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Figure 1. Conceptual overview of Reflective Test-Time Planning. The agent (a) receives a long-horizon task, (b) performs reflection-in-
action by internally simulating and scoring candidate actions, (c) performs reflection-on-action by updating its beliefs and decision systems
based on execution outcomes, and (d) conducts retrospective reflection to revise earlier decisions with hindsight.

Abstract

Embodied LLMs endow robots with high-level task reason-
ing, but they cannot reflect on what went wrong or why,
turning deployment into a sequence of independent trials
where mistakes repeat rather than accumulate into experi-
ence. Drawing upon human reflective practitioners, we in-
troduce Reflective Test-Time Planning, which integrates two
modes of reflection: reflection-in-action, where the agent
uses test-time scaling to generate and score multiple can-
didate actions using internal reflections before execution;
and reflection-on-action, which uses test-time training to
update both its internal reflection model and its action pol-
icy based on external reflections after execution. We also
include retrospective reflection, allowing the agent to re-
evaluate earlier decisions and perform model updates with
hindsight for proper long-horizon credit assignment. Ex-
periments on our newly-designed Long-Horizon Household
benchmark and MuJoCo Cupboard Fitting benchmark show
significant gains over baseline models, with ablative studies
validating the complementary roles of reflection-in-action
and reflection-on-action. Qualitative analyses, including
real-robot trials, highlight behavioral correction through
reflection.

“Error isn’t simple darkness, it sheds a light of its

”»

own. — Kathryn Schulz, Being Wrong

1. Introduction

Embodied LLMs [10, 15, 41] equip agents with task plan-
ning abilities, but they remain brittle static oracles that can-
not learn from failures, turning deployment into indepen-
dent trials of repeated mistakes rather than accumulated ex-
perience. Humans, in contrast, are natural reflective prac-
titioners. Drawing on Schon’s framework about reflective
planning [28], humans fluidly alternate between two modes
of reflection: through reflection-in-action, we engage in
internal simulation, questioning whether our planned ap-
proach will actually work given what we currently under-
stand; through reflection-on-action, we use the actual out-
comes to reshape both our beliefs about the environment
and our strategies for acting within it. An illustrative exam-
ple of these reflection modes is shown in Figure 1. This
bidirectional flow allows us to learn not only from out-
comes, but also from the very process of engaging with an
uncertain world.

Current approaches, however, capture at best a superfi-
cial version of one mode while neglecting the other. One
line of work [21, 30] uses LLM-based verbal reflection,
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generating natural-language critiques of past behavior to
condition future actions. While this enables reflection-on-
action at the level of reasoning traces, reflections are stored
only as contextual text and do not update the underlying de-
cision process, making their effects transient and prone to
repetition under distributional shift. A second line of work
[5, 37] relies on internal world models to guide action selec-
tion in embodied environments. These approaches support
reflection-in-action through anticipated outcomes, but typ-
ically assume fixed, pretrained dynamics models that may
be wrong in ways only revealed during execution.

To operationalize both reflection modes in embodied
settings, we introduce Reflective Test-Time Planning, a
framework that seamlessly unifies reflection-in-action and
reflection-on-action for embodied agents during test-time
deployment. Concretely, the framework employs three em-
bodied LLMs during deployment: an action generation
model 7y, an internal evaluator Vy,, and an external eval-
uator Vy_. During reflection-in-action, the agent samples
N candidate actions via high-temperature sampling, uses
Vs, to generate internal reflections scoring each candidate,
then executes the highest-scoring action. After execution,
V. generates an external reflection, providing an immedi-
ate, language-based evaluation of what happened and why.

This immediate external reflection grounds the agent’s
beliefs in reality, but remains inherently local—it only eval-
uates consequences visible at the next timestep. Yet many
embodied failures are non-local: an action that appears suc-
cessful may later block progress, and a seemingly subopti-
mal action may enable future success. To address this tem-
poral credit assignment problem, we introduce retrospective
reflection, where Vi periodically re-evaluates earlier deci-
sions with hindsight (e.g., at room transitions or after re-
peated failures). These hindsight assessments provide self-
supervised signals at deployment time, enabling two forms
of test-time training: (1) policy gradient for 7y to favor ac-
tions that score well under hindsight, and (2) supervised
learning for V;, to anticipate what hindsight will reveal.
Because these updates revise not only the action policy but
also the predictive assumptions behind it, the process con-
stitutes a form of double-loop learning [1], in which agents
learn not merely from outcomes but from diagnosing and
correcting the underlying causes of their errors.

We evaluate our approach on two embodied benchmarks
that we design to stress error-driven adaptation: (1) a Long-
Horizon Household benchmark that requires failure recov-
ery during multi-step planning across rooms, and (2) a con-
trolled MuJoCo Cupboard Fitting benchmark that isolates
geometric placement failures. Our framework achieves
large gains over reflective language, RL and world-model
baselines. Ablations indicate that improvement emerges
only when both reflection-in-action and reflection-on-action
take place, and when both action policy and internal re-

flection model are updated during deployment. Qualitative
analyses, including preliminary real-robot trials, show that
reflection reduces repetitive failure modes in practice.

2. Related Works

Test-Time Adaptation (TTA) and Learning enables mod-
els to adjust to distribution shifts during inference without
source data [20, 31, 33]. Early methods minimize pre-
diction entropy, with Tent [33] updating batch-norm pa-
rameters online and later work adding calibrated objec-
tives [26, 34]. Parameter-efficient tuning further boosts
TTA: LoRA [11] enables low-rank weight updates with lit-
tle memory [16], while bias-only tuning [3] offers alterna-
tive efficiency—accuracy trade-offs. Recent extensions op-
erate on hidden state representations [32], supporting long-
context memory. For embodied settings, continual learning
frameworks [17, 23] demonstrate viability in manipulation
and navigation [8, 22]. We adapt models at test time via
self-supervised reflective signals extracted from the agent’s
own verbal assessments.

Multimodal Embodied Large Language Models cou-
ple visual perception with language understanding to en-
able embodied planning. Recent foundation models lever-
age large-scale robotic datasets for zero-shot generaliza-
tion [2, 15, 41], with RT-2 transferring web knowledge
and OpenVLA offering open-source support across hetero-
geneous embodiments. 3D spatial understanding has be-
come central, spanning point clouds [9], 3D patches [40],
and lightweight point cloud injection [19]. Further exten-
sions incorporate multisensory interaction [10], generative
world models for manipulation [37], and long-term spa-
tial-temporal embodied memory [12]. Architectural ad-
vances explore interleaved multimodal instructions [4] and
chain-of-thought reasoning [24, 36] for improved task de-
composition. In contrast, we view deployment as a learning
phase: instead of acting as a fixed policy, our embodied
multimodal LLM reflects on its own actions and updates it-
self via test-time training.

Reflection and Self-Improvement in AI Agents. Re-
flection mechanisms enable agents to learn from failures
through self-critique and refinement. Verbal self-reflection
methods (e.g., Reflexion [30]) store natural-language cri-
tiques to guide future actions, with extensions explor-
ing self-refinement [21, 35], tool-assisted verification [6],
curiosity-driven reflection [14], multi-agent systems [25],
and robotics [13]. These approaches support reflection-on-
action but store reflections only as text, influencing behavior
indirectly without updating model parameters, and thus re-
main brittle under distribution shift. A complementary line
enables reflection-in-action via internal predictive models
that anticipate outcomes [5, 7, 37, 38]. Such world mod-
els are typically fixed despite evolving dynamics in em-
bodied settings. Our method unifies reflection-in-action
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Figure 2. Method overview. (a) Reflection-in-action: multiple candidate actions are generated and scored by an internal reflection LLM
prior to execution. (b) Reflection-on-action: iteratively invoked when working memory hits K or at key milestones. Executed actions are
critiqued by an external reflection LLM and stored in a working memory buffer; at milestones, hindsight re-evaluation assigns long-horizon
credit. The resulting verbal reflections form self-supervised training data to update both the internal reflection LLM (supervised loss) and
the action LLM (policy gradient) via test-time training, enabling agents to learn from execution experience during deployment.

and reflection-on-action by converting reflections into self-
supervised training signals for parameter updates during de-
ployment.

3. Reflective Test-Time Planning

Consider an embodied agent with a multimodal large lan-
guage model operating on task 7 in a partially observ-
able environment. At each timestep ¢, the model receives
multimodal observation o;, generates action a; in natu-
ral language, and receives execution feedback e; indicat-
ing whether the action executed successfully (e.g., object
grasped, placement completed). Crucially, a positive e; in-
dicates successful execution but does not imply the action
was strategically correct or contributes to full task comple-
tion.

Traditional multimodal embodied LLM systems keep
model parameters fixed at inference, limiting adaptation to
novel scenarios or recovery from failures. We depart from
this static inference setting by building an adaptive test-time
framework that employs three interacting models: an ac-
tion generation LLM my that produces actions given ob-
servations, an internal reflection LLM V. that generates
pre-action evaluations, and an external reflection LLM Vg
that generates post-execution assessments. These multi-
modal LLMs are first initialized with basic capabilities for
reasoning in specific embodied environments through min-
imum supervised fine-tuning on a small set of tasks, en-
abling them to understand action formats, generate reflec-
tions, and process 3D observations before they can effec-

tively learn from test-time experience. At deployment time,
we introduce three reflection types: internal reflection f; for
pre-action scoring, external reflection f, for post-execution
assessment, and retrospective reflection f,. for hindsight re-
evaluation. We combine test-time scaling (generating and
scoring multiple candidate actions) for reflection-in-action,
with test-time training (tuning 7y and Vj,) for reflection-
on-action. Figure 2 shows an overview of our method. We
also provide a detailed method breakdown in Algorithm 1.
We choose verbal reflection as the representation for all
reflection types inspired by “double-loop learning” [1]: by
articulating what went wrong and why, the agent abstracts
generalizable lessons transferable to future decisions rather
than merely reporting that an action failed. These articu-
lated lessons serve as supervisory signals during deploy-
ment, providing interpretable feedback to be reused later.
Thus, instead of only training the action model based on
outcomes during test time (single loop), we also train the
internal reflection LLM to align its pre-action internal re-
flections with post-execution external reflections, updating
the underlying reasoning process behind the action itself.

3.1. Reflection-in-Action

Humans naturally deliberate under uncertainty by mentally
simulating and reflecting on actions. We transfer this abil-
ity to embodied agents via reflection-in-action: rather than
greedily selecting the first plausible action, the agent sam-
ples several candidates and reflects on each one before
committing. We implement this through test-time scaling,
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where we generate [V diverse candidate actions and use the
internal reflection LLM to produce reflective evaluations for
each candidate, which guide action selection.

Algorithm 1 Reflective Test-Time Planning

Require: Task 7, initial observation o1; action LLM 7y, internal reflec-
tion LLM V¢i, external reflection LLM V4, window size K

1: Initialize ag, féo) = None; working memory buffer, test-time training
set, retro-buffer W, Dypain, Dretro <— 0; Temperature T; Max step T;

2: fort=1,2,...,7 do

3: /I Reflection-in-Action

4 Construct action prompt Zaction from 7, 0¢, at—1, f§71

5:  Sample N actions: {af }™_, ~ 7o (-|Zaction; T)

6: fork=1,...,Ndo

7: k

internal

8

9

k
internal

Construct internal reflection prompt x

etk bk
Generate score: f;",5," < Vy, (
end for

* (arg maxy, .s/t.’k)
10:  Selectaj = ay ¢

11:  Execute a} in environment — observe (0¢+1, €¢)

12: Break if task complete

13: /I Reflection-on-Action

14: Construct external reflection prompt Texternal

15:  Generate reflection feedback: f7, st < Vi (Zexternal)
16: W(—WU{(Ot,aI7févsé)}

17:  if [W| = K or hit key milestone then

18: // Retrospective Reflection: Re-evaluate with Hindsight
19: for each (0j,aj, f7,57) € WU Dreno do

20: Construct retro prompt 7, from 7, a;, W, o¢4+1, f7, s7
21: Generate revised reflection: f7, s < Vi (20)

22: Drewola;] + (aj, f2, 82) I reflection overwrite for a;
23: end for

24: Duain 4= Dretro

25: /I Regularization: Prevent Catastrophic Forgetting

26: for sampled unexplored action a; do

27: Construct pre-action internal xilnternal

28: 1_17 sé — Va, (xilmemal) // Original output

29: Drrain < Dirain U {(al7 flla Si)}

30: end for

31: /I Test-Time Training: Supervised Learning for Internal LLM
32: for epoche =1, ..., E' do

33: for (a‘z f7 S) € Dlrain do

34 Construct Zjpernal from a

35: Compute loss: £4 = —log pg, (f|Tinternal)

36: Update: ¢; <+ ¢; — 77¢V¢i£¢

37: end for

38: end for

39: /I Test-Time Training: REINFORCE for Action LLM

40: for RL step = 1, ..., RL_Steps do

41: for (a, f, sr) € Dyain do

42: Construct Zyetion from a. Reward r = 2s,./100 — 1
43: Compute log probability: log pg (a|Zaction)

44: Compute REINFORCE loss: £9 = —7 -1og pg (a|Zaction)
45: end for

46: Accumulate gradients and update: 6 <— 0 — 19 Vgly
47: end for

48: Clear working memory: W < ()

49: end if

50: end for

Vanilla Action Generation. Standard autoregressive
generation from the action LLM 7y produces a single ac-
tion via greedy or low-temperature sampling:

= 1
a; = arg gleajcpg(abt) (1)

where o; is the current observation, with some architec-
tures implicitly encoding historical context through mem-

ory structures (e.g., [12]). Greedy generation commits to
actions early without reflecting on potential consequences.

Candidates Generation. Different from the above, at
each decision step ¢, we construct an action generation
prompt x,.i0n containing task description 7, current obser-
vation o, previous action a;_1, and previous external re-
flection fé_l (both initialized as None; external reflection
will be introduced later). We sample N diverse candidate
actions:

af ~ po(-|zacion; T) k=1,...,N )

where high temperature 7" encourages diversity in the gen-
erated candidates.

Internal Reflection Scoring. For each candidate, we
construct an internal reflection prompt z£ . .= which is
identical to xa.ion €Xxcept that it adds the candidate action

ak to be evaluated. The internal reflection LLM generates:
tk tk _ k
fi S = V¢i (xinternal) (3)

where s; € [0,100] is a numerical score and ff ¥ is natural
language reflection. Because this reflection occurs prior to
action execution, we refer to it as internal reflection.

Best Action Selection. We select the highest-scoring
candidate: .

(1: _ a](fargmaxke[m 5.) (4)

Rather than executing the first feasible action, the agent
“mentally tries out” multiple options and chooses the one
it internally judges as most promising.

3.2. Reflection-on-Action

Reflection-in-action has a limitation: internal reflection op-
erates in imagination, not reality. The internal reflection
LLM may score an action highly based on plausible rea-
soning, yet the action fails due to unforeseen physical con-
straints or environmental dynamics. Reflection-on-action,
learning from experience after actions are executed, ad-
dresses this by grounding learning in actual execution out-
comes.

3.2.1. Multi-Scale External Reflection

External Reflection Generation. After executing a; and
observing (0¢41,€;), We construct Texemar DY extending
Zaction With af, e;, and (o, 0141). The external reflection
LLM generates:

;7 Si = Vs, (Texternal) ®))

where st is a score and f! is language feedback assess-

ing the immediate outcome and its cause. This provides
real-time assessment based on directly observable conse-
quences.

Working Memory Buffer. We maintain a buffer W, =
(0j,aj,ej, f2) | j=t— K +1,..,t with K steps. This
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buffer accumulates recent experience until reaching a key
milestone (e.g., exiting a room, detecting repeated failures
that need replanning) or when |[W;| = K, at which point we
trigger memory consolidation and test-time training.

Retrospective Reflection with Hindsight. A critical
limitation of external reflection is that it evaluates actions
based only on immediate outcomes. An action may appear
successful initially but later prove problematic (e.g., placing
an object in an accessible compartment that blocks the only
space for a larger object). To address this credit assignment
problem, we introduce retrospective reflection.

Once we hit key milestone or reach the working memory
limit, for each action a; that has been reflected before (ei-
ther by immediate external reflection or by previous retro-
reflection), the external reflection LLM re-evaluates the ac-
tion with full hindsight:

7,81 = Vi, (oo (6)

where the retrospective prompt xfem) includes: (1) the com-
plete working memory window W; as context; (2) a histor-
ical action a; to be retro-reflected based on the current out-
comes; (3) its most recent reflection frj‘;cem (either f7 from
the current working memory W, if this is the first retrospec-
tive evaluation, or f; from the previous retrospective round
and stored in a retro-buffer Dieyo; and (4) the current ob-
servation o,41. After retro-revision, we update Dy, and
store only the most recent retro-reflection for each action.
AS WU Dieyro grows larger with actions, we may subsample
historical actions if necessary to keep it tractable.

3.2.2. Test-Time Training Dataset Construction.

We construct training dataset Dy, With two types of data:

Retro-supervised pairs: For any action a; that has been
retrospectively evaluated, we create training pairs using the
retrospective reflection f7 and sJ:

Drelro - (ajv 72757{) (7)

These pairs use hindsight-corrected reflections and scores
for training both the internal LLM V3, and action LLM 7.

Regularization pairs: To prevent catastrophic forget-
ting, we randomly sample unexplored actions a;, construct
@} emar @nd use the internal LLM’s current predictions:

Dreg = (alvfilvsb (3

where f, st = Vj, (2} o) TEPresents the model’s current

output for randomly sampled action a;. This anchors the
model to its existing knowledge for actions not updated by
recent experience, preventing distribution shift caused by
training exclusively on retrospectively evaluated actions.

3.2.3. Test-Time Training

Internal Reflection LLM Training via Supervised
Learning. We train the internal reflection LLM Vj, to

predict retrospective reflections using standard supervised
learning. The objective minimizes negative log-likelihood
over the combined dataset Dyin = Drero U Dreg:

Eintemal((bi) = IE(-Tintemala fa S) ~ Dtrain[_ 1ng¢i (f'.’[?)]
)
Where we construct Tipemal from each action a. We perform
E epochs of test-time training:

¢Ee+1) = ¢§e) - 77¢V¢1 Linternal (10)

Action LLM Training via RL. The action LLM 7y is
updated using policy gradient with retrospective scores as
rewards. We convert the retrospective score s, € [0, 100]
to a reward signal » = 2 % (s,/100) — 1 mapping scores
to [—1, 1]. For each training example, we compute the log-
probability of the executed action sequence:

|al
Inge(a|xaction) = Z Inge(ai ‘a<i7 xaction) (11)
1=1

where the sum is over action tokens. We construct Z,cton
from each action a. The REINFORCE loss is:

Ly = —7 - log po(a|Taction) (12)

This gradient increases the probability of actions with pos-
itive rewards and decreases the probability of actions with
negative rewards. We accumulate gradients over all exam-
ples in Dy, over several RL_steps:

ot = ) — vy Z

(wac(ion s f7 Sr ) €Dhain

Lo (xacliom f7 57‘)
(13)

4. Experiments on Long-Horizon Household
Tasks

4.1. Long-Horizon Household Task Construction

To evaluate our framework on tasks requiring multi-step
reasoning and failure recovery, we construct Long-Horizon
Household Tasks based on the BEHAVIOR-1K [18] envi-
ronments. Drawing inspiration from household scenarios,
we define four core task categories: (1) Fitting, where ob-
jects must be packed or placed into constrained contain-
ers or surfaces, stressing geometry, capacity and occlu-
sion failures; (2) Selection, where the agent compares and
retrieves the most suitable item (e.g., in terms of prefer-
ences or sizes). Failures occur when choices prove subopti-
mal upon discovering better alternatives; (3) Preparation,
where tasks require sequential constraints and dependencies
(e.g., assembling or nested placement), stressing sequential
dependency and non-local failures; and (4) Hybrid, where
multiple modes appear within a single episode, stressing
mixed spatial, relational, and occlusion failures.
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Baselines Ablations of Reflective Test-Time Pl ing (Ours)
Reflexion Self-Refine ReflectVLM PPO DreamerV3 3DLLM-Mem | w/o RIA w/o ROA w/o RIA w/o ROA w/o Act. Loss w/o Int. Loss | Ours
Fitting 8.51% 10.6% 2.12% 0% 4.26% 10.6% 0% 33.5% 6.38% 25.5% 12.8% 44.7 %
Selection 8.82% 11.8% 5.88% 2.94% 11.8% 14.7% 17.6% 5.88% 11.8% 26.5% 8.82% 32.4%
Preparation  15.9% 12.7% 14.3% 7.94% 11.1% 9.52% 11.1% 3.17% 19.0% 20.6% 17.5% 31.7%
Hybrid 6.45% 9.68% 6.45% 3.23% 12.9% 9.68% 12.9% 3.23% 12.9% 16.1% 9.68% 25.8%
Average 9.92% 11.20% 7.19% 3.53%  10.02% 11.13% 10.40% 11.45% 12.52% 22.18% 12.20% 33.65%

Table 1. Baseline comparisons and ablations of Reflective Test-Time Planning on Long-Horizon Household Tasks. “RIA” is short for
Reflection-in-action, “ROA” for reflection-on-action. Act. Loss means action model loss; Int. Loss means internal reflection model loss.

Task Generation & Execution. We employ GPT-5
to generate task specifications through a carefully struc-
tured prompting procedure, adapting existing task templates
that emphasize long-horizon reasoning and failure recovery
from the original BEHAVIOR-1K benchmark. Each gen-
erated task instance includes: (1) a task description, (2)
3-7 relevant rooms, (3) new objects with placement spec-
ifications, and (4) a complete trajectory with interleaved
thoughts, actions, and reflections scores. Since we include
scene graphs in the prompts to GPT-5, which provides ob-
ject properties such as bounding boxes, GPT-5 can deduce
potential failures (e.g., size mismatches) during generation.
We further execute the tasks generated by GPT-5 in BE-
HAVIOR simulators to ensure consistency with the actual
scene dynamics and provide ground-truth data for finetun-
ing embodied LLMs. We initialize the environment by
loading the BEHAVIOR-1K scenes, placing new objects at
designated locations, and positioning the robot at a default
starting pose. At each step, the agent executes the given
actions. After every interaction, the system captures RGB-
D observations, converted to point clouds which serve as
the inputs to our Embodied LLMs. The simulator then per-
forms physics-based verification and provides execution re-
sults that could be used for prompting external reflections.
We also perform task verification checks by comparing the
task execution results with GPT-5’s generated task speci-
fications (e.g., assumed task failures). Please refer to Ap-
pendix E for more details about data generation, models and
experiments.

Finetuning & Evaluation Sets. Each GPT-generated
and executed trajectory yields (observation, action, reflec-
tion, score) tuples extracted at corresponding timesteps,
which form supervised fine-tuning pairs to initialize our
three embodied LLMs with basic task competency before
test-time deployment. During evaluation, the agent is given
only the scene configuration and task description, with
all other components initialized as None, and must au-
tonomously generate and execute its trajectory step by step.
To ensure rigorous evaluation, finetuning and evaluation
sets have no overlap in task descriptions, scene configura-
tions, or object placements. We evaluate using task success
rate: the percentage of tasks where the agent completes the
objective within the action budget. A task succeeds if all
required objects reach target locations and constraints are
satisfied.

4.2. Model Architecture & Implementation Details

We build a 3D-LLM based on LLaVA-3D [40]. During
supervised fine-tuning, we train a single unified model on
all three modes (action generation, internal reflection, ex-
ternal reflection) for cross-mode learning. We fine-tune
LLaVA-3D-7B with learning rate 2 x 107°. At test-time,
we instantiate three copies of this model as mg, Vy,, and
V4., where mg and V,,, are updated via test-time training.
Following Hu et al. [12], we maintain fused observations
from previous-step point clouds. During test-time train-
ing, we apply LoRA (rank 4, alpha 8, dropout 0.15) tar-
geting g_proj and v_proj layers. The internal LLM
uses supervised learning (learning rate 5 x 1073, E = 5
epochs); the action LLM uses REINFORCE (learning rate
1x 1073, 3 RL_Steps). We use gradient clipping (0.3 for su-
pervised, 0.5 for RL) to prevent catastrophic forgetting. For
reflection-in-action, we set N = 4 candidates and temper-
ature T' = 2.0. We adopt four categories of baselines: (1)
verbal-reflection [21, 30]; (2) world-model based reflection
[5]; (3) RL-based baselines: Vanilla PPO [29] and world-
model based RL (DreamerV3 [7]) (4) 3D-LLM with inter-
action context [12].

4.3. Experimental Results & Analysis

Table 1 shows that our model achieves substantial improve-
ments over both prior methods and ablated versions across
all task categories. The improvement is most prominent on
Fitting tasks, where our approach reaches 44.7% success
rate compared to 10.6% for the strongest baseline (3DLLM-
Mem), 2.1% for ReflectVLM and 0% for PPO. Fitting tasks
benefit most from our method because they impose tight
spatial constraints that require iterative refinement through
trial and error—agents must reason about 3D geometry
from multiple attempts and continuously adjust their un-
derstanding based on execution feedback. The ablation
studies reveal that reflection-in-action (RIA) and reflection-
on-action (ROA) are mutually dependent. Removing ei-
ther causes performance degradation. Sometimes removing
just one component performs worse than removing both.
For instance, without RIA, Preparation falls to 3.17% and
Hybrid to 3.23%, while removing both components yields
11.1% and 12.9% respectively on these tasks. This is be-
cause RIA without ROA produces overconfident yet inaccu-
rate action scores with no hindsight correction mechanism,
while ROA without RIA wastes learning on poorly cho-
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Baselines:

[1] Reflexion [2] Self-refine [3] ReflectVLM [4] PPO [5] DreamerV3 [6] Qwen w/ Memory Context

Ablations-w/o Ext. Reflection: [7] Ours w/o RIA w/o ROA w/o External Reflection [8] Ours w/o RIA w/o External Reflection
Ablations-w/o RIA and/or ROA:[9] Ours w/o RIA w/o ROA [10] Ours w/o ROA [11] Ours w/o RIA (ROA: Base-Weight) [12] Ours w/o RIA (ROA: LoRA)

Ablations-w/o Action loss:
Full Model Variants:

[13] Ours w/o Action loss (ROA: Base-Weight) [14] Ours w/o Action loss (ROA: LoRA)
[15] Ours (ROA: Base-Weight) [16] Ours (ROA: LoRA)

60 4 | ™ Correct Rate
50 Fit Rate
a w1 87, 434 460 445 445
& 40 -
8
z 30 A
1 18.6
20 146 | 139 132 151 | 3 162 155
10 4

[11] 2] 31 41 [51 [61] [71 [8]

49.3

17.6

58.8 57.4 60.2

52.6 53.0 53.5 54.5

45.2

30.8

23.4 241 26.5 25.5 26.0 25.3

91 [10] [11] [12] [13] [14] [15] [16]

Figure 3. Cupboard Fitting results. Blue bars show correct-placement rate, pink bars show fit rate. RIA means Reflection-in-action; ROA
means Reflection-on-action. “W/o external reflection” means that we don’t use external reflection as the input to the action generation LLM.
We implement two test-time training variants for ROA: one is test-time training on all base weights; and the other is test-time training on
LoRA parameters only. Reflective Test-Time Planning significantly improves both success metrics.

sen actions that fail to reveal true scene affordances. When
combined, they form a virtuous cycle: best-of-N selection
yields higher-quality trajectories for learning, and test-time
training refines the internal model, leading to better fu-
ture action selection. The loss ablations similarly demon-
strate mutual dependency between the action loss and inter-
nal reflection loss, which together constitute ROA. Remov-
ing either loss causes performance degradation, and some-
times removing just one loss performs worse than removing
both (w/o ROA). Without the internal loss, Hybrid drops to
9.68% compared to 12.9% for w/o ROA, and Selection falls
to 8.82% compared to 11.8% for w/o ROA. This demon-
strates that policy-gradient updates and supervised reflec-
tion both contribute essential signals for effective adapta-
tion. The qualitative example in Figure 5(a) demonstrates
that our model supports continual learning and active per-
ception driven by accumulated scene experience. The test-
time cost analysis and compute-matched experiment in Ap-
pendix A shows that even with substantially more test-time
compute, the baselines continue to repeat failures and their
performance even degrades. Appendix B also shows that
the reflection mechanisms enable the agents to generalize
to novel embodied environments like HM3D [27].

5. Experiments on the Cupboard Fitting Task

Cupboard Fitting Task Design. The Cupboard Fitting task
serves as a complementary benchmark to Long-Horizon
Household Tasks. While BEHAVIOR provides realistic
multi-room environments with complex semantic reasoning
challenges, it also introduces environmental uncertainties
that make it difficult to isolate learning mechanisms. We
design Cupboard Fitting as a controlled MuJoCo environ-
ment where agents learn from placement failures, enabling
precise measurement of reflective test-time training mecha-

NISHe task environment consists of three key components.

| =1} ~

"ﬂ d = * i -
[ | <
s

)

»

Figure 4. Examples of the Cupboard Fitting Task.

First, a multi-compartment cupboard structure with 6-8
compartments of varying sizes and colors, each defined by
precise 3D bounding boxes. Second, a set of 6-10 colored
geometric objects that must be placed into compartments.
Third, a Franka Panda robotic arm controlled through high-
level natural language commands such as “pick up the red
apple” or “put the blue object in the green compartment.”
The agent’s objective is to place all objects into the cup-
board such that each fits completely within compartment
boundaries, while multiple objects may share compartments
when space permits. Each task has only one valid solution
where all objects fit within their designated compartments.
Success requires reasoning about object-compartment com-
patibility, multi-object spatial packing, and long-horizon
dependencies where early placement decisions affect later
possibilities. After each action, the environment provides
execution status through forward simulation, and updated
visual observations. We define two evaluation metrics: cor-
rect rate measures the percentage of objects placed in their
correct target compartments, while fit rate measures the per-
centage of objects successfully placed in any compartment.

Model Architecture & Implementation Details. We
build upon Qwen2.5-VL-3B with unified supervised fine-
tuning (batch size 128, learning rate 1 x 10~°, weight decay
0.1) on action generation, internal reflection, and external
reflection. For test-time training, we implement two vari-
ants: (1) Base-Weight: updates all non-visual parameters
with SGD (learning rate 1x 10~ for action model, 5x 10>
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0 ' Carrot in Gray (88) Carrot in Gray (0) Bread in Orange(0; Retro
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Figure 5. Qualitative Examples. Steps and reflections are simplified for better presentations. Blue text shows internal reflection used for
candidate selection, orange text shows external reflection after execution, and red text suggests retrospective reflection. (a) Long-Horizon
Household example. We use retro & internal because the generated retro reflection is also used to train the internal model. (b) Real-robot
Cupboard Fitting example. We put reflection scores inside brackets, omit detailed reflections and only present the scores for simplicity.

for internal model); (2) LoRA: applies LoRA (rank 8, alpha
16, dropout 0.1) targeting all linear layers except Im_head,
embed_tokens, and visual encoder, using SGD with learn-
ing rate 0.01 for action model and 0.2 for internal model.
Both train for 3 epochs. We limit episodes to 50 maximum
steps and update the model whenever an execution failure
occur. Hyperparameter selection ablations can be found
in Appendix C. We use the same baselines as the Long-
Horizon Household Task except that we replace 3D-LLM
with Qwen for the baseline model with context memory.
Experimental Results & Analysis. Figure 3 shows that
our full method with both reflection-in-action (RIA) and
reflection-on-action (ROA) using LoRA-based test-time
training achieves 60.2% fit rate and 25.3% correct rate, sub-
stantially outperforming LLM-based reflection baselines,
RL-based baselines and memory context baselines. Abla-
tion studies reveal that both reflection mechanisms are es-
sential: removing RIA drops performance to 53.5% fit rate,
while removing ROA reduces it to 45.2% fit rate. Remov-
ing both mechanisms along with external reflection further
degrades performance to 44.5% fit rate. We also find that
LoRA-based test-time training (60.2% fit rate) performs
comparably to full base-weight training (57.4% fit rate)
while being more parameter-efficient. These results confirm

that our unified framework of reflection-in-action for candi-
date selection and reflection-on-action for test-time adapta-
tion enables effective learning from failures during deploy-
ment. In Figure 5(b), we show a qualitative result where we
generalize our model in the real-robot setting. In these tri-
als, reflective adaptation enables the robot to recover from
execution failures, avoid repeated placement errors, and
correct earlier decisions through retrospective reflection, il-
lustrating that the learned behaviors transfer to the physical
world with satisfying generalization abilities. Appendix D
also shows that our method enables long-horizon planning
by retrospective reflection that outperforms Receding Hori-
zon Planning while saving 5x test-time compute.

6. Conclusion

This paper introduces Reflective Test-Time Planning, which
couples reflection-in-action for pre-action evaluation with
reflection-on-action for post-execution assessments. Eval-
uations across two newly-designed embodied tasks demon-
strate strong gains and highlight the complementary roles of
the two reflection modes. Future work may extend reflective
adaptation to richer sensory modalities (e.g., tactile).
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A. Test-Time Cost Analysis

A.1. Computational Comparison

Our full model introduces two additional sources of infer-
ence time cost: (i) candidate action sampling and internal
reflection scoring for reflection-in-action (RIA), and (ii) pe-
riodic reflection-on-action(ROA)-based LoRA test-time up-
dates.

On average across Long-Horizon Household Tasks and
Cupboard Fitting Tasks, we observe a ~ 3X increase in
per-step wall-clock time compared to the vanilla baseline:

Timefu“ ~ 3.0 x Timeno_RIA/ROA.

Importantly, this latency is incurred at deployment and does
not require additional supervised data or environment roll-
outs beyond normal task execution.

A.2. Why the Overhead is Justified

Despite the additional test-time latency, the reflective over-
head is justified for three reasons:

Deployment-Oriented Adaptation. The extra time cost
occurs at deployment rather than pretraining. This aligns
with realistic embodied settings where robots adapt online
rather than relying on costly retraining cycles.

Reduction of Execution Waste. Vanilla agents fre-
quently repeat failures (e.g., placing incompatible objects,
revisiting rooms without intent). RIA reduces execution
waste by filtering poor actions before execution, while ROA
eliminates repeated failures through hindsight-driven up-
dates. A smaller number of higher-quality actions amortizes
the reflection cost.

Conversion of Time into Learning. Extra time is not
spent on naive rollouts, but on improving internal models.
RIA and ROA produce persistent behavioral improvements,
whereas baselines spend time without updating policies or
reasoning mechanisms. In short, reflective time is struc-
turally more valuable than mere rollout time.

A.3. Compute-Matched Experiment

A natural concern is whether the performance gap is merely
due to increased wall-clock time. To evaluate this, we con-
struct a time-matched variant where the vanilla baseline re-
ceives a 3x steps budget, matching the approximate infer-
ence time of our full model:

expanded
baseline

Steps ~ 3 % Stepsbaseline'

From Table 2, we observe that even under a tripled time
budget, the baseline:

w/o RIA w/o ROA Ours (Full)
Vanilla Same Time Budget
Fitting 0.00% 0.00% 44.7%
Selection 17.6% 14.7% 32.4%
Preparation | 11.1% 12.7% 31.7%
Hybrid 6.45% 6.45% 25.8%
Average 8.79% 8.46% 33.65%

Table 2. Performance comparison between (1) vanilla ablation
without RIA or ROA, (2) vanilla baseline with matched time bud-
get (3x steps), and (3) our full reflective model on Long-Horizon
Household Tasks.

* fails to correct early suboptimal decisions,

* frequently revisits states without strategic change,

* exhibits repeated placement/navigation failures,

* plateaus significantly below our full model on all bench-
marks and does not improve over the vanilla baseline.

This result supports that reflective time is not equivalent
to naive rollout time expansion: reflective updates change
the decision process itself, while rollout expansion merely
increases trajectory length without improving competence
or hindsight reasoning.

Conclusion. These findings indicate that although our
method incurs a ~ 3 x test-time latency overhead, reflective
computation provides unique adaptation benefits that can-
not be recovered by proportional rollout-step scaling. The
overhead is therefore practical and justified in embodied de-
ployment settings.

B. Generalization to Habitat-Matterport 3D
Scenes

B.1. Experimental Setup

To evaluate the generalization capacity of our Reflec-
tive Test-Time Planning framework, we conduct addi-
tional experiments on the Habitat-Matterport 3D (HM3D)
dataset [27], which provides photorealistic 3D recon-
structions of real-world indoor environments.  Unlike
BEHAVIOR-1K scenes which are primarily synthetic
household environments, HM3D offers diverse real-world
scenes with different spatial layouts, object distributions,
and visual appearances, providing a challenging domain
shift for testing our method’s transferability.

We focus specifically on Preparation tasks, which in-
volve sequential constraints and dependencies where ac-
tions must occur in specific orders. These tasks are particu-
larly challenging in HM3D environments due to: (1) more
complex spatial layouts with irregular room configurations,
(2) diverse object appearances and placements not seen dur-
ing training, (3) ambiguous spatial relationships that require
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Baselines

Ablations of Reflective Test-Time Pl ing (Ours)

Reflexion Self-Refine ReflectVLM PPO DreamerV3 3DLLM-Mem

w/o RIA w/o ROA w/o ROA w/o RIA w/o Act. Loss w/o Int. Loss [ Ours

Preparation| 2.44% 4.88% 0% 0% 2.44% 7.32%

0% 732%  2.44% 14.6% 9.76% [19.5%

Table 3. Generalization results on Habitat-Matterport 3D (HM3D) environment for Preparation tasks (41 test cases). The significant
performance drop compared to BEHAVIOR Long-Horizon Household Tasks (31.7% — 14.6%) demonstrates the substantial domain gap.
However, our reflective framework maintains relative advantages over baselines, with several methods (ReflectVLM, PPO, w/o RIA w/o
ROA, w/o RIA) achieving 0% success rate. “RIA” is short for Reflection-in-action, “ROA” is short for reflection-on-action. Act. Loss

means action model loss. Int. Loss means internal reflection model loss.

active exploration to resolve, and (4) longer navigation dis-
tances between task-relevant objects.

B.2. Task Construction and Adaptation

We adapt our task generation pipeline to HM3D scenes
while maintaining the same core task structure. We select
41 preparation task instances across diverse HM3D scenes,
ensuring coverage of various spatial configurations and ob-
ject arrangements. Each task requires the agent to: (1) navi-
gate through multiple rooms to locate task-relevant objects,
(2) retrieve objects in the correct sequential order, (3) per-
form placement or assembly actions with proper dependen-
cies, and (4) handle spatial constraints specific to real-world
scene layouts.

The key difference from Long-Horizon Household eval-
uation is the domain gap: our models are trained exclusively
on BEHAVIOR-1K synthetic scenes and must generalize to
HM3D’s photorealistic environments at test time. This tests
whether reflection-based adaptation can overcome distribu-
tion shift through deployment-time learning.

B.3. Implementation Details

We use the same model architecture (LLaVA-3D-7B)
and test-time training configuration as the Long-Horizon
Household experiments, with no additional fine-tuning on
HM3D scenes. Point cloud observations are extracted from
RGB-D sensors in the same manner, and the reflection gen-
eration prompts remain unchanged. This zero-shot transfer
setup provides a rigorous test of whether reflective mech-
anisms learned in synthetic environments transfer to real-
world scene understanding.

B.4. Results and Analysis

Table 3 presents the generalization results on HM3D Prepa-
ration tasks. Our method demonstrates robust generaliza-
tion to photorealistic real-world environments, achieving
19.5% success rate despite being trained exclusively on
synthetic BEHAVIOR-1K scenes. While this represents a
12.2 percentage point performance drop compared to Long-
Horizon Household Tasks (31.7% — 19.5%), our reflec-
tive framework maintains over 60% of its original perfor-
mance and substantially outperforms all baselines, demon-
strating the effectiveness of reflection-based adaptation un-
der domain shift. The strongest baseline, 3DLLM-Mem,

achieves only 7.32%, while several methods completely
collapse to 0% (ReflectVLM, PPO, w/o RIA w/o ROA).
This stark contrast highlights that our reflection mecha-
nisms—particularly the combination of reflection-in-action
and reflection-on-action—provide critical robustness when
facing distribution shift from synthetic to photorealistic en-
vironments. The fact that our method maintains substantial
relative advantages over baselines suggests that the core re-
flective mechanisms—generating diverse candidates, scor-
ing them through internal simulation, learning from execu-
tion feedback, and updating both action and reflection mod-
els—transfer effectively across domain boundaries and pro-
vide a robust foundation for embodied agents generalizing
to novel environments.

C. Hyperparameter Analyses for Cupboard
Fitting Task

We conduct ablation studies on four key hyperparameters
that govern the reflection mechanism and show the results
in Figure 6.

C.1. Test-Time Scaling: Number of Candidate Ac-
tions

The reflection-in-action mechanism generates N candidate
actions via sampling, scores each using the internal reflec-
tion model V,, and executes the highest-scoring action. We
vary N € {1,2,3,4,5,6,8,9,10} to measure the impact of
candidate diversity on task performance (Figure 6, top left).

Results. Performance improves monotonically from
53.0% (N=1, greedy decoding) to 60.0% (N=6), represent-
ing a 7 percentage point gain. This demonstrates that inter-
nal reflection scoring effectively identifies superior actions
from diverse candidate pools. Beyond N=6, performance
plateaus and slightly decreases to 58.8% at N=10, suggest-
ing diminishing returns from excessive candidates—Ilikely
due to increased computational cost without proportional
quality improvements in the candidate pool.

Analysis. The optimal operating point at N=6 bal-
ances exploration breadth with computational efficiency. At
N=1, the model lacks opportunities to reconsider subopti-
mal greedy choices. At N=2-5, expanding the candidate
pool allows the internal reflection model to compare al-
ternatives and avoid locally optimal but globally poor ac-
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Figure 6. Hyperparameter ablation studies on Cupboard Fitting. Top Left: Performance vs. number of candidate actions. Peak
performance (60.0%) occurs at N=6 candidates, demonstrating that internal reflection effectively identifies superior actions from diverse
pools. Beyond N=6, performance plateaus as excessive candidates add computational cost without improving the best candidate quality.
Top Right: Performance vs. sampling temperature. Optimal temperature range (T=1.25-1.5) balances candidate diversity with qual-
ity—temperatures below 0.5 produce overly similar candidates that limit reflection value, while temperatures above 1.75 generate inco-
herent actions that even accurate reflection cannot salvage. Bottom Left: Performance vs. LoRA configuration (rank, alpha). The optimal
configuration (r=8, a=16) achieves 60.0% performance, balancing adaptation capacity with training stability. Smaller configurations like
(4,4) underfit with insufficient capacity (52.5%), while larger configurations cause mode collapse during test-time training—(16,32) drops
to 41.5% and (32,32) collapses to 34.8% as the model begins predicting identical outputs for all inputs, losing the ability to distinguish
between different spatial configurations and task contexts. Bottom Right: Performance vs. action budget (maximum steps). Performance
improves dramatically from 30 steps (51.5%) to 50 steps (60.0%), but slightly degrades to 59.4% at 100 steps, suggesting that excessive
action budgets allow suboptimal exploration strategies that accumulate errors over longer horizons.

tions (e.g., placing a small object in a large compartment
early). At N>6, the candidate pool may include too many
low-quality options that add noise without improving the
best candidate’s quality, and the internal reflection model’s
scoring may become less reliable across excessively diverse
samples.

C.2. Sampling Temperature Analysis

Temperature 1" controls the sharpness of the probability
distribution during action generation: low temperatures

(' — 0) produce near-greedy sampling, while high tem-
peratures (1" — oo) approach uniform sampling. We evalu-
ate T € {0.0,0.25,0.5,0.75,1.0,1.25,1.5,1.75, 2.0} (Fig-
ure 0, top right).

Results. Performance exhibits a clear inverted-U rela-
tionship with temperature. At T=0.0 (deterministic greedy
decoding), performance is 52.6%. Then it increases steadily
through moderate temperatures, reaching a peak of 60.0%
at T=1.25, and maintains near-peak performance of 59.8%
at T=1.5. However, performance drops sharply at higher
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temperatures: 49.5% at T=1.75 and 47.0% at T=2.0.

Analysis. The optimal temperature range T=1.25-1.5
balances two competing factors: (1) Diversity for reflec-
tion: Sufficient randomness generates meaningfully differ-
ent candidates for the internal reflection model to com-
pare, enabling it to identify strategic failures (e.g., block-
ing future placements) that greedy or near-greedy decoding
would miss; (2) Quality preservation: Excessive random-
ness (T>1.5) samples from the low-probability tail of the
distribution, producing incoherent or physically infeasible
actions that even accurate internal reflection cannot salvage.
The sharp drop at T>1.75 indicates that overly stochastic
sampling overwhelms the reflection mechanism’s corrective
capacity—no amount of scoring can recover from funda-
mentally poor candidate pools.

C.3. LoRA Configuration Analysis

For parameter-efficient test-time training, we apply Low-
Rank Adaptation (LoRA) with varying rank r and scal-
ing factor . ~We evaluate configurations (r,a) €
{(4,4),(4,8),(8,8),(8,16), (16, 16), (16, 32), (32,32)} to
study the trade-off between adaptation capacity and training
stability (Figure 6, bottom left).

Results. Performance exhibits a sharp peak at the in-
termediate configuration. Small configurations show lim-
ited performance: (4,4) achieves 52.5% and (4,8) reaches
56.2%, indicating insufficient adaptation capacity. Perfor-
mance peaks at (r=8, a=16) with 60.0%, our optimal config-
uration. However, larger configurations show dramatic per-
formance degradation: (8,8) maintains 55.8%, but (16,16)
drops to 57.8%, (16,32) plummets to 41.5%, and (32,32)
collapses catastrophically to 34.8%—below even the no-
adaptation baseline of 53.0%.

Analysis. The LoRA rank controls the expressiveness of
the adapter matrices, but excessive rank causes mode col-
lapse during aggressive test-time training. At (r=4, a=4)
and (r=4, a==8), the adapter capacity is too limited to cap-
ture nuanced spatial reasoning required for effective reflec-
tion—the model cannot adequately learn from retrospective
feedback about blocking placements or strategic failures.
The optimal configuration (r=8, a=16) provides sufficient
capacity to update internal reflection scoring and action se-
lection policies based on task-specific feedback while main-
taining stable optimization under high learning rates (0.2 for
internal reflection, 0.01 for action model).

Larger configurations fail catastrophically due to mode
collapse. At (r=16, =32) and beyond, the increased pa-
rameter space combined with aggressive learning rates and
limited training data (10-15 retrospective examples per test-
time training iteration) causes the model to collapse to pre-
dicting identical outputs for all inputs. Rather than learn-
ing task-specific spatial reasoning, the overparameterized
adapters converge to degenerate solutions that ignore input

variations. At (32,32), the model effectively stops distin-
guishing between different object configurations, compart-
ment sizes, or task contexts—producing the same stereo-
typed action regardless of the actual scene state. This mode
collapse is particularly severe because test-time training
lacks the regularization and diverse data that prevent col-
lapse in offline training.

C.4. Action Budget Analysis

We evaluate the impact of maximum action budget on task
performance by varying the step limit from 30 to 100 steps
(Figure 6, bottom right).

Results. Performance shows a sharp initial gain fol-
lowed by slight degradation. At 30 steps, performance
is only 51.5%, indicating insufficient budget to complete
multi-object placement tasks. Performance peaks at 50
steps with 60.0%, our optimal setting. However, extending
the budget to 100 steps results in slight performance degra-
dation to 59.4%, a 0.6 percentage point drop.

Analysis. The low performance at 30 steps reflects
task incompletion—agents frequently run out of steps be-
fore placing all objects, especially when early mistakes re-
quire exploration of alternative strategies. The 50-step bud-
get provides sufficient runway for the agent to explore the
environment, execute placements, recover from initial fail-
ures through reflection, and retry with corrected strategies
learned via test-time training.

The counterintuitive degradation at 100 steps reveals a
failure mode of excessive budgets: when given too many
steps, agents exhibit suboptimal exploration patterns that
accumulate errors over longer horizons. With a gener-
ous budget, the model may attempt more exploratory ac-
tions rather than committing to placements, leading to in-
efficient trajectories. Additionally, longer episodes pro-
vide more opportunities for compounding errors—a single
poor placement early in a 100-step episode has more down-
stream consequences than in a tightly constrained 50-step
episode where the agent must act decisively. This suggests
that moderate action budgets not only improve computa-
tional efficiency but also serve as a useful inductive bias
that encourages focused, goal-directed behavior in embod-
ied agents.

D. Single-Step Action Generation vs. Receding
Horizon Planning

A key design decision in our framework is single-step action
generation: the agent generates and executes one action at a
time, rather than planning action sequences through reced-
ing horizon control. We validate this choice through abla-
tion experiments on the Cupboard Fitting benchmark.
Experimental Setup. We compare two variants of our
full method: (1) Single-Step (Ours): generates one action,
executes it, observes outcome, performs test-time training,
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then generates the next action; (2) Receding Horizon: gen-
erates a complete action sequence (5-10 actions), executes
only the first action, observes outcome, performs test-time
training, then replans a new sequence from the updated
state. Both variants use identical model architecture, train-
ing procedures, and test-time training mechanisms, differ-
ing only in planning granularity. The receding horizon ap-
proach requires approximately 5x more computation per
step due to generating full sequences at each decision point.

Table 4. Single-step action generation vs. receding horizon plan-
ning on Cupboard Fitting. Despite using 5x more computation
to plan sequences at each step, receding horizon shows degraded
performance, demonstrating that single-step action generation is
more effective for our reflective learning framework.

Method | Fit | Correct | Compute
Ours (Receding Horizon) | 57.8% 25.8% 5.0x
Ours (Single-Step) 60.2% 25.3% 1.0x

Results. Table 4 shows that receding horizon planning
achieves only 57.8% fit rate compared to 60.0% for single-
step action generation—a comparable performance but at
the cost of 4x more computation per step. This demon-
strates that planning full action sequences at each decision
point not only increases computational cost but actually
harms performance in our framework.

Why Receding Horizon is Incompatible with Test-
Time Training. The performance gap reveals fundamental
incompatibilities between sequence planning and reflective
test-time training:

(1) Wasted computation on unpredictable futures: Re-
ceding horizon generates 5-action sequences at each step
but executes only the first action, discarding 80% of the
computation. Critically, in our error-driven tasks, the out-
comes of actions are inherently unpredictable before exe-
cution—whether an object fits in a compartment, whether
placement will be stable, or whether grasping succeeds de-
pends on precise physical interactions that cannot be reli-
ably simulated. The model imagines 4 future actions based
on assumed execution outcomes, but these assumptions are
frequently wrong. When the first action fails or succeeds
differently than predicted, the entire planned sequence be-
comes invalid. This wasted computation could instead gen-
erate more candidates for reflection-in-action (increasing N
from 3 to 6) or perform additional test-time training epochs,
both of which operate on actual execution outcomes rather
than unreliable predictions.

(2) Learning from imagination conflicts with learning
from reality: Test-time training fundamentally relies on
learning from actual execution feedback—the model up-
dates its understanding of spatial constraints only after
physically attempting placements and observing real out-

comes (does the object fit? does it block other spaces?).
However, generating 5-action sequences forces the model
to predict these outcomes before they occur: "If I place ob-
ject A here, then I can place object B there, then object
C..” These predictions are made with the model’s current
(pre-update) understanding, which is precisely what test-
time training aims to improve. The model must simulta-
neously optimize two conflicting objectives: (a) accurately
predicting hypothetical future states for sequence genera-
tion, and (b) updating its beliefs based on actual execution
outcomes that contradict those predictions. This creates op-
timization interference where gradients from test-time train-
ing (learned from reality) fight against the inductive bias
from sequence generation (learned from imagination).

Our single-action approach eliminates this conflict by
committing only to decisions that can be made based on
current observations, executing the action to obtain ground
truth feedback, updating the model with real outcomes, then
making the next decision with improved understanding.
This aligns perfectly with the test-time training paradigm:
learn from actual experience, not imagined futures.

Retrospective Reflection Provides Implicit Long-
Horizon Planning. A potential concern is that single-step
action generation lacks the foresight that explicit sequence
planning provides. However, retrospective reflection ad-
dresses this through a different mechanism. While reced-
ing horizon achieves long-horizon reasoning by explicitly
generating future action sequences, our approach achieves
it through learned anticipation: retrospective reflection re-
evaluates past actions with hindsight about their long-term
consequences, creating training signals that teach the inter-
nal reflection model to anticipate multi-step outcomes be-
fore execution.

For example, when placing objects in a cupboard, an ac-
tion that initially appears successful may be retrospectively
downgraded when the agent discovers that this placement
blocks the only space for a larger object. These retrospec-
tive scores train the internal reflection model to predict such
long-horizon consequences at decision time—effectively
distilling multi-step lookahead into single-step action eval-
uation. This learned implicit planning is more sample-
efficient than explicit sequence generation: rather than ex-
ploring all possible future sequences at every step (most of
which will be discarded), the agent learns which single ac-
tions lead to favorable long-term outcomes through accu-
mulated experience.

Computational Efficiency Analysis. The 5x computa-
tional cost of receding horizon stems from generating full
S-action sequences at each decision step, only to execute
the first action and discard the rest. This is particularly
inefficient in our test-time training setting, where: (1) Se-
quence generation requires forward passes through the lan-
guage model for all actions in the sequence; (2) The ad-
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ditional compute does not improve learning quality—test-
time training still operates on single executed actions, so
planning discarded sequences provides no learning benefit;
(3) The saved computation in single-step action generation
can be reallocated to improvements that actually help: gen-
erating more candidates (N=6 vs. N=3), performing more
test-time training epochs, or using larger working memory
windows for retrospective reflection.

Our results demonstrate that effective long-horizon rea-
soning in embodied agents need not come from explicit
sequence planning. Instead, combining single-step action
generation with retrospective reflection achieves superior
performance at 5x lower computational cost by learning to
anticipate long-term consequences rather than exhaustively
simulating future possibilities.

E. Experiments on Long-Horizon Household
Tasks: More Details

In this section, we provide comprehensive implementation
details for our Long-Horizon Household Tasks, including
task generation, validation, data construction, model archi-
tecture, training procedures, and evaluation protocols.

E.1. Why Build Upon BEHAVIOR?

BEHAVIOR-1K [18] provides an excellent foundation for
embodied AI research with several key strengths: (1)
Photorealistic environments: BEHAVIOR-1K features
high-fidelity household scenes with realistic object models,
physics simulation, and diverse room layouts across 1,000+
scenes; (2) Rich object diversity: The benchmark includes
hundreds of object categories with varied sizes, shapes, and
physical properties, enabling complex manipulation tasks;
(3) Standardized infrastructure: BEHAVIOR-1K pro-
vides well-maintained simulation infrastructure, observa-
tion APIs, and action spaces that facilitate reproducible re-
search.

However, BEHAVIOR-1K’s original task design does
not systematically stress two critical capabilities for re-
flective learning: (1) Learning from failures: Most
BEHAVIOR-1K tasks are designed to be solvable with cor-
rect initial planning, without requiring agents to recover
from or learn from execution failures. Tasks rarely include
scenarios where early actions create downstream failures
that only become apparent after multiple steps (e.g., plac-
ing a small object first that later blocks the only space for a
larger object). (2) Long-term dependencies: The original
benchmark emphasizes task completion but does not specif-
ically design tasks around sequential dependencies where
action order critically determines success, or where conse-
quences of early actions remain hidden until much later in
the episode.

To evaluate our reflective test-time training frame-
work—which specifically learns from execution failures

through retrospective reflection—we adapt BEHAVIOR-1K
environments to create tasks that systematically incorporate
these failure modes. We retain BEHAVIOR-1K’s photo-
realistic scenes and simulation infrastructure while intro-
ducing task specifications that stress failure recovery, long-
horizon credit assignment, and dependency reasoning. This
allows us to leverage the strengths of BEHAVIOR-1K (re-
alism, diversity, standardization) while evaluating capabili-
ties (learning from failures, retrospective reasoning) that the
original benchmark was not designed to measure.

E.2. Task Categories

We develop a systematic pipeline to generate Long-Horizon
Household Tasks that stress error-driven adaptation in em-
bodied agents. Our tasks are designed around four core fail-
ure modes common in real life: spatial reasoning errors, ob-
ject selection mistakes, sequential dependency violations,
and non-local planning failures.

Task Categories and Failure Modes. We define four
task categories, each targeting specific failure patterns:

Fitting Tasks require agents to pack or place objects into
constrained containers or surfaces. These tasks stress geo-
metric reasoning and capacity constraints. Common failure
modes include: (1) attempting to place oversized objects
in small compartments, (2) blocking access to larger stor-
age spaces with premature small-object placements, and (3)
failing to recognize occlusion after placement. For exam-
ple, placing a toy car in a box already containing a teddy
bear may succeed physically but block future placements of
larger items.

Selection Tasks require agents to compare and retrieve
items based on preferences or constraints. Failure modes
include: (1) selecting suboptimal items when better alterna-
tives exist in unexplored rooms, (2) committing to choices
before exploring all options, and (3) failing to revise deci-
sions when new information becomes available. A typical
scenario involves retrieving vegetables for a meal where let-
tuce (preferred) is in one room and tomato (less preferred)
is in another—agents that explore insufficiently may select
the inferior option.

Preparation Tasks involve sequential constraints and de-
pendencies where actions must occur in specific orders.
Common failures include: (1) attempting steps out of se-
quence (e.g., adding toppings before placing the base plate),
(2) violating prerequisite conditions (e.g., trying to cook
without retrieving ingredients first), and (3) missing inter-
mediate setup steps. These tasks require agents to maintain
action dependencies across multiple rooms and objects.

Hybrid Tasks combine multiple failure modes within a
single episode, requiring agents to simultaneously reason
about spatial constraints, object preferences, and sequential
dependencies across long horizons.

The distribution of task categories can be found in Figure
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Task Distribution by Category

26.9%

19.4%

Selection

Preparation

Figure 7. Distribution of task categories in the dataset.

7.
E.3. GPT-5 Task Generation Prompting Strategy

We employ a carefully structured prompting approach to
generate high-quality, physically plausible long-horizon
tasks. Our prompting strategy consists of three key compo-
nents: (1) comprehensive scene context provision, (2) ex-
plicit failure mode specification, and (3) structured output
formatting with reflection annotations.

Scene Context Provision. Each task generation prompt
includes the complete scene graph from BEHAVIOR-1K,
containing: room layouts with spatial relationships, exist-
ing objects in each room with 3D bounding boxes and af-
fordance properties, navigable connections between rooms,
and furniture placement. This rich context allows GPT-5
to reason about physical feasibility when proposing object
placements and action sequences. For example, knowing
that a table has dimensions 1.2m x 0.8m x 0.75m allows the
model to avoid proposing placements of oversized objects.

Failure Mode Specification. We explicitly instruct
GPT-5 to incorporate specific failure scenarios into the gen-
erated trajectories. For Fitting tasks, we request scenarios
where early placements block later optimal choices. For
Selection tasks, we specify that preferred items should be
in rooms requiring more exploration. For Preparation tasks,
we request action sequences with complex dependencies
where naive sequential execution fails. For each task cat-
egory, we provide 2-3 concrete examples of desired failure
patterns in few-shot demonstrations.

Structured Output with Reflection Annotations.
The prompt requires GPT-5 to generate not just action

sequences, but complete trajectories with: (1) Each action
wrapped in angle brackets (e.g., <GO TO kitchen>);
(2) Internal reflections before each action with for-
mat INTERNAL REFLECTION: [reasoning]
| SCORE: [0-100]; (3) Execution result annota-
tions (execution: success or execution:
fail); (4) External reflections after each executed ac-
tion with format PREVIOUS ACTION TO REFLECT
ON: <action> | EXTERNAL REFLECTION:
[assessment] | SCORE: [0-100]; (5) Retro-
spective reflections at room exits with format PREVIOUS
ACTION TO REFLECT ON (retro): <action>
| EXTERNAL REFLECTION: [hindsight
assessment] | SCORE: [0-100].

Actions marked with INTERNAL REFLECTION:

| SCORE: [low score] followed by the note

“score low. don’t execute” represent strategically poor
choices that should be avoided through reflection-in-action.
These actions may be physically feasible but lead to subop-
timal task outcomes (e.g., picking up an inferior item when
better alternatives exist). Yet they provide valuable data to
train the internal reflection LLM (these actions are not used
for training action LLM though).

Few-Shot Demonstrations. We provide 2-3 complete
task examples for each task category, demonstrating the ex-
pected output format, reflection structure, and failure pat-
terns. These examples show diverse scenarios: a Fitting task
where placing small objects first blocks large object storage,
a Selection task where exploring only nearby rooms leads to
selecting inferior items, and a Preparation task where vio-
lating sequential dependencies causes failure.

Prompt Iteration and Refinement. We iteratively re-
fined the prompt through multiple rounds of generation and
validation. Early versions produced tasks with: (1) Phys-
ically implausible object placements (e.g., large furniture
items on small shelves); (2) Insufficient failure diversity
(most tasks had similar error patterns); (3) Inconsistent re-
flection scores (high scores for objectively poor actions).
We addressed these through: (1) Adding explicit bounding
box information and size reasoning requirements; (2) Pro-
viding diverse few-shot examples spanning different failure
modes; (3) Including calibration guidelines for score as-
signment (e.g., “score 0-30 for actions that fail or lead to
dead ends; 70-100 for optimal strategic choices”™).

Reflection Score Calibration. To ensure consistent
score semantics across generated tasks, we provide GPT-
5 with explicit calibration guidelines: Scores 0-20 indicate
actions that fail physically or lead to immediate dead ends;
scores 21-40 indicate poor strategic choices that succeed
physically but create future problems; scores 41-60 indi-
cate suboptimal but acceptable actions; scores 61-80 indi-
cate good strategic choices; scores 81-100 indicate optimal
or near-optimal actions. This calibration ensures that scores

CVPR

#*****

1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257

1258
1259
1260
1261
1262
1263
1264
1265
1266

1267
1268
1269
1270
1271
1272
1273
1274

1275
1276
1277
1278
1279
1280
1281
1282
1283
1284
1285
1286
1287
1288
1289
1290
1291
1292
1293
1294
1295
1296



CVPR
gprenen

1297
1298

1299

1300
1301
1302
1303

1304
1305
1306
1307
1308
1309
1310

1311
1312
1313
1314
1315
1316
1317
1318
1319
1320
1321

1322
1323
1324
1325
1326
1327
1328
1329
1330
1331
1332
1333
1334
1335

1336

1337
1338
1339
1340
1341

1342

CVPR 2026 Submission #*****, CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

are meaningful training signals for the reflection models
rather than arbitrary numbers.

E.4. Physical Validation in BEHAVIOR.

Raw GPT-5 outputs may contain physically implausible
scenarios or inconsistent spatial reasoning. We validate
each generated task through execution in BEHAVIOR Om-
niGibson physics simulation:

Object Placement Validation: We verify all new ob-
jects can be physically placed at specified locations using
sampling-based kinematics (sample_kinematics). Ob-
jects that fail placement (due to size mismatches, collision
constraints, or stability issues) trigger task rejection. We
use uniform scaling for all objects to avoid non-orthogonal
transform errors.

Trajectory Execution Verification: We execute the
ground-truth trajectory action-by-action, verifying that: (1)
Navigation actions (GO TO) successfully place the robot
in target rooms; (2) Manipulation actions (PICK UP, PUT
DOWN) complete as annotated; (3) Expected failures ac-
tually fail (confirming physical constraints match annota-
tions); (4) Action sequences respect object affordances and
spatial constraints. Tasks where any expected-success ac-
tion fails, or any expected-failure action succeeds, are re-
jected as inconsistent. This ensures our evaluation measures
genuine agent learning rather than dataset annotation errors.

Observation Generation: During validation, we generate
3D point cloud observations for each room after every in-
teraction step (navigation, pickup, placement). We capture
observations from three external camera viewpoints posi-
tioned around the robot at fixed relative poses. For each
viewpoint, we: (1) Capture RGB-D images at 560x560 res-
olution; (2) Convert depth to point clouds using camera
intrinsics; (3) Transform point clouds from camera frame
to robot base frame; (4) Store point clouds (stacked across
viewpoints) as . npy files; (5) Save corresponding RGB im-
ages as .png files. Each room observation is stored in a
unique directory named {room_name} _{step_idx}, al-
lowing models to access the most recent observation per
room at any point during inference.

E.S. Training Data Construction

From validated trajectories, we extract training data for
three model components. All training examples include
point cloud observations stored as file paths, which are
loaded and processed by the 3D vision encoder during train-
ing.

Action Training Data. For each step ¢ in a validated

trajectory, we create training examples of the form:

Input: {Task, All Rooms, Explored Rooms,
Current Room, Observations,
Previous Action, Previous External Reflection}

Output: Action

Observations consist of point cloud paths for each explored
room (most recent per room).

Internal Reflection Training Data. For each action (in-
cluding non-executed low-score actions), we create exam-
ples:

Input: {Task, All Rooms, Explored Rooms,
Current Room, Observations,
Previous Action, Previous External Reflection}
Potential Action, }
Output: {Internal Reflection;, Score; }

This includes actions marked “don’t execute”—the model
must learn to score these actions low during internal reflec-
tion to prevent execution.

External Reflection Training Data. After each exe-
cuted action, we create examples:

Input: {Task, All Rooms, Explored Rooms,
Current Room, Observations (before and after),
Previous Action, Previous External Reflection}
Executed Action;, Execution Result; }

Output: {External Reflection;, Score; }

Execution results indicate success or fail, and obser-
vations include both pre-action and post-action point clouds
to enable change detection.

Retrospective Reflection Training Data. For retro-
spective reflection, we identify room transitions (marked by
EXIT actions) and collect all actions taken in that room.
For each historical action a;, we create:

Input: {Task, Context, Current Observations,
Action;, Room Action History,
Last Reflection; }
Output: {Retro Reflection;, Updated Score }

The prompt includes all actions and their external reflec-
tions from the current room window, allowing the model
to re-evaluate a; with hindsight about downstream conse-
quences.

E.6. Model Architecture and Training

Base Architecture. We build our 3D vision-language-
action model on LLaVA-3D [40], which processes point
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clouds through a 3D encoder and fuses them with language
instructions via a multimodal projector. The architecture
consists of: (1) A 3D point cloud encoder that extracts spa-
tial features; (2) A vision-language projector that aligns 3D
features with language embeddings; (3) A Llama-based lan-
guage model backbone (7B parameters) for reasoning and
generation.

E.7. Evaluation Protocol and Baselines

Train-Test Split. We ensure zero overlap between fine-
tuning and evaluation: (1) No shared task descriptions—
evaluation tasks have completely different natural lan-
guage instructions; (2) No shared scenes—different scene
instances from BEHAVIOR-1K; (3) No shared object
placements—all object configurations are unique; (4) No
shared trajectories—action sequences and reflection pat-
terns differ. This tests generalization to novel tasks rather
than memorization.

Success Criteria. A task succeeds if and only if: (1) All
required objects reach target locations; (2) All spatial con-
straints are satisfied (e.g., inside, on top of); (3) All prefer-
ence constraints are met (e.g., selecting preferred items); (4)
All sequential dependencies are respected; (5) Task comple-
tion occurs within the action budget (30 steps).

Deployment Procedure. For each test task, we: (1) Ini-
tialize agent in the first room with task description; (2) Exe-
cute action generation + internal reflection + external reflec-
tion loop; (3) Trigger retrospective reflection at room exits
or after K = 5 steps; (4) Perform test-time training when
retrospective reflections accumulate; (5) Continue until task
completion or action budget exhaustion. The agent receives
no human feedback during deployment—all learning sig-
nals come from self-generated reflections.

Baseline Implementations. We implement the follow-
ing baselines: Reflexion [30] maintains a text buffer of past
reflections and includes them in prompts for future actions,
generating verbal critiques after each step without param-
eter updates. Self-Refine [21] iteratively improves actions
through self-critique and revision cycles, allowing up to 3
refinement iterations per action before execution. We revise
the above two baselines to incorporate multimodal inputs.
ReflectVLM adapts the reflection mechanism from [5] using
learned value functions for action scoring, with a separate
value head trained on our training data. 3DLLM-Mem [12]
maintains fused point cloud observations from all previous
steps and previous-step execution results as context, provid-
ing spatial memory without explicit reflection or test-time
training. PPO [29] and DreamerV3 [39] are trained as re-
inforcement learning baselines: PPO uses on-policy policy
gradient with clipped surrogate objective and GAE for ad-
vantage estimation, while DreamerV3 learns a world model
from observations and trains a policy in the learned latent
space. Both RL baselines are trained for the same total

number of environment interactions as our supervised fine-
tuning phase to ensure fair compute comparison. All base-
lines use the same LLaVA-3D-7B backbone with identical
finetuning procedures where applicable for fair comparison.

F. Cupboard Fitting: More Details

F.1. Base Model and Supervised Fine-tuning.

We build upon Qwen2.5-VL-3B as our base vision-
language model for the Cupboard Fitting benchmark. We
employ unified multi-task supervised fine-tuning on action
generation, internal reflection, and external reflection tasks
using: global batch size 128, learning rate 1 x 1077, weight
decay 0.1, trained for 3 epochs using AdamW optimizer.
Task-specific prompts distinguish between the three reflec-
tion modes, enabling cross-task knowledge transfer.

F.2. Test-Time Training Variants.

We implement two test-time training variants to study the
trade-off between adaptation capacity and computational
efficiency:

Base-Weight Test-Time Training for Reflection-on-
Action: This variant updates all non-visual parameters dur-
ing deployment. We freeze visual encoder parameters
(identified by visual or vision in parameter names)
but update all language model parameters. For the action
model trained via REINFORCE, we use SGD optimizer
with learning rate 1 x 1073, weight decay 1 x 1074, zero
momentum, training for 3 epochs. For the internal reflec-
tion model trained via supervised learning, we use SGD op-
timizer with learning rate 5 x 10~°, weight decay 1 x 10~4,
zero momentum, training for 3 epochs. This approach pro-
vides maximum adaptation capacity but requires updating
millions of parameters.

LoRA Test-Time Training for Reflection-on-Action: For
memory-efficient adaptation, we apply Low-Rank Adapta-
tion with rank » = 8, alpha o = 16, dropout rate 0.1, tar-
geting all linear layers except lm_head, embed_tokens,
and visual encoder components. The LoRA adapters are ap-
plied to both internal reflection and action models using the
PEFT library. For the action model, we use SGD with learn-
ing rate 1 x 1072, weight decay 1 x 10~*, zero momentum,
trained for 3 epochs. For the internal reflection model, we
use SGD with learning rate 0.2, weight decay 1 x 10~4, zero
momentum, trained for 3 epochs. The higher learning rates
compensate for the reduced parameter count—LoRA up-
dates only the low-rank adapter parameters, reducing train-
able parameters by over 95% while maintaining comparable
performance.

G. More Qualitative Examples

In Figure 8, we show more qualitative examples. We can
see that the model does get improved over reflection mech-
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Figure 8. Steps and reflections are simplified for better presentations. Blue text shows internal reflection used for candidate selection,
orange text shows external reflection after execution. We put reflection scores inside brackets. Red text shows retrospective reflection and
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1487 anisms.

1488 H. Physical Experiment Setup

1489 We validate our framework on a physical Franka Panda
1490 robotic arm in a cupboard fitting scenario. The workspace
1491 consists of a multi-compartment cupboard with compart-
1492 ments of varying sizes, along with different shape ob-
1493 jects that must be placed into designated compartments.
1494 A camera mounted above the workspace captures RGB
1495 images from a top-down offset viewpoint, matching the
1496 ‘top-down_offset’ camera configuration used in simulation
1497 training. Before each task, we record the initial positions of
1498 objects and compartment locations in the robot base frame
1499 through calibration. Given high-level action commands
1500 from the model (e.g., “pick up the red cube and put it in the
1501 blue compartment”), the robot executes a two-phase manip-
1502 ulation: (1) moves to the object’s registered initial position
1503 and grasps it using the parallel-jaw gripper, (2) places the
1504 object at the target compartment location computed from
1505 the registered compartment position. After each action, the
1506 system captures a post-execution image from the same cam-
1507 era viewpoint and provides binary success/failure feedback
1508 based on whether the object remains within the target com-
1509 partment bounds, which is used to generate external reflec-
1510 tions following the same protocol as simulation.

11



	Introduction
	Related Works
	Reflective Test-Time Planning
	Reflection-in-Action
	Reflection-on-Action
	Multi-Scale External Reflection
	Test-Time Training Dataset Construction.
	Test-Time Training


	Experiments on Long-Horizon Household Tasks
	Long-Horizon Household Task Construction
	Model Architecture & Implementation Details
	Experimental Results & Analysis

	Experiments on the Cupboard Fitting Task
	Conclusion
	Test-Time Cost Analysis
	Computational Comparison
	Why the Overhead is Justified
	Compute-Matched Experiment

	Generalization to Habitat-Matterport 3D Scenes
	Experimental Setup
	Task Construction and Adaptation
	Implementation Details
	Results and Analysis

	Hyperparameter Analyses for Cupboard Fitting Task
	Test-Time Scaling: Number of Candidate Actions
	Sampling Temperature Analysis
	LoRA Configuration Analysis
	Action Budget Analysis

	Single-Step Action Generation vs. Receding Horizon Planning
	Experiments on Long-Horizon Household Tasks: More Details
	Why Build Upon BEHAVIOR?
	Task Categories
	GPT-5 Task Generation Prompting Strategy
	Physical Validation in BEHAVIOR.
	Training Data Construction
	Model Architecture and Training
	Evaluation Protocol and Baselines

	Cupboard Fitting: More Details
	Base Model and Supervised Fine-tuning.
	Test-Time Training Variants.

	More Qualitative Examples
	Physical Experiment Setup

