, to upweight auxiliary examples whose induced
adaptation step improves outer performance on 7. We can derive the sensitivity to each example-

level score from this computation as 8%0‘““ = <V9/£0uter(9’ ) 20" > which directly measures

whether increasing s; would decrease the outer loss.
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We use the meta-signal — 6“‘“” as a reward shaping term for the generator 7y to produce auxiliary

examples that are useful for adaptation: auxiliary samples that would reduce the outer loss receive
positive reinforcement.

Let x; denote the generator input (here, z; = T plus any formatting/context) and y; denote the
generator output representing the auxiliary pair (p;, a;). We compute GRPO-style advantages A;
computed from the rewards and normalized across the m samples. We then optimize a clipped
policy-gradient surrogate:

o yz ‘ Iz) 1 . 7T9(yi | 1'2) 1
Lawx(0) = =Eryymrs (2 mln( A;, clip(————————,1—¢,1+c¢ Ai)
au ( ) {yitvmogq (1) [ Z TOo1a (yl | Lg ) (ﬂ-eold (yi | xi) )

To keep solving in-distribution, we include an additional term that reinforces solving performance
to yield Lgenerator(0) = Laux(0) + 7 Lsolve(d), with hyperparameter v. When gold solutions are
available, Lso)ve is an SFT cross-entropy loss on the gold solution. When only verification is avail-
able, Lgo1ve i a similar GRPO-style loss over the £ attempts on 7" using binary verifier outcomes as

rewards (and 7y, := 7y for that solve-policy update).

Computing V, Louter requires differentiating through the inner update(s), which naively involves
expensive second-order terms and large activation storage when backpropagating through an un-
rolled inner loop. We build on recent work on scalable bilevel differentiation [Kemaev et al.| (2025);
Calian et al.| (2025), computing meta-gradients in a memory-efficient mixed-mode form (forward-
over-reverse vs. standard reverse-over-reverse unroll), as well as block-level rematerialization with
gradient checkpointing.

Each meta-training iteration then proceeds as: (1) generate data for 7', (2) compute scores via 7,
(3) adapt model parameters on weighted data, (4) compute outer loss on 7', (5) update both 7 and
using the meta-gradients.

3  EXPERIMENTS

3.1 EXPERIMENTAL SETUP

We work with the task of mathematical reasoning, evaluating performance on the MATH-500 bench-
mark (Lightman et al.,[2023)), which contains mathematical reasoning problems from various differ-
ent fields of math, measuring our methods’ ability to adapt for different domains. We train on 1,000
examples sampled from the training split of the MATH dataset (Hendrycks et al., [2021), disjoint
from the evaluation tasks. We note that we minimally optimize for actual math generation, and that
our approach primarily leverages training data as signal to meta-learn.

We work with Llama 3.1-8B-Instruct (Grattafior1 et al., 2024) as our base model and utilize
parameter-efficient LoRA training (Hu et al., 2021) for temporary inner loop updates. The scorer
model follows the base model’s architecture but is lightweight in size and has a sigmoid-constrained
numerical scoring head. We train for about 100 steps with 20 warmup steps where the generator is
frozen and the scorer updated. We perform 2 inner steps and unroll through both.

For each task, we generate 12 candidate synthetic training examples. For the verifier-only setting, the
outer loss is computed by sampling 6 solution attempts on the target task. At test time we generate
6 synthetic training examples then perform an unweighted SFT LoRA update before attempting the
target theorem.

3.2 RESULTS
We compare multiple baselines. Our results are shown in Table [I]

¢ Base: The base model (Llama-3.1-8B-Instruct).

» Base Test-Time Self-Synthesis (TT-SS): The base model generates %k synthetic training
examples, performs a LoRA update, then attempts the target task.

* Base Test-Time Training (TTT): £ examples are sampled from the MATH training data;
the base model performs a LoRA update, then attempts the target task.
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* Solver GRPO: The base model trained with vanilla GRPO directly for math solving with
binary correctness rewards.

* MASS: MASS generates k synthetic training examples, performs a LoRA update, then
attempts the target task (this represents the setting with no gold solution, only verification).

* MASS a2 MASS generates k synthetic training examples, performs a LoRA update,
then attempts the target task (this represents the setting using the gold solution in the outer
loss).

Table 1: Accuracy of methods on MATH-500.

Method MATH-500
Base 43.6%
Base TTT 41.2%
Base TT-SS 46.6%
Solver GRPO 49.1%
MASS 59.0%
MASS ;014 54.1%

In the evaluations in Table[T} MASS achieves the strongest performance, substantially outperform-
ing all baselines and improving on the Base model by 15.4pp (x1.35). Without meta-learning, the
model shows limited capabilities in generating targeted beneficial synthetic data for self-adaptation
(Base-TT-SS), but is able to improve from Base by 3.0pp. Naive TTT slightly hurts performance,
suggesting that generic test-time updates without problem-specific supervision can introduce drift.
MASS performs strongly in both settings where it updates according to golden solutions and verified
self-generated solutions.

Performance by Domain

Base
80 W= MASS (ours)

Accuracy (%)

Prealgebra Algebra  Number Theory  Counting Geometry  Precalculus  Intermediate
& Probability Algebra
Domain

Figure 2: Performance gains by domain.

MASS especially shows its potential in improving performance across domains. In Figure [2] it
provides the greatest gains where initial performance is weakest (Intermediate Algebra, 1.92x) and
overall improves consistency of performance across domains. MASS demonstrates that it can ef-
fectively utilize test-time compute to generate problem-specific synthetic data to adapt itself to the
domain in a data-efficient manner, better leveraging its knowledge and resources for its environment.

4 CONCLUSION

Test-time MASS (META-ADAPTATION WITH SELF-SYNTHESIS) demonstrates that models can
meta-learn to self-adapt at inference time by generating problem-specific synthetic curricula. MASS
learns what self-generated updates are useful for optimal performance gains on the current input,
enabling generalizable per-instance self-improvement. We consistently improve over strong and
compute-matched baselines in mathematical reasoning. Our work emphasizes synthetic data gener-
ation for self-improvement and efficient meta-learning for data attribution, and opens up the method
as a general mechanism for models to robustly adapt in any setting.
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