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Abstract

In offline goal-conditioned reinforcement learning, Test-Time Training (TTT) can1

specialize a pre-trained policy to the current state and goal at deployment. This2

turns a broad goal-conditioned policy into a query-specific expert. Yet, standard3

offline pre-training optimizes the policy before TTT, not after it. As a result, the4

policy is not trained for the gradient dynamics it will face at test time. We introduce5

META-GC-TTT, a framework for learning test-time-trainable goal-conditioned6

policies. META-GC-TTT samples state-goal tasks from the offline dataset, adapts7

the policy with TTT, and updates the base policy for post-TTT performance. Our8

evaluation on the OGBench loco-navigation suite demonstrates that meta-learned9

initializations significantly improve zero-shot performance and achieve a (3− 5×)10

increase in adaptation efficiency. Overall, offline goal-conditioned policies should11

not only be trained not only to act, but also to adapt.12

1 Introduction13

The standard paradigm of modern machine learning has shifted from training task-specific models14

from scratch to a two-phase process: large-scale pre-training followed by specialized adaptation.15

This evolution, exemplified by Foundation Models in language and vision [Radford et al., 2018,16

Touvron et al., 2023, Ouyang et al., 2022, Yang et al., 2025, Team et al., 2025, Radford et al., 2021,17

Dosovitskiy et al., 2021, Beyer et al., 2024], leverages vast unlabeled datasets and self-supervised18

objectives to learn underlying data structures.19

However, this paradigm has only recently begun to transition to Reinforcement Learning (RL) for20

robotics. Emerging research proposed Vision-Language-Action (VLA) models [Zitkovich et al.,21

2023, Kim et al., 2024, Black et al., 2026, Intelligence et al., 2025] and offline goal-conditioned RL22

(GCRL) [Liu et al., 2022, Eysenbach et al., 2022b] as promising candidates for robotic foundation23

models. In particular, GCRL offers two pivotal advantages: (i) offline scalability, which leverages24

massive, diverse datasets while bypassing the safety and cost constraints of online interaction; and25

(ii) self-supervised objectives, which provide a reward-free training signal analogous to next-token26

prediction in LLMs. By treating reached states as goals, this objective enables the extraction of27

general-purpose skills directly from unlabeled trajectories.28

Yet, scaling alone may be insufficient for high-performance agents. While pre-training provides29

a broad “common sense,” complex tasks require a final specialization phase. This paradigm has30

recently been pushed to its logical extreme with Test-Time Training (TTT) [Sun et al., 2020, Hardt31

and Sun, 2024], where a model is adapted on-the-fly for each specific test instance. By performing32

gradient descent on data relevant to the current query at the moment of inference, TTT transforms a33

broad generalist model into a localized expert tailored to the immediate task.34

At its core, this work connects goal-conditioned pre-training with test-time adaptation through meta-35

learning. If a model is intended to be adaptive at test-time, the training phase should explicitly36
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optimize for this capability. Meta-learning algorithms [Finn et al., 2017, Nichol et al., 2018] provide37

the framework to ensure a model may truly learn to learn, optimizing the initialization specifically38

for its ability to specialize via local gradients.39

The main contributions of this paper are as follows:40

• We introduce META-GC-TTT, a unified post-training framework that leverages meta-41

learning to optimize policies for test-time adaptation, instantiating three distinct algorithms:42

CONTINUAL-TTT, TT-FOMAML and TT-REPTILE.43

• We propose a novel meta-update mechanism using an early-stopping approach based on44

goal-conditioned test loss. This dynamically determines the inner-loop horizon to prevent45

overfitting and stabilize adaptation.46

• We provide an extensive evaluation across the loco-navigation suite of OGBench. Our results47

demonstrate that meta-learned initializations significantly improve zero-shot performance48

and achieve up to a 5× increase in adaptation efficiency compared to standard TTT.49

2 Related Work50

Offline Reinforcement Learning Offline RL focuses on learning optimal policies from static51

datasets without environment interaction [Ernst et al., 2005, Levine et al., 2020], and represents52

a promising paradigm for training robotics foundation models [Amin et al., 2025]. The primary53

challenge is the distributional shift between the behavior policy πβ and the learned policy πθ, which54

causes catastrophic value overestimation on out-of-distribution (OOD) actions. Conservative methods55

like CQL [Kumar et al., 2020] and in-sample methods like IQL [Kostrikov et al., 2021] have been56

developed to mitigate these issues. Such techniques are in practice deployed for the underlying policy57

through this work.58

Goal-Conditioned RL GCRL enables agents to reach diverse targets by training goal-conditioned59

policies [Liu et al., 2022, Eysenbach et al., 2022b, Ma et al., 2022], and can be applied naturally to60

offline settings [Agarwal et al., 2023], as most objectives are self-supervised [Andrychowicz et al.,61

2017, Tian et al., 2021], and do not require reward labels. Despite the success of self-supervised62

objectives, evidence suggests that effective reasoning horizon remains a primary bottleneck for63

scaling these models to complex tasks [Park et al., 2025b]. We utilize the OGBench suite [Park et al.,64

2025a] to evaluate how META-GC-TTT reduces this effective horizon through localized adaptation.65

Test-Time Training (TTT) The TTT paradigm involves adapting model parameters on-the-fly66

for each specific test instance [Sun et al., 2020]. In decision-making, TTT transforms a generalist67

model into a localized expert [Park et al., 2024, Bagatella et al., 2025]. Our work extends the GC-68

TTT framework [Bagatella et al., 2025] by aligning the initialization specifically for inference-time69

gradient dynamics.70

Optimization-based Meta-Learning Meta-learning aims to learn representations that facilitate rapid71

adaptation [Finn et al., 2017]. Algorithms like MAML optimize a model’s initialization specifically72

for post-adaptation performance, while Reptile merges expert parameters with a base model via73

interpolation [Nichol et al., 2018]. Multiple variations of these methods have been proposed [Ra-74

jeswaran et al., 2019, Antoniou et al., 2018, Finn et al., 2018, Liu et al., 2019]. Our framework,75

META-GC-TTT, differentiates itself by integrating meta-learning with an efficient TTT inner loop.76

3 Background77

3.1 Goal-Conditioned Offline Reinforcement Learning78

Goal-Conditioned Reinforcement Learning (GCRL) may be formalized through a goal-augmented79

Markov decision process (G-MDP) defined by the tuple (S,A,G, P,R, γ), where S is the state space,80

A is the action space, G is the goal space (often G ⊆ S), P (s′|s, a) represents goal-independent81

transition dynamics, R(s, g) is the goal-conditioned reward function (typically sparse: R(s, g) =82

1d(s,g)≤ϵ), and γ ∈ [0, 1) is the discount factor. The objective is to learn a policy π(a|s, g) maximizing83
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an expectation over the value function:84

V π(s|g) = EP,π

[ ∞∑
t=0

γtR(st, g) | s0 = s

]
. (1)

An state-action value function may be defined similarly: Qπ(s, a|g) =85

EP,π [
∑∞

t=0 γ
tR(st, g) | s0 = s, a0 = a] .86

In the offline setting, π needs to be estimated from a static dataset D = {(si, ai, ri, s′i)}ni=1 collected87

by an unknown behavior policy πβ . A multitude of algorithms has been proposed for this setting88

[Park et al., 2023, Zeng et al., 2023, Zheng et al., 2023, Eysenbach et al., 2022a, Zhou and Kao,89

2026], among which we will consider two representative instances. Among supervised approaches,90

Goal-Conditioned Behavioral Cloning (GCBC) [Yang et al., 2022] trains a policy parameterized91

by θ by maximizing the likelihood of actions taken in the dataset:92

LBC(θ) = E(s,a,g)∼Dg
[− log πθ(a|s, g)] (2)

While stable, GCBC is limited by the quality of πβ . Reinforcement learning algorithms instead93

rely on the estimation of V π for improving the policy. Among those, Goal-Conditioned Implicit94

Q-Learning (GCIQL) [Kostrikov et al., 2021, Zeng et al., 2023] trains value estimates through95

expectile regression and TD learning, and updates the policy πθ(a|s, g) via either Advantage96

Weighted Regression (AWR) [Peng et al., 1910]:97

LAWR(θ) = E(s,a,g)∼Dg
[− exp(βA(s, a, g)) log πθ(a|s, g)] (3)

or DDPG-BC [Lillicrap et al., 2019, Fujimoto and Gu, 2021], which regularizes a deterministic98

policy gradient with a behavioral cloning term:99

LDDPG−BC(θ) = E(s,a,g)∼Dg

[
−Q(s, â, g) + α∥â− a∥2

]
where â ∼ πθ(·|s, g). (4)

In either case, the policy is in practice a neural network updated through first-order methods, making100

it suitable for gradient-based test-time adaptation.101

3.2 Goal-Conditioned Test-time Training (GC-TTT)102

Test-Time Training (TTT) is a model adaptation paradigm where a base model is fine-tuned for each103

specific test instance τ during deployment [Sun et al., 2020, Hardt and Sun, 2024]. Given base model104

parameters θ0 and a task-specific support set Dτ , TTT utilizes a transformation operator UK
τ to105

produce specialized expert parameters (or “fast weights”) θTTT = UK
τ (θ0). This operator typically106

consists of K steps of stochastic gradient descent on some task-specific objective Lτ :107

θk ← θk−1 − α∇θk−1
Lτ (θk−1,Dτ ) (5)

where α is a learning rate. In the context of GCRL, Bagatella et al. [2025] recently demonstrated108

that TTT can specialize goal-conditioned policies to specific test instances (in this case, state-goal109

pairs (s, g) = τ ). Given a base policy πθ0 and a state-goal pair (s, g), GC-TTT (i) describes a110

self-supervised procedure filter(D, s, g) to extract an instance-specific dataset D(s,g) = Dτ from111

an unlabeled pre-training dataset D and (ii) simply applies the transformation operator UK
(s,g) on top112

of some underlying GCRL objective L(s,g). We refer to Appendix A for more details.113

3.3 Optimization-Based Meta-Learning114

Optimization-based meta-learning seeks to find an initialization θ that minimizes the “learning115

distance” to future tasks τ , ensuring the model is easy to fine-tune. Model-Agnostic Meta-Learning116

(MAML) [Finn et al., 2017] explicitly optimizes for the performance of the model after adaptation.117

The meta-objective finds an initialization θ⋄ such that the parameters resulting from the inner-loop118

adaptation UK
g (θ) perform optimally on a held-out query set Dtest

τ :119

θ⋄ = argmin
θ∈Θ

Eτ

[
Lτ

(
UK
τ (θ),Dtest

τ

)]
(6)

This induces a bilevel optimization where the outer loop updates θ by back-propagating through120

the gradient descent path of the inner loop. To avoid the computational cost of the second-order121
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Figure 1: META-GC-TTT is an offline post-training scheme, based on meta-learning, to adapt a
pre-trained policy and prepare it for test-time training. During post-training, we perform a meta-
optimization loop by sampling starting states and goals as task instances, fine-tuning local copies of
the policy on relevant batches of data and using a meta-optimization rule for back-propagating the
knowledge of fine-tuned models into the base policy.

derivatives required by MAML, First-Order MAML (FOMAML) [Finn et al., 2017] approximates122

the meta-gradient by treating the inner-loop update as a constant:123

θ ← θ − β · ∇UK
τ (θ)Lτ (U

K
τ (θ)), (7)

where β is a meta-learning rate. This assumes a locally linear loss landscape, making it memory-124

efficient while remaining effective for small inner-loop learning rates. Reptile [Nichol et al., 2018] is125

a first-order algorithm that simplifies the meta-update rule by performing model merging with the126

adapted weights:127

θ ← θ + ϵ(UK
Dτ

(θ)− θ) (8)
where ϵ is a step size. Unlike MAML, it does not require an explicit query/support split for the128

meta-gradient and is claimed to find an initialization that is geometrically close to the manifolds of129

optimal solutions for the task distribution.130

4 META-GC-TTT131

We propose META-GC-TTT, a post-training framework designed to align pre-trained offline GCRL132

policies for efficient test-time adaptation, schematized in Figure 1. Through meta-learning, we trans-133

form the policy into an adaptive process. Rather than only maximizing zero-shot performance with134

standard pre-training objectives while remaining agnostic of test-time processes, we further optimize135

the policy parameters θ to be “ready for TT gradients,” ensuring that a small number of steps K on136

a local goal-specific dataset D(s,g) can shift the behavior from a general prior to a specialized expert.137

Given a goal-conditioned policy πθ0 pre-trained through an underlying RL algorithm (e.g. GCBC or138

GCIQL) and an offline datasetD, we can instantiate META-GC-TTT as a bilevel optimization routine139

(Algorithm 1). In the inner loop, we leverage GC-TTT [Bagatella et al., 2025]: given a test-time140

instance as a state-goal tuple (s, g), GC-TTT filters the dataset D to extract task-specific batches141

D(s,g), and quickly adapts the policy through a few gradient descent steps. As the adaptation procedure142

is gradient-based, we amortize it through an outer meta-learning loop, as described in Algorithm 1.143

Algorithm 1 involves several routines, namely:144

1. Task sampling: A meta-batch of B tasks, each composed of a state-goal pair (si, gi), is145

sampled uniformly from the dataset D.146
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Algorithm 1 META-GC-TTT Post-training

Require: Pre-trained policy πθ0 , Dataset D, rates α, β, outer batch size B, outer steps N and inner
steps K

1: θ ← θ0
2: for n = 1 to N do ▷ Outer loop
3: Sample meta-batch of tasks (si, gi)Bi=1 ▷ Task sampling
4: for i = 1 to B do
5: D(si,gi) ← filter(D, si, gi) ▷ Data filtering
6: Dtrain

(si,gi)
,Dtest

(si,gi)
← split(D(si,gi))

7: θ′i ← θ
8: for k = 1 to K do ▷ Inner Loop: Adaptation with UK

(si,gi)

9: θ′i ← θ′i − α∇L(si,gi)(θ
′
i, sample(Dtrain

(si,gi)
))

10: end for
11: end for
12: θ ← meta_update(θ, {θ′i}, {Dtest

i }, β) ▷ Meta-update
13: end for

2. Data filtering: We follow the same procedure as GC-TTT (see Appendix A), and obtain a147

task-specific dataset D(si,gi).148

3. The inner loop consists of K gradient steps of an offline GCRL loss on batches sampled149

from the training split, using SGD or other optimizers [Kingma and Ba, 2017], resulting in a150

specialized set of parameters θ′i.151

4. The meta-update combines the specialized parameters θ′i with the base model θ. We152

instantiate three algorithms based on the meta-update rule:153

• CONTINUAL-TTT: θ ← 1
B

∑B
i=1 θ

′
i, updating the base parameters to the average of154

specialized parameters.155

• TT-FOMAML: θ ← θ − β 1
B

∑B
i=1∇θ′

i
L(θ′i,Dtest

i ), using first-order gradients of156

the test loss [Finn et al., 2017].157

• TT-REPTILE: θ ← θ + β( 1
B

∑B
i=1(θ

′
i − θ)), merging specialized parameters with158

base parameters via interpolation [Nichol et al., 2018].159

Test-Aware Meta-Update (Early-Stopping) Standard meta-update procedures assume that K160

gradient steps consistently yield an expert model superior to the base initialization. In practice,161

however, fixed-length adaptation risks inner-loop overfitting, vanishing gradients, or the accumulation162

of approximation errors [Antoniou et al., 2018]. To mitigate this, we additionally introduce a test-163

aware meta-update strategy that utilizes the test set Dtest
(si,gi)

as an inner-loop validation mechanism.164

We monitor the test loss at each step k ∈ [0,K] and perform the meta-update using the optimal165

checkpoint:166

k∗ = arg min
k∈{0,...,K}

LDtest
(s,g)

(Uk
(s,g)(θ)). (9)

This approach provides two primary advantages. First, it serves as a diagnostic tool for the meta-167

learning process: k∗ = 0 prevents updates from poor specialization by rejecting the step, k∗ = 1 re-168

covers standard stochastic gradient descent (SGD) for TT-REPTILE and CONTINUAL-TTT, and k∗ >169

1 confirms that the initialization has acquired a structure capable of capturing complex dependencies170

through extended optimization. Second, it enhances hyperparameter robustness by eliminating the171

need to tune K as a fixed parameter. By setting K to a large upper bound, the mechanism dynamically172

determines the optimal adaptation length per task, facilitating autonomous deployment. While test loss173

remains a proxy for final performance, we evaluate the effectiveness of early stopping in Section 5.2.174

5 Experiments175

Having described a framework for post-training goal-conditioned policies, and aligning them to176

test-time adaptation, we now turn to a broad empirical evaluation. Following [Bagatella et al.,177

2025], we will rely on a suite of goal-conditioned loco-navigation tasks from OGBench [Park et al.,178

2025a], each of which defines five goal-conditioned tasks as shown in Figure 2. We will cover179
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pointmaze antmaze humanoidmaze

Test-tasks
Figure 2: (Top) Maze environments from OGBench [Park et al., 2025a] representing increasing
locomotion difficulty. (Bottom) The specific test-tasks used for evaluation.
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Figure 3: Meta-post-training improves zero-shot initialization and adaptation on high-quality datasets.
Meta-learning variants consistently outperform standard GC-TTT baselines. TT-REPTILE and
CONTINUAL-TTT provide superior starting success while TT-FOMAML optimizes for steeper
recovery and higher peak performance despite initial zero-shot "dips."

three embodiments (pointmaze, antmaze and humanoidmaze) and two data sources: long, expert180

demonstrations (navigate) as well as short, disjoint trajectory segments (stitch).181

In each environment, we apply META-GC-TTT on top of two representative offline GCRL algorithms,182

namely GCBC [Yang et al., 2022] (which is applied to expert navigate data) and GCIQL [Kostrikov183

et al., 2021], which we evaluate on stitch data due to its off-policy nature. We pre-train each184

algorithm for 400k steps (i.e., until convergence) to provide stable initializations for a subsequent 50k-185

step meta-post-training phase using TT-REPTILE, TT-FOMAML, or CONTINUAL-TTT. After post-186

training, we evaluate each policy in a zero-shot evaluation, as well as in combination with GC-TTT187

[Bagatella et al., 2025] across a range of test-time compute budgets. We report success rates averaged188

across the five standard evaluation tasks and three seeds. A detailed account of our checkpoint189

selection criteria and hyperparameter configurations is provided in Section 5.2 and Appendix F.190

Our main experimental results are organized around three questions, which define the following191

subsections.192

5.1 Does META-GC-TTT improve adaptation efficiency and performance?193

High-quality Data and Supervised Learning Figure 3 reports success rates as a function of the194

number of test-time training (TTT) steps K ∈ {0 (zero-shot), 10, 20, 50} when using GCBC as the195

underlying algorithm, and training on navigate data. Across the environments, we observe that196
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Figure 4: On mixed-quality datasets, meta-post-training positively impacts test-time training on two
environments, while leading to instabilities on pointmaze.

meta-learned policies significantly improve both zero-shot performance and overall efficiency of197

the adaptation process.198

Regarding zero-shot performance, we observe substantial improvements, particularly with TT-199

REPTILE and CONTINUAL-TTT. These meta-update rules implicitly optimize the base model as well200

as the adapted model for performance on training tasks; assuming the task distribution is not disjoint,201

this optimization generalizes effectively to similar test-time goals.202

In contrast, TT-FOMAML specifically optimizes for adaptation potential rather than zero-shot203

success, typically providing the steepest relative increase in performance within the first few adap-204

tation steps. While this objective can occasionally degrade zero-shot performance—as seen in205

humanoidmaze, where the initialization likely shifts toward a high-sensitivity region of the loss206

landscape - it facilitates recovery. On antmaze, TT-FOMAML achieves the largest absolute gains207

among all evaluated methods, reaching a peak success rate of 0.72 compared to the 0.55 baseline.208

All three meta-update results translate into significant adaptation efficiency gains during deployment.209

In pointmaze, meta-post-trained models achieve an 80% success rate in as few as 10 to 20 steps,210

whereas the baseline requires 50 steps. This represents an approximate 3–5× gain in computational211

efficiency, demonstrating that meta-learning effectively aligns pre-trained policies for rapid online212

specialization.213

Mixed Data and Off-policy Learning While results on GCBC demonstrate the potential of META-214

GC-TTT with expert data, standard offline RL assumes a more challenging regime: learning from215

suboptimal, mixed-quality datasets (e.g. stitch), which in turn demand algorithms capable of216

policy evaluation and improvement. To investigate this setting, we apply META-GC-TTT while217

using GCIQL [Kostrikov et al., 2021] as the underlying algorithm. Unlike GCBC, GCIQL requires218

goal-conditioned critics to model the optimality of actions; these estimators are trained with expectile219

regression or TD learning, introducing significant optimization instabilities. In Figure 4 we observe220

that meta-updates may fail to converge when applied to the highly filtered, off-policy batches221

encountered during the meta-training phase, as pointmaze shows. We further study this phenomenon222

in Appendix D, which shows that policy-only updates may circumvent these issues, and successfully223

meta-learn.224

Beyond pointmaze, we observe that META-GC-TTT performs well out-of-the-box. On antmaze,225

CONTINUAL-TTT and TT-FOMAML consistently outperform the baseline across nearly all adap-226

tation steps. In the high-dimensional humanoidmaze, TT-REPTILE emerges as the most effective227

method, significantly exceeding the performance of its counterparts. These results suggest that no228

single meta-learning algorithm is globally superior; rather, their efficacy depends on the specific229

dynamics and state-space complexity of the environment.230

Notably, when trained on stitch datasets, meta-learned policies do not exhibit the same significant231

zero-shot improvements observed in the BC expert setting. We hypothesize that this may be related232

to the additional complexity introduced by learning a goal-conditioned critic from fragmented data.233
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Figure 5: The test-time success rate evolution over post-training steps for different meta-update rules
on antmaze. Performance curves are heavily dependent on the meta-algorithm used.

5.2 How much compute should be allocated for post-training?234

While we have shown that meta-learning is beneficial for test-time performance and practical because235

it can be performed entirely offline, it remains computationally expensive. Therefore, this section236

studies trends in downstream performance as more compute is allocated to post-training. Figure 5 plots237

success rates for an increasing number of post-training iterations with a representative environment-238

algorithm pair (antmaze, GCBC) and each of the three meta-updates. In all cases, we observe that as239

little as 5k outer loops are sufficient to significantly boost zero-shot and TTT performance. At the240

same time, we also report three distinct behavioral patterns:241

• CONTINUAL-TTT quickly drives zero-shot and TTT performance to a similar range, and242

generally maintains performance through post-training;243

• TT-FOMAML exhibits gradual but slower improvement, potentially due to an ill-244

conditioned loss landscape;245

• TT-REPTILE shows performance degradation over meta-learning steps, maintaining a gap246

between zero-shot and TTT success rates.247

These results indicate that the relationship between optimization objectives and actual task success248

is non-trivial. The lack of a direct correlation suggests that minimizing surrogate loss does not249

consistently yield improvements in loco-navigation performance.250

5.3 Does early-stopping ease the burden of hyperparameter tuning?251

While the previous sections demonstrate the effectiveness of META-GC-TTT, the framework intro-252

duces several critical hyperparameters that govern the stability of meta-post-training and the efficiency253

of test-time adaptation. Appendix F provides a comprehensive report of these parameters, including254

inner/outer batch sizes and learning rates.255

The number of inner-loop steps (K) is particularly crucial from a practical standpoint. A significant256

limitation in the applicability of standard optimization-based meta-learning is that K is typically fixed257

a priori rather than tuned per task. Our findings indicate that the choice of K during meta-post-training258

significantly impacts the Area Under the Success Curve (AUC, Appendix E).259

Table 1 illustrates this trade-off: simply increasing K does not guarantee superior performance. No-260

tably, TT-FOMAML exhibits a "collapse" as K increases, with success rates dropping to zero. This261

is likely because the first-order approximation becomes increasingly inaccurate as error accumulates262

over more inner steps, making the objective function overly complex on long horizons.263

To lift the burden of choosing K, we test our proposed Early-Stopping strategy (ref. Section 4),264

which selects the optimal checkpoint within a 200-step window based on test loss. As reported in265

Table 1, this strategy consistently recovers performance lost to overfitting for both CONTINUAL-TTT266

and TT-REPTILE. Interestingly, TT-FOMAML benefits less from early stopping. In this case, the267

zero-shot model begins with a higher initial loss; while inner-loop optimization successfully reduces268

this loss, the resulting meta-update remains suboptimal. This suggests that the performance bottleneck269

for TT-FOMAML resides within the inherent limitations of the MAML meta-update approximation270

rule. Ultimately, these results indicate that the ideal TTT horizon is highly task-dependent: while271
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Table 1: Inner-loop steps comparison. All numbers reported are Area Under Success Curve for TTT
scaling curves. For TT-REPTILE and CONTINUAL-TTT, early-stopping retains performance by
avoiding overfitting and keeping expert models that minimize the test loss.

Inner-loop Steps
Method 1 10 20 50 100 200 200 Early-stopping
antmaze
TT-REPTILE 0.707 0.690 0.683 0.651 0.659 0.652 0.685
TT-FOMAML 0.602 0.560 0.449 0.417 0.358 0.000 0.404
CONTINUAL-TTT 0.732 0.688 0.658 0.636 0.529 0.423 0.607

humanoidmaze
TT-REPTILE 0.623 0.630 0.634 0.641 0.636 0.533 0.624
TT-FOMAML 0.305 0.186 0.066 0.005 0.045 0.000 0.000
CONTINUAL-TTT 0.466 0.483 0.510 0.511 0.408 0.248 0.518

complex goals require sustained refinement, simpler tasks risk performance degradation through272

behavioral drift if optimized for too many steps.273

6 Conclusion274

This work investigates the synergy between meta-learning and test-time training (TTT) in the275

context of offline goal-conditioned reinforcement learning to bridge the gap between large-scale276

pre-training and task-specific specialization. Our empirical evaluation provides strong evidence277

that meta-learning-based post-training, formalized through the META-GC-TTT framework, serves278

as a powerful alignment tool that prepares pre-trained models for rapid adaptation and enhances279

overall adaptation efficiency. Additionally, we proposed an early-stopping mechanism that maintains280

robustness by preventing the model from overfitting to suboptimal data batches, and eliminates the281

need to tune the number of inner steps as a fixed hyperparameter.282

Limitations and Future Work Several promising avenues remain for the development of adaptive283

agents. A deeper investigation into the optimization dynamics of specific meta-algorithms could284

yield more robust hyperparameter selection strategies, particularly regarding the trade-off between285

inner-loop learning rates and outer-loop stability. Furthermore, combining META-GC-TTT with hier-286

archical algorithms (e.g., SAW [Zhou and Kao, 2026]) could mitigate scaling bottlenecks associated287

with long horizons [Park et al., 2025b] by adapting high-level planners alongside low-level controllers.288
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A Goal-Conditioned Test-Time Training (GC-TTT)468

This section provides a brief introduction to Goal-Conditioned Test-time Training (GC-TTT)469

[Bagatella et al., 2025]. GC-TTT involves two distinct operations: dataset filtering and policy470

updates.471

The filtering procedure actively condition the data distribution of an offline dataset D on both the472

target goal g and the current state of the agent s, constructing D(s,g). Trajectories τ in D are first473

filtered based on their proximity to the current agent state s, retaining only trajectories containing at474

least one state that is ϵ-close to s:475

is_relevant(τ, s, ϵ) ⇐⇒ min
s′∈τ

d(s, s′) ≤ ϵ (10)

Trajectories that pass the relevance filter are subsequently ranked according to an optimality score,476

selecting the top-k (or top-p%) trajectories. In the absence of a learned value function, trajectories477

that do not reach the goal state (i.e. they have no states ϵ-close to g) are simply filtered out, and478

remaining trajectories are ranked based on a proxy to the goal distance (e.g. L2):479

critic_free_score(τ, g) = max
s′∈τ
−d(s′, g) (11)

While computationally simple, this method requires the dataset to contain trajectories that successfully480

reach the goal. It is not applicable when optimal paths must be composed from many sub-optimal,481

fragmented segments. When a learned goal-conditioned value function V (·|g) : S → R is available,482

every state in the relevant trajectories can be evaluated, and the trajectory score can be defined instead483

by the maximum value attained:484

critic_based_score(τ, g) = max
s′∈τ

V (s′|g) (12)

Among all trajectories surviving the relevance filter, we select the top-p% based on their optimality485

ranking. Crucially, we extract sub-trajectories from these samples, beginning at the state closest to s486

and ending at the state closest to g (or the state with the highest V -value).487

Once Ds,g is constructed, it can be used to optimize near-arbitrary offline RL objectives [Yang et al.,488

2022, Kostrikov et al., 2021, Zhou and Kao, 2026].489

B Test-time Loss Visualization490

To understand the dynamics of TTT, we analyze how the loss varies w.r.t. test-time gradient steps491

of the actor and critic components of the Goal-Conditioned Implicit Q-Learning (GCIQL) training.492

Figure 6 illustrates these trends for a representative antmaze stitch task.493

Across all evaluated learning rates, we observe a distinct discrepancy in optimization stability. The494

actor loss typically exhibits a smooth decrease, suggesting that the policy effectively refines its local495

behavior using the retrieved transitions. In contrast, the critic loss (and by extension, the total loss) is496

significantly more erratic. As the learning rate increases (e.g., 3 × 10−4), the actor loss begins to497

lose its smoothness, yet it remains significantly more stable than the critic. This pattern suggests that498

while the agent can reliably improve its action selection at test time, the underlying value function is499

prone to noise that can potentially mislead the adaptation process.500
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Figure 6: Comparison of total loss and its components, namely actor and critic losses, across multiple
learning rates on a representative antmaze stitch task. The actor loss is typically smoother than
the critic loss, which causes instabilities during META-GC-TTT.

C Actor-Only Test-time Training501

The observed instability of the critic during TTT (Appendix B) suggests that updating the critic at test-502

time may be unnecessary or even detrimental. To test this hypothesis, we perform an ablation study503

comparing full adaptation (policy + critic) against policy-only updates. As shown in Table 2, updating504

the actor only retains the majority of performance gains, particularly in complex environments like505

antmaze and humanoidmaze.506

Table 2: Area Under Success Curve (AUC) comparison: Full TTT (policy + critic) vs. actor-only
TTT. Values represent the mean across 3 independent seeds.

Setting / Learning Rate 3× 10−4 5× 10−4 1× 10−3 3× 10−3 5× 10−3

Pointmaze
TTT (Full Update) 0.21 0.28 0.33 0.41 0.53
TTT (Actor-Only) 0.22 0.24 0.27 0.32 0.35

Antmaze
TTT (Full Update) 0.54 0.62 0.67 0.70 0.66
TTT (Actor-Only) 0.55 0.61 0.65 0.68 0.65

Humanoidmaze
TTT (Full Update) 0.42 0.39 0.35 0.03 0.00
TTT (Actor-Only) 0.38 0.38 0.34 0.02 0.00

This indicates that the effectiveness of GC-TTT is largely driven by policy refinement and, as Park507

et al. [2024] claim, the policy extraction is the bottleneck in offline RL. This finding is of significant508

practical importance for the design of meta-learning pipelines: by meta-post-training only the actor,509

we may circumvent convergence issues.510
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D Addressing Pathologies in Off-Policy META-GC-TTT511
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Figure 7: Switching the TTT objective to
Behavioral Cloning (BC) on pointmaze
stitch restores the effectiveness of
meta-learning on top of a GCIQL back-
bone.

An unexpected result in our initial evaluation was the512

failure of meta-learning algorithms to maintain baseline513

performance in pointmaze stitch (see Figure 4).514

In accordance to our findings in Sections B and C, we515

investigate the significance of this degradation through516

a slight change of the inner-loop objective, specifically517

replacing the DDPG-BC loss with standard BC. As illus-518

trated in Figure 7, META-GC-TTT shines in this setting,519

with TT-REPTILE and TT-FOMAML achieving near-520

ceiling success rates (> 95%) within a handful of TTT521

steps, and maintaining this performance up to 200 steps.522

This further supports our original conjecture: the initial523

failures observed in Figure 4 likely stem from off-policy524

learning in specific environment-hyperparameter config-525

urations, and on-policy corrections are likely to mitigate526

these issues.527

More broadly, these substantial performance gains align with the assertions of Park et al. [2024],528

suggesting that the primary bottleneck in offline RL is often policy extraction rather than value529

learning. META-GC-TTT serves as a robust mechanism for this extraction, leveraging pre-trained530

representations and goal-conditioned value functions to maximize task success.531

E Success Metrics532

To rigorously evaluate the adaptation performance of our models, we employ two primary statistical533

tools: standard error estimation for visualizing uncertainty and the normalized area under the success534

curve for summarizing adaptation efficiency.535

Uncertainty Estimation and Error Bars To provide a robust estimate of performance across536

different runs, we aggregate results over multiple random seeds at each test-time training (TTT)537

budget. For a given configuration with n valid seeds, let si denote the success rate for seed i. The538

mean success µ̂ is calculated as:539

µ̂ =
1

n

n∑
i=1

si.

The uncertainty displayed in our plots represents the seed-wise dispersion, estimated via the standard540

error (SE):541

SE =
σ̂√
n
, where σ̂ =

√√√√ 1

n

n∑
i=1

(si − µ̂)2.

To visualize the 95% confidence interval, we report the approximate confidence half-width as542

1.96× SE. This interval provides a measure of the reliability of the mean success rate, ensuring that543

the observed improvements are statistically consistent across independent experimental runs.544

Area Under the Success Curve (AUC) While success rates at specific TTT budgets are informative,545

they do not fully capture the trade-off between computational cost and agent efficacy. We therefore546

utilize the normalized area under the success curve (AUC) to provide a single-scalar summary547

of adaptation performance. Given a set of points (xk, yk), where xk represents the number of548

TTT_steps and yk represents the corresponding mean_success, the AUC is computed using the549

trapezoidal rule:550

AUC =
1

xmax

K−1∑
k=1

yk + yk+1

2
(xk+1 − xk),

where xmax is the maximum number of adaptation steps. This normalization yields a unitless score551

bounded between 0 and 1. A higher AUC reflects a dual benefit: it indicates both how quickly the552
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model specializes (adaptation efficiency) and the peak performance level achieved within the given553

budget.554

F Hyperparameter Choice and Ablations555

Hyperparameter Choice For all hyperparameters not related to meta-learning, we use the default556

settings as reported by [Park et al., 2025a] and [Bagatella et al., 2025]. META-GC-TTT introduces557

several hyperparameters:558

• Learning Rates (α, β): The inner learning rate (α) is the primary driver of test-time559

improvement. We find that the optimal α for meta-learning might differ from the one560

used at test-time as it will affect post-training dynamics (see Figure 8). The meta-learning561

rate (β) is algorithm-specific: CONTINUAL-TTT requires none, TT-FOMAML uses an562

meta-gradient learning rate (swept in {3× 10−4, 3× 10−5}), and TT-REPTILE uses β ∈563

{0.01, 0.1, 0.2, 0.5} as a weight interpolation coefficient.564

• Batch Sizes (Binner, B): To ensure a fair comparison and minimize the search space, we fix565

the inner batch size to Binner = 1024, following Park et al. [2025a]. To optimize memory566

overhead we fix the meta-batch size B = 1. This is crucial for scaling as avoids storing567

multiple copies of the model during the outer loop.568

• Number of Inner Steps (K): Determining the optimal K is challenging: a high K risks569

overfitting on simple tasks, while a low K may be ineffective on complex navigation570

goals. We conduct an extensive sweep K ∈ {1, 10, 20, 50, 100, 200} and evaluate our571

Early-Stopping strategy fixing K = 100 for expert datasets and K = 200 for stitch572

datasets.573

• Meta-Steps (N ): We fix the post-training duration to N = 50k steps, which we empirically574

found to be effective to improve performance with the tested datasets.575

Table 3 reports all settings-specific hyper-parameters.576

F.1 Inner Learning Rate Ablation577

Our results indicate that the inner learning rate (α) used during both test-time training and meta-post-578

training is the most critical factor for stability. While a high α is beneficial to increase success rate at579

test time (see Table 4), it frequently induces instability during the meta-learning process, ultimately580

resulting in a degraded initialization.581

Figure 8: Visualization of the train and test loss of a task during post-training with various learning
rates: bigger on the left (3× 10−4), smaller on the right (3× 10−5)

.

As illustrated in Figure 8, high α causes the model to overfit rapidly to the train batches encountered.582

While this over-specialization is beneficial test-time performance, it is detrimental for meta-updating583

the model. We empirically observe that models trained with higher learning rates exhibit lower584

training losses but higher test losses throughout the post-training phase. Even when utilizing an585

early-stopping strategy to mitigate this overfitting, the resulting updates are often rejected, thereby586

stalling meta-learning progress.587
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Algorithm Actor loss Inner LR Meta LR Inner steps (K) TTT LR Checkpoint Early stop

Dataset: pointmaze_expert
CONTINUAL-TTT BC 3× 10−5 3× 10−4 100 3× 10−4 30k Yes
TT-FOMAML BC 3× 10−5 3× 10−4 100 3× 10−4 35k Yes
TT-REPTILE BC 3× 10−5 0.01 100 3× 10−4 45k Yes

Dataset: antmaze_expert
CONTINUAL-TTT BC 3× 10−5 3× 10−4 100 3× 10−4 10k Yes
TT-FOMAML BC 3× 10−5 3× 10−4 100 3× 10−4 35k Yes
TT-REPTILE BC 3× 10−4 0.5 100 3× 10−4 5k Yes

Dataset: humanoidmaze_expert
CONTINUAL-TTT BC 3× 10−5 3× 10−4 100 3× 10−5 25k Yes
TT-FOMAML BC 3× 10−5 3× 10−4 100 3× 10−4 40k Yes
TT-REPTILE BC 3× 10−5 0.5 100 3× 10−5 50k Yes

Dataset: pointmaze_stitch
CONTINUAL-TTT BC 3× 10−3 3× 10−4 200 3× 10−3 30k Yes
TT-FOMAML BC 3× 10−3 3× 10−4 1 3× 10−3 5k No
TT-REPTILE BC 3× 10−3 1× 10−4 10 3× 10−3 40k No
CONTINUAL-TTT DDPG-BC 5× 10−3 3× 10−4 50 5× 10−3 35k No
TT-FOMAML DDPG-BC 5× 10−3 3× 10−4 10 5× 10−3 5k No
TT-REPTILE DDPG-BC 5× 10−3 0.1 1 5× 10−3 20k No

Dataset: antmaze_stitch
CONTINUAL-TTT DDPG-BC 3× 10−5 3× 10−4 100 1× 10−3 25k Yes
TT-FOMAML DDPG-BC 3× 10−5 3× 10−4 100 1× 10−3 15k Yes
TT-REPTILE DDPG-BC 3× 10−5 0.1 100 1× 10−3 5k Yes

Dataset: humanoidmaze_stitch
CONTINUAL-TTT DDPG-BC 3× 10−4 3× 10−4 20 3× 10−4 10k No
TT-FOMAML DDPG-BC 3× 10−4 3× 10−4 1 3× 10−4 50k No
TT-REPTILE DDPG-BC 3× 10−4 0.1 200 3× 10−4 10k Yes

Table 3: Best Hyper-parameters for each dataset.

Table 4: A higher learning rate α is generally beneficial for GC-TTT. We report Area Under the
Success Curve (AUC) over 3 seeds.

Inner Learning Rate (α)

Environment 3× 10−5 1× 10−4 3× 10−4 1× 10−3 3× 10−3

pointmaze/stitch 0.21 0.28 0.33 0.41 0.53
antmaze/stitch 0.54 0.62 0.67 0.70 0.66
humanoidmaze/stitch 0.44 0.48 0.48 0.40 0.03

G Pre-training Success Curves588

Departing from the meta-learning analysis, Figure 9 illustrates test-time success rates across varying589

pre-training horizons. We observe diverse, environment-specific scaling behaviors that provide590

broader insights into offline GCRL performance. Notably, extending the pre-training budget beyond591

the 400k-step baseline used for our meta-learning initializations does not yield further gains.592
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Figure 9: The test-time success rate evolution over pre-training steps is environment-dependent.
On pointmaze stitch it starts degrading after 250k steps, on antmaze stitch it plateaus after
100k steps, while on humanoidmaze stitch converges at 350k steps. In all cases, 400k steps are
sufficient for convergence.
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