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Abstract

Feature attribution methods promise to identify which input features matter for a model
output. In generative language models, however, it is often unclear what should count as a
feature in the first place. In autoregressive language models, earlier generated tokens are both
outputs of the model and inputs to later predictions. In diffusion language models, generation
proceeds through iterative denoising or unmasking rather than fixed left-to-right prediction,
so local explanation may target a state of diffusion rather than a next token. We argue that
this ambiguity is not merely an implementation detail, but a conceptual limitation of carrying
classifier-era feature attribution directly into generative language modeling. We introduce the
Attribution Contract, a specification for feature-attribution claims that names what output is
being explained, which features are eligible to receive attribution, what generative process is
assumed, what is held fixed, and what model score is being attributed. The contract clarifies why
the same attribution method can answer different questions depending on how it is instantiated.
We argue that many disagreements about feature attribution in generative language models
are not disagreements about attribution algorithms, but about unstated explanatory contracts.
Using autoregressive and diffusion language models as case studies, we show when attribution
to earlier generated tokens, intermediate states, or denoising stages is informative, when it
is misleading, and why feature-attribution methods in generative language models should be
evaluated as method—contract pairs.

1 Introduction

Feature attribution methods are often described as answering a simple question: which input features
mattered for this output? In the classical setting, this question has a natural shape. A model
receives an input x, computes a prediction f(z), and an attribution method assigns importance
scores to components x; relative to a scalar target such as a class logit, probability, or loss. Integrated
Gradients [13], for example, was introduced as an axiomatic method for attributing a deep network’s
prediction to its input features, motivated by desiderata such as sensitivity and invariance.

In generative language models (LMs), many real-world problems depend on feature attribution.
A practitioner debugging a hallucinated summary needs to know whether the hallucinated content
came from the source document or from the model’s own prior tokens [24, 23|. A safety researcher
auditing a harmful generation needs to know which part of the input triggered it [22, 26]. A scientist
studying in-context learning needs to know which prompt features the model is actually using to
make predictions [25].
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Figure 1: The same attribution method produces different attribution maps under
different settings. All three rows use the same model, prompt, generation, and attribution method
(Integrated Gradients [13]). Only the setting differs. Top: a local next-token setting attributes the
prediction of noir over both prompt and prefix tokens, and mass concentrates on the generated
prefix Le chien est because it is predictive of the next token. Middle: a prompt-conditioned setting
holds the generated prefix fixed (gray, hatched) and attributes only over prompt tokens. “Held fixed”
means the prefix remains in the forward pass at its actual value but is removed from the attribution
path, so mass that would have gone to the prefix is now distributed only among prompt tokens.
The result concentrates on black, the prompt token most predictive of noir. Bottom: a span-level
setting targets the full generated span Le chien est noir and attributes only over prompt tokens;
the prefix is again held fixed (gray, hatched).

Generative LMs break the clean setup of classical attribution. Consider an autoregressive LM
with prompt x and generated output yq.7:

T

plyrr | 2) = [[p(v | 2, y<t). (1)
t=1

If we ask which tokens explain the next-token prediction 1, the previously generated tokens y;
are genuine inputs to the model and may rightly receive high attribution. But those same tokens are
also outputs of the model. As a result, feature attribution depends on what exactly we are trying to
explain. An attribution to earlier-generated tokens may be appropriate if the goal is to explain the
model’s local prediction of the next token. The same attribution answers a different question
if we instead ask how the prompt influenced the overall response y;.7. We develop both
questions in Section 4 and show that they correspond to different feature-attribution contracts.



Unlike in classification settings, the interpretation of a feature-attribution score in generative
LMs depends on the explanatory goal. Suppose a model is prompted:

Translate to French: “The dog is black.”
and generates:
Le chien est noir.

For the target token “noir,” the generated prefix “Le chien est” is predictive: it helps determine which
token is likely to come next. But if the explanatory question is which input token accounts for the
meaning of “noir,” the answer should point to “black,” not to the generated prefir. These are different
feature-attribution questions.

The issue is not that attribution to the generated prefix is wrong. Rather, the role of earlier
generated tokens changes across explanatory settings, and feature-attribution methods for generative
LMs often leave this distinction implicit [12, 5, 18]. As such, the same attribution score may be
interpreted as answering a different feature-attribution question from the one it actually supports. We
call this kind of interpretive error the self-attribution fallacy: treating attribution to generated-prefix
tokens as if it answered a prompt-level explanatory question, without specifying the contract under
which that interpretation is justified.

We argue that a feature-attribution score in a generative language model does not carry its own
interpretation: that interpretation depends on the explanatory setting. We call such a setting an
Attribution Contract, specifying what output is being explained, which features are eligible to receive
attribution, what generative process is assumed, what is held fixed, and what model score is being
attributed.

Contributions. To summarize, this paper makes four contributions. First, we identify contract
ambiguity as a distinctive failure mode of feature attribution in generative language models. Second,
we introduce the Attribution Contract, specifying the target, eligible feature set, generative process,
conditioning regime, and attributed score of any feature-attribution claim. Third, we identify the
self-attribution fallacy, in which attribution to generated-prefix tokens is misread as prompt-level
explanation. Fourth, we propose that feature-attribution methods in generative language models
should be evaluated as method—contract pairs rather than as context-free attribution algorithms.

2 From classifier attribution to generative attribution

Classical feature attribution inherits a static input-output schema:

. — f(z). (2)

The candidate features are usually components of the input, such as pixels or tokens. The attribution
target is usually a scalar, such as a class score, loss, or logit. Even in this setting, attribution
has been criticized for being sensitive to the explanatory task and evaluation criterion [19, 20, 21].
Recent unification work argues that feature attribution, data attribution, and component attribution
share methodological structure, even though they are often studied in fragmented literatures [17].
Generative language models replace this static schema with a process schema. For autoregressive
LMs, each generated token is conditioned on the prompt and all previously generated tokens:

TyYly -5 Yt—1 —>yt- (3)



The shift from classifier to generative attribution is a shift in how many predictions a model
makes. An image or text classifier produces one prediction, and attribution assigns importance to
input features relative to that single output. An autoregressive language model produces a sequence
of predictions, one per generated token, each conditioned on the prompt and all previously generated
tokens. Each next-token prediction is itself a classification over the vocabulary, but the model makes
many such predictions in sequence. Attribution must now choose which prediction to explain, and
what counts as a feature when earlier predictions become inputs to later ones.

For diffusion language models, generation proceeds through an iterative denoising or unmasking
process rather than a fixed left-to-right ordering. A simplified process view can be written as:

2 —> 21— —> 20 — Y, (4)

where the intermediate states z; represent progressively refined states rather than a completed output
sequence. In masked diffusion language models, generation may proceed through a forward masking
process and a reverse process that predicts masked tokens [6].

These process structures make the notion of a “feature” significantly less stable than in the
classical setting. In an autoregressive language model, feature attribution may target prompt tokens
or generated-prefix tokens. In a diffusion language model, it may target prompt tokens, intermediate
states, or denoising steps. As a result, the feature-attribution problem is no longer fully specified by
the model and the output alone. This motivates the Attribution Contract introduced in the next
section.

3 Attribution Contract

Definition 1 (Attribution Contract). An Attribution Contract, i.e., the explanatory setting under
which an attribution claim is made, is a tuple

'A: (87C7 07 7)7 8)7 (5>
where

S = model score,

C = what is held fized,

O = output being explained,
P = generative process,

& = features eligible to receive attribution.

Read in order, the tuple spells SCOPE, capturing the idea that an Attribution Contract specifies
the explanatory scope of a feature-attribution claim.

Each element of the contract plays a distinct role. The score term S specifies the model quantity
to which attribution is assigned, such as a logit, probability, loss, or log-likelihood. This matters
because two explanations may target the same output while assigning attribution to different
underlying scores.

The conditioning C specifies what is held fixed while attribution is computed or interpreted.
Computationally, holding a variable fixed means that it remains in the forward pass at its actual
value but is not part of the path or perturbation set over which attribution is computed (e.g., the
fixed variable is not interpolated along the Integrated Gradients path). Two contracts that differ
only in what is held fixed C therefore produce different attribution maps over the eligible features.



The target O specifies what is being explained: for example, a next-token prediction, an
intermediate diffusion state, or a generated sequence. The feature set £ specifies which features
are eligible to receive attribution. These may include prompt tokens, generated-prefix tokens,
intermediate generation states, or other process-related features, depending on the explanatory task.
The process term P specifies the assumed structure of generation. This matters because feature
influence in generative language models often propagates through a sequence of intermediate states
rather than in a single input-output step. P is always part of the contract, but its computational
role varies: under some contracts, attribution is computed by aggregating across the chain; under
others, the chain serves only as the conditioning structure of a local prediction.

In the next section, we instantiate the contract framework in several concrete settings for
autoregressive and diffusion language models. These settings show how the same feature-attribution
method answers different questions under different contracts.

4 Feature-attribution settings in generative language models

The first row of Table 1 shows the classical classifier setting, where attribution has one canonical
setup. Many existing feature-attribution methods for generative LMs are instantiated around
local predictive targets, such as next-token probability p(y; | =, y<¢) or sequence log-probability
log p(y1.7 | ) decomposed token by token [12, 5, 18, 9]. The Attribution Contract makes clear that
these are only some among many possible feature-attribution settings. In this section, we instantiate
the contract framework in the settings most relevant to generative language models, summarized in
Table 1. For each setting, we specify all five contract elements explicitly.

4.1 Autoregressive settings

Autoregressive language models provide the most direct extension of classical feature attribution.
Even in this familiar setting, feature attribution can be posed in several different ways depending on
whether the explanatory target is a next-token prediction, a prompt-conditioned token prediction, or
a generated text span.

Local next-token attribution. We have

S =logp(y: | ,y<t), (6)
C = nothing held fixed, (7)
O =y, (8)
Pos—p e — )
E=A{x1,...,Tn, Y1, -, Yt—1}- (10)

Here, both prompt tokens and generated-prefix tokens are eligible features for attribution. The
explanatory question is local: which available context features helped the model predict the next
token?



Prompt-conditioned token attribution. This setting also explains a single target token, but
restricts attribution to prompt features x while treating the generated prefix as fixed context C.

S =logp(y | z,y<1), (11)
C = y«¢ held fixed, (12)
O =y, (13)
Pz, (14)
E={r1,...,zn}. (15)

Here, the generated prefix still contributes to the model’s prediction, but it is not treated as an
eligible attribution feature. The explanatory question is narrower: which prompt tokens explain the
target token given the already-generated context?

Span-level prompt attribution. This setting shifts the target from a single token to a larger
generated span.

S =logp(yi.r | 2), (16)
C = y1.7 held fixed, (17)
0= Y11, (18)
Poz—sy— - — (19)
52{.%1,...,1'”}. ( )

Here, prompt features x remain the eligible attribution targets, but their influence propagates
through the autoregressive chain P: a prompt token can affect yr indirectly via its effect on y1, ys,
and so on. The token-level contracts above also assume the same autoregressive process, but only as
the conditioning structure of a single next-token prediction. Here, P does additional work: the score
log p(y1.1 | ) = >, log p(ys | @, y<¢) aggregates attribution across the chain, so prompt influence is
not localized to one step.

A common interpretive mistake: self-attribution fallacy. Attribution to generated-prefix
tokens is not inherently wrong. Under a local next-token contract, it may be exactly what the
method is supposed to recover. The mistake arises when such attribution is interpreted as though it
answered a different question, such as how the prompt influenced the overall response.

A concrete scenario illustrates the failure mode. Consider a practitioner debugging an autore-
gressive language model that produced a hallucinated entity in a summary of a source document.
The hallucinated token does not appear in the source. The practitioner runs Integrated Gradients to
explain the hallucinated token, with the model’s input consisting of the source document followed
by the partially generated summary. The resulting attribution map shows that the immediately
preceding generated tokens carry most of the mass, while the source document carries little. A
natural reading is that the source document did not cause the hallucination, and that the model
produced it from its own prior tokens.

This reading commits the self-attribution fallacy. The attribution was computed under a local
next-token contract: £ is the full input including the generated prefix, O is the hallucinated token,
and S is the log probability of that token. The map correctly identifies which tokens were predictive
of the next-token prediction. It does not answer the question the practitioner is actually asking:
which features of the source document explain the hallucinated content of the summary?. Answering
that question requires a different contract: £ is the source document, C holds fixed the generated



prefix up to the hallucinated span, O is the hallucinated span itself, and S is the log-probability
of the hallucinated span given the prompt and fixed prefix. This is the span-level analog of the
prompt-conditioned setting, with the target shifted from a single token to the hallucinated content.

Recent work on attribution for autoregressive language models has identified related instances of
contract confusion: CAGE [15]| argues that current context-attribution methods give incomplete
explanations because they ignore inter-generational influence, and HETA [9]| argues that linear
approximations from classifier-era attribution fail to capture autoregressive structure. These are
specific instances of the more general problem the Attribution Contract is designed to make explicit.

4.2 Diffusion settings

Diffusion language models include three main families: masked diffusion, discrete diffusion, and
continuous diffusion models [6, 7, 8]. We use the term state as a common abstraction across these
families. In masked or discrete diffusion models, a state may correspond to a partially resolved token
sequence. In continuous diffusion models, it may correspond to a continuous latent representation.

Diffusion LMs differ from autoregressive ones in a way that matters for feature attribution. There
is no fixed left-to-right ordering and no canonical next token to predict. Generation proceeds through
an iterative process, and attribution can target a state of refinement, a denoising stage, or a final
output. These choices yield contracts that have no clean analog in the autoregressive case.

An example clarifies what differs across these contracts. Consider a masked diffusion language
model prompted with The capital of France is [MASK]. Suppose the model unmasks through a
sequence of intermediate states. At an early state, the masked position resolves to a generic noun such
as city. At a later state, it refines to Paris. The final output is Paris. Three feature-attribution
questions arise:

o State-level attribution asks: what explains the model’s choice of city at the intermediate state,
given the prompt and the prior states?

e Denoising-stage attribution asks: which denoising stage was most responsible for committing
the masked position to Paris rather than another capital?

e Prompt-to-output attribution asks: which prompt features (e.g., France, capital) explain the
final output Paris?

We now make each of these contracts precise.

State-level attribution. This setting targets an intermediate state during generation rather than
a final token.

S =logp(zt |z, 251), (21)
C = nothing held fixed, (22)
O = z, (23)
P=zp—>2p_1—> " —> 20—, (24)
E=Ax1,...,zn} U{2zt41,-.., 27} (25)

We write zs¢ = (2¢41,...,27) for the states generated before z; in the denoising chain. In
our indexing, higher t corresponds to earlier generation, which is the reverse of the autoregressive
convention.

The explanatory question is: which prompt features or previously generated states influenced
the current state of diffusion? This shifts the local attribution problem from predicting a next token
to explaining how an intermediate state evolves.



Table 1: Seven feature-attribution settings, organized by Attribution Contract. The
classifier row shows the classical setting where attribution is well-defined. Generative LMs have
multiple contracts: three autoregressive and three diffusion. Columns follow the SCOPE ordering:
S,C, O, P, . A dash in the conditioning column indicates that no variable is held fixed.

Setting S C (@) P &

Classical settings

Classifier log p(c | x) — c z — f(x) input features

Autoregressive settings

Local next-token logp(ye | ¢, y<t) — Yt T — Yy — -+ — Yy prompt + prefix
Prompt-conditioned logp(y: | x, y<¢) y<t fixed  y: T — 1y —> - — Yy prompt
Span-level prompt log p(y1.7 | =) yi.7 fixed y1.7 x>y —---— yr prompt

Diffusion settings

State-level logp(z: | , z>¢) — Zt zr — -+ — 20 — 1y prompt + generated states
Denoising-stage logp(y | ) —logp(y | z;pert(s:)) — y zr — -+ — 20 — 1y denoising stages
Prompt-to-output logp(y | x) — y Zr — -+ — 20 — Yy prompt

Denoising-stage attribution. This setting asks which stages of the denoising process were most
responsible for a property of the final output. The eligible features here are not tokens but stages of
the generative process.

S =logp(y | x) —logp(y | z;pert(st)), (26)
C = nothing held fixed, (27)
O =y, (28)
P=zp—z2p 1 —> - — 20—, (29)
E=1{1,...,T}. (30)

The score is a difference rather than the marginal logp(y | ) because the marginal does not
decompose over denoising stages: there is no analog of the autoregressive factorization log p(y1.7 |
xz) = > logp(y: | z,y<¢). Attribution to a stage is therefore defined as the change in output
likelihood caused by perturbing the stage s; to pert(s;).

In a diffusion model, different stages typically commit to different aspects of the output: early
stages settle the overall meaning, late stages settle the specific wording. In our running example, the
early stage chose a generic noun (city), while a later stage committed to the specific word Paris.
This unequal contribution is what makes the contract informative: a per-stage attribution map can
identify which stage is responsible for a specific property of the output, such as a safety-relevant
token or a factual error. Computing per-stage attribution requires methods that operate on stages
directly, for example by ablating a stage or perturbing the noise schedule.



Prompt-to-output attribution. This setting targets the final output y, with attribution restricted
to prompt features x.

S =logp(y | z), (31)
C = nothing held fixed, (32)
0=y, (33)
P=zr —2r1— - — 20—, (34)
E={x1,...,zn}. (35)

This is the diffusion analog of span-level prompt attribution in autoregressive models. The explanatory
question is the same: which prompt features influenced the final output? The contract differs because
prompt influence propagates through a denoising process rather than a left-to-right factorization.

These settings are not interchangeable. They answer different feature-attribution questions, so
feature-attribution methods should not be evaluated against a single generic standard. The next
section develops this point.

5 Evaluation must be contract-specific

If feature-attribution claims are contract-relative, then feature-attribution evaluation must also be
contract-specific. There is no single generic notion of a “good attribution map” that applies uniformly
across generative language models. A test that is appropriate for one feature-attribution setting
may be inappropriate for another, because different contracts define different explanatory targets,
different eligible feature sets, and different notions of what it means for an attribution to be faithful.

Local next-token attribution. For local next-token attribution, evaluation should focus on
whether highly attributed features affect the score assigned to the target token. Suitable tests include
deletion, insertion, or other counterfactual perturbations of prompt tokens and generated-prefix
tokens, followed by measurement of the change in

log p(y: | =, y<t)- (36)

This is the setting in which standard local faithfulness tests are most natural, because the explanatory
target is itself local.

Prompt-conditioned token attribution. For prompt-conditioned token attribution, the gen-
erated prefix should remain fixed throughout evaluation. Accordingly, evaluation should perturb
prompt features while holding the generated prefix constant, and should measure changes in the
same token-level score:

log p(y: | =, y<¢)- (37)

Span-level prompt attribution. For span-level prompt attribution, the explanatory target is
the generated span y;.7, not a single token. Evaluation should perturb highly attributed prompt
features while keeping the original generation y;.r fixed, and measure the change in

logp(y1.7 | ). (38)

This re-scores the original generation under the perturbed prompt; it does not regenerate a new
sequence. An evaluation that regenerated would be testing a different contract.



State-level attribution in diffusion language models. The explanatory target is an inter-
mediate state z; rather than a final token. Evaluation should perturb highly attributed prompt
features (by deletion, masking, or replacement) or previously generated states (by replacing zy with
an alternative state for ¢’ > t), then continue the denoising chain through to step ¢ and measure the
change in

log (2t | @, 2>1). (39)

Denoising-stage attribution. For denoising-stage attribution, the eligible features are stages of
the generative process rather than tokens, so token-level perturbation tests do not apply. Evaluation
should perturb stages directly. Three natural perturbation types are: ablating a stage (replacing its
update with a no-op), perturbing the noise schedule at that stage, and substituting an alternative
denoising step. After perturbing a highly attributed stage, the rest of the denoising chain is run to
completion, and evaluation measures the change in

logp(y | ) —logp(y | x; pert(s:)). (40)

Prompt-to-output attribution. For prompt-to-output attribution, the target is the final output
y and the eligible features are prompt tokens, with the denoising chain treated as the assumed
generative process. Evaluation should perturb prompt features and regenerate the output through
the full denoising chain, measuring the change in

logp(y | x). (41)

This parallels span-level prompt attribution in the autoregressive case, but each perturbation requires
re-running the denoising process, so faithfulness tests are computationally more expensive than their
autoregressive counterparts.

These examples imply that in generative language models, an attribution method should be
evaluated together with its contract, not on its own. When the contract is not stated, two methods
that look like they disagree may just be answering different questions.

6 Related work

6.1 Classical feature attribution

Classical feature attribution methods assign importance scores to input features relative to a model
output, with Integrated Gradients [13] as a canonical example motivated by axioms such as Sensitivity
and Invariance. Subsequent work has shown that even in classical settings, attribution can be sensitive
to the explanatory task and evaluation criterion [19, 20, 21|. For text models, the attribution path
itself is a design choice. Integrated Gradients [13| interpolates in a straight line between embeddings,
but this path passes through points that do not correspond to real tokens. Discretized Integrated
Gradients [11] and Sequential Integrated Gradients |2| propose alternative paths and show that the
choice changes attribution scores. We extend this line of work to generative language models, where
the explanatory target, eligible feature set, conditioning regime, and assumed generation process
may all vary, introducing a further source of under-specification.

6.2 Feature attribution for generative language models

Several recent works extend feature attribution to sequence generation and decoder-only language
models. Inseq [12] provides an interpretability toolkit for sequence generation, Captum’s generative-
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LM interface [5] adapts attribution tooling to generated text, and ReAGent [18] proposes a model-
agnostic method for generative LMs. More recent work such as HETA [9] and CAGE [15] targets
autoregressive decoder-only generation, including higher-order effects and inter-generational influence
among generated tokens. ContextCite [1]| attributes generation to context features, and Jacobian
Scopes [3| propose three gradient-based variants targeting different model predictive outputs.

These methods are often read as competing alternatives. We argue they are not. ContextCite
and CAGE operate within prompt-to-output contracts: their target is the final generation, their
eligible features are prompt tokens, and their score is the joint sequence probability. Inseq and
Captum typically operate within local next-token contracts: their target is a single next-token
prediction, their eligible features include the generated prefix, and their score is the next-token log-
probability. HETA argues that linear attribution methods miss higher-order effects across generation
steps, which is a within-contract critique of a particular method family rather than a competing
alternative. Jacobian Scopes apply gradient-based attribution to three different scores: a specific
logit (Semantic), the full predictive distribution (Fisher), and model confidence (Temperature).
These variants instantiate the same local next-token contract and the same underlying attribution
algorithm; they differ only in the score element §. Once the contracts are named, the methods
discussed above are no longer in conflict.

The Attribution Contract makes this classification explicit: methods that look comparable on the
surface may answer different questions, and methods that look different may answer the same one.

7 Conclusion

Feature attribution in generative language models cannot be treated as a straightforward extension of
classifier-era attribution. In classical settings, it is often acceptable to assume a stable input-output
structure, a stable feature set, and a clear explanatory target. In generative language models, these
assumptions break down.

This paper introduced the Attribution Contract, the explanatory setting under which a feature-
attribution claim is made. We used this framework to distinguish several feature-attribution settings
in generative language models, including local next-token attribution, prompt-conditioned token
attribution, span-level prompt attribution, and three diffusion contracts: state-level, denoising-stage,
and prompt-to-output attribution. We also identified a common interpretive error in autoregressive
models, the self-attribution fallacy: reading attribution to generated-prefix tokens as if it answered a
prompt-level question.

The broader implication is that feature-attribution methods in generative language models cannot
be evaluated against a single standard. Different contracts ask different questions, and evaluation
must match the contract. Methods should therefore be evaluated as method—contract pairs, not in
isolation. We do not aim to replace existing methods; we aim to make their claims specific enough
to compare.
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