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Abstract

The widespread adoption of proprietary Large
Language Models (LLMs) accessed through
closed APIs has created a critical challenge for
responsible deployment: a fundamental lack of
interpretability. To address this, we propose a
model-agnostic, post-hoc attribution interpreter
operating at the sentence level. Our approach
trains an Energy-Based Model (EBM) as a sur-
rogate to capture the LLM’s internal conceptual
relationships between prompts and responses.
This energy landscape guides the training of a
lightweight interpreter network. Uniquely, our
interpreter operates as a standalone tool; once
trained, it quantifies the influence of prompt
sentences on a user-specified target from the
output without requiring further API queries
to the LLM. By globally training a local inter-
preter across diverse inputs, our framework cap-
tures broader generation patterns. Experiments
demonstrate that our EBM accurately simulates
the target LLM, allowing the interpreter to ef-
fectively identify the prompt sentences most
influential in generating specific target outputs.

1 Introduction

Large Language Models (LLMs) have demon-
strated extraordinary performance across complex
tasks. Consequently, researchers and developers
are rapidly adopting them for diverse applications.
However, the critical challenge facing this adoption
is a fundamental lack of interpretability. Most pow-
erful LLMs are proprietary and accessed strictly
through closed-access APIs. Even when architec-
tures and pre-training datasets are available, their
complexity obscures exactly how outputs are gener-
ated. In high-stakes domains like medicine and law,
this opacity is unacceptable. This prevents meeting
the application-grounded standards for responsible
deployment (Doshi-Velez and Kim, 2017).

Post-hoc attribution is a primary approach to
addressing this opacity. These methods explain

model behavior by performing instance-wise fea-
ture selection—an interpretability paradigm for
identifying an importance vector that measures how
much each specific input feature influences the pre-
diction for a given instance (Chen et al., 2018).
However, standard attribution techniques, includ-
ing white-box and model-agnostic methods, strug-
gle in the context of LLMs. White-box methods,
which rely on gradients or activations, are incom-
patible with closed APIs. Furthermore, the faithful-
ness of popular proxies like attention weights has
been challenged (Jain and Wallace, 2019). Model-
agnostic methods exist (Ribeiro et al., 2016; Lund-
berg and Lee, 2017; Seyyedsalehi et al., 2024), but
typically target discriminative models with well-
defined outputs. Interpreting generative models is
significantly harder as the problem is fundamen-
tally ill-posed. These models utilize complex rep-
resentations to produce high-dimensional outputs
like text. Therefore, effective explanation is hin-
dered by the output’s interactivity and sheer vol-
ume (Schneider, 2024).

Alternatives like prompt-based self-explanation
(Wei et al., 2022) are similarly problematic; they
rely on the same process we seek to verify, leading
to circular logic and motivated reasoning. Conse-
quently, models often produce plausible-sounding
yet unfaithful confabulations (Turpin et al., 2023).
While automated prompt engineering can steer
model behavior to mitigate biases, it is unsuitable
for interpretation. These methods optimize instruc-
tions for pre-defined targets (Zhou et al., 2023;
Clemmer et al., 2024), rendering them unusable for
ambiguous interpretation tasks.

To address these limitations, we propose a
model-agnostic, post-hoc attribution interpreter.
We diverge from standard approaches by shifting
the resolution from noisy tokens to coherent sen-
tences, which we define as “concepts,” with the
goal of relating elements of the output directly to
the user prompt at this concept level. While re-
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Of course, I can help you plan a 
rejuvenating trip! It sounds like 
you need a quiet escape with 
plenty of sun. How about a 
beach destination? The sea can 
be quite calming. You can also 
find secluded spots away from 
the crowds. Would you like a list 
of resorts?

Prompt

Lorem ipsum Lorem ipsum 
Lorem ipsum Lorem ipsum 
Lorem ipsum Lorem ipsum 
Lorem ipsum Lorem ipsum 
Lorem ipsum Lorem ipsum 
Lorem ipsum Lorem ipsum 
Lorem ipsum Lorem ipsum

I need help planning a vacation. 
Lately, I've been feeling very 
tired from work. I want a place 
to relax. Somewhere with warm 
weather is preferable. No busy 
cities, though. In terms of cost, 
my budget is quite flexible.

Figure 1: Overview of the Proposed Framework. The prompt and response of a black-box LLM are split into
sentences and embedded via a pre-trained model. An encoding module maps these embeddings to a concept space
where proximity reflects relevance. Subsequently, an interaction module evaluates the consistency between input
and output concepts to identify the most influential prompt sentences. These modules are trained using signals from
an energy network that simulates the generation process of the target LLM.

cent mechanistic work defines concepts as latent
activation vectors (Gao et al., 2025) or distinct ar-
chitectural bottlenecks (Sun et al., 2025), we adopt
a propositional definition suitable for black-box
analysis. Following the Context Principle (Frege,
1991), individual tokens remain semantically am-
biguous without a propositional structure; a sen-
tence, representing a complete thought (Kintsch,
1998), serves as a robust operational concept that
captures the causal interactions necessary for gen-
eration. Formally, given a prompt x and an LLM
response y, we target a specific subset of the output
yT ⊂ y. We then produce an importance vector
to identify the subset of prompt sentences xS ⊂ x
that were most influential in generating yT .

We employ a unique paradigm to globally train
a local interpreter. Unlike local interpreters (e.g.
LIME (Ribeiro et al., 2016)) which observe only
immediate neighborhoods—often causing inter-
pretability illusions (Friedman et al., 2024)—we
train across a wider distribution. This enables our
model to capture global generation patterns.

Figure 1 outlines our approach. We first train
a transformer-based Energy-Based Model (EBM)
as a surrogate for the black-box LLM. This EBM
maps sentences to a latent “concept space,” which
simulates the concept-level relationships embed-
ded in the target LLM, and learns a scalar energy
function to measure prompt-response compatibility.
We chose an EBM because interpretation requires
evaluating global consistency—which avoids the
intractable normalization of probabilities over all
possible outputs—unlike the local generation of
standard autoregressive models. This energy land-
scape then guides the training of an interpreter net-
work. Given a prompt and a target subset of the out-

put, the interpreter produces an importance vector
that isolates the prompt sentences most influential
in generating the given subset.

In summary, our framework makes three core
contributions: (1) shifting the unit of analysis
from noisy tokens to sentences to enable human-
intelligible, concept-level attribution; (2) introduc-
ing a transformer-based EBM with novel sampling
methods capable of learning a surrogate random
field over prompts and responses, with the aim of
robustly modeling authentic input-output dynam-
ics; and (3) proposing a post-hoc, model-agnostic
framework for interpreting black-box LLMs that
finds the specific prompt sentences responsible for
triggering a target subset of the LLM’s output.

2 Related Work

2.1 Post-hoc Interpretation Methods

Without access to internal circuits for mechanistic
interpretability, post-hoc attribution remains the
primary tool for explaining black-box behavior
by scoring input feature importance for a specific
model output. White-box approaches to attribu-
tion utilize gradients (Sundararajan et al., 2017;
Shrikumar et al., 2017; Chefer et al., 2021) or atten-
tion weights (Li et al., 2017; Xie et al., 2017; Hao
et al., 2021) to map output signals back to input
tokens. However, both are inaccessible via propri-
etary APIs, and attention is frequently unfaithful to
the generation process (Jain and Wallace, 2019).

Perturbation-based methods (Ribeiro et al., 2016;
Lundberg and Lee, 2017; Yin and Neubig, 2022)
provide a model-agnostic alternative by measuring
sensitivity to input alterations, a strategy Hack-
mann et al. (2024) apply to identify influential
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words in prompts. Chen et al. (2018) frames this
as instance-wise feature selection by learning an
explainer network to maximize mutual information.
However, these methods incur prohibitive compu-
tational costs for generative tasks (Enouen et al.,
2024; Zhao and Shan, 2024). Consequently, recent
work explores training language models to produce
answer decompositions as intermediate steps for
attribution (Balasubramanian et al., 2025), or pro-
poses surrogate frameworks to simulate LLM think-
ing (Chen et al., 2026). Unlike these approaches,
which necessitate model fine-tuning or internal ac-
cess, our method adopts simulation and decompo-
sition within black-box constraints.

Finally, prompt-based self-explanation (Wei
et al., 2022) prompts the LLM to generate ratio-
nales. This diverges from attribution, as it justifies
outputs rather than isolating influential inputs. Fur-
thermore, these rationales lack faithfulness guaran-
tees, often serving as plausible post-hoc confabula-
tions (Turpin et al., 2023).

2.2 Energy-Based Models in NLP
Energy-Based Models (EBMs) efficiently model
high-dimensional structured outputs like text with-
out requiring a normalized probability distribu-
tion (LeCun et al., 2006). While standard proba-
bilistic models must intractably sum to one over all
possible outputs, EBMs circumvent this by learn-
ing a scalar compatibility score where low energy
indicates high data density.

In Natural Language Processing (NLP), EBMs
directly refine generation. Residual EBMs add
a corrective energy term to autoregressive log-
probabilities to capture high-level coherence (Deng
et al., 2020; Bakhtin et al., 2021), while other ap-
proaches use EBMs to define target landscapes for
student network knowledge distillation (Tu et al.,
2020). Recently, Xu et al. (2025) extended these
principles to diffusion models, validating that en-
ergy landscapes effectively capture the complex
distributions of modern text generation.

Beyond generation, EBMs serve as holistic eval-
uators and post-hoc rankers. Transformer-based
discriminators can act as EBMs to distinguish
human from machine text by scoring global se-
quence structure (Bakhtin et al., 2019). This evalu-
ative capacity naturally extends to post-hoc refine-
ment, where EBMs are utilized to rerank candi-
date outputs and improve generation quality (Bhat-
tacharyya et al., 2021). Most recently, EBMs have
enabled robust language model alignment by ex-

plicitly modeling reward distributions—instead of
standard scalar points—to capture the uncertainty
in human preferences (Lochab and Zhang, 2025).

2.3 Concept-Based Explanations

Interpretability increasingly relies on concept-
based explanations to map decisions to human-
intelligible ideas (Kim et al., 2018). While mech-
anistic methods dominate white-box settings via
Sparse Autoencoders (Gao et al., 2025) or Concept
Bottleneck layers (Sun et al., 2025), they require in-
ternal access. We address the black-box regime by
mapping decisions to propositions rather than latent
features. This aligns with rationale evaluation stan-
dards, which demand propositional evidence over
isolated tokens to ensure faithfulness (DeYoung
et al., 2020). We operationalize this by defining
the “sentence” as our conceptual unit, relying on
its ability as a robust thought for interpretation.

Treating sentences as semantic objects has histor-
ical precedence. BERT utilized Next Sentence Pre-
diction to learn logical relationships (Devlin et al.,
2019), while Sentence-BERT confirmed that fine-
tuned representations map sentences with similar
meanings to proximate points in a semantic space
(Reimers and Gurevych, 2019). By leveraging sen-
tences as concepts, our approach parallels recent ar-
chitectural innovations like Large Concept Models,
which shift from tokens directly to sentence-level
representations (Barrault et al., 2024).

3 Methodology

We propose a post-hoc, model-agnostic interpreter
for black-box LLMs that identifies the input sen-
tences driving part of a response. Departing from
standard token-level attribution, we establish the
sentence as our fundamental analytical unit. Rep-
resenting the smallest complete proposition, sen-
tences serve as “concepts,” framing generation as
an interplay of coherent ideas rather than ambigu-
ous tokens. Formally, let x be the prompt and y
be the LLM response. We target a subset of output
sentences, yT ⊆ y, and quantify the influence of
each concept in x on the generation of yT .

We propose a two-stage framework to achieve
this. First, we pre-train an Energy-Based Model
(EBM), ELM(x,y; θ), to serve as a differentiable
surrogate for the black-box LLM. As a function of
θ, this model assigns scalar values representing the
consistency of a prompt-response pair (x,y) with
the target LLM’s generation patterns. Second, we
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Figure 2: Architectural Overview. Schematics for (a) the energy function ELM and (b) the interpreter network IN .

leverage this energy landscape to guide the training
of a lightweight interpreter, IN (x,yT ;α), param-
eterized by α. Taking the prompt, response, and a
user-specified target output yT as inputs, the inter-
preter generates a sparse, binary vector matching
the number of prompt sentences. In this vector,
values of 1 identify the subset of prompt sentences
xS ⊆ x strictly necessary for generating the target.

3.1 Sentence Extraction and Embedding
The pipeline begins by transforming the input text
x and output text y into sequences of sentences.
We first perform sentence segmentation using
the spaCy library (Honnibal and Montani, 2017).
Subsequently, we employ a frozen, pre-trained
Sentence-BERT module (Reimers and Gurevych,
2019) to map each sentence to a fixed-dimensional
vector. This yields embedding sequences Sin and
Sout, which function analogously to token embed-
dings within our architecture. For further pre-
processing and implementation details, including
padding strategies, visit Appendix A.

3.2 The Energy-Based Surrogate Model
To approximate the black-box LLM’s behavior, we
design a globally-aware EBM. Unlike the target
LLM, which predicts the next token P (wt|w<t),
an EBM acts as a non-normalized compatibility
function that evaluates an entire sequence holisti-
cally (LeCun et al., 2006). In our approach, the
EBM assigns a scalar score to the joint configu-
ration of a prompt and response, constructing an
energy landscape over the input and output sen-

tences to learn the shape of the LLM’s generation
manifold. Specifically, the model learns to distin-
guish variations of authentic prompt-response pairs
from corrupted ones; the lower the assigned energy,
the more likely the pair is consistent with concept
interactions within the LLM.

As shown in Figure 2a, the architecture pro-
cesses sentence embeddings in three stages:

Concept Space Projection. Static embeddings
(Sin, Sout) capture meaning in isolation, but lack
the context of the prompt and response. To rem-
edy this, we pass these embeddings through sep-
arate, trainable self-attention modules (PE

in,PE
out)

to project them into a dynamic concept space
(C in, Cout). Here, spatial proximity between vec-
tors reflects the LLM’s internal causal dependen-
cies rather than semantic similarity. This target-
specific geometry is shaped entirely by the LLM’s
underlying architecture and training dynamics.

Input-Output Interaction. A cross-attention
block allows input concepts C in to attend to output
concepts Cout, weighing the causal influence of the
prompt on the response.

Energy Calculation. The interacting represen-
tations are aggregated via attention pooling and
passed through a Multi-Layer Perceptron (MLP) to
output a scalar energy ELM(x,y; θ).

The EBM is trained in two phases. First, it is
pre-trained using a custom contrastive sampling
strategy. Then, it is fine-tuned alongside the inter-
preter.

4



For pre-training, we generate a dataset of prompt-
output pairs (x,y) from the target black-box LLM.
To constrain the EBM to the target LLM’s input-
output dynamics, we employ two complementary
contrastive objectives to balance our model’s focus.

We define the fidelity objective (Lfidelity) as an
InfoNCE loss to capture the global generation sig-
nature. By treating responses from humans or other
LMs as negative samples, we force the EBM to dis-
tinguish the target’s authentic style.

Conversely, we define the local dependency ob-
jective (Ldep) to target local conceptual links and
causal interactions. We use two specific batch-
wise samplers to achieve this. The first sampler,
(xpart, y

′
part), targets response dependency for the

InfoNCE loss Lresp-dep. It pairs a partially masked
prompt xpart with its true partially masked response
ypart. Keeping this partial prompt fixed, it then con-
trasts the true partial response against off-topic, par-
tially masked responses y′part from the same batch.
This forces the model to verify that the output logi-
cally follows that specific input. The second sam-
pler, (x′part, ypart), mirrors this for prompt depen-
dency in the InfoNCE loss Lpmt-dep. It pairs a par-
tial response ypart with its true partial prompt xpart.
It then contrasts this against mismatched partial
prompts x′part. This ensures the model traces the
output back to its causal antecedent.

The piece-by-piece evaluation of input-output
dependencies in these samplers provides a critical
advantage—it prevents the model from overfitting
to surface heuristics, such as global topic matching
or conversational fillers and dataset artifacts. By
isolating partial sequences, the surrogate is forced
to learn the actual sentence-level causal antecedents
driving the target LLM’s autoregressive generation.

Thus, we minimize the combined adaptive loss:

Ltotal = (1− λ)Lfidelity + λLdep (1)

where λ is a configurable weight and Ldep is
the sum of the two sampler losses, Lresp-dep and
Lpmt-dep. We define the energy scoring term as
h(u,v) = exp(−ELM(u,v; θ)/τ). Accordingly,
the individual InfoNCE losses are formulated as:

L = − log

(
h(xi,yi)

h(xi,yi)+
∑

(x′,y′)∈Ni
h(x′,y′)

)
(2)

Here, Ni constitutes the set of negative samples.
Because the quality of the energy landscape hinges
on these contrasts, we detail the specific sampling
protocols and the full training hyperparameters in

Appendix B. This pre-training phase (Fig. 4) yields
a globally-aware energy function, which models
how the target LLM maps dependencies between
input and output sentences, and provides the super-
vision signal required to train the interpreter.

3.3 The Interpreter Model
Given prompt x, response y, and target yT ⊆ y,
the interpreter identifies prompt sentences influ-
ential on yT . It outputs a binary vector where 1
indicates a necessary precursor sentence.

Figure 2b illustrates the architecture, which mir-
rors the EBM’s three stages with targeted modifi-
cations. As before, embeddings Sin and Sout are
projected into the concept space via self-attention.
In the interaction phase, however, we retain only
the target concepts Cout

T and mask the remainder of
the output. The input concepts C in then attend to
these targets via cross-attention. Finally, an MLP
and Gumbel-Softmax unit (Jang et al., 2017) (see
App. C) process the results to yield a binary impor-
tance vector for the input sentences.

Let x̃ = x⊙ IN (x;yT , α) be the selected sub-
set, where ⊙ denotes element-wise multiplication
that applies the binary mask directly to the input
sentences. A successful selection isolates the exact
causal antecedents of the target. Therefore, the in-
terpreter must minimize the energy of the selected
pair (x̃,yT ) to ensure the subset contains compati-
ble information. Simultaneously, it must maximize
the energy of the unselected remainder (x− x̃,yT )
to guarantee that no causally relevant information
is left behind in the discarded text.

Using the pre-trained EBM as a critic, the inter-
preter optimization is thus:

α̂ = argmax
α

E(x,y)

[
ELM(x− x̃,yT ; θ)

− ELM(x̃,yT ; θ)
] (3)

However, masking inputs inherently causes dis-
tribution shifts (Hsia et al., 2024). To prevent this,
we fine-tune the EBM alongside the interpreter via
a periodic alternating optimization strategy, sum-
marized in Algorithm 1 (further details in App. D.1
and Fig. 5). By intermittently querying the target
LLM with dynamically masked prompts to gen-
erate fresh responses at fixed epoch intervals, we
realign the EBM to the interpreter’s evolving distri-
bution. While this joint training incurs API costs,
our experiments suggest it is optional for standard
benchmarks yet highly beneficial for robust, large-
scale deployments.
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Algorithm 1 Interpreter Alternating Optimization
Require: Prompt x, Target Output yT , Initialized Interpreter
INα, Pre-trained EBM Eθ , Grounding Interval Nground

1: for each training step k do
2: // Step 1: Interpreter Update
3: Generate mask: M ← IN (x;yT , α

(k−1))

4: Update α(k) via gradient descent on Eq. 3 to maximize
energy gap using frozen Eθ(k−1)

5: // Step 2: Periodic EBM Fine-Tuning
6: if k (mod Nground) == 0 then
7: Apply hard mask: x̃← x⊙ I(M > 0.5)
8: Query target LLM: ỹ← LLM(x̃)

9: Update θ(k) to minimize Eq. 1 for new pair (x̃, ỹ)
10: else
11: Keep EBM frozen: θ(k) ← θ(k−1)

12: end if
13: end for

This training process distills the EBM’s learned
knowledge into the interpreter, thus enabling stan-
dalone inference with no reliance on the EBM or
need for further LLM API calls.

4 Experiments

Our empirical validation is performed in two stages.
First, we conduct an ablation study on the EBM’s
objective to justify why our tailored contrastive
landscape best captures the target LLM’s causal de-
pendencies, rather than overfitting to surface heuris-
tics. Second, we train and evaluate the interpreter
across two critical axes: attribution plausibility and
causal faithfulness. This ensures that the interpreter
is capable of causally valid instance-wise feature
selection. Crucially, our framework yields task-
specific interpreters, where each surrogate is opti-
mized for a targeted domain (e.g., general Q&A).
This focused scope allows for effective training
even with limited data.

4.1 Ablation Study: Dual-Objective EBM

We base our transformer EBM architecture on the
ablations of Bakhtin et al. (2019). However, we in-
troduce critical modifications to the embedding and
the objective. The purpose of our concept space
projector for embeddings is clear: it contextualizes
individual sentence embeddings within the broader
text. The objective function (Eq. 1), however, is
more complex. We posit that a faithful surrogate
must balance two competing requirements: fidelity,
to capture the target LLM’s global distribution, and
local dependency, to isolate specific sentence-level
causal antecedents of the output. While we tested
numerous negative samplers and loss formulations

to validate this dual objective, we present three rep-
resentative configurations here: MFidelity (λ = 0,
mimicking standard likelihood), MDep (λ = 1,
isolating semantic links without overfitting to arti-
facts), and our proposedMHybrid (λ = 0.9, a dual
objective with the optimally observed balance).

Experimental Setup. To construct our corpus,
we sampled prompts from the HC3 multi-domain
Q&A dataset (Guo et al., 2023) to query our tar-
get LLM, GPT-4o-Mini (OpenAI et al., 2024), for
interpretation. Original HC3 human answers and
GPT-2-Medium (Radford et al., 2019) generations
served as contrastive baselines in the fidelity objec-
tive. For efficiency, we trained compact 181M-
parameter EBMs (∼71M trainable) on 20, 000
pairs; preliminary tests indicate framework scal-
ability, with larger models yielding wider energy
gaps and faster convergence, which correlated with
higher accuracy in distinguishing authentic pairs.
Full configurations are detailed in Appendix B.

Evaluation Framework. To quantify sentence
importance across these tests, we employ an
ablation-based methodology (Li et al., 2017). For
a given prompt and response pair, we establish
a baseline energy Ebase. We ablate each sen-
tence si to compute its Relative Energy Impact:
∆Ei = Eablated − Ebase. A higher ∆Ei implies the
sentence was necessary for low-energy alignment.

Using this metric, we derived four testing di-
mensions by analyzing the failure modes observed
across various configurations and aligning each
with established challenges. We ground the first
two in human intuition to test whether the EBM
notices input signals essential for the LLM’s gener-
ation while ignoring output artifacts: (1) Input Di-
rective Dependency evaluates the isolation of the
main query from background noise, and (2) Out-
put Semantic Robustness verifies ambivalence to-
wards semantic fillers. Evaluating the substance of
the output, however, is more difficult. Because full
generations are too complex for manual heuristics,
we use foundation models for (3) Output Infor-
mation Ranking to scalably assess the semantic
hierarchy of the response. Finally, we test the ex-
act bidirectional mechanics required by our down-
stream interpreter through (4) Causal Disentan-
glement, ensuring the EBM separates true causal
antecedents from topically related distractors.

Table 1 summarizes the results across these four
dimensions, which are further analyzed below and
detailed in Appendix E.
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Table 1: EBM Ablation Study Results. We evaluate the models across four proposed dimensions.MFidelity suffers
from reliance on artifacts. MDep achieves high margins but creates an abstract latent space that hinders downstream
interpretation.MHybrid balances robustness with causal precision. Metrics: IR@1: Interrogative Recall@1; SNR:
Signal-to-Noise Ratio; Art. ∆E: Artifact Energy Impact; R1E: Rank-1 Error; nDCG@3: Normalized Discounted
Cumulative Gain; S-Prec@1: Soft Precision@1; Acc: Counterfactual Accuracy; ESM: Energy Separation Margin.

I. Directive Dep. II. Semantic Robust. III. Information Rank. IV. Causal Disentanglement
Model IR@1 ↑ SNR ↑ Art. ∆E ↓ R1E ↓ nDCG@3 ↑ S-Prec@1 ↑ Acc ↑ ESM ↑

MFidelity 67.62% 1.45 +0.446 85.1% 0.553 26.0% 62.18% 0.145
MDep 80.21% 6.89 -0.014 6.9% 0.699 52.0% 84.16% 0.499
MHybrid 84.77% 7.15 +0.104 15.17% 0.796 81.0% 92.40% 0.382

Dimension I: Input Directive Dependency. In
the ERASER benchmark (DeYoung et al., 2020),
rationale extraction evaluates whether a model’s
selected evidence matches human logic. Adapting
this framework to a black-box Q&A, we assess
the model’s ability to isolate the core directive (the
question, SQ) from the remaining non-interrogative
context (SR) as the main causal antecedent of the
full model response. We define SQ strictly as sen-
tences containing explicit interrogative structures,
such as ending in a question mark or starting with
standard interrogative pronouns.

To quantify this, we first define Interrogative
Recall@1 (IR@1). Functioning as Top-1 Re-
call (Manning et al., 2008), it measures the fre-
quency with which an interrogative sentence pro-
duces the maximum energy impact: IR@1 =
1
N

∑N
j=1 I[argmaxi(∆Ej,i) ∈ SQ,j ]. We note that

perfect recall is not expected, as human prompts
frequently rely on ambiguous directives. Addition-
ally, we compute the Signal-to-Noise Ratio (SNR)
as the average energy impact of directives divided
by the average impact of context sentences.

As shown in Table 1,MFidelity exhibits diffuse at-
tention sensitive to background noise. Conversely,
MHybrid achieves a 5× SNR improvement, con-
firming that our local dependency objective com-
pels the surrogate to prioritize directives.

Dimension II: Output Semantic Robustness. A
prevalent pathology in neural models is reliance
on spurious “annotation artifacts” (Gururangan
et al., 2018). Drawing from input reduction proto-
cols (Feng et al., 2018)—where models maintain
high confidence on meaningless text—we measure
susceptibility to fillers. To this end, we filtered
the dataset for responses containing isolated fillers
(e.g., “Okay!”, defined as set SArt ).

To evaluate this, we define Artifact Energy
Impact (Art. ∆E) as the average energy drop

when these artifacts are removed: Art. ∆E =
1

|SArt |
∑

i∈SArt
∆Ei. Furthermore, we define Rank-

1 Error (R1E) as the False Discovery Rate (Man-
ning et al., 2008) at cutoff k = 1 (FDR@1) to mea-
sure the proportion of samples where an artifact
erroneously receives the highest importance score:
R1E = 1

N

∑N
j=1 I[argmaxi(∆Ej,i) ∈ SArt ,j ].

Results show that MFidelity suffers from this
pathology, minimizing energy by over-prioritizing
fillers. Conversely,MDep successfully ignores arti-
facts, yet its abstract latent space led to downstream
interpreter collapse in our tests.MHybrid balances
this trade-off, retaining the latent space regulariza-
tion necessary for training while resisting spurious
correlations.

Dimension III: Output Information Ranking.
To evaluate the EBM’s grasp of the informational
hierarchy in long generations, we test its ability
to rank response sentences by their importance
to the overall answer. Specifically, given a full
prompt, we sorted its response sentences by their
∆Ei in descending order to form the EBM’s pre-
dicted ranking. For ground truth, we prompted
a powerful yet cost-effective foundation model,
Gemini-2.5-Flash (Comanici et al., 2025), to as-
sign a relevance score rel ∈ {0, . . . , 5} to each sen-
tence based on its informational density—ranging
from 0 (conversational fluff) to 5 (critical thesis
statements).

Evaluation of ranking quality is done through the
Normalized Discounted Cumulative Gain at cutoff
k = 3 (nDCG@3) (Järvelin and Kekäläinen, 2002).
Let π(i) be the index of the sentence ranked i-th
by the EBM. The discounted gain is calculated as:

DCG@k =
k∑

i=1

2relπ(i) − 1

log2(i+ 1)
(4)

This value is then normalized by the ideal DCG
(IDCG), which is derived from a perfect sorting of
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the oracle’s scores. This metric heavily penalizes
the model if it fails to place high-value sentences
in the top ranks. Additionally, we report Soft Pre-
cision@1 (S-Prec@1). Functioning as a form of
Top-1 Precision (Manning et al., 2008), it measures
the proportion of samples where the EBM’s highest-
ranked sentence is genuinely important (rel ≥ 4).

As we see,MHybrid achieves the highest align-
ment, indicating that the hybrid objective produces
sentence rankings most consistent with the genera-
tion patterns of state-of-the-art foundation models.

Dimension IV: Causal Disentanglement. This
test evaluates the model’s ability to identify spe-
cific causal links between input and output con-
cepts, rather than relying on mere topical associa-
tion. This aligns with the counterfactual evaluation
principles of Kaushik et al. (2020), who established
that robust models must learn “the difference that
makes a difference” by distinguishing true causal
antecedents from topically related context. To eval-
uate this disentanglement, we require an oracle to
identify sentence relevance for our test.

Because isolating causal antecedents from mere
topical overlap is linguistically sensitive, we
prompted a state-of-the-art, high-capacity founda-
tion model, Gemini-3-Pro (Comanici et al., 2025),
to generate counterfactual triplets from the valida-
tion data. Each triplet consists of a target response
sentence (ytarget), its main causal antecedent among
prompt sentences (xcause), and a topically related
but causally irrelevant distractor sentence from the
same prompt (xdistractor). For a successful disentan-
glement, the surrogate must assign strictly lower
energy to the true causal pair.

We quantify this using two metrics. First, Coun-

terfactual Accuracy (Acc) measures the percent-
age of triplets where the EBM correctly identi-
fies the true cause. Second, we define the Energy
Separation Margin (ESM) to capture the model’s
confidence in its distinction of the pairs, calcu-
lated as the average magnitude of their energy dif-
ference: ESM = 1

N

∑N
j=1(E(xdistractor, ytarget) −

E(xcause, ytarget)).

Results show that whileMDep achieves the high-
est ESM—meaning a highly discriminative, sharp
energy landscape—this hyper-discrimination re-
duces its overall accuracy. Meanwhile, MHybrid
achieves the highest accuracy, successfully balanc-
ing discriminative margin confidence with the ro-
bustness required to filter spurious correlations.

4.2 Interpreter Attribution Plausibility

Evaluating explanations for black-box models is
fundamentally challenging as no dataset captures
the target LLM’s internal computation. We must
therefore first assess attribution plausibility. Exist-
ing attribution datasets are too simplistic to apply
to open-ended generation tasks, and human anno-
tation itself reflects human cognitive priors rather
than actual model mechanics. In contrast, high-
capacity LLMs share the target model’s underlying
inductive biases (e.g. an autoregressive architec-
ture), allowing them to approximate its internal
mechanisms better than human annotators.

We thus assess semantic plausibility quantita-
tively against LLM “oracles” and qualitatively via
human analysis of the results. While lacking abso-
lute ground truth, high alignment with these proxies
indicates sensible surrogate attributions.

(a) Scenario A: All Targets (Soft Top-1 Accuracy)

Interpreter Ours Gemini GPT-4o 4o-Mini GPT-J GPT-2

ESCI (Ours) 1.00 0.75 0.75 0.64 0.79 0.70
Gemini-2.5-Flash 0.67 1.00 0.87 0.75 0.64 0.58
GPT-4o 0.70 0.91 1.00 0.77 0.70 0.68
GPT-4o-Mini 0.60 0.85 0.81 1.00 0.66 0.59
GPT-J-6B 0.75 0.69 0.63 0.47 1.00 0.82
GPT-2-XL 0.67 0.71 0.67 0.51 0.87 1.00

(b) Scenario A: All Targets (nDCG Score)

Interpreter Ours Gemini GPT-4o 4o-Mini GPT-J GPT-2

ESCI (Ours) 1.00 0.83 0.82 0.79 0.83 0.81
Gemini-2.5-Flash 0.85 1.00 0.89 0.88 0.79 0.75
GPT-4o 0.81 0.91 1.00 0.90 0.84 0.79
GPT-4o-Mini 0.77 0.89 0.88 1.00 0.80 0.75
GPT-J-6B 0.85 0.76 0.75 0.74 1.00 0.85
GPT-2-XL 0.81 0.78 0.80 0.77 0.90 1.00

(c) Scenario B: Last Target (Soft Top-1 Accuracy)

Interpreter Ours Gemini GPT-4o 4o-Mini GPT-J GPT-2

ESCI (Ours) 1.00 0.83 0.82 0.71 0.97 0.92
Gemini-2.5-Flash 0.77 1.00 0.87 0.75 0.64 0.58
GPT-4o 0.78 0.91 1.00 0.82 0.71 0.59
GPT-4o-Mini 0.66 0.85 0.83 1.00 0.68 0.56
GPT-J-6B 0.98 0.69 0.70 0.49 1.00 0.79
GPT-2-XL 0.96 0.71 0.71 0.50 0.85 1.00

(d) Scenario B: Last Target (nDCG Score)

Interpreter Ours Gemini GPT-4o 4o-Mini GPT-J GPT-2

ESCI (Ours) 1.00 0.86 0.85 0.82 0.94 0.96
Gemini-2.5-Flash 0.83 1.00 0.93 0.92 0.82 0.78
GPT-4o 0.82 0.95 1.00 0.95 0.86 0.82
GPT-4o-Mini 0.81 0.93 0.93 1.00 0.80 0.75
GPT-J-6B 0.92 0.79 0.78 0.77 1.00 0.84
GPT-2-XL 0.90 0.81 0.79 0.77 0.88 1.00

Table 2: Confusion Matrices Evaluating Interpretation Plausibility. Each cell (i, j) represents how well the
Interpreter in row i matches the scores of the Oracle in column j for interpreting our one target LLM. Soft Top-1
(left) measures if the Interpreter’s top-1 appears in the Oracle’s top-2. nDCG (right) measures ranking correlation.
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ID Prompt Sentences ESCI GPT-4o Gemini Response Context & Target Sentence

6

[0] Why do people say “half a dozen” instead of “six”?
[1] It seems like such a common occurrence.
[2] Why take the time and effort to say the extra . . .
[3] Explain like I’m five.

0.00
0.00
0.00
1.00

0.70
0.20
0.10
0.00

0.80
0.00
0.00
0.20

Okay! Imagine you have a box of cookies. If you have six
cookies, you can just say “six.” But if you say “half a dozen,”
it’s like saying “half of a bigger group” of cookies. People
like to use “half a dozen” because it sounds a little fancier. . .

21 [0] RGB lines when you take a picture of your monitor . . .
[1] Please explain like I’m five.

0.98
0.02

0.80
0.20

1.00
0.00

. . . the camera gets a little mixed up and shows the colors in
a funny way. That’s why you see those RGB lines! . . .

33
[0] fuel octane.
[1] What happens if I feed my Nissan Versa . . .
[3] Please explain like I’m five.

1.00
0.00
0.00

0.00
0.70
0.30

0.00
0.70
0.30

. . . not work anymore! So, it’s best to stick with the regular
gas (87 octane) that your car is designed to use. That way, it
will run smoothly and be happy!

48
[0] What those black lines on the road are.
[1] EDIT: Sorry about the confusion, I meant . . .
[3] Explain like I’m five.

0.00
0.99
0.01

0.40
0.10
0.50

0.55
0.00
0.45

. . . lines show where the lanes are, while others can tell you
if you can park or if you need to stop. They are like guides
that help everyone follow the rules of the road!

94
[0] What’s the point of finding planets light years . . .
[2] Why can’t we spend money on improving . . .
[3] Please explain like I’m five.

1.00
0.00
0.00

0.00
0.70
0.30

0.30
0.30
0.40

. . . while also exploring space, because both are important
for our future. It’s like making sure your toys are clean and
also dreaming about getting new ones!

142 [0] The most prominent members of the current . . .
[1] Explain like I’m five.

1.00
0.00

0.80
0.20

0.90
0.10

. . . their own thing and keep the country safe. People are
talking a lot about these ideas as they get ready to vote! . . .

Table 3: Qualitative Comparison of Attribution Scores. Left: Prompt snippets. Middle: Attribution scores from
ESCI and oracles. Right: Target sentence from the LLM response.

Experimental Setup. We utilize our best EBM
configuration to train an interpreter for the tar-
get LLM, GPT-4o-Mini (see App. D for archi-
tecture). We then use this model to interpret
a subset of 200 prompt-response pairs from our
HC3-derived dataset (introduced in Sec. 4.1).
This yields ∼2,000 distinct attribution tasks,
where each task analyzes the causal influence
of all sentences within a prompt on a single
target response sentence. Following our ratio-
nale for proxy annotators, we selected five di-
verse LLMs (Table 4). GPT-2-XL (Radford et al.,
2019) and GPT-J-6B (Wang and Komatsuzaki,
2021) serve as standard, open-weights causal lan-
guage models of varying scales. Conversely,
GPT-4o, GPT-4o-Mini (OpenAI et al., 2024), and
Gemini-2.5-Flash (Comanici et al., 2025) rep-
resent state-of-the-art, heavily instruction-tuned
proprietary models. Taking each distinct task, we
prompted these oracles with an instruction to assign
a normalized importance score (0.0 to 1.0) to every
prompt sentence to quantify its causal contribution
to the target response sentence. We then compare
our Energy-Based Concept-Level Surrogate Inter-
preter (ESCI) against these oracles to measure at-
tribution plausibility.

Table 4: Model Scale Comparison. Parameter counts
of our framework alongside the five high-capacity LLMs
used as oracles for attribution plausibility.

Model Parameters (Approx.)

ESCI (Ours) 181M (∼71M Trainable)
GPT-2-XL 1.5B
GPT-J-6B 6B
GPT-4o-Mini High-Capacity Proprietary
Gemini-2.5-Flash High-Capacity Proprietary
GPT-4o Massive Proprietary

Quantitative Assessment. Table 2 presents a
cross-evaluation matrix detailing pairwise align-
ment, where each of the six models is evaluated
both as the predicting interpreter and the ground-
truth oracle. We use nDCG (computed exactly as
in Sec. 4.1) to measure the full ranking correla-
tion between each interpreter and oracle. Addition-
ally, we define Soft Top-1 Accuracy to evaluate the
top-ranked choice while accounting for attribution
ambiguity; this measures whether the interpreter’s
highest-ranked prediction successfully falls within
the oracle’s top-k selections (where k = 2; see
App. F for complete formulations).

Despite using only ∼71M trainable parame-
ters, ESCI achieves competitive plausibility. In
Scenario B (Tab. 2c/d), its close alignment with
both standard causal (GPT-J-6B) and instruction-
tuned (Gemini-2.5-Flash) models implies our
energy landscape effectively internalizes autore-
gressive causal mechanics. Crucially, we observe
that ESCI yields sparse, highly confident impor-
tance scores that sharply isolate necessary depen-
dencies. In contrast, generative oracles tend to
hedge their attributions and produce diffuse distri-
butions with many non-zero probabilities across
sentences. Additionally, white-box methods also
require post-processing to even extract valid distri-
butions. Against these challenges, ESCI establishes
itself as a robust, standalone tool with comparable
attribution strength.

Qualitative Case Studies. Table 3 details attri-
bution behaviors reflecting trends from a man-
ual analysis of all 2, 000 combinations by the au-
thors. ESCI aligns with oracles on clear seman-
tic mappings, but disagreements are revealing. In
Sample 33, ESCI over-prioritizes the global topic
over the specific question. Conversely, Sample 6
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demonstrates ESCI’s ability to disentangle stylis-
tic from semantic drivers—crucial for instruction-
tuned models—by correctly attributing a stylistic
target to the “Explain like I’m five” instruction,
whereas oracles fixate on semantics. Finally, Sam-
ple 94 highlights divergent interpretations when the
target is a broadly synthesized analogy.

4.3 Interpreter Causal Faithfulness
While Section 4.2 confirms alignment with archi-
tecturally similar oracles, it does not guarantee
these selections truly drive the LLM’s computa-
tion. To validate feature selection under black-box
constraints, we measure the impact of prompt in-
terventions. Specifically, in generative scenarios,
causal attributions can be logically verified by alter-
ing the input prompt and observing the correspond-
ing semantic shift in the generated output. Thus,
we adapt the standard metrics of Sufficiency and
Comprehensiveness (DeYoung et al., 2020) to open-
ended generation, using semantic similarity instead
of discrete probabilities (Atanasova et al., 2023).
Generative Sufficiency measures target regener-
ation using only selected prompt sentences, while
Generative Comprehensiveness measures target
loss when those sentences are removed. A faithful
interpreter maximizes the former and minimizes
the latter to yield a positive Gap.

Experimental Setup. We benchmark ESCI
against four baselines using the same 200 pairs
(∼2,000 targets) from Section 4.2. To validate
our oracle assumptions, we first evaluate the tar-
get’s self-assessment (prompting GPT-4o-Mini to
attribute its own responses) alongside a stronger
proxy oracle (GPT-4o). As before, these LLMs
generate probability distributions over the prompt
sentences. To establish a black-box upper bound,
we also implement a sentence-level adaptation of
LIME (Ribeiro et al., 2016); this treats full sen-
tences, rather than individual tokens, as binary fea-
tures that are randomly masked to train a linear
surrogate and estimate importance scores. Finally,
a sparse Random baseline serves as a lower bound
to ensure our metrics heavily penalize arbitrary as-
signments. To convert the scores from all methods
into definitive binary selections, we apply a dy-
namic max-ratio threshold: a sentence is selected
if its assigned importance is at least 50% of the
maximum score within its prompt.

Evaluation Framework. To quantify each
method’s faithfulness, we prompt the target LLM

to generate counterfactual responses—new out-
puts produced when the model is fed only the
prompt subset selected by that specific method
as causal or non-causal antecedents of the tar-
get sentence. We then measure semantic reten-
tion of these new responses by computing the
cosine similarity between their embeddings and
the original target sentence (yt), utilizing the
all-mpnet-base-v2 model (Song et al., 2020).
Letting S(·) denote the embedding function, we
average these scores across all N targets. Genera-
tive Sufficiency evaluates the counterfactual gener-
ated from only the selected prompt sentences (xS):
Msuff = 1

N

∑N
j=1 cos(S(LLM(xS,j)), S(yt,j)).

Conversely, Comprehensiveness evaluates the
counterfactual generated from the complement
subset: Mcomp = 1

N

∑N
j=1 cos(S(LLM(xj \

xS,j)), S(yt,j)). Detailed formulations and robust-
ness checks justifying cosine similarity over strict
logical entailment are provided in Appendix G.

Table 5: Causal Faithfulness Evaluation. Semantic
similarity to the target under strict interventions. Suffi-
ciency: Prompting with only selected sentences. Com-
prehensiveness: Selected sentences removed. Gap:
Net causal contribution.

Interpreter Suff. (↑) Comp. (↓) Gap (↑)

LIME (Baseline) 0.439 0.194 0.245
ESCI (Ours) 0.409 0.214 0.195
GPT-4o-Mini 0.407 0.215 0.192
GPT-4o 0.409 0.235 0.175
Random (Baseline) 0.231 0.377 -0.146
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Figure 3: Computational Scalability. (Left) LIME
API calls scale with prompts. (Right) ESCI eliminates
inference API queries for high-volume deployability.

Analysis. Table 5 shows the Random baseline’s
negative gap confirms arbitrary selection degrades
generation. Conversely, sentence-level LIME’s
exhaustive perturbations establish a faithfulness
upper bound, but at prohibitive inference costs
(Fig. 3), precluding scalable deployment. Against
these extremes, ESCI matches high-capacity LLM
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judges. While slightly trailing LIME’s precision,
ESCI achieves O(1) inference with zero additional
API queries. Its one-time pre-training cost (∼20K
queries) amortizes rapidly, breaking even after eval-
uating just 400 prompts. Although LLMs’ back-
ground knowledge prevents near-zero Comprehen-
siveness across all models, ESCI successfully iso-
lates necessary causal antecedents, providing a
Pareto-optimal balance of computational efficiency
and attribution fidelity.

5 Conclusion

We introduced a concept-level interpreter for black-
box LLMs that shifts post-hoc attribution from to-
kens to sentences. By modeling generation dy-
namics as a differentiable energy landscape, we
trained a standalone interpreter requiring zero infer-
ence API queries. We confirm this surrogate must
balance global fidelity with local dependency to
accurately reflect the target. Empirically, ESCI iso-
lates causal sentences with precision approaching
exhaustive methods like LIME, yet operates with
deployment-ready efficiency, establishing EBMs
as scalable tools for diagnosing model behavior.

6 Limitations and Future Work

Computational Trade-offs. A primary limita-
tion of our framework is the upfront pre-training
overhead. While ESCI achieves O(1) efficiency at
inference time with zero target API queries, it shifts
the computational burden entirely to the training
phase. Additionally, due to our surrogate’s com-
pact size, the framework is highly task-oriented.
Although fully training a single model is manage-
able (e.g., under 30 hours on free-tier GPUs), the
manual effort required to discover optimal hyperpa-
rameters across diverse tasks presents a significant
barrier to out-of-the-box generalizability. Conse-
quently, the tool is less accessible to users lacking
the resources to perform this initial setup. Theoret-
ically, a scaled-up EBM trained on multi-task data
could yield a universal interpreter; however, within
the current scope, a dedicated model remains nec-
essary for each specific application.

Generalizability and Scaling Limits. Due to re-
source constraints, our validation focused on inter-
preting GPT-4o-Mini on standard Q&A tasks us-
ing compact surrogates (∼181M parameters). Fu-
ture work must expand to diverse domains includ-
ing complex reasoning and open-ended generation
(e.g., TellMeWhy, WikiText), and distinct, non-GPT

architectures. Furthermore, while initial experi-
ments suggest larger EBMs improve performance,
their capacity to capture long-range dependencies
within massive context windows (e.g., 128k+ to-
kens) remains unverified. Investigating the scaling
laws of the interpreter is crucial to ensure robust
attribution in high-complexity regimes.

Lack of Ground-Truth Mechanistic Validation.
A fundamental limitation of the black-box setting is
the reliance on probabilistic oracles (e.g., GPT-4o)
rather than deterministic ground truth. While our
sufficiency metrics demonstrate causal efficacy,
high alignment with an oracle does not guarantee
the best fidelity to the target’s internal computation.
Consequently, our current results confirm behav-
ioral simulation rather than mechanistic alignment.
Validating the latter requires future benchmarking
against open-weights architectures (e.g., Llama 3,
Pythia), where surrogate attributions can be directly
compared with white-box signals like Integrated
Gradients or attention maps. This would provide
deeper theoretical insight to quantify how closely
the surrogate energy landscape approximates the
target model’s true internal computational paths.

Human-Centric Utility. While our metrics con-
firm causal faithfulness, they do not guarantee that
these attributions are actually intuitive or useful
to humans. A key limitation of this work is the
underlying assumption that mathematical accuracy
equates to human intelligibility. Although we pro-
vide preliminary qualitative examples, rigorous
human-subject studies remain necessary. Future
evaluations must confirm whether ESCI practically
aids users in downstream auditing tasks, such as
detecting LLM hallucinations, identifying biases,
or verifying safety compliance.

Scope of Application and Optimization. Our
current evaluation is confined to the diagnostic util-
ity of attribution, leaving the framework’s broader
downstream potential empirically unverified. The-
oretically, identifying necessary sentences enables
automated prompt optimization—pruning irrele-
vant context to reduce token costs without degrad-
ing quality. Similarly, the energy landscape of-
fers a mechanism to audit Chain-of-Thought (CoT)
reasoning by filtering unfaithful or confabulated
intermediate steps. However, thorough experimen-
tation is necessary to determine if the interpreter
maintains robustness when deployed on these high-
dimensional generative tasks.
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A Preprocessing Details

To ensure compatibility with fixed-dimensional at-
tention mechanisms, we normalize sentence counts
during preprocessing. We define a task-dependent
hyperparameter, Nmax, representing the maximum
sequence length. After input and output sentences
are extracted and embedded, the sequences are
padded with a learnable placeholder token or trun-
cated to strictly match this length. This results in
dense input tensors Sin, Sout ∈ RNmax×d, where d
is the embedding dimension of the Sentence-BERT
model (768 for all-mpnet-base-v2).

B Energy Network: Pre-training Details

BlackBox LLM
Negative 

Pairs

Pos. Energy Neg. Energies
(the same pipeline)

SentenceBERT

InfoNCE Loss

EBM

Energy Calculation

Input-Output Interaction

Concept Space Projection Concept Space Projection

Figure 4: Pre-training Pipeline of the EBM. The ar-
chitecture projects SentenceBERT embeddings into a
dynamic concept space via self-attention, followed by a
cross-attention mechanism to model input-output inter-
actions. An MLP aggregates these features to compute
a scalar energy score ELM(x,y; θ). The model is op-
timized using a dual-objective InfoNCE loss: fidelity
contrasts authentic pairs (x,y) against global negatives
inNi (e.g., human responses) to learn the target distribu-
tion, while local dependency contrasts partial sequences
against batch negatives in Ni to enforce fine-grained
causal precision. Thus, the weighted sum of InfoNCE
losses minimizes the energy of authentic pairs while
maximizing the energy of corrupted samples.

The Energy-Based Model’s training pipeline is
illustrated in Figure 4. We trained all EBM variants
on dual NVIDIA T4 GPUs (provided by Kaggle’s
free tier) using the AdamW optimizer. The training

process for each EBM required approximately 25
hours. Table 6 details the specific hyperparameters
used for the final Hybrid model.

Table 6: Hyperparameters for theMHybrid EBM.

Parameter Value

Architecture
Encoder Model all-mpnet-base-v2
Frozen Parameters 110M
Trainable Parameters 71M
Total Parameters 181M
Projection Dimension (dmodel) 768
Self-Attention Layers 2
Cross-Attention Layers 6
Attention Heads 8
Dropout Rate 0.1
MLP Layers 2
MLP Hidden Factor 2

Optimization
Epochs 50
Batch Size 16
Learning Rate 3e−5

Scheduler Linear Warmup
Warmup Steps 200

Loss
Loss Function InfoNCE
Local Dependency Weight (λ) 0.9
InfoNCE Temperature (τ ) 0.1
Margin 0.5
Negative Candidates (K) 5

Data
Dataset Size 20, 000 samples
Validation Split 10%
Max Sentence Count 16 (Learnable Padding)

Model Configurations. To assess the impact of
our dual objectives, we trained three distinct EBM
variants.MFidelity (λ = 0) mimics standard likeli-
hood modeling by contrasting positive pairs against
only global corruptions. MDep (λ = 1) learns ex-
clusively by contrasting partial segments, forcing
the model to identify semantic links without over-
fitting to the surface artifacts of a single authentic
pair. Finally,MHybrid (λ = 0.9) combines these
approaches; it relies on dependency samplers to
capture structural logic while using the fidelity sig-
nal to regularize the latent space.

Negative Sampling Strategies. The training ob-
jective relies on a diverse set of negative samples to
shape the energy landscape. The specific samplers
used for each configuration are:

• MFidelity Samplers:

– response_human: Swaps the LLM re-
sponse with a human-written answer
from the HC3 dataset.
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– response_other_lm: Swaps response
with a GPT-2 Medium output.

– response_sentence_masking: Masks
a random number of sentences in the
LLM’s response.

– prompt_sentence_masking: Masks a
random number of sentences in the data
pair’s prompt.

– off_topic: Swaps response or prompt
with one from a different pair in the
batch.

• MDep Samplers:

– partial_response_dep: Contrasts the
authentic partial response (positive)
against a mismatched partial response
from the batch (negative) given the same
partial prompt. This forces the model to
verify that the output is a specific logical
continuation of the input concepts.

– partial_prompt_dep: Contrasts the au-
thentic partial prompt (positive) against
a mismatched partial prompt from the
batch (negative) given the same partial
response. This ensures that the response
is causally attributed to the correct input
antecedents rather than generic topics.

• MHybrid Samplers:

– partial_response_dep: SeeMDep.
– partial_prompt_dep: SeeMDep.
– response_human: SeeMFidelity.
– response_other_lm: SeeMFidelity.

C Differentiable Top-K Sentence
Selection via Gumbel–Softmax

The interpreter network aims to identify the K most
important sentences from the input x influential in
generating the target yT . Since selecting top-K
indices is discrete and non-differentiable, we apply
a continuous relaxation to the subset sampling via
the Gumbel-Softmax trick (Jang et al., 2017; Chen
et al., 2018) to enable end-to-end training.

Let the interpreter function produce a vector of
unnormalized relevance logits z ∈ Rn for the n
input sentences, denoted as zi = (IN (x,yT ;α))i.
To introduce stochasticity, we first generate stan-
dard Gumbel noise gi from i.i.d. uniform samples
ui ∼ Uniform(0, 1) as follows:

gi = − log(− log ui), i = 1, . . . , n. (C1)

Given a temperature τ > 0, a single contin-
uous relaxation of a one-hot vector, denoted as
c ∈ ∆n−1, is computed via the softmax function:

ci =
exp((zi + gi)/τ)∑n
j=1 exp((zj + gj)/τ)

, i = 1, . . . , n.

(C2)
As τ → 0, the vector c approaches a discrete

one-hot sample from the categorical distribution
defined by z. To approximate a K-hot selection
vector (selecting multiple sentences), we draw K
independent relaxed samples {c(j)}Kj=1 using Equa-
tion C2. We then aggregate these samples by taking
their element-wise maximum:

mi = max
j=1,...,K

c
(j)
i , i = 1, . . . , n. (C3)

The resulting vector m serves as a continuous
proxy for the binary mask. The final output of the
interpreter used to gate the input sentences is:

IN (x,yT ;α)i = mi. (C4)

During training, this soft mask allows gradients
to backpropagate through the selection process.
During inference, we obtain the discrete selection
by taking the indices of the top-K logits directly or
by hardening the soft mask.

D Interpreter: Training Details

We report the configuration and formulation for the
best-performing interpreter, trained utilizing the
EBM-guided framework on the Hybrid (λ = 0.9)
energy landscape. The training process required
approximately 1 hour on dual NVIDIA T4 GPUs
(provided by Kaggle’s free tier). Table 7 details the
specific hyperparameters.

D.1 Alternating Optimization Details
While Section 3.3 outlines the high-level objec-
tive, we detail here the specific gradient updates
required for training. To mitigate the distribution
shift caused by masking (Fig. 5), we define the
joint optimization loop. Let θ(k) and α(k) denote
the parameters at step k.

Step 1: Interpreter Update. We freeze the EBM
parameters θ(k−1) and update the interpreter to im-
prove selection precision. The gradient update is:

α(k) ←α(k−1) − ηα∇α

(
ELM(x⊙M,yT ; θ

(k−1))

− ELM(x⊙ (1−M),yT ; θ
(k−1))

)
(D1)
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Table 7: Hyperparameters for the Interpreter.

Parameter Value

Architecture
Encoder all-mpnet-base-v2
Projection Dim (dmodel) 768
Self-Attention Layers 2
Cross-Attention Layers 6
Attention Heads 8
Dropout Rate 0.1
MLP Layers 1
MLP Hidden Dimension 256

Optimization
Epochs 50
Batch Size 16
Learning Rate 1e−5

Loss Function InfoNCE (τ = 0.1)
Selection Mechanism Gumbel-Softmax
Gumbel Temperature 1.0

Data
Dataset Size 20, 000 samples
Validation Split 10%
Max Sentence Count 16 (Learnable Padding)

where M = IN (x;yT , α
(k−1)) is the generated

mask by the interpreter.

Step 2: Periodic Grounding and EBM Fine-
tuning. Every Nground steps, we generate a fresh
training pair to re-align the EBM. We apply the
current hard mask to the prompt and query the
black-box LLM:

x̃ = x⊙ I(M > 0.5) (D2)

ỹ = LLM(x̃) (D3)

This creates a valid sample (x̃, ỹ) that represents
the model’s actual behavior under the current mask-
ing policy.

Subsequently, using this new sample at each
grounding step, we update the EBM to mini-
mize the energy of the new synthetic pair (x̃, ỹ)
while maintaining the structural constraints learned
during pre-training. We employ the same dual-
objective lossLtotal defined in Equation 1 (Sec. 3.2),
consisting of both Lfidelity and Ldep.

However, because there is no ground-truth
human response for the dynamically masked
prompt x̃, we modify the negative sampling
set Ni for the fidelity objective (App. B).
We substitute the response_human sampler
with another distinct, model-based negative,
response_other_lm_stochastic, to maintain
distribution contrast. The gradient update is thus

BlackBox LLM

Target 
Indices

SentenceBERT

Pretrained EBM Blocks

Interpreter Blocks

Interpreter Loss

Unselected

Finetune

Update 
in tandem

Use at each step to 
create masked   .

Selection      Mask

Energy + Energy −

Selected

BlackBox LLM

SentenceBERT

EBM Blocks

EBM Loss

Energy + Energy −

With With
Negative 

Pairs

Figure 5: Overview of the Alternating Optimization
Protocol. The framework employs a joint training strat-
egy to prevent distribution shift. (Left) In the standard
phase, the interpreter generates a binary mask over the
prompt sentences; its parameters are updated to maxi-
mize the energy gap using the frozen EBM as a critic.
(Right) Periodically, the EBM is fine-tuned to adapt
to the interpreter’s evolving distribution. This involves
querying the target LLM with the currently masked
prompt to obtain a fresh, ground-truth response, thereby
grounding the energy landscape in the model’s actual
behavior under partial input.

computed using this modified negative set Ñ :

θ(k) ← θ(k−1) − ηθ∇θ

(
(1− λ)Lfidelity(x̃, ỹ, Ñ )

+ λLdep(x̃, ỹ)
)

(D4)

This alternating procedure ensures that as the in-
terpreter’s selections evolve, the energy landscape
adapts to provide accurate supervision for those
specific sparse inputs.

E Energy Network: Evaluation Protocols

To evaluate the EBM’s semantic alignment beyond
aggregate accuracy, we developed a suite of granu-
lar diagnostic tests. This section details the mathe-
matical formulations, dataset filtering criteria, and
specific metrics for each testing dimension.

E.1 Dataset Preparation & Filtering
For all diagnostic tests, we utilized specific subsets
of the HC3 validation set (N = 1000). To gen-
erate the ground-truth importance scores used for
evaluation, we employed an ablation-based energy
drop methodology. For each sample pair (x,y),
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we systematically removed each sentence to create
variants. We calculated the energy for two modes:

• Prompt Ablation: Pairs (x\i,y), where x\i
is the prompt with the i-th sentence removed.

• Response Ablation: Pairs (x,y\j), where
y\j is the response with the j-th sentence re-
moved.

The importance of a sentence was quantified by
the positive energy drop caused by its removal rel-
ative to the baseline energy E(x,y). Using these
scored samples, we applied specific filters to isolate
relevant linguistic phenomena:

• Interrogative Subset (N = 769): Used for
Dimension I. We filtered for prompts contain-
ing explicit interrogative structures, defined as
sentences ending in a question mark or start-
ing with standard interrogative pronouns (e.g.,
“What”, “How”, “Why”).

• Artifact Subset (N = 890): Used for Dimen-
sion II. We filtered for responses containing
distinct conversational fillers (e.g., “Okay!”,
“Sure!”, “Here is the answer:”) appearing as
isolated sentences.

• Oracle Subset (N = 500): Used for Di-
mension III. A random subset of validation
samples was selected for external scoring by
Gemini-2.5-Flash.

• Counterfactual Subset (N = 500): Used for
Dimension IV. Gemini-3-Pro was employed
to generate specific counterfactual triplets
from validation data (see App. E.5 for details).

E.2 Dimension I: Input Directive Dependency
This test assesses the model’s ability to distinguish
the primary user intent (the directive) from supple-
mentary context or conversational filler.

Ablation Methodology. For a given prompt x
consisting of n sentences {s1, s2, . . . , sn} and a
fixed response y, we calculate the baseline energy
Ebase = E(x,y). We then systematically remove
each sentence si to create an ablated prompt x\i
and compute the Relative Energy Impact (∆Ei):

∆Ei = E(x\i,y)− Ebase (E1)

A positive ∆Ei implies that sentence si was nec-
essary for the low-energy alignment (i.e., it was
semantically important).

Metric Definitions. Let SQ be the set of indices
corresponding to interrogative sentences and SR

be the set of indices for the remaining context.

• Interrogative Recall@1 (IR@1): Adapting
the rationale extraction evaluation protocol
from ERASER (DeYoung et al., 2020), we
define this as the frequency with which the
sentence producing the maximum energy im-
pact is an interrogative sentence.

IR@1 = 1
N

∑N
j=1 I [argmaxi(∆Ej,i) ∈ SQ,j ] (E2)

The metric yields a value in [0, 1], where an
ideal score of 1 indicates that the explicit
question is consistently ranked as the primary
causal driver. However, we note that perfect
recall is not expected, as our dataset analysis
revealed that human-written Q&A prompts of-
ten contain implicit or structurally ambiguous
directives where the semantic core is not the
grammatical question.

• Attribution Signal-to-Noise Ratio (SNR):
Adapting standard signal processing defini-
tions to attribution magnitude, we define this
as the ratio of the average energy impact of
questions to the average energy impact of non-
question context sentences.

SNR =

1
|SQ|

∑
i∈SQ

∆Ei

1
|SR|

∑
k∈SR

∆Ek + ϵ
(E3)

where ϵ = 1e−9 is a constant for stability. A
high SNR indicates the model is highly sensi-
tive to the directive and insensitive to noise.

E.3 Dimension II: Output Semantic
Robustness

This test measures the model’s susceptibility to
non-semantic conversational artifacts, addressing
a prevalent pathology in neural models known as
reliance on spurious correlations or “annotation ar-
tifacts” (Gururangan et al., 2018). Grounded in con-
cepts originally established for NLI datasets, this
evaluation assesses whether the model has learned
to treat high-frequency tokens (e.g., conversational
fillers such as “Okay!”) as proxies for output valid-
ity, independent of their actual semantic content.

Metric Definitions. Let SArt be the set of indices
corresponding to artifact sentences.
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• Artifact Energy Impact (Art. ∆E): The
average change in energy when an artifact is
removed. This metric is adapted from Input
Reduction methods (Feng et al., 2018), where
we aim to measure the model’s sensitivity to
the removal of negligible features.

Art. ∆E =
1

|SArt |
∑

i∈SArt

(E(x,y\i)− Ebase)

(E4)

• Rank-1 Error (R1E): The proportion of sam-
ples where an artifact sentence is assigned the
highest importance rank (Rank 1). This metric
quantifies the fidelity trap, where the model
overfits to surface-level plausibility markers
rather than semantic drivers.

R1E =
1

N

N∑
j=1

I
[
argmax

i
(∆Ej,i) ∈ SArt,j

]
(E5)

E.4 Dimension III: Output Information
Ranking

This test validates the EBM’s internal ranking of
sentence importance against a gold standard rank-
ing generated by a state-of-the-art LLM to assess
ranking alignment and accuracy.

Oracle Setup. For each sample in the Oracle
Subset, Gemini-2.5-Flash was provided with the
prompt, response, and list of sentences as derived
by the EBM, and instructed to assign an integer
Information Density Score yi ∈ {0, . . . , 5} to each
response sentence si. The scoring criteria were:

• 0 (Fluff): Purely conversational filler or
phatic expressions (e.g., “Okay!”) with zero
informational value.

• 1 (Minor Context): Generic transitions or
polite formatting that aids flow but adds no
unique content.

• 2 (Useful Background): Contextual defini-
tions or analogies that facilitate understanding
without constituting the direct answer.

• 3 (Supporting Info): Elaborations or details
necessary for a complete explanation; remov-
ing these makes the answer feel thin.

• 4 (Important): Key facts, steps, or reasoning
that directly address the user’s request.

• 5 (Critical): The core thesis or direct solu-
tion; the response is conceptually incomplete
without this sentence.

Metric Definitions. Let S = {s1, . . . , sM} be
the set of sentences in a response. Let reli be the
oracle’s score for sentence i, and let π be the per-
mutation of indices induced by sorting the EBM’s
energy impact scores ∆E in descending order (i.e.,
π(1) is the index of the most important sentence
according to the EBM).

• nDCG@3 (Normalized Discounted Cumu-
lative Gain): We measure the ranking quality
at cutoff k = 3. The Discounted Cumulative
Gain (DCG) is computed as:

DCG@k =
k∑

i=1

2relπ(i) − 1

log2(i+ 1)
(E6)

The Ideal DCG (IDCG) is computed similarly
using the permutation π∗ that sorts the oracle’s
scores perfectly. The final metric is:

nDCG@k =
DCG@k

IDCG@k
(E7)

This metric penalizes the model heavily if it
fails to place high-value (oracle score 5) sen-
tences in the top ranks.

• Soft Precision@1: This metric assesses the
utility of the single most important sentence
identified by the EBM. It is defined as the
proportion of samples where the EBM’s top
choice received a high relevance score (≥ 4)
from the oracle:

S-Prec@1 =
1

N

N∑
j=1

I
[
relπj(1) ≥ 4

]
(E8)

E.5 Dimension IV: Causal Disentanglement
This test evaluates the model’s ability to identify
specific causal links between input and output con-
cepts, distinguished from mere topical association.

Counterfactual Setup. For each sample in the
Counterfactual Subset, the model identified:

1. A specific target response sentence (ytarget).

2. The high-impact prompt sentence (xcause) that
directly necessitated ytarget.

3. A low-impact distractor sentence (xdistractor)
from the same prompt that was topically re-
lated but causally irrelevant to ytarget.
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Metric Definitions. We quantify discriminative
performance by comparing the energy assigned to
causal versus distractor antecedents. Let E(x, y)
denote the scalar energy score, where lower val-
ues indicate higher compatibility. For a successful
disentanglement, the model must assign strictly
lower energy to the true cause than to the dis-
tractor, satisfying the condition E(xcause, ytarget) <
E(xdistractor, ytarget). We aggregate this behavior us-
ing two metrics:

• Counterfactual Accuracy: The percentage
of triplets where the EBM correctly assigns
lower energy to the causal pair.

Acc =
100

N

N∑
j=1

I[E(xcause, ytarget)

< E(xdistractor, ytarget)]

(E9)

• Energy Separation Margin (ESM): The av-
erage magnitude of the energy difference be-
tween the distractor and the cause. A larger
positive margin indicates higher confidence in
the causal distinction.

ESM =
1

N

N∑
j=1

(E(xdistractor, ytarget)

− E(xcause, ytarget))

(E10)

F Interpreter: Plausibility Evaluation

To construct the plausibility benchmark, we
prompted five diverse LLMs (Gemini-2.5-Flash,
GPT-4o, GPT-4o-Mini, GPT-J-6B, and GPT-2-XL)
to act as data annotators.

Prompting Strategy. For a given sample tuple
consisting of a prompt P = {sp1, . . . , s

p
n} and a spe-

cific target response sentence srt , each oracle was
provided with the full text context and instructed to:
“Assign an importance score (0.0 to 1.0) to every
Prompt Sentence. The scores MUST sum to ex-
actly 1.0.” To maximize determinism, we utilized
a temperature of T = 0 or close to it.

Metric Definitions. Let yoracle ∈ Rn be the vec-
tor of ground-truth importance scores provided by
an oracle for the n sentences in the prompt. Let
yinterp ∈ Rn be the predicted importance scores
output by the interpreter.

• Soft Top-1 Accuracy: This metric addresses
the inherent ambiguity in attribution where

multiple prompt sentences may be necessary.
We define a match if the interpreter’s single
highest-scored sentence falls within the top-k
sentences identified by the oracle.

Let i∗ = argmaxi∈{1,...,n}(y
(i)
interp) be the in-

dex of the sentence chosen by the interpreter.
Let Sk(yoracle) be the set of indices corre-
sponding to the k largest values in yoracle. The
metric is defined as:

SoftAcc@k = I [i∗ ∈ Sk(yoracle)] (F1)

In our experiments, we set k = 2.

• nDCG (Normalized Discounted Cumula-
tive Gain): Similar to EBM experiments, we
utilize nDCG to evaluate the quality of the
entire ranking order. This metric penalizes the
interpreter if it assigns low importance scores
to sentences that the Oracle deemed critical.

Let π be a permutation of indices {1, . . . , n}
that sorts the scores yinterp in descending order,
such that y(π(1))

interp ≥ y
(π(2))
interp ≥ . . . . The DCG

is computed using the oracle’s scores as the
true relevance grades:

DCG =

n∑
j=1

y
(π(j))
oracle

log2(j + 1)
(F2)

The Ideal DCG (IDCG) is computed similarly
using the permutation π∗ that sorts yoracle in
descending order. The normalized score is:

nDCG =
DCG
IDCG

(F3)

G Interpreter: Generative Faithfulness

Quantifying faithfulness in open-ended generation
is fundamentally distinct from classification tasks.
Unlike classification, where the output is a discrete
label, generative outputs are high-dimensional and
semantically flexible. A true causal driver may
not reproduce the exact tokens of the target, but
should reproduce its semantic core. To validate
our interpreter, we devised a three-stage evaluation
pipeline: (1) deriving comparable baselines via
dynamic max-ratio thresholding, (2) establishing
metric definitions robust to generative variance, and
(3) filtering non-causal RLHF artifacts to strictly
isolate semantic drivers.
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Baseline Implementations. To compare our in-
terpreter’s binary selections against the continuous
importance scores si ∈ [0, 1] produced by the vari-
ous baselines, we employed a Max-Ratio Thresh-
olding strategy. For a given prompt, a sentence i
is selected if its importance score is within a factor
of the maximum score assigned to any sentence in
that prompt:

Select i ⇐⇒ si ≥ 0.5 ·max
j

(sj) (G1)

This dynamic thresholding adapts to each model’s
confidence distribution, ensuring we capture the
primary drivers of the generation while discarding
marginal contributors. The baselines were con-
structed as follows:

• LLM Oracles: GPT-4o and GPT-4o-Mini
were prompted to output a normalized proba-
bility distribution of causal importance across
the prompt sentences for each specific target.

• Sentence-Level LIME: We adapted
LIME (Ribeiro et al., 2016) for generative
attribution. To mitigate the prohibitive compu-
tational cost of standard word-level LIME, we
employed a two-dimensional deduplication
strategy. For a prompt of n sentences, we
generated a strictly unique set of binary
masks M = {m(1), . . . ,m(K)} (using an
exhaustive set if 2n ≤ 50, otherwise randomly
sampled). We queried the target LLM exactly
once per mask to generate a shared pool of
counterfactual responses ỹ(k). For a given
target sentence yt, we calculated the cosine
similarity simk = cos(S(ỹ(k)), S(yt)). We
then fitted a Ridge regression to predict
simk from m(k), weighted by an exponential
distance kernel:

wk = exp

(
−d(m(k),1)2

σ2

)
(G2)

where d is the cosine distance and σ =
0.25
√
n. The resulting regression coefficients

were ReLU-clipped to remove negative causal
impacts and L1-normalized to yield the final
probability distribution s.

• Sparse Random Baseline: A naive uniform
random assignment (e.g., normalizing inde-
pendent U(0, 1) values) produces flat distri-
butions (si ≈ 1/n) that trivially fail the max-
ratio thresholding. To rigorously simulate the

confident sparsity of actual trained attribution
models, we sampled the probability vectors
from a symmetric Dirichlet distribution:

s ∼ Dir(α), where αi = 0.3 ∀i (G3)

This ensures the baseline critically tests the ef-
fect of arbitrary sentence assignment without
failing due to mechanical flatness.

Metric Definitions. For our evaluation (Table 5),
we utilize the following definitions. Let S(·) be
the sentence embedding function—specifically im-
plemented using the all-mpnet-base-v2 model
to capture dense semantic representations—and yt

be the target sentence.

• Generative Sufficiency (Msuff): The similar-
ity between the target and generated response
using only the selected sentences xS :

Msuff = cos(S(LLM(xS)), S(yt)) (G4)

• Generative Comprehensiveness (Mcomp):
The similarity between the target and the re-
sponse generated using the complement sub-
set x \ xS :

Mcomp = cos(S(LLM(x \ xS)), S(yt)) (G5)

To instantiate these metrics, we select Cosine Simi-
larity over sentence embeddings as our comparison
function. This choice is grounded in our robustness
analysis (see Selecting Similarity Function below),
which demonstrates that strict logical entailment
metrics (NLI) are overly rigid for validating open-
ended generation.

Selecting Similarity Function. We initially at-
tempted to evaluate faithfulness using Natural Lan-
guage Inference (NLI) models to detect logical en-
tailment between the counterfactual generation and
the original target. Specifically, we employed the
cross-encoder/nli-deberta-v3-large model,
treating the generated response as the premise and
the target sentence as the hypothesis. We extracted
the softmax probability of the “entailment” class to
quantify sufficiency and comprehensiveness.

However, as shown in Table 8, NLI metrics
proved too rigid for generative tasks.

The NLI Sufficiency scores hovered around
0.09 − 0.15, implying that even the full correct
context rarely entailed the target according to the
NLI model. This occurs because NLI models are
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Table 8: Robustness Check: NLI Metrics. Faithful-
ness scores computed using DeBERTa-v3 logical en-
tailment probabilities. In this setup, Sufficiency and
Comprehensiveness measure the probability that the
counterfactually generated response logically entails
the original target sentence. The uniformly low suffi-
ciency scores (< 0.15) indicate that strict NLI models
heavily penalize valid generative paraphrasing. This
demonstrates that NLI is overly rigid for open-ended
generation tasks, justifying our selection of Cosine Sim-
ilarity for the primary evaluation in Table 5.

Interpreter Suff. (↑) Comp. (↓) Gap (↑)

LIME 0.112 0.058 0.054
ESCI (Ours) 0.146 0.083 0.063
GPT-4o-Mini 0.145 0.073 0.072
GPT-4o 0.093 0.061 0.033
Random 0.098 0.153 -0.055

trained on premise-hypothesis pairs that require
strict logical implication, whereas generative re-
covery in open-ended tasks relies heavily on se-
mantic paraphrasing. Consequently, we adopted
Cosine Similarity for our primary evaluation, utiliz-
ing the all-mpnet-base-v2 SentenceTransformer
model to compute the pairwise cosine similarity
between the dense embeddings of the generations
and targets. As detailed in the main text, Cosine
Similarity yielded sufficiency scores in the ∼ 0.4
range, effectively capturing the soft semantic reten-
tion characteristic of open-ended generation.

Filtering RLHF Priors (Trivial Targets). A ma-
jor confounder in interpreting instruction-tuned
models is the prevalence of conversational fillers
(e.g., “Okay!”). These outputs are often driven by
Reinforcement Learning from Human Feedback
(RLHF) priors rather than specific prompt content.
If included, they artificially inflate comprehensive-
ness scores (lower is better), as the model will often
hallucinate these polite preambles even when the
causal instruction is removed.

We conducted a trivial target analysis on a sub-
set of conversational fillers (n = 157) identified
via regex matching to examine how models han-
dle these RLHF priors. As shown in Table 9, the
metrics expose that these fillers lack specific causal
antecedents.

For example, LIME severely struggles with Triv-
ial Sufficiency (performing worse than Random),
indicating that it removes too many sentences and
fails to find a sufficient prompt subset to reliably
trigger the filler. Conversely, while ESCI achieves
a much higher Trivial Sufficiency, it suffers from

Table 9: Trivial Target Analysis. We measure how
often conversational fillers (e.g., “Okay!”) persist under
intervention. Triv. Suff: Percentage of times the filler
is generated given only the instruction. Triv. Comp:
Percentage of times the filler is hallucinated when the
instruction is removed. Values confirm these are RLHF
priors, not causally sensitive targets.

Interpreter Triv. Suff. (↑) Triv. Comp. (↓)

LIME 15.2% 1.8%
ESCI (Ours) 32.5% 40.8%
GPT-4o-Mini 15.5% 16.4%
GPT-4o 21.6% 5.2%
Random 15.6% 49.4%

an inflated Trivial Comprehensiveness. This high
hallucination rate in the complement set is a di-
rect byproduct of ESCI’s extreme sparsity; because
ESCI aggressively isolates only the core logical
sentences, the remaining complement set (used
for comprehensiveness) remains larger and retains
enough generic conversational context to indepen-
dently trigger the LLM’s polite RLHF priors. Ul-
timately, because these conversational fillers are
global stylistic habits rather than logical conse-
quences of specific prompt sentences, no attribution
method can meaningfully isolate them.

To prevent these non-causal hallucinations from
skewing the semantic evaluation, we strictly filtered
these targets from the main benchmark.

H The LLM Usage

Parts of the initial drafts of this manuscript were
revised with the assistance of a Large Language
Model. The model was prompted to improve the
fluency, conciseness, and overall academic tone of
the text to meet the standards of ACL publications.
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