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Abstract

Large Language Models (LLMs) have emerged
as central planners in Vision-and-Language
Navigation (VLN), yet their complexity in-
creasingly obscures their internal decision-
making. Existing interpretability methods typ-
ically isolate temporal criticality from feature
salience, creating an alignment gap and fail-
ing to account for the behavioral instability of
black-box agents. To address this, we pro-
pose DEFT, a unified dual-view framework
that demystifies agent behavior by jointly an-
alyzing when a decision is pivotal and what
visual evidence grounds it. Featuring a dual-
head architecture with a shared latent repre-
sentation, DEFT employs a Mask Head for
counterfactual-based criticality detection and
an Action Head that leverages an ensemble of
surrogates to recover robust visual cues. Exten-
sive experiments on MatterPort3D across three
LLM-based agents demonstrate that DEFT out-
performs baselines in both temporal and feature
fidelity. User studies further validate its utility,
showing 78% alignment with human intuition.

1 Introduction

Integrating Large Language Models (LLMs) (Ope-
nAl, 2023) into embodied agents has become a
dominant paradigm for tackling complex physical
tasks. In the field of Vision-and-Language Naviga-
tion (VLN) (Wu et al., 2024), LLMs are increas-
ingly deployed as central planners, leveraging their
extensive world knowledge and reasoning capabili-
ties to guide agents through unseen environments
based on natural language instructions.

To tackle complex VLN tasks, recent frame-
works have evolved beyond simple prompting, in-
tegrating auxiliary mechanisms such as history
modeling (Zhou et al., 2024b), topological mem-
ories (Chen et al., 2024a), and multi-agent delib-
eration (Long et al., 2024). While these designs
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Instruction: “Walk upstairs. At the top of the staircase, turn left,
and enter the room with the bed inside."
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Figure 1: NavGPT failure case: A critical directional
misinterpretation of the staircase occurs at step 5.

enhance performance, they inevitably increase sys-
tem opacity, making it difficult to determine the ra-
tionale behind specific actions, whether they stem
from precise visual grounding or sound logical rea-
soning. Purely observing the final outcome offers
little insight into the agent’s internal decision pro-
cess, limiting the transparency needed for both un-
derstanding and optimization.

Fig.1 illustrates this diagnostic necessity. At
a pivotal timestep, NavGPT(Zhou et al., 2024b)
correctly detects the staircase but misinterprets its
directional semantics, choosing to go downstairs
rather than upstairs. This single error propagates
into an irreversible failure, highlighting that identi-
fying both critical timesteps (when) and grounding
visual evidence (what) is fundamental to under-
standing and optimizing these agents.

However, interpreting these agents is non-trivial,
as adapting general techniques from reinforcement
learning or computer vision to the multimodal, se-
quential nature of VLN faces three primary limi-
tations: (1) Alignment Gap: Existing approaches
typically treat step-level (Cheng et al., 2023) and
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feature-level importance (Sundararajan et al., 2017)
in isolation. This separation creates a gap where
visual evidence explaining what guided an action
may not correspond to cues determining when a
decision was critical, leading to disjoint or even
contradictory explanations. (2) Inherent Unfaith-
fulness: While Chain-of-Thought (CoT) offers a
direct channel, it is often an unfaithful post-hoc ra-
tionalization rather than a reflection of true model
internals (Turpin et al., 2023). Furthermore, tex-
tual CoT lacks the spatial granularity required to
pinpoint specific visual regions responsible for
grounding errors. (3) Behavioral Instability: LLM-
based planners frequently exhibit instable behav-
iors. Standard interpretability methods are unreli-
able in this context, as they risk attributing signifi-
cance to features that trigger random hallucinations
rather than consistent reasoning patterns.

In this work, we propose DEFT, a unified Dual-
view Explainability framework designed to demys-
tify black-box VLN agents through the joint analy-
sis of salient Features and critical Timesteps. Un-
like disjoint approaches that apply separate analyz-
ers, DEFT is constructed as a unified interpreter
with a dual-head architecture sharing a common
latent representation. Specifically, the Mask Head
functions as a criticality detector; it utilizes a coun-
terfactual masking mechanism to simulate alter-
native actions and measure reward degradation,
thereby pinpointing timesteps essential for navi-
gation success. Complementarily, the Action Head
serves as a differentiable proxy. By leveraging an
ensemble of gradient-accessible surrogate models,
this module recovers fine-grained visual features
while mitigating the behavioral instability of LLMs
through robust attribution aggregation.

Extensive experiments in the MatterPort3D sim-
ulator across three LLM-based agents (NavGPT,
MapGPT, NavGPT-2) validate the effectiveness of
DEFT. Quantitatively, it consistently outperforms
baselines in timestep criticality, achieving RRD
scores of 1.28—4.13 and Fidelity of 0.15-0.77. In
feature attribution, DEFT surpasses both white-
and black-box methods in Insertion and Deletion
metrics while maintaining consistently positive p g
scores. Qualitatively, user studies confirm its prac-
tical utility: DEFT aligns better with human intu-
ition (78% preference) and more than doubles the
success rate in diagnosing failure causes (64% vs.
30%) compared to strong composite baselines. The
contributions of this work are as follows:

* DEFT, a unified dual-view framework for sys-

tematically explaining black-box LLM-based
VLN agents by jointly analyzing temporal criti-
cality and feature salience.

* An ensemble-surrogate strategy that aggregates
gradient-based explanations to recover robust,
pixel-level visual evidence.

» Extensive experiments on MatterPort3D across
three LLM agents, validating the framework’s su-
periority over strong baselines both quantitatively
and qualitatively.

* Publicly available codebase’ to ensure repro-
ducibility and support further studies.

1

2 Related Work
2.1 LLM-Based VLN

VLN requires agents to navigate unseen environ-
ments guided by natural language. While tra-
ditional imitation (IL) and reinforcement learn-
ing (RL) established strong foundations (Chen
et al., 2022), the field has pivoted toward lever-
aging LLMs for complex reasoning. Early
zero-shot planners like NavGPT (Zhou et al,,
2024b) and NaVid (Zhang et al., 2024) have been
further enhanced by structured memories (e.g.,
MapGPT (Chen et al., 2024a)) and multi-agent
deliberation (e.g., DiscussNav (Long et al., 2024)).
Despite their success, these agents remain prone
to hallucinations and compounding errors. Fur-
thermore, the reliance on proprietary models (e.g.,
GPT-4) renders their internal logic opaque. Unlike
previous works that prioritize architectural design,
we focus on demystifying these black-box agents
by identifying critical timesteps and salient visual
features without internal parameter access.

2.2 Model Interpretability in Decision Making

Interpretability in decision-making generally
branches into two dimensions: temporal crit-
icality and feature attribution.  To identify
pivotal timesteps, RL-based methods such as
EDGE (Guo et al., 2021) and AIRS (Yu et al.,
2023) model trajectory dependencies, while others
like StateMask (Cheng et al., 2023), Rice (Cheng
et al., 2024) and UTILITY (Liu and Zhu, 2025)
assess stepwise significance via auxiliary agents
or inverse RL. To ground decisions in visual in-
puts, white-box techniques typically leverage gradi-
ents (Zahavy et al., 2016; Selvaraju et al., 2017) or
attention weights (Mott et al., 2019), whereas black-
box approaches rely on perturbation-based mask-

"https://github.com/yihandai/DEFT
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ing (Greydanus et al., 2018). However, naively
combining these disparate techniques introduces
alignment gaps and fails to account for the inher-
ent instability of LLM agents. In contrast, DEFT
bridges these perspectives through a unified dual-
head architecture, employing an ensemble surro-
gate strategy to ensure robust and consistent expla-
nations under black-box constraints.

3 Problem Definition

Vision-and-Language Navigation. VLN is mod-
eled as a sequential decision-making, typically a
Markov Decision Process (MDP). At each timestep
t, an agent receives a natural language instruction
7 and a panoramic visual observation O, to se-
lect an action a; € A; via the navigation policy
7(A¢|Z, O). In discrete environments, navigation
occurs on a graph G = (V. E), where nodes v € V/
represent navigable viewpoints. An action a; in-
volves transitioning to a node within a candidate
set A; C V, defined by local graph connectivity.
The episode terminates upon reaching the goal or
exceeding a maximum horizon 7'. See Appx. A.1
for extended background.

Interpretability Objectives. Under a black-box
setting, where the agent’s internal parameters and
gradients are inaccessible, we define interpretabil-
ity for a navigation trajectory 7 = {(Oy, A;) }_;
along two dimensions. 1) Timestep-level Criti-
cality: The goal is to identify a subset of pivotal
timesteps 7* C {1,...,T}. Atimestept € T* is
defined as critical if a counterfactual perturbation
on action A; leads to a significant cumulative re-
ward degradation or even a failure. 2) Feature-level
Salience: For each step ¢, we aim to extract a salient
pixel subset P, C {1,...,H} x {1,..., W} from
the H x W panoramic observation ;. This subset
must represent the dominant visual evidence that
grounds the agent’s selected action A;.

4 Proposed Method: DEFT

As illustrated in Fig. 2, DEFT integrates tempo-
ral and visual interpretability for black-box LLM
agents via a dual-head architecture. Specifically, a
Mask Head identifies critical steps through coun-
terfactual analysis, while an Action Head leverages
an ensemble of differentiable surrogates to recover
robust visual evidence.

4.1 Architecture of DEFT

DEFT adopts a unified architecture where a
shared cross-modal backbone encodes instruction-
conditioned visual features for two specialized
heads: an Action Head for policy approximation
and a Mask Head for step-level criticality estima-
tion. This joint design enforces representational
consistency between decision modeling and inter-
pretability within a single framework.

Shared Backbone. VLNOBERT (Hong et al.,
2021) is employed as DEFT’s cross-modal back-
bone. At each timestep ¢, it encodes the instruction
Z, panoramic observation Oy, and previous state
s¢—1 via cross-modal self-attention to derive a joint
instruction-conditioned representation:

hi = VLN O BERT(s,_1,Z,0;) (1)

The resulting h; provides a shared latent represen-
tation for the subsequent dual-head analysis.
Mask Head. The Mask Head estimates temporal
criticality by mapping the shared representation h,
through a feed-forward network (FFN) to yield a
binary criticality distribution:

Pit = Softmax(FFNpas (ht)) 2)

where P.j € R? denotes the probabilities of the
current step being critical or non-critical.

Action Head. To enable feature attribution, the
Action Head serves as a surrogate proxy that maps
h¢ to a probability distribution over next navigable
viewpoints:

Pyt = Softmax(FFN,e(ht)) 3)

where P, denotes the action probabilities over the
candidate navigable viewpoints.

4.2 Feature-level Interpretability

Our feature-level interpretation follows a two-stage
process: first approximating the target agent with
multiple gradient-accessible surrogates, then per-
forming ensemble attribution via Integrated Gradi-
ents (IG) (Sundararajan et al., 2017). Aggregating
explanations across surrogates ensures stable and
robust visual grounding, mitigating the behavioral
instability inherent in LLLM agents.

Surrogate Models. To approximate the target
agent’s policy, we construct an ensemble of K
differentiable surrogates. Each surrogate is a non-
LLM VLN model trained on a distinct trajectory
set, generated by executing the target agent mul-
tiple times. This multi-run data collection allows
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Figure 2: The overview of DEFT.

the ensemble to capture the target agent’s behav-
ioral variations. By diversifying the surrogates, we
simultaneously characterize the agent’s instability
and provide the multiple distinct proxies required
for robust ensemble attribution.

Training Surrogate Model. We train the shared
backbone together with the Action Head as a surro-
gate model using a hybrid IL and RL objective. At
each timestep ¢, given the state s; (comprising the
navigation instruction and the current observation),
the IL objective encourages the surrogate policy 7%
to imitate the target VLN agent 7:

Ly = —logpg(af | st) “4)

where af is the action taken by the VLN agent.

To mitigate the convergence difficulties and dis-
tribution shifts arising from the target agent’s inher-
ent behavioral instability, we further incorporate
pseudo-interactive supervision (Chen et al., 2022).
A heuristic demonstrator 7* selects corrective ac-
tions based on shortest-path guidance in the envi-
ronment graph, yielding an auxiliary loss:

T
Lor =) —logpp(ai |st) (5)

t=1

where af~ is the pseudo-interactive action.
Then we employ RL to provide trajectory-level

feedback via an A2C (Mnih et al., 2016) objective:
0
Lri = —Ailogpg(ai | st) (0)

where a?e is sampled from 70 Ay is the advantage
estimate. Since the navigation environment does
not provide a built-in reward function R, we adopt
the composite design from VLNOBERT (Hong
et al., 2021), comprising a progress reward, a path-
fidelity reward, and a negative stop reward. Specif-
ically, the path-fidelity term encourages the surro-
gate to mirror the target agent’s trajectory while
maintaining goal-oriented optimality. Detailed
analyses of each reward component are provided
in Appx. A.7.

Finally, the Action Head is trained by jointly
minimizing the combined loss:

L =Ly + Lpr+ Lro @)

This hybrid training enables the surrogate to closely
match the target agent’s local decisions while re-
maining a functional and robust navigator.

Ensemble Integrated Gradients. Given the
trained surrogate, we employ IG (Sundararajan
et al., 2017) to attribute the Action Head’s nav-
igation policy to individual input pixels at each
timestep ¢. For a specific observation O; and its
baseline Oj, the attribution along the i-th dimen-
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sion is formulated as:

IGi(O) = (Oix — Ojy)
/1 on? (O, + a(O; — 0)), 1) da ®)
a=0 aoiﬂf

where 77 denotes the surrogate policy, Z is the

navigation instruction, and 60( ) represents the
gradient with respect to the i- “th input dimension.
The baseline O] is typically chosen as an all-black
or all-white image with the same resolution as O;.
The interpolation coefficient a € [0, 1] smoothly
transitions from the baseline input (av = 0) to the
original observation (o = 1).

To improve robustness against surrogate vari-
ance, we adopt an ensemble-based IG (EIG) strat-
egy. Rather than relying on a single surrogate, we
compute IG explanations across an ensemble of K
surrogate models, {7%}/ and aggregate their
pixel-wise attribution maps IG*)(;) for a given
observation O;. A general weighted aggregation
can be expressed as:

EIG(O;) =

ZwkIG S.t. Z’wk—l
k=1

9
where wy, reflects the reliability of surrogate 7%
e.g., measured via action agreement or rollout sim-
ilarity with the target VLN agent. In practice, uni-
form weighting (i.e., averaging) is sufficiently ef-
fective and is adopted by default. This ensemble
mechanism reduces sensitivity to individual surro-
gate errors, yielding more stable and robust feature-
level explanations.

4.3 Timestep-Level Interpretability

To identify critical steps, DEFT operates alongside
the target VLN agent, observing the same environ-
ment state O; and instruction Z, and predicting the
likelihood that the current step is critical. To assess
the influence of a timestep, we mask the agent’s
action by sampling a random alternative from the
action space, yielding a counterfactual trajectory
whose drop in cumulative reward reflects the step’s
importance. By learning to associate mask-induced
reward degradation with specific timesteps, DEFT
effectively pinpoints decision points that strongly
determine navigation outcomes (Cheng et al., 2023;
Chen et al., 2025).

Problem Modeling. We formulate the above pro-
cess as a MDP, defined as G = (O, A™, P, R, 7).

The observation space O, state-transition dy-
namics P follow the same definitions as in the
original VLN environment. The reward func-
tion R adopts the composite reward design from
VLNOBERT (Hong et al., 2021). DEFT’s Mask
Head receives an observation from the environment
and outputs a masking action according to the pol-
icy 7 : 0 — @™, parameterized by . The mask-
ing action is selected from the binary action space
A™ = {0,1}, where a™ = 0 denotes no mask-
ing and @ = 1 denotes applying a mask. The
discount factor -y is used to weight future rewards.

According to the above formulation, the VLN
agent produces an action a° according to its fixed
policy 7, while DEFT trains the masking policy 7
to determine whether the action should be masked
at each step. The final action a executed in the
environment is given by:

o ifa™ =0
a:amEBaO:{a, I a ) (10)

RndAct, ifa™ =1.

where operator ¢ denotes a conditional selection:
the original action is retained when a™ = 0, and
replaced by a random alternative when o = 1.

The objective of DEFT’s Mask Head 7° is to
learn a masking policy that perturbs the VLN agent
while minimizing the difference in expected re-
wards (Chen et al., 2025):

obj(ﬂﬁ) = argn%n|J(7r) — J(Tfﬁ)’ (11)

where J(7) denotes the expected reward obtained
by the VLN agent under its fixed policy 7, and
J(n%) denotes the expected reward when the
agent’s actions are perturbed by DEFT’s masking
policy 7. To encourage exploration by masking
more target actions during training, we introduce a
sparse masking reward defined as r{"* = 3-a}"*. The
coefficient 5 is a hyperparameter controlling the
strength of this constraint. Combining this with the
original task reward r; (i.e., the composite reward
described above), The final expected discounted
reward is therefore given by:

St at [Z Ye\Tt + 7at

Training Mask Head. Since the surrogate (i.e., the
shared backbone together with the Action Head) is
trained, we freeze its backbone and optimize only
the Mask Head via RL. This strategy effectively

J(n7) = (12)
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reduces interaction overhead with LLM agent while
boosting overall performance (See Sec. 6.1).

To optimize the reward-difference objective in
Eq. 11, we adopt the PPO-style constrained opti-
mization method of StateMask (Cheng et al., 2023).
Let 7 denote the fixed VLN agent policy, and let
g denote the masked policy induced by the Mask
Head with parameters . The Mask Head is trained
to minimize the behavioral and reward deviation
caused by masking, formulated as:

max ,Cppo(ﬁ'@) — U/Ldist(ﬁ'%ﬂ-)
0 (13)
s.t. KL(7g,, || 79) <6

where Lppg is the standard PPO objective com-
puted on the masked policy, and L4 penalizes
deviations between the masked policy and the orig-
inal VLN agent. The KL constraint stabilizes opti-
mization by limiting the update magnitude of the
masked policy between iterations.

S Experiment Setup

5.1 Environment and Dataset

We evaluate DEFT on the Room-to-Room (R2R)
dataset (Anderson et al., 2018) hosted on the Mat-
terPort3D simulator. The simulator encompasses
90 diverse indoor environments modeled as undi-
rected connectivity graphs, where the agent per-
ceives egocentric RGB panoramas at each discrete
node (Fig. 4). The dataset contains approximately
22K instructions (avg. 29 words) split into Train
(14,025), Val Seen (1,020), Val Unseen (2,349), and
Test (4,173). In this work, we train our interpretabil-
ity modules using a randomly sampled 10% subset
of the Train split (See training convergence and
efficiency in Appx. A.5). For evaluation, following
NavGPT (Zhou et al., 2024b) and MapGPT (Chen
et al., 2024a), we test on the standard subset of
216 trajectories from Val Unseen split. A detailed
computational breakdown of DEFT’s training and
inference phases is provided in Appx. A.6.

5.2 Target Models

We validate DEFT on three agents covering distinct
modalities and training strategies:

(1) NavGPT (Zhou et al., 2024b) is a text-mediated
zero-shot agent driven by GPT-4. It utilizes visual
foundation models to translate observations into
text, performing navigation via explicit CoT rea-
soning without direct visual perception.

(2) MapGPT (Chen et al., 2024a) is a multimodal
agent based on GPT-4V. It processes visual inputs

directly and maintains a “linguistic topological
map” in its prompt. This mechanism acts as a
global memory to support adaptive global planning
and systematic exploration.

(3) NavGPT-2 (Zhou et al., 2024a) represents the
open-source, fine-tuned paradigm. Unlike prompt-
based methods, it employs visual instruction tuning
to align visual-language model latent representa-
tions with navigational contexts, balancing general
language skills with task-specific reasoning.

5.3 Baselines

We evaluate DEFT against state-of-the-art inter-
pretability methods. Under our black-box setting,
white-box baselines are applied to the gradient-
accessible surrogate models as proxies (Sec. 4.2).
Detailed descriptions are provided in Appx. A.2.

5.3.1 Timestep Criticality

(1) StateMask (SM) (Cheng et al., 2023), which
measures reward degradation via a masking policy.
(2) Value-Based (VB) (Huang et al., 2018), defin-
ing importance by the divergence of surrogate
action-values.

(3) Gradient-Based (GB) (Srinivas and Fleuret,
2021), using logit gradients of executed actions.

5.3.2 Feature Attribution

(1) IG (Sundararajan et al., 2017) and (2) Guided-
IG (Kapishnikov et al., 2021), using linear and
adaptive path integration respectively.

(3) SMDL (Chen et al., 2024b), formulated as sub-
modular subset selection for sparse attribution.

(4) HSIC (Novello et al., 2022), a statistical black-
box baseline that estimates non-linear feature de-
pendencies.

5.4 Evaluation Metrics

We assess DEFT on two levels, with detailed defi-
nitions and equations provided in Appx. A.3. All
results are averaged over three independent runs.

5.4.1 Timestep-Level Metrics

(1) Relative Reward Difference (RRD) (Yu et al.,
2023), which normalizes the reward degradation
caused by masking critical steps against random
perturbations.

(2) Fidelity (Guo et al., 2021), measuring the align-
ment between predicted importance and actual per-
formance impact, with a sequence penalty to dis-
courage redundant explanations.
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Table 1: Performance comparison of RRD and Fidelity
for timestep criticality across models and methods.

Model Metric SM VB GB DEFT
worr B8 55 o b 8
ot el 0 e S o
wora B0 3% 3% 4n

5.4.2 Feature-Level Metrics

In black-box settings, we evaluate feature attribu-
tion via Action Consistency (i.e., whether the agent
retains its original decision under perturbation):
(1) Insertion (Ins) and (2) Deletion (Del) assess
the average action consistency as pixels are progres-
sively added or removed based on their importance.
(3) pFidelity (1) quantifies the correlation be-
tween accumulated attribution scores and the
model’s behavioral deviation under random sub-
set perturbation.

5.4.3 Implementation Details

We implement DEFT using Python 3.10. For the
target LLM VLN agents and all baseline methods,
we adhere to their official implementations and
default hyperparameter configurations to ensure a
fair comparison. We specifically set the DEFT’s
ensemble size to K = 4 (See Appx. A.8 for its
impact). All experiments were conducted on a
server equipped with an Intel i7-10700 CPU, an
NVIDIA TITAN RTX GPU and 32GB RAM.

6 Results

6.1 Timestep-Level Fidelity Evaluation

We first evaluate the effectiveness of DEFT in iden-
tifying pivotal decision steps, with results summa-
rized in Table 1. Across all target agents, DEFT
consistently demonstrates superior performance
compared to both black-box and white-box base-
lines. Notably, baselines such as SM and GB fre-
quently yield negative Fidelity scores, indicating a
significant misalignment between their predicted
importance and the agent’s actual navigation im-
pact. In contrast, DEFT achieves positive and sub-
stantially higher Fidelity across all settings. This
confirms that our counterfactual masking mecha-
nism more accurately pinpoints steps that are truly
critical to navigation success by directly measuring
reward degradation under intervention. Regarding

the RRD metric, while the VB method achieves
a marginally higher score on NavGPT-2 (3.26 vs.
3.15), due to its direct reliance on the surrogate’s
critic network for value estimation. Nevertheless,
DEFT offers a superior overall diagnostic trade-off,
maintaining a highly competitive RRD while deliv-
ering higher Fidelity (0.77 vs. 0.66). Furthermore,
DEFT consistently outperforms SM, attributed to
our shared representation and two-stage optimiza-
tion strategy. Freezing the shared backbone allows
the Mask Head to exploit robust, task-aligned vi-
sual features from surrogate training to effectively
boost performance.

6.2 Feature-Level Fidelity Evaluation

We evaluate the quality of visual explanations gen-
erated by DEFT against standard white-box (e.g.,
IG, SMDL) and black-box (HSIC) baselines, with
results summarized in Table 2 (See Ins/Del ratio im-
pact in Appx. 7). DEFT consistently outperforms
these methods across metrics and agents, validating
the robustness of our ensemble-based strategy.
First, regarding faithfulness, DEFT achieves
higher ur scores than all baselines. Standard
gradient-based methods often yield negative values,
indicating misalignment due to agent instability,
while DEFT consistently maintains positive scores.
This confirms that our ensemble mechanism effec-
tively recovers visual evidence truly faithful to the
black-box agent. Second, DEFT demonstrates pre-
cise saliency localization. It achieves the highest
Ins scores across all three agents, indicating that
the highlighted pixels contribute most to agent con-
fidence. Similarly, for Del, DEFT remains highly
competitive, achieving the best scores on MapGPT
and tying for best on NavGPT-2 (0.75), further val-
idating its visual grounding precision. Third, com-
parison on the open-source NavGPT-2 reveals that
DEFT surpasses the statistical black-box baseline,
HSIC, in both Ins (0.78 vs. 0.74) and pup (1.27
vs. -5.50). Crucially, HSIC is computationally
prohibitive due to thousands of inference queries,
while DEFT achieves superior fidelity efficiently
via its gradient-accessible surrogates, offering a
practical solution for analyzing LLM VLN agents.

6.3 Qualitative Evaluation

Quantitative metrics alone cannot capture holistic
interpretability, where the strength of our unified
framework lies. For qualitative evaluation, we con-
duct a user study and a case analysis to demonstrate
the explanatory power of DEFT.
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Table 2: Comparison of feature attribution methods using Ins, Del (at 25% perturbation), and zx (x10~3). Due to
high computational overhead, HSIC is evaluated only on the open-source NavGPT-2. -’ denotes omitted entries.

Model Metric 1G Guided-1IG SMDL HSIC DEFT
Ins?t 0.74 0.71 0.69 - 0.75
NavGPT Del| 0.76 0.81 0.72 - 0.76
prt -101.45 -29.31 -10.29 - 12.52
Ins? 0.67 0.69 0.69 - 0.70
MapGPT Del| 0.72 0.73 0.75 - 0.69
prt 23.52 38.13 30.00 - 69.20
Ins?t 0.76 0.77 0.76 0.74 0.78
NavGPT-2 Del| 0.80 0.80 0.79 0.75 0.75
wrET -5.94 -7.64 0.40 -5.50 1.27
jointly modeling temporal and visual explanations,
6% DEFT avoids unaligned explanations and reduces
Q3 the cognitive load required to diagnose complex
25"/‘; » Q2 agent failures.
% 9 . ‘. . .
e Q1 To intuitively validate the effectiveness of DEFT,

78%
75% 6%

CHIEF VB +SMDL Neither

Figure 3: The user study results.

User Study. To validate the interpretability of
DEFT from a human perspective, we conducted
a user study with 20 participants. We benchmarked
DEFT against a strong composite baseline formed
by combining top-performing disjoint methods:
VB (for timesteps) and SMDL (for features). De-
tailed experimental protocols and participant demo-
graphics are provided in Appx. A.4.

Participants evaluated the explanations across
three dimensions: Q1 Intuitive Alignment, Q2 Rea-
soning Understanding, and Q3 Failure Diagnosis.
As shown in Fig. 3, DEFT consistently outperforms
the baseline: DEFT was favored in 78% of tri-
als for intuitive alignment and 75% for reasoning
understanding. For failure diagnosis, participants
were asked to identify the root causes of navigation
failures. Users equipped with DEFT successfully
pinpointed the exact error cause in 64% of cases,
more than doubling the success rate of the baseline
(30%). Results are statistically significant: DEFT
achieves 78% =+ 18% for intuitive alignment and
64% =+ 21% for failure diagnosis. Notably, even the
lower bounds exceed baseline performance (22%
and 30%, respectively). The advantage confirms by

we visualize a navigation episode in Fig. 5, and
analyze the resulting attention maps to illustrate
how DEFT aligns visual grounding with temporal
criticality. At routine steps (7' = 0, 2), DEFT re-
veals that the agent’s focus aligns perfectly with
instruction semantics, highlighting the geometry of
the “hallway” and the “railing” respectively. This
confirms that the agent effectively captures the se-
mantic correspondence between the textual instruc-
tion and the visual scene. The diagnostic power is
most evident at the critical decision point 7' = 4,
when the agent faces visual ambiguity with “plants”
appearing in multiple directions (one on the path,
one in a side room, as seen in the top-down view).
Here, DEFT elucidates the rationale behind the
agent’s correct decision: the generated saliency
map shows that the agent effectively ignored the
distractor plant, focusing exclusively on the correct
“plant” near the stairs. This qualitative visualiza-
tion confirms that DEFT accurately uncovers the
specific visual cues driving the agent’s successful
navigation at pivotal moments.

6.4 Surrogate Fidelity Evaluation

Given the inherent behavioral instability of LLM-
based agents, assessing surrogate fidelity is chal-
lenging. To address this, we propose a relative
fidelity evaluation protocol. First, we measure the
target agent’s self-consistency by averaging trajec-
tory similarities across K independent runs, estab-
lishing a relative baseline that reflects its intrinsic
variance. We then measure the surrogate-target con-
sistency by computing the average similarities be-
tween our K surrogate models and the target agent.
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Table 3: Surrogate Fidelity: Comparison on nDTW and
CLS metrics between target agents and our surrogate.

Model nDTW+ CLSt
NavGPT 0.60 0.60
DEFT 0.55 0.53
MapGPT 0.58 0.61
DEFT 0.61 0.60
NavGPT-2 0.99 0.99
DEFT 0.80 0.78

Trajectory similarity is quantified using nDTW and
CLS (Detailed in Appx. A.3).

As shown in Table 3, for high-variance
agents (NavGPT, MapGPT), our surrogate-target
alignment closely approaches the targets’ self-
consistency scores. Notably, DEFT even surpasses
the self-consistency baseline on MapGPT, sug-
gesting that the surrogate effectively captures the
agent’s central behavioral tendency. For the highly
stable NavGPT-2 (self-consistency ~ 0.99), while
a gap exists due to the difficulty of approximat-
ing a near-deterministic policy, DEFT maintains
a high absolute alignment score (0.80). These re-
sults show that the surrogates closely approximate
the black-box agents and learn robust represen-
tations, enabling 1G-based attribution to capture
stable, task-aligned reasoning patterns even under
divergent actions.

7 Conclusion

This paper presents DEFT, a unified dual-view
framework that demystifies black-box LLM VLN
agents by jointly analyzing temporal criticality and
feature salience. By integrating counterfactual
masking with an ensemble-based surrogate strategy,
DEFT successfully bridges the gap between when
decisions are pivotal and what evidence supports
them. Quantitative evaluations and user studies
demonstrate its superior performance in providing
faithful, human-aligned explanations, offering a ro-
bust diagnostic tool to facilitate the development of
more transparent and reliable navigation systems.

Limitations

Despite its effectiveness, DEFT has several limita-
tions that remain to be addressed in future work.

Surrogate Fidelity. Although DEFT uses an en-
semble of surrogate models to approximate black-
box LLMs, a surrogate is inherently an approxima-
tion. While our fidelity experiments and superior

performance demonstrate that these proxies cap-
ture the decision logic effectively, there may still
be a gap in representing highly non-linear reason-
ing in extreme corner cases. We provide additional
qualitative analyses of success and failure cases in
Appx. A.10.

Dependency on Reward Signals. The criticality
detection in the mask head relies on measuring
reward degradation. In scenarios with sparse or
poorly defined rewards, the precision of identifying
critical timesteps may be affected (See detailed
analyses of each reward component in Appx. A.7).
Future work could explore self-supervised signals
or goal-reaching metrics to reduce this threat.
Environment Scope. While this study focuses
on the discrete MatterPort3D, we emphasize that
DEFT is designed as a modular framework with in-
terchangeable backbones, offering strong potential
for generalization to continuous-control and other
embodied tasks. In continuous VLN settings where
actions are defined by orientation and displacement,
the surrogate model only needs to be replaced with
a continuous-controller backbone, such as ETP-
Nav (An et al., 2025). Our proposed Ensemble-
based Integrated Gradients method remains fully
compatible, as it only requires gradient accessibil-
ity, a property shared by mainstream architectures
including CNNs, RNNs, and Transformers. For
tasks like robotic manipulation or exploration, the
Mask Head’s counterfactual analysis can still work
based on task-specific reward degradation, which
can be well-defined by successful grasp or incre-
mental map coverage. Fundamentally, as long as
a differentiable surrogate can be optimized to ap-
proximate the target agent’s policy, DEFT can work
regardless of the underlying environment settings.
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A Appendix
A.1 Background

A.1.1 Vision-and-Language Navigation

In the Vision-and-Language Navigation (VLN)
task, an agent is required to interact with the envi-
ronment and navigate to a target location follow-
ing a given natural language instruction. This task
can naturally be formulated as a Markov Decision
Process (MDP), which is defined by a five-tuple
(S, A, P,r,~), representing the state space, action
space, state transition function, and reward func-
tion, respectively.

In the context of navigation tasks, S denotes the
set of all RGB images within the environment as
well as the associated navigation instructions. A
represents the actions available to the navigation
agent, which may involve selecting a navigation
waypoint in discrete environments or determining
both the direction and distance in continuous envi-
ronments. The transition function P governs how
the agent moves to a new state based on the cur-
rent position and selected action, while also receiv-
ing a new environmental observation. The reward

Figure 4: The undirected graph representation in the
MatterPort3D simulator.

function (s, a) provides immediate feedback for
taking action a in state s, typically defined based
on changes in distance to the target location or task
completion status. This MDP process repeats until
the agent successfully completes the task, fails, or
reaches a predefined maximum number of steps.

VLN tasks can be categorized into discrete and
continuous environments based on how the envi-
ronment is represented. In discrete environments,
the space is modeled as an undirected graph G =
(V, E), where V represents navigable waypoints
and E denotes the connections between them. At
each timestep ¢, the agent receives an instruction
I and an RGB panoramic observation O, infers
the next action ay, and selects from the navigable
waypoints within its action space A;. The agent
continues to execute a sequence of actions until
reaching the target location or exceeding the step
limit.

In contrast, continuous navigation environments
remove the graph structure, allowing the agent to
move freely within the space. The agent receives an
instruction / and panoramic RGB images Oy, with
an action space A; = (0, d), where 0 indicates the
angle between the current heading and the target
direction, and d represents the distance to move
in that direction. The agent continuously selects
actions from this continuous space until the goal is
reached or the step limit is exceeded.

This work focuses primarily on the interpretabil-
ity of LLM-based VLN agents in discrete environ-
ments.

A.1.2 Interpretability of Black-Box
Navigation Agents

Under the black-box assumption, researchers do
not have access to the internal structures, parame-
ters, or gradient information of the navigation agent.
Instead, only the instruction I, observation Oy, and
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Instruction: "Walk into the hallway and turn left. Walk to the left of the
railing and across the hall past the plant. Stop to the left of the stairs."”
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Figure 5: An example explanation of DEFT.

the predicted action a; at each timestep are ob-
servable. The interpretability analysis of naviga-
tion models is conducted from two complementary
perspectives: time-step level interpretability and
feature-level interpretability.

Time-Step Level Interpretability. This aspect
aims to identify the top-K critical timesteps along
the navigation trajectory. These key decision points
are those at which failure to make a correct decision
would highly likely prevent the agent from success-
fully completing the navigation task according to
the instruction.

Feature-Level Interpretability. This component
seeks to understand which elements of the input
information most influence the agent’s decision-
making process. Specifically, in the VLN task,
given a navigation instruction /, it is possible to an-
alyze, at the feature level, how much attention the
agent allocates to different parts of the observation
Oy. In particular, this work aims to identify, at each
timestep ¢, either the most influential set of pixels
P, C{1,...,H}x{1,..., W} within the observa-
tion that most significantly affect the agent’s action
decision. Here, H and W represent the height and
width of the input image, respectively, and N de-
notes the total number of segmented objects in the
scene.

A.2 Baseline Models

To validate the effectiveness of DEFT, we compare
it against state-of-the-art interpretability methods,
ranging from white- to black-box baselines. Note
that, given the black-box setting of our study, the
white-box baselines described below are applied

to the gradient-accessible surrogate models (de-
scribed in Sec. 4) acting as proxies.

A.2.1 Timestep Criticality Baselines

StateMask (SM) (Cheng et al., 2023) employs a
masking policy to measure importance via reward
degradation in general RL. It provides the theoret-
ical basis for our mask head but is evaluated here
in its standard form, notably lacking the specific
pre-training mechanism.

Value-Based (VB) (Huang et al., 2018) is a white-
box metric that defines criticality based on action-
value divergence. We explicitly utilize the trained
surrogate’s critic network to output the action val-
ues. A step is deemed critical if the value of the
optimal action significantly exceeds the average
value of all possible actions.

Gradient-Based (GB) (Srinivas and Fleuret, 2021)
is a white-box approach applied to the surrogate
model. It utilizes the gradients of the output logits,
i.e., the log probability log p(a;) of the executed
action, to explain the importance of each step.

A.2.2 Feature Attribution Baselines

We compare our approach against a diverse set of
attribution methods, ranging from white- to black-
box baselines.

Integrated Gradients (IG) (Sundararajan et al.,
2017) is an axiomatic white-box method applied to
surrogate models to mitigate gradient saturation. It
integrates gradients along a linear path, satisfying
sensitivity and implementation invariance. We em-
ploy this standard IG as the base estimator within
our ensemble framework.

Guided-IG (Kapishnikov et al., 2021) enhances
1G by introducing an adaptive path strategy. Unlike
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the fixed linear integration, it greedily mitigates
noise by avoiding high-gradient artifacts, yielding
cleaner attribution maps that focus on semantically
relevant features.

SMDL (Chen et al., 2024b) formulates interpreta-
tion as a combinatorial optimization problem via
submodular subset selection. It identifies sparse,
robust image regions by maximizing a unified ob-
jective of model confidence, semantic effective-
ness, and consistency, effectively filtering out dense
noise.

HSIC (Novello et al., 2022) is a statistical black-
box method leveraging the Hilbert-Schmidt Inde-
pendence Criterion. It estimates feature importance
by measuring non-linear dependencies between in-
puts and outputs in Reproducing Kernel Hilbert
Spaces, eliminating the need for gradient access.

A.3 Evaluation Metrics

We employ comprehensive metrics to assess inter-
pretability at both timestep and feature levels. All
results represent the average of three independent
runs to mitigate randomness. Moreover, we also in-
clude the trajectory similarity metrics here, which
used in surrogate fidelity evaluation.

A.3.1 Timestep-Level Metrics

We adopt Relative Reward Difference (RRD) (Yu
et al., 2023) and Fidelity (Guo et al., 2021) to vali-
date the criticality of identified steps.

RRD normalizes the reward degradation caused by
masking critical steps against random perturbations.
For N episodes:

N

ZE: 7nask

rand

— R

RRD = %
]%org

(14)

where Rorg, Rpask, and R,q,q denote the cumu-
lative rewards of the original episode, the episode
with critical steps masked, and the episode with
random steps masked, respectively. An RRD > 1
indicates that the identified steps are more critical
than random ones.

Fidelity measures the alignment between predicted
importance and actual impact, incorporating a se-
quence penalty:

N
- 1 (i) (i)
Fidelity = N Z;(logpdz - logpzl ) (15)
1=
Here, pgli) is the normalized reward drop. pl(i) =

l;/L; acts as a penalty, where L; is the original

trajectory length, and [; is the length of the longest
continuous sub-sequence within the top-K critical
steps. High fidelity implies accurate identification
of critical steps.

A.3.2 Feature-Level Metrics

Since LLMs do not expose output logits, we strictly
evaluate Action Consistency, i.e., whether the agent
retains its original decision under perturbation.
Insertion (Ins) & Deletion (Del). We report the Av-
erage Action Consistency across varying pixel per-
turbation ratios (25%, 50%, 75%, see ratio impact
in Appx. A.9). (1) Ins measures the agent’s ability
to recover the original action as pixels are added
to a blank canvas based on importance. Higher Ins
indicates better feature prioritization. (2) Del mea-
sures the decline in action consistency as important
pixels are removed (blurred). Lower Del indicates
accurate identification of vital features.

pFidelity (1) assesses the correlation between
accumulated attribution scores and the model’s be-
havioral deviation under perturbation:

= Corr
SCX,|S|=k

> 9(0);, AF(0), £(On))
jes

(16)
where X is the total input pixels, S is a random
subset of size k, and g(O); denotes the impor-
tance score of pixel j. The term A(-) quantifies
the agent’s output divergence induced by masking
subset S. Higher correlation implies superior faith-
fulness.

A.3.3 Trajectory Similarity Metrics

We use normalized Dynamic Time Warping
(nDTW) (Ilharco et al., 2019) and Coverage
weighted by Length Score (CLS) (Jain et al., 2019)
to quantify the trajectory similarity in surrogate
fidelity evaluation (See Sec. 6.4 for details).
nDTW is a metric that evaluates the fidelity of the
agent’s trajectory by measuring the similarity be-
tween the predicted path P and the reference path
R, while strictly respecting the temporal order of
the nodes. It first calculates the DTW cost, which
finds the optimal alignment (warping) W that mini-
mizes the cumulative distance between the ordered
nodes of P and R:
Z 5 p 1k r]k

(zk».jk)ew

DTW(P,R) = mm 17)

where p; and r; are nodes in the predicted and
reference paths, respectively, and 0(+) denotes the
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distance metric (e.g., Euclidean distance). To make
the metric comparable across different path lengths,
nDTW normalizes the cost by the length of the
reference path | R| and a success threshold constant
dth:

nDTW(P, R) = exp <DTW(P’R)) (18)

|R| - dyp,

This formulation yields a score in the range [0, 1],
where a higher score indicates that the agent fol-
lowed the instructions and the reference path more
closely.
CLS assesses fidelity by combining how well the
agent covered the reference path with how effi-
ciently it did so. It is defined as the product of Path
Coverage (PC) and Length Score (LS):
CLS(P,R) =PC(P,R) -LS(P,R) 19)
Path Coverage measures the extent to which the
nodes in the reference path R are visited by the
agent’s path P. Unlike nDTW, it is order-invariant
for the coverage calculation:

1 ming,cp d(r, p
Pe(P ) = 1y e (-0 )
reR

(20)
Length Score penalizes the agent if the length of the
predicted path, PL(P), deviates from the expected
optimal length, EPL(P, R) = PC(P, R) - PL(R).
This ensures the agent is not rewarded for wander-
ing:

- EPL(P, R)
LS(P,R) = EPL(P, R) + [EPL(P, R) — PL(P)|
(21)

A.4 User Study

To rigorously evaluate the interpretability of DEFT
from a human perspective, we conducted a user
study to benchmark it against existing baselines.
This study aims to verify whether our dual-view
explanations align with human cognition and effec-
tively assist users in understanding agent behaviors.

A.4.1 Participants and Setup

To mitigate bias, we recruited 20 participants with
diverse backgrounds in embodied Al and inter-
pretable machine learning: 25% domain experts,
50% students/practitioners with some familiarity,
and 25% laypersons with no prior exposure to the
field. This composition ensures both expert rel-
evance and general intuitiveness. The evaluated

episodes cover diverse failure modes (e.g., visual
grounding errors, directional misinterpretations,
and instruction skipping) across varied scene types,
including stairs, hallways, and rooms. Prior to
the study, we provided a brief tutorial explaining
the VLN task—where an agent navigates based
on natural language instructions—and how to in-
terpret the visual comparison interfaces (i.e., crit-
icality scores for timesteps and saliency maps for
visual features). All participants confirmed their
understanding of the task before proceeding. Given
the high cognitive demands of VLN interpretation,
which requires detailed visual and instruction-level
reasoning, we prioritized response quality over
large-scale but noisy crowd-sourcing. Accordingly,
each participant was assigned 8 episodes. We de-
signed the survey to evaluate the explanation ap-
proaches from three distinct perspectives:

¢ Intuitive Alignment: Which explanation aligns
more closely with human intuition regarding nav-
igation decisions?

* Reasoning Understanding: Which explanation
best aids in understanding why the agent made
specific decisions to accomplish the instruction?

* Failure Diagnosis: Which explanation is most
helpful in identifying the root cause of a naviga-
tion failure?

A.4.2 Evaluation on Intuition and
Understanding

For the first two perspectives, we presented partici-
pants with four distinct navigation episodes from
the R2R validation set. Since DEFT provides a
dual-view explanation, for a fair comparison, we
constructed a composite baseline by combining the
top-performing disjoint methods identified in our
experiments: Value-Based + SMDL. Specifically,
this baseline uses Value-Based to identify critical
steps and then applies SMDL to generate visual
heatmaps for steps. For each episode, participants
reviewed the navigation instruction and trajectory,
accompanied by explanations from both DEFT and
the composite baseline. They were asked to select
the approach that better aligned with their intuition
(Q1) and better clarified the agent’s reasoning (Q?2).

The results, averaged across the four episodes,
are illustrated in Fig. 3. For intuitive alignment,
DEFT was favored in 78% of the trials. Partic-
ipants cited that DEFT’s visual explanations ap-
peared more coherent and focused compared to the
baseline, where the feature attribution (SMDL) of-
ten highlighted irrelevant regions even when the
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Figure 6: Training convergence and efficiency.

timestep (Value-Based) was correct—a symptom
of the alignment gap discussed in Sec. 1. Similarly,
for reasoning understanding, DEFT was chosen in
75% of the cases. Participants reported that the
unified view effectively let the navigation logic
transparent and easier to follow.

A.4.3 Evaluation on Failure Diagnosis

To address the third perspective, we designed a “de-
bugging” task involving four distinct failure cases
(e.g., the staircase failure). We provided partici-
pants with replay videos where the agent deviated
from the correct path. For each case, participants
analyzed explanations from DEFT and the com-
posite baseline to identify the specific cause of the
error (e.g., “misinterpreted the staircase direction”
s. “ignored the instruction”).

As shown in Fig. 3, DEFT demonstrated superior
utility in diagnostics. Averaged across the failure
cases, participants successfully pinpointed the ex-
act cause of error in 64% of trials using DEFT.
In contrast, when relying on the disjoint method
(Value-Based + SMDL), the success rate dropped
to 30%. Participants noted that while the baseline
often flagged the correct step, the accompanying vi-
sual heatmap was frequently noisy or contradictory
due to the agent’s instability, making it difficult
to correlate the timing of the error with specific
visual evidence. These results confirm that DEFT’s
unified framework significantly lowers the cogni-
tive load for humans when diagnosing complex
long-horizon failures compared to simple combi-
nations of existing methods. Finally, 6% of trials
were deemed unhelpful for both methods. Post-hoc
analysis reveals that these cases mainly arise from
surrogate limitations in ambiguous scenarios: (1)

diffuse saliency (~4%) in repetitive environments
(e.g., a long corridor with identical doors), leading
to diffuse heatmaps; (2) mask head misses (~2%)
under subtle instruction dependencies (e.g., “stop
after the second door™).

A.5 Training Convergence and Efficiency

In DEFT, the surrogate (Action Head) and Mask

Head are trained in a two-stage, sequential manner.

» Stage 1 (Feature-level interpretability). We train
the surrogate to approximate the target policy,
optimizing the shared backbone and Action Head
to capture high-fidelity visual-linguistic repre-
sentations and action decisions.

» Stage 2 (Timestep-level interpretability). We
freeze the backbone and optimize only the Mask
Head by minimizing reward degradation under
counterfactual perturbations, enabling identifica-
tion of temporally critical steps.

This design has two advantages: (1) Freezing the
backbone allows the Mask Head to rely on task-
relevant latent features learned in Stage 1 rather
than raw inputs. (2) Decoupled training reduces
trainable parameters in Stage 2, simplifying opti-
mization and improving convergence stability.

To validate the optimization stability and compu-
tational efficiency of DEFT, we visualize the train-
ing dynamics of both the surrogate models (Action
Head) and the temporal critic (Mask Head). Fig. 6
presents the loss and reward curves across three
target agents: NavGPT, MapGPT, and NavGPT-2.

A.5.1 Surrogate Convergence

Fig. 6a illustrates the training loss of the surrogate
models over 1,000 epochs. Both the IL loss (solid
lines) and RL loss (dashed lines) exhibit a sharp
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Table 4: Computational cost of the training and infer-
ence phases for MapGPT.

Table 5: Performance comparison for MapGPT under
different reward settings.

Phase Component Mem. Time Reward RRD?T Fidelity?
Training Ensemble Surrogates  5.18GB 2.4hx4 Tstop 1.03 -0.74
Mask H 1.20GB 1.14h
ask Head 06 Tstop + Tprog 1.22 0.08
Ensemble IG 4.86GB  101.93s
Inference  nr.sk Head 0.70GB  3.03s Pstop + Tid 115 -0.08
Tstop + Tprog + Tfid 1.28 0.15

decline in the initial phase and achieve asymptotic
stability at approximately 600 epochs. Notably,
despite the inherent behavioral differences among
the three target agents, the training curves for all
surrogates show consistent convergence patterns
with low variance (indicated by the narrow shaded
regions). This confirms that our surrogates can effi-
ciently approximate diverse black-box behaviors.

A.5.2 Mask Head Optimization

Fig. 6b depicts the reward evolution of the Mask
Head over 3,000 epochs. The reward steadily in-
creases, reflecting the model’s improving ability
to balance masking sparsity with reward preserva-
tion. We observe that the training stabilizes around
1,500 epochs for all agents. Interestingly, NavGPT-
2 achieves a significantly higher converged reward
(= 0.8) compared to NavGPT and MapGPT (=
0.4). This discrepancy likely stems from NavGPT-
2’s higher stability (as noted in Sec. 6.4), which
makes its critical steps easier to identify. Overall,
these results demonstrate that DEFT can be trained
efficiently with stable convergence, making it a
practical solution for interpreting LLM-based VLN
agents.

A.6 Computational Cost

Although DEFT incurs additional training cost for
the surrogate and Mask Head, it provides substan-
tial efficiency gains at inference compared to black-
box perturbation-based methods, which require re-
peated re-querying of the target LLM.

Table 4 reports a detailed computational break-
down, using MapGPT as the target agent with
K = 4 surrogates (as in our main experiments).
Training cost is measured by peak GPU memory
and total runtime (1,000 iterations for the surrogate
and 3,000 for the Mask Head), while inference cost
is reported per sample, including one feature-level
heatmap and a full trajectory for timestep-level in-
terpretation.

Under the same setup (MapGPT as the target),
each HSIC perturbation takes ~10s since it requires

re-querying the (multimodal) LLM rather than a
learnable target. With the default setting of over
750 perturbations per attribution map, generating a
single heatmap takes ~125 minutes, significantly
slower than our EIG method (101.93s). HSIC also
consumes 1,229,250 tokens and costs $3.73 per
heatmap, whereas DEFT introduces no additional
inference overhead. Even accounting for training,
DEFT becomes more efficient after interpreting
5 samples. Since training is a one-time offline
cost, transparent to end users, the method remains
efficient in practice while delivering higher-fidelity
explanations.

A.7 Impact of Reward Design

Our reward formulation is grounded in the funda-

mental objectives of the VLN task, ensuring align-

ment with both agent performance and human intu-
ition. Specifically, our composite reward consists
of three complementary components:

* Progress Reward: It measures the reduction in
geodesic distance to the target, reflecting the
most basic goal of navigation, whick is getting
closer to the goal.

 Path-fidelity Reward: By utilizing the nDTW
metric between the agent’s trajectory and the
ground-truth path, it encourages the agent to fol-
low the linguistically prescribed route, aligning
the explanation with the instruction-following
nature of the task.

* Negative Stop Reward: A sparse reward that pe-
nalizes failure and rewards correct termination,
providing a global signal for task completion.
The synergy of these components ensures that

the criticality identified by the Mask Head corre-

sponds to steps that are essential for approaching
the goal, following instructions, and successful
termination—all of which are core to human judg-
ment of a pivotal decision.

To assess robustness under different reward set-
tings, we conduct an ablation using MapGPT as
the target agent, comparing the proposed dense re-
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Table 6: The impact of ensemble size K on Ins/Del
metrics (at 25% perturbation).

Model Metric K=1 K=2 K=3 =4 K=5
Nwap it 0T 0 0 0% om
MapGPT 18T 05T 0% 05 0de 0o
NavcPr2 8T 090 0T 0T 0T o

ward with a strictly sparse variant, e.g., 7stp Only,
which reflects only the final success or failure. Re-
sults in Table 5 show that DEFT remains functional
under sparse rewards, but its ability to capture fine-
grained temporal criticality degrades, approaching
gradient-based baselines. In contrast, incorporating
Tprog and 74 provides dense, task-aligned supervi-
sion, leading to more accurate and interpretable
critical step identification.

Under sparse rewards, performance can be fur-
ther improved by introducing auxiliary evaluators
(e.g., path-ranking models) as pseudo-reward sig-
nals or by distilling criticality from state-aware
teacher policies, reducing reliance on manual re-
ward design.

A.8 Impact of Ensemble Size

We investigate the influence of the ensemble size
(K) on attribution quality across three models. Ta-
ble 6 summarizes the Insertion and Deletion per-
formance at the strictest 25% perturbation ratio as
K increases from 1 to 5.

A.8.1 Insertion Analysis

Increasing the ensemble size K generally yields
a clear performance gain in the Insertion metric.
For instance, NavGPT-2 improves from 0.76 with
a single surrogate () = 1) to a stable peak of
0.78 at K > 3, while MapGPT rises from 0.67 to
0.70 (K = 4). This trend confirms that aggregat-
ing gradients from multiple surrogates effectively
mitigates the bias of individual proxies, recovering
more robust and information-dense visual features.
However, performance tends to saturate or slightly
fluctuate beyond K = 4 (e.g., MapGPT drops to
0.68 at K = 5). This suggests that a moderate
ensemble size (e.g., K = 3 or 4) achieves the op-
timal trade-off between interpretation fidelity and
computational cost, as the marginal information
gain diminishes with further expansion.

A.8.2 Deletion Analysis

For the Deletion metric (lower is better), the ensem-
ble strategy proves particularly effective for agents
with higher behavioral variance. Taking MapGPT
as an example, the score improves notably from
0.72 (K = 1) t0 0.69 (K = 4), demonstrating that
leveraging consensus from diverse surrogates helps
refine attribution and remove critical pixels more
precisely. In contrast, for the highly deterministic
NavGPT-2, the single surrogate (K = 1) yields
a marginally better score (0.74) compared to the
ensemble average (= 0.76). This discrepancy in-
dicates that our method offers the most substantial
improvements for unstable agents. For highly accu-
rate and stable agents like NavGPT-2, the diversity
among surrogates is naturally lower, limiting the
additional benefits of ensemble aggregation.

Based on the overall stability and performance
saturation observed across metrics, we empirically
set the default ensemble size to ' = 4. This choice
strikes an optimal balance between attribution fi-
delity and computational efficiency.

A.9 Impact of Insertion/Deletion Ratios

To assess the robustness of our visual explanations,
we analyze the effect of varying pixel perturba-
tion ratios (25%, 50%, and 75%) for both Insertion
and Deletion metrics. Fig. 7 illustrates the Action
Consistency with the original decision across three
agents (NavGPT, MapGPT, NavGPT-2).

A.9.1 Insertion Analysis

As shown in Fig. 7a-7c, a faithful attribution
method is expected to yield increasing action con-
sistency as more pixels are inserted. This trend is
clearly observed for MapGPT. In contrast, NavGPT
exhibits irregular fluctuations, which we attribute
to its inherent behavioral instability. As discussed
in Sec. 6.4, NavGPT fails to maintain high self-
consistency (~0.6) even with full visual input,
making its responses to partial observations highly
stochastic. For NavGPT-2, the absence of a rising
trend suggests susceptibility to visual distraction.
While initial salient pixels suffice for reasoning,
inserting subsequent non-salient regions introduces
noise that interferes with judgment, leading to de-
cision inconsistency.

Notably, DEFT achieves the strongest perfor-
mance at the most stringent 25% insertion ratio,
indicating that it successfully identifies the most
information-dense pixels that suffice to recover the
agent’s decision. As the insertion ratio increases
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Insertion of NavGPT2
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Figure 7: Ratio impact for Insertion/Deletion across models.

Trajectory

in Top-down View | 3
. Salient Regions

Instruction: "Turn around until you're facing the middle of three arches with a table surrounded by six chairs behind you. Walk
through the middle arch until you see a long table with eight chairs on each side and a fireplace further down in the next room to
your right. There will be a door leading to the outside on your left. Turn ninety degrees to the right and walk towards the fireplace
with the long table towards your lefi, stopping just before reaching the carpet in front of the fireplace.”

T=0 T=1 T=2 T=3

T=4 T=5 T=6 T=7

Figure 8: ID: 2539_0 (well-explained, NavGPT). nDTW = 0.19, CLS = 0.26; Ins = 0.801, Del = 0.204.

to 75%, performance differences across methods
naturally diminish, since most visual information
is restored and pixel prioritization becomes less
critical.

A.9.2 Deletion Analysis

For the Deletion metric (Fig. 7d— 7f), lower con-
sistency indicates stronger attribution quality, as
removing the identified pixels should significantly
disrupt the agent’s decision. Our method exhibit
a clear downward trend as the deletion ratio in-
creases from 25% to 75% for all the target models,
whereas other methods suffer from varying degrees
of fluctuation.

Importantly, DEFT attains competitive or lower
consistency at the 25% deletion ratio compared to
baselines. This sharp performance drop after re-
moving only a small fraction of pixels confirms
that DEFT precisely localizes decision-critical vi-

sual evidence. As the deletion ratio approaches
75%, distinctions among methods become less pro-
nounced, since removing most of the image in-
evitably degrades performance for all approaches.

A.10 Additional Qualitative Analysis of
Success and Failure Cases

The approximation gap between surrogate mod-
els and the target agent is inevitable due to differ-
ences in architecture, scale, and pre-training, es-
pecially under non-linear reasoning in LLM-based
policies. DEFT mitigates this issue through its
ensemble-surrogate design, which aggregates mul-
tiple surrogates to reduce individual bias and im-
prove robustness. As shown in our experiments,
this strategy achieves consistently higher fidelity
than single-surrogate baselines, indicating a closer
approximation of the target agent’s decision be-
havior. In challenging cases, the ensemble further
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Trajectory
in Top-down View

Salient Regions

room with the door leading outside.”

Instruction: "Stand so the hallway with the stairs is behind you and walk down the
walkway between the two rows of columns. Walk straight until you enter another
passageway on the opposite side of the large open room. Stop just before entering the last

T=0 T=1 T=2

T=3

Figure 9: ID: 6565_2 (poorly-explained, NavGPT). nDTW = 0.06, CLS = 0.46; Ins = 0.291, Del = 0.71J..

Instruction: "Go to the bottom of the stairs and
turn left. Walk along the orange wall, past the stone
statue, and go through the doorway. Turn left and
stop at the top of the steps leading down.”

T=0 T=1

Trajectory

in Top-down View . .
Salient Regions

T=3 T=4

Figure 10: ID: 7238_0 (well-explained, NavGPT-2). nDTW = 0.24, CLS = 0.20; Ins = 0.81, Del = 0.2].

stabilizes attribution, allowing DEFT to localize
key landmarks even when actions slightly devi-
ate. Moreover, the surrogates learn robust internal
representations during training, enabling IG-based
attribution to trace gradients through a stable latent
space and uncover task-aligned reasoning patterns
beyond surface-level action matching.

To further analyze corner cases, we provide addi-
tional qualitative examples showing that behavioral
imitation and attribution consistency are partially
decoupled. Specifically, we present four cases from
both NavGPT and NavGPT-2 where surrogate tra-
jectories deviate from the target agent, yet the re-
sulting attribution maps vary in quality.

Case 1. On NavGPT, as shown in Fig. 8, DEFT can
produce robust explanations despite low trajectory
similarity. The heatmaps consistently highlight
key landmarks, e.g., “middle arch” in early steps
and the “long table” and “fireplace” in later steps.
While individual surrogates may generate noisy at-
tributions due to imperfect trajectory alignment, the
ensemble mechanism reinforces consensus regions
and suppresses outliers. This collaborative effect
yields a more stable and faithful attribution map,
showing that the surrogates capture the LLM’s per-

ception of key landmarks even without perfectly
replicating its path.

Case 2. In contrast, a failure case with particularly
poor surrogate imitation is illustrated in Fig. 9. This
example yields Ins = 0.29 and Del = 0.71, where
the low Insertion and high Deletion scores indicate
weak causal faithfulness and mislocalized evidence.
Although the instruction requires walking along a
“walkway”, the heatmap incorrectly emphasizes
irrelevant objects such as “vases”, “wall decora-
tions”, and “stairs” in Steps 1-4. This suggests that
when surrogate alignment substantially degrades,
the attribution may reflect surrogate-specific biases

rather than the LLM’s true reasoning process.

Case 3. A similar pattern is observed across other
targets (e.g., NavGPT-2). As shown in Fig. 10, the
surrogate’s trajectory poorly matched NavGPT-2
(nDTW = 0.24, CLS = 0.20), reflecting a signifi-
cant path imitation failure. Despite this, DEFT’s
heatmaps show robust visual grounding, with Ins =
0.8 and Del = 0.2, indicating faithful capture of the
LLM’s internal logic. Step 1 highlights the “stairs”
from the first sub-instruction; Steps 2-3 empha-
size the “stone statue” landmark for the “past the
stone statue” instruction; and the final step focuses
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Trajectory
in Top-down View

Salient Regions

Instruction: "Turn left and exit out the door. Walk all the way across
the room to the other side. When you reach the windows on the other
side, turn left and stop right before you reach the door to exit."”

T=0

T=4 T=5

Figure 11: ID: 5166_1 (well-explained, NavGPT-2). nDTW = 0.36, CLS = 0.74; Ins = 0.671, Del = 0.33J.

on the “steps leading down”, the explicit stopping
condition.

Case 4. A similar trend is observed in Fig. 11,
where the trajectory exhibits a movement mismatch
(nDTW = 0.36). Despite this, it achieves high Ins
and low Del scores (0.67 and 0.33), reflecting faith-
ful capture of the LLM’s reasoning. DEFT accu-
rately tracks the reasoning chain: Step 0 highlights
the “door” for the “exit out the door” instruction;
Steps 1-3 focus on the “windows”, which serve
as the pivot for the “turn left” maneuver; and Step
5 peaks at the “exit door”, marking the stopping
point.

Using NavGPT and NavGPT-2 as the targets, we
observe that in well-explained cases, DEFT accu-
rately localizes the agent’s perceptual focus despite
low trajectory fidelity, with insertion and deletion
metrics confirming the causal relevance of high-
lighted regions. In contrast, failure cases reveal
misleading attributions, highlighting the limitations
of the approach. Overall, these examples demon-
strate that attribution maps can remain spatially
consistent under moderate divergence, while also
exposing scenarios where surrogate approximation
errors degrade explanation quality.
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