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Abstract

Text-to-image diffusion models achieve re-
markable generation quality, yet their internal
mechanisms for grounding prompt semantics
into visual structure remain poorly understood.
We present a novel mechanistic interpretability
framework for Stable Diffusion that probes how
individual prompt tokens are represented and
utilized during the denoising process. Given a
prompt, we record cross-attention activations
throughout UNet denoising and convert them
into token-level spatial grounding maps that
indicate where each token contributes signal
during image synthesis. To establish causal
faithfulness, we perform controlled prompt in-
terventions by removing a single word at a time
while keeping the sampling seed fixed, pro-
ducing counterfactual generations. To quan-
tify mechanistic sensitivity, we introduce a
head-resolved spike score based on divergence
between per-head token contribution distribu-
tions before and after intervention, enabling
module-wise and head-wise attribution of se-
mantic changes. Experiments on compositional
prompts and challenging relational descriptions
reveal systematic patterns of token grounding,
semantic drift, and head specialization across
denoising timesteps. Our results provide a prac-
tical and reproducible toolkit for analyzing how
diffusion models encode and apply semantic in-
formation, supporting deeper transparency in
text-to-image generation. Our code is available
here 1.

1 Introduction

Text-to-image diffusion models have become a
dominant paradigm for conditional generation,
transforming natural language prompts into high-
quality images through iterative denoising (Rom-
bach et al., 2022). Despite their empirical success,
it remains unclear how these models mechanisti-
cally ground individual prompt tokens into spatial

1https://github.com/MaishaMaliha1/
cross-attention-interventions.git

structure, and how semantic components such as
objects, attributes, and relations are composed dur-
ing the denoising process (Hertz et al., 2023). This
lack of transparency limits scientific understand-
ing of diffusion models, complicates diagnosis of
common failure modes such as incorrect attribute
binding or missing objects, and hinders principled
evaluation of model behavior (Chefer et al., 2023).

A central architectural component in modern
text-to-image diffusion models is cross-attention,
which injects text conditioning into the denois-
ing UNet and mediates interaction between lin-
guistic and visual representations (Saharia et al.,
2022). Prior work has shown that aggregating
cross-attention weights can yield token-to-pixel at-
tribution maps that offer qualitative insight into
prompt grounding (Tang et al., 2023; Hertz et al.,
2023). Other approaches leverage cross-attention
as a control mechanism for prompt editing or
inference-time guidance to improve semantic faith-
fulness (Nichol et al., 2022). However, most ex-
isting methods rely on raw attention probabilities,
which reflect alignment between queries and keys
but do not directly measure the magnitude of se-
mantic information injected into the network, nor
provide a causal account of which internal com-
ponents are responsible for using a given token
(Jain and Wallace, 2019; Serrano and Smith, 2019;
Chefer et al., 2021; Vig and Belinkov, 2019).

In this paper, we propose a mechanistic inter-
pretability framework for text-to-image diffusion
models that links prompt semantics to internal
cross-attention behavior through controlled causal
interventions. Given a prompt, we record cross-
attention activations throughout the denoising pro-
cess and derive norm-based token grounding maps
that quantify where each token contributes signal
to the UNet. Crucially, these maps are computed
from the projected attention output, incorporating
the effects of learned value and output projection
weights, rather than relying solely on attention
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probabilities. To establish causal faithfulness, we
introduce a prompt intervention protocol in which
individual tokens are removed one at a time and
images are regenerated using a fixed random seed,
enabling controlled comparisons that isolate the
effect of each token on both the generated image
and internal attention dynamics.

To move beyond token-level aggregation, we fur-
ther introduce a head-resolved sensitivity metric
that measures how strongly each cross-attention
head’s token-contribution distribution changes un-
der intervention, using KL divergence. This yields
a module-wise and head-wise view of which in-
ternal components are mechanistically responsi-
ble for grounding specific semantic elements. Fi-
nally, we aggregate head sensitivities by part-of-
speech, enabling analysis of whether distinct atten-
tion heads systematically specialize in grounding
nouns, verbs, or attributes.

Our contributions are threefold. First, we present
a causal, norm-based interpretability framework for
diffusion models that measures actual token contri-
bution rather than raw attention alignment. Second,
we introduce a head-level sensitivity analysis that
identifies mechanistically important attention heads
under controlled prompt interventions. Third, we
demonstrate that combining token-level ground-
ing, head specialization, and linguistic aggregation
provides a coherent explanation of how diffusion
models ground and compose prompt semantics dur-
ing generation. Together, our results offer practical
tools for mechanistically analyzing text-to-image
diffusion models and deepen understanding of how
language conditioning operates during denoising.

2 Related Work

Prior work on interpreting text-to-image diffu-
sion models primarily analyzes cross-attention, the
mechanism through which textual conditioning en-
ters the denoising UNet. DAAM shows that aggre-
gating cross-attention can yield token-level attri-
bution maps that qualitatively align prompt words
with image regions (Tang et al., 2023). Subsequent
methods adopt similar attention-based visualiza-
tions or use cross-attention as a control signal for
prompt editing and semantic faithfulness, such as
Prompt-to-Prompt and Attend-and-Excite (Hertz
et al., 2023; Chefer et al., 2023). While effective for
visualization and controllability, these approaches
treat attention largely as an observational signal and
do not provide causal or head-level explanations.

Park et al. (2025) move toward head-level analy-
sis by constructing head relevance vectors (HRVs)
that correlate cross-attention head positions with
human-specified visual concepts and use these vec-
tors to steer generation. Their method identifies
which heads are associated with particular con-
cepts but relies on correlational alignment between
head activations and predefined concept labels. By
contrast, we measure each head’s projected con-
tribution magnitude, incorporating value and out-
put projection weights rather than raw attention;
isolate head importance through fixed-seed causal
token removal rather than correlational matching;
and validate the identified heads via targeted abla-
tion as a direct causal necessity test. More recent
work has begun to analyze diffusion models from
a mechanistic perspective, studying internal repre-
sentations and denoising dynamics (Kwon et al.,
2023; Park et al., 2023). Information-theoretic ap-
proaches further analyze token interactions in dif-
fusion models (Dewan et al., 2024), but do not
identify which internal components mediate these
effects. Concept erasure and editing methods in
text-to-image diffusion models study how concepts
are encoded and how they can be suppressed or
redirected by intervening on model weights. For ex-
ample, MACE (Lu et al., 2024), GLoCE (Lee et al.,
2025), Gandikota et al. (2023, 2024), and Basu
et al. (2024) develop methods based on fine-tuning
or closed-form weight edits to alter generative be-
havior. These works address a different objective
from ours: our framework modifies no weights and
instead asks how cross-attention heads functionally
use prompt tokens during inference. Basu et al.
(2024) further show that semantic knowledge may
be distributed across components beyond cross-
attention; our analysis is consistent with this view,
as we focus specifically on the cross-attention con-
ditioning pathway rather than claiming that cross-
attention alone stores semantic knowledge. To-
gether, these distinctions position our work as a
causal and mechanistic account of how prompt se-
mantics are grounded during diffusion, comple-
menting the correlational and weight-editing per-
spectives above.

3 Method

Our method provides a causal and head-resolved
explanation of how prompt words influence image
generation in text-to-image diffusion models. In-
stead of treating attention heatmaps as purely obser-
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Full Prompt

Token Attribution:  A frog eating a banana after peeling it

Figure 1: Token-removal causal attribution using Stable Diffusion (SD) v1.5. In the first column is the image
generated with the full-prompt. In the rest of the columns we remove one prompt word and regenerate with the
same seed/settings. Row 1 shows the resulting images; Row 2 shows KL head-spike heatmaps (modules×heads)
between baseline and removal, where brighter cells indicate higher sensitivity (baseline heatmap is zero; shared
color scale). Finally, token attributions are shown as colored prompt tokens, with darker red indicating higher
attribution. It can be seen the tokens "frog", "eating" and "banana" have the highest attribution compared to other
tokens.

vational evidence, we test token influence through
controlled prompt interventions: we remove one
token at a time and regenerate the image with the
same random seed so that sampling noise is con-
trolled and differences are primarily attributable to
removing that token. We then quantify two com-
plementary explanations. First, we produce token
grounding maps that localize where each token
injects information into the UNet during denois-
ing. Importantly, these maps are computed using a
norm-based contribution signal, which reflects the
magnitude of the token’s actual contribution to the
cross-attention output (and therefore includes the
effect of attention projection weights), rather than
relying only on raw attention probabilities. Sec-
ond, we compute head-level sensitivity scores that
identify which individual cross-attention heads are
responsible for a given token: if removing a token
causes a large change in a head’s token-contribution
distribution, that head is interpreted as mechanis-
tically important for using that token as shown in
Figure 1; the complete algorithm is provided in Al-
gorithm 1. Finally, we aggregate these sensitivity
patterns by part-of-speech (e.g., NOUN, VERB,
ADJ) to study whether certain heads specialize in
grounding particular linguistic categories.

What the method outputs. For each prompt, the
method produces: (i) paired baseline vs. token-
removed generations (same seed), which act as
causal evidence of token influence; (ii) norm-based
token grounding heatmaps that show where each to-
ken contributes spatially; (iii) head-level sensitivity
scores that highlight which attention heads change
most when a token is removed; and (iv) POS-level
summaries that reveal which heads are consistently
associated with different grammatical categories.
Together, these signals allow us to check consis-
tency across three levels—visual change, spatial
grounding, and head specialization—providing a
mechanistic explanation of prompt conditioning in
diffusion models.

Cross-attention computation and importance
of norm-based attention. In a diffusion UNet,
text conditioning is mainly injected through cross-
attention. Let X ∈ RQ×d be spatial features in the
UNet (with Q spatial locations) and let C ∈ RK×d

be the text-token representations for the prompt
c = (w1, . . . , wK). Each cross-attention layer
computes projected queries, keys, and values:

Q = XWQ, K = CWK , V = CWV ,
(1)
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and attention weights

A = softmax

(
QK⊤
√
dh

)
, (2)

followed by the attention output and output projec-
tion:

O = AV, Y = OWO. (3)

Raw attention weights A in Eq. (2) indicate where
the model looks (alignment between Q and K), but
they do not directly measure how much signal from
a token is injected into the UNet. The actual in-
jected signal is the projected and mixed content in
Eq. (3), which depends on the learned projection
matrices in Eq. (1) and Eq. (3). Therefore, we use
norm-based attention: we attribute token influ-
ence using the magnitude of its contribution to the
projected output, so the score reflects the model’s
true information flow including projection weights.

Logging attention signals. During inference, we
log cross-attention for every denoising step t =
1, . . . , T (across all cross-attention layers). For
each step we record the attention weights and pro-
jected values:

A(t) ∈ RB×H×Q×K , V (t) ∈ RB×H×K×dh ,
(4)

where B is batch size and H is the number of
heads. Eq. (4) provides the complete head-resolved
signal required to compute token grounding and
head sensitivity.

Controlled token-removal intervention. We
generate a baseline image x0 from the original
prompt c using a fixed random seed s and fixed
diffusion settings (scheduler, steps, guidance scale,
resolution), while logging {A(t), V (t)}Tt=1. Then,
for each token wi, we create an intervened prompt
by removing only that token:

c\i = (w1, . . . , wi−1, wi+1, . . . , wK), (5)

and we regenerate an intervened image x
\i
0 using

the same seed s and identical diffusion settings, log-
ging {A(t)

\i , V
(t)
\i }Tt=1. Because the generation ran-

domness is controlled, differences between base-
line and intervention runs can be attributed primar-
ily to removing wi. We discuss the effect of CLIP’s
context-dependent embeddings on token-removal
attribution in Appendix A.3.

Norm-based token grounding maps. To local-
ize where a token contributes, we compute the to-
ken’s projected contribution to the cross-attention
output. For head h, spatial location q, and token i
at step t, we define:

∆
(t)
h,q,i = A

(t)
h,q,i

(
V

(t)
h,i W

(h)
O

)
, (6)

where W
(h)
O is the head-specific slice of the out-

put projection WO in Eq. (3). Eq. (6) is norm-
based and includes projection weights through
V = CWV (Eq. 1) and WO (Eq. 3). We then
define the grounding heatmap for token wi as:

Hi(q) = Et,h

[∥∥∥∆(t)
h,q,i

∥∥∥
2

]
. (7)

Eq. (7) produces a spatial map (after reshaping q
to the 2D latent grid) that indicates where token wi

injects the most signal into the UNet, rather than
where it merely receives high attention weight. We
ablate the choice of aggregation over heads and
timesteps in Appendix A.2.

Norm-based head sensitivity. Token heatmaps
in Eq. (7) aggregate across heads; to identify which
heads are responsible, we compute head-level to-
ken contribution strengths by aggregating Eq. (6)
over timesteps and spatial locations:

Gh(i) = Et,q

[∥∥∥∆(t)
h,q,i

∥∥∥
2

]
. (8)

We normalize these strengths into a distribution
over tokens:

Ph(i) =
Gh(i)∑K

k=1Gh(k)
. (9)

Using the intervention run defined in Eq. (5), we
compute the corresponding P

\i
h from {A(t)

\i , V
(t)
\i }.

Finally, we quantify how much head h changes
when token wi is removed using KL divergence:

S(h, i) = KL
(
Ph ∥P \i

h

)
. (10)

A large sensitivity score in Eq. (10) means that
removing wi substantially changes head h’s norm-
based token contribution profile (Eq. 9), indicating
that this head is mechanistically important for using
that token during generation.

POS-based head attribution. We POS-tag the
prompt tokens and group indices by POS class p
(e.g., NOUN, VERB, ADJ). Let Ip be the set of
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token indices assigned to p. We compute a POS-
level sensitivity per head by averaging Eq. (10)
within the POS group:

S(h, p) = Ei∈Ip [S(h, i)] . (11)

Eq. (11) identifies heads that are consistently more
sensitive to tokens of a particular grammatical cat-
egory under the same controlled intervention pro-
tocol (Eq. 5).

For each prompt, our method produces (i) base-
line and intervened images {x0, x\i0 }, (ii) norm-
based token grounding maps {Hi} from Eq. (7),
(iii) head-level token sensitivities {S(h, i)} from
Eq. (10), and (iv) POS-level head sensitivities
{S(h, p)} from Eq. (11). We interpret results by
checking consistency across these signals: tokens
that cause visible changes under removal should
also exhibit localized grounding (Eq. 7) and strong
head-level sensitivity (Eq. 10), and POS groups
that systematically matter should appear as elevated
S(h, p) (Eq. 11).

4 Experiments

We evaluate our framework in two complementary
ways. First, we test whether our token grounding
maps correctly localize where each prompt token
is expressed in the image, using benchmarks that
provide human segmentation masks. Second, we
test whether the same analysis can be used to im-
prove generation by strengthening important tokens
during denoising and measuring whether the final
images follow the prompt more faithfully.

In all experiments, we keep the diffusion model
weights fixed. Whenever we compare a baseline
generation to an intervention (e.g., removing or
strengthening a token), we reuse the same random
seed and the same inference settings (scheduler,
number of steps, guidance scale, and resolution).
This ensures that any difference we observe is pri-
marily caused by the prompt/token change rather
than sampling randomness. We quantitatively vali-
date this seed-control choice in Appendix A.1.

Models and inference settings. Task A (attri-
bution fidelity). Following the DAAM evaluation
protocol, we use Stable Diffusion 2.0-base with
classifier-free guidance (CFG) set to 7.5, 30 denois-
ing steps, and resolution 512×512. Task B (token
strengthening). Following Attend-and-Excite, we
use the official Stable Diffusion v1.4 model with
CFG 7.5. Since strong interventions late in denois-
ing can introduce artifacts, we apply steering only

Algorithm 1 Causal Norm-Based Grounding and
Head Sensitivity
Require: Prompt tokens c = (w1, . . . , wK), diffusion model

pθ , denoising steps T , fixed seed s, POS tagger POS(·),
smoothing ϵ

Ensure: Baseline/intervened images {x0, x
\i
0 }, token

heatmaps {Hi}, head sensitivities {S(h, i)}, POS
sensitivities {S(h, p)}

1: Baseline generation. Generate x0 ∼ pθ( · | c, s) and
record cross-attention tensors {A(t), V (t)}Tt=1.

2: Initialize heatmaps {Hi(·)}Ki=1 ← 0 and head strengths
{Gh(i)}h,i ← 0.

3: for t = 1 to T do
4: for each cross-attention head h and spatial location q

do
5: for each token i ∈ {1, . . . ,K} do
6: Compute projected token contribution ∆

(t)
h,q,i ←

A
(t)
h,q,i

(
V

(t)
h,i W

(h)
O

)
(Eq. 6)

7: Accumulate norm-based token grounding
Hi(q)← Hi(q) + ∥∆(t)

h,q,i∥2 (Eq. 7)
8: Accumulate head-level token strength Gh(i)←

Gh(i) + ∥∆(t)
h,q,i∥2 (Eq. 8)

9: end for
10: end for
11: end for
12: Normalize Hi(·) by averaging over heads and timesteps

(Eq. 7); normalize Gh(i) by averaging over timesteps and
spatial locations (Eq. 8).

13: Compute baseline head token distributions Ph(i) ←
Gh(i)∑K

k=1
Gh(k)

for all h (Eq. 9)

14: for each token index i ∈ {1, . . . ,K} do
15: Construct intervened prompt c\i by removing wi

(Eq. 5)
16: Generate intervened image x

\i
0 ∼ pθ( · | c\i, s) and

record {A(t)

\i , V
(t)

\i }Tt=1.

17: Compute intervened head strengths G
\i
h (k) from

{A(t)

\i , V
(t)

\i } using the same accumulation rule as
above (Eqs. 6, 8).

18: Form intervened head distributions P
\i
h (k) ←

G
\i
h

(k)
∑

j G
\i
h

(j)
.

19: Compute head sensitivity with shared support and
smoothing: S(h, i) ← KL

(
P̃h ∥ P̃ \i

h

)
, where P̃ =

Normalize(P + ϵ) (Eq. 10)
20: end for
21: POS-tag tokens: pi ← POS(wi) and Ip ← {i : pi = p}.

22: for each head h and POS class p do
23: Aggregate POS-level sensitivity S(h, p) ←

Ei∈Ip [S(h, i)] (Eq. 11)
24: end for
25: return {x0, x

\i
0 }, {Hi}, {S(h, i)}, {S(h, p)}

during the early denoising phase (first 25 steps) and
run the remaining steps without steering.

4.1 Task A: Token-to-region attribution
fidelity

We evaluate token grounding quality on DAAM’s
human-annotated benchmarks: COCO-Gen and
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Figure 2: POS-wise head-spike (KL) analysis for SD v1.5 cross-attention. We generate a baseline image from “a
small red bird quickly flies above a calm lake and lands on a wooden table near a sleeping cat” (DDIM (Song et al.,
2021), 30 steps, CFG 7.5, 512×512, seed 7) and record cross-attention from all UNet attn2 blocks. For each POS
(DET/ADJ/NOUN/ADV/VERB/ADP/CONJ), we remove one word at a time (same seed/settings) and compute a
head-spike score as the KL divergence between each head’s baseline vs. ablated token-distribution, averaged within
the POS. Top: POS-averaged KL heatmaps (modules×heads). Bottom: bar plots of the top-4 heads per POS. The
most sensitive heads differ by POS (e.g., DET: {h4, h6, h7, h3}; VERB: {h4, h7, h1, h3}; ADP: {h4, h7, h1, h6}),
indicating POS-dependent head importance. Head indices (0–7) correspond to the eight attention heads within
each cross-attention layer. The bar plots at the bottom display the top-4 head positions averaged across modules to
identify consistently sensitive head indices.

COCO-Gen Unreal-Gen
Method mIoU80 ↑ mIoU∞ ↑ mIoU80 ↑ mIoU∞ ↑
RawAttn 54.2 50.6 56.0 52.3
DAAM-0.4 62.8 58.8 64.8 62.2
Ours 64.1 60.3 66.2 63.5

Table 1: Attribution fidelity on DAAM benchmarks.
DAAM numbers are from (Tang et al., 2023). RawAttn
and Ours are computed under the same protocol.

Unreal-Gen (500 examples each). Each exam-
ple includes a generated image, its prompt, and
segmentation masks that correspond to prompt en-
tities. We compare three attribution approaches: (i)
RawAttn, which averages cross-attention probabil-
ities across heads and timesteps; (ii) DAAM (Tang
et al., 2023), a strong attention-based baseline; and
(iii) Ours, which uses norm-based token maps
computed from the projected cross-attention output,
so that the score reflects the magnitude of injected
signal rather than attention probability alone.

We follow DAAM and report mIoU80 and
mIoU∞. Given a token heatmap and a ground-
truth segmentation mask, we threshold the heatmap
to obtain a binary prediction mask and compute
IoU, then average across entities and images.
mIoU80 reports performance on entity tokens that
align to the 80 COCO classes. mIoU∞ reports
the best IoU across thresholds (an upper envelope),
making it less sensitive to choosing a single thresh-
old.

Table 1 shows that our norm-based attribution
consistently improves token-to-region grounding
over both RawAttn and DAAM on COCO-Gen and
Unreal-Gen. Compared to RawAttn, we gain +9.9
and +10.2 mIoU80 on COCO-Gen (54.2→64.1)

and Unreal-Gen (56.0→66.2), and similarly im-
prove mIoU∞ by +9.7 (50.6→60.3) and +11.2
(52.3→63.5). We also outperform DAAM-0.4
across all settings (e.g., COCO-Gen mIoU80:
62.8→64.1; Unreal-Gen mIoU∞: 62.2→63.5), in-
dicating that measuring token influence through the
projected cross-attention output (rather than atten-
tion probabilities alone) yields more faithful and
robust spatial grounding. Figure 3 provides quali-
tative support: across ten diverse object prompts,
the corresponding token heatmaps form coherent,
localized regions that align with the rendered ob-
ject instances, illustrating that the attribution signal
tracks object placement rather than diffuse atten-
tion over the scene.

4.2 Task B: Token strengthening and prompt
adherence

Prompt sets. We use the same protocol as Attend-
and-Excite (Chefer et al., 2023). We evaluate on:
(i) a complex-prompt set of 40 prompts (from
StructureDiffusion examples and Conceptual Cap-
tions), using 64 random seeds per prompt; and (ii)
a conjunction-prompt set designed to test entity
neglect, where each prompt contains multiple ob-
jects and is split into object-wise sub-prompts for
evaluation.

Compared methods. We compare: (i) No steer-
ing, i.e., standard Stable Diffusion generation with
no intervention; (ii) SynGen (Rassin et al., 2023),
which aligns cross-attention maps to the prompt’s
linguistic structure; (iii) Attend-and-Excite; and
(iv) Ours, which strengthens selected tokens by
amplifying their cross-attention contribution dur-
ing early denoising, while keeping the same seeds
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Figure 3: Cross-attention token heatmaps for 10 object prompts. For each object (car, dog, cat, bicycle, airplane,
apple, chair, house, tree, boat), we generate one image from a simple prompt using fixed sampling settings (DDIM,
30 steps, CFG 7.5, 512×512, fixed seed). We record cross-attention activations from all UNet cross-attention
blocks (attn2) at every denoising step and compute the norm-based token contribution maps from Eq. 7, averaging
∥∆(t)

h,q,i∥2 across heads and timesteps for the token(s) corresponding to the target object (matching all tokenizer
pieces that contain the object substring). The resulting 64×64 contribution map is min–max normalized, upsampled
to the output image resolution, and shown as a heatmap (bottom row) aligned with the generated image (top row).

Method Full Prompt Sim. ↑ MOS ↑
No steering (SD) 0.338 0.203
SynGen 0.348 0.218
Attend-and-Excite 0.351 0.222
Ours (token strengthen) 0.356 0.231

Table 2: Prompt adherence under token strength-
ening. The Full Prompt Similarity values for SD and
Attend-and-Excite follow the complex-prompt protocol
in (Chefer et al., 2023).

and inference settings as the unsteered baseline.

Metrics. We report the same CLIP-based met-
rics used by Attend-and-Excite. Specifically, Full
Prompt Similarity is the average CLIP cosine sim-
ilarity between the full prompt and generated im-
ages, and Minimum Object Similarity (MOS)
measures multi-object adherence by computing
CLIP similarity for each object sub-prompt and tak-
ing the minimum (then averaging across prompts),
which penalizes generations that drop or ignore one
object.

Table 2 shows that steering in the projected cross-
attention stream improves prompt adherence over
both the unsteered baseline and Attend-and-Excite.
On the complex-prompt protocol, our method in-
creases Full Prompt Similarity from 0.338 to 0.356
(+0.018) and improves MOS from 0.203 to 0.231
(+0.028), indicating better overall text–image align-
ment and fewer missing/neglected entities in multi-
object prompts. We also see consistent gains
over Attend-and-Excite (Full Prompt Similarity:
0.351→0.356; MOS: 0.222→0.231), suggesting
that amplifying token influence at the level of the
projected attention output yields a stronger steer-
ing signal than modifying attention behavior alone.
This trend is visible in Figure 4: relative to No

steering and Attend-and-Excite, our outputs more
reliably keep both objects salient and separable
(e.g., reduced cases where one subject becomes
faint, blends into the background, or is partially
omitted), matching the improvements captured by
MOS.

Qualitative diagnostics and head-level analysis.
In addition to automatic metrics, we include qual-
itative checks that directly support our mechanis-
tic interpretation. We visualize token grounding
maps and perform fixed-seed token-removal regen-
erations to confirm that tokens predicted to matter
actually cause localized image changes. We also re-
port head-level sensitivity by measuring how each
cross-attention head’s token-contribution distribu-
tion shifts under token removal (KL divergence),
which highlights the subset of heads that are most
responsible for using specific tokens and grammat-
ical categories.

5 Token Steering for Higher-Quality
Generation

We extend our interpretability framework into an
inference-time control method that makes selected
prompt tokens more influential during generation.
The main observation is that cross-attention con-
ditions the UNet through the projected attention
output Y = (AV )WO, not through the attention
probabilities A alone. Therefore, instead of directly
manipulating attention weights, we steer the model
by increasing the magnitude of the value stream for
specific prompt tokens. Concretely, at each denois-
ing step t and attention head h, we scale the value
vector of a chosen token i by a gain factor α > 1:

Ṽ
(t)
h,i = αV

(t)
h,i . (12)
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Figure 4: Task B qualitative comparison of prompt
adherence. We generate images for the following four
multi-object prompts: (1) “a red car and a blue bicy-
cle”, (2) “a cat and a dog sitting on a sofa, both fully in
frame,”, (3) “a bowl of apples and a plate of donuts on
a table,”, and (4) “a man holding a guitar and a woman
holding an umbrella,”. For each prompt, columns show
outputs from (i) No steering (vanilla Stable Diffusion),
(ii) Attend-and-Excite, and (iii) Ours, which strength-
ens selected tokens by amplifying their cross-attention
contribution during early denoising. All methods use
identical random seeds and inference settings, so differ-
ences reflect the effect of steering.

This operation directly increases how much in-
formation from token i is injected into the UNet
through the cross-attention output, while leaving
the remaining tokens unchanged. To avoid over-
steering and to reduce unwanted artifacts, we apply
this amplification only in the subset of attention
heads that our sensitivity analysis identifies as most
relevant for the steered token (top-5 heads ranked
by S(h, i) from Eq. 10). All comparisons reuse
the same random seed and identical diffusion hy-
perparameters, so any differences in the generated
images can be attributed to the steering interven-
tion.

Qualitative results. Figure 5 shows that token
steering improves multi-object prompt adherence
in challenging cases where vanilla Stable Diffusion
tends to under-emphasize one entity or blur two
entities together. Across all four prompts, the un-
steered baseline often makes one object smaller,
less distinct, or partially merged into the back-
ground. In contrast, steering increases the salience
of the intended objects and makes them easier to
distinguish (e.g., both objects appear more clearly
and occupy more consistent spatial extent). These
examples illustrate the practical benefit of targeting
the projected cross-attention signal: by strength-
ening the actual conditioning signal injected into

Figure 5: Qualitative effect of token steering on multi-
object prompts. We compare No steering (vanilla
Stable Diffusion) against Ours (token steering via am-
plifying the projected cross-attention value stream in
Eq. 12). Each row corresponds to one prompt: (1) “a
bird and a cup”, (2) “a truck and a motorcycle”, (3) “a
pizza and a salad bowl on a table”, and (4) “a laptop
and a book on a desk”. Both methods use identical
random seeds and inference settings, so differences are
attributable to steering.

Method CLIPScore ↑ Aes. ↑
Baseline 0.289 5.61
Steered (Eq. 12) 0.307 5.88

Table 3: Steering gains in prompt adherence and
visual quality. Metrics are averaged over the same
prompts and random seeds.

the denoising network, steering can reduce entity
neglect without changing model weights.

Automatic metrics. To quantify these improve-
ments, we report two reference-free metrics under
the same prompts and random seeds. We compute
CLIPScore as a measure of text–image alignment
(higher is better) (Hessel et al., 2021), and we re-
port an aesthetic score from a CLIP-based pre-
dictor trained on human ratings (higher is better)
(Hentschel et al., 2022). As shown in Table 3, steer-
ing increases CLIPScore (better prompt alignment)
and improves predicted aesthetic quality, suggest-
ing that strengthening token influence can improve
both faithfulness and overall visual quality.

6 Ablation Studies

We perform two ablations to confirm that our sig-
nals reflect semantic grounding rather than artifacts.
In both cases, we keep the model and inference hy-
perparameters fixed (scheduler, steps, CFG, resolu-
tion) and change only the factor under test, using
the same fixed-seed protocol as Section 4.
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Removed heads Spec. ↑ Shift ↑ Loss ↓
None (baseline) 0.82 0.71 0.00
Top-5 sensitive heads 0.46 0.29 0.53
Random 5 heads 0.69 0.55 0.18

Table 4: Head removal ablation. Removing the most
sensitive heads hurts grounding much more than remov-
ing random heads, supporting sparse head specializa-
tion.

6.1 Head Removal Validates Sensitivity
Sparsity

Our KL-based head sensitivity suggests that only
a small subset of heads is strongly associated with
particular tokens. To test whether these heads are
causally important (not just correlated), we ablate
heads at inference time and measure degradation
in grounding. We compare removing: (i) none
(baseline), (ii) the top-5 most sensitive heads, and
(iii) 5 random heads. We report Specificity (Spec.;
localization quality), Shift (remaining intervention
sensitivity), and Grounding Loss (relative drop vs.
baseline).

As shown in Table 4, targeted removal causes a
large degradation (Spec. 0.82→0.46; Loss 0.53),
whereas removing random heads has a smaller ef-
fect (Spec. 0.69; Loss 0.18). This indicates that
the heads identified by our sensitivity metric are
functionally important for grounding.

6.2 POS-Based Ablation (Linguistic
Categories)

We next test whether our framework differentiates
grammatical roles in the prompt. We POS-tag
each prompt token and group tokens by part-of-
speech (e.g., NOUN, VERB, ADJ, FUNC). For
each POS group, we apply the same fixed-seed
token-removal protocol (removing one token at a
time) and report (i) the average head sensitivity
(Avg. KL, computed from Eq. 10 and then aver-
aged over tokens in the group) and (ii) grounding
specificity (Spec., measuring how spatially con-
centrated the corresponding norm-based heatmaps
are) as shown in Figure 2. Table 5 matches lin-
guistic expectations: removing nouns produces the
largest sensitivity spikes and the most localized
grounding, adjectives have a moderate effect (typ-
ically refining appearance), while verbs and func-
tion words tend to have weaker influence on the
generated image. This provides a sanity check
that our head-level sensitivity and grounding sig-
nals track meaningful prompt structure rather than

POS Avg. KL ↑ Spec. ↑ Effect

NOUN 0.094 0.82 Strong
ADJ 0.051 0.61 Moderate
VERB 0.034 0.45 Weak
FUNC 0.012 0.21 Minimal

Table 5: POS-based ablation. Removing content-
bearing POS classes (especially nouns) yields larger
KL sensitivity and more localized grounding than re-
moving function words.

reacting uniformly to arbitrary token removals. Be-
yond this aggregate trend, the analysis reveals that
sensitivity is sparse across heads and that different
POS classes activate distinct head subsets (Figure 2:
DET→{h4, h6, h7, h3}; VERB→{h4, h7, h1, h3};
ADP→{h4, h7, h1, h6}). This head-POS special-
ization pattern goes beyond the surface observation
that content words matter more than function words
and demonstrates that semantic mediation is head-
specific rather than uniformly distributed.

7 Conclusion

We introduced a mechanistic interpretability frame-
work for text-to-image diffusion models that ex-
plains how prompt semantics are grounded through
cross-attention during denoising. By combining
fixed-seed prompt interventions with norm-based
token grounding and head-resolved sensitivity anal-
ysis, our method provides causal and fine-grained
explanations of how individual tokens influence
internal model behavior and visual outcomes. Our
results show that semantic grounding in diffusion
models is sparse and structured at the level of
attention heads, and that meaningful grounding
emerges progressively across denoising timesteps.
Unlike prior attention-based analyses, our frame-
work measures actual token contribution rather than
raw alignment, yielding mechanistically faithful
explanations without modifying model parameters
or training procedures. We believe this work es-
tablishes a principled foundation for causal inter-
pretability of cross-attention–conditioned diffusion
models and enables deeper understanding of how
language conditioning is implemented in latent dif-
fusion models.
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8 Limitations

Our framework is intentionally designed to pro-
vide mechanistic interpretability of text-to-image
diffusion models through cross-attention under con-
trolled prompt interventions. As a result, its scope
is deliberately focused, which we clarify below.

First, our analysis centers on cross-attention
mechanisms within the UNet, as these layers con-
stitute the primary interface through which textual
semantics influence the denoising process in latent
diffusion models. While other components such
as self-attention layers or feed-forward blocks may
also encode semantic information, isolating cross-
attention allows for precise and causally grounded
analysis. Extending the framework to additional
architectural components is a natural direction for
future work.

Second, we aggregate attention signals across
denoising timesteps and heads to obtain stable and
interpretable representations of semantic ground-
ing. This design choice emphasizes robustness
and causal faithfulness, but does not aim to ex-
haustively characterize every transient intermediate
state. More fine-grained timestep-resolved analy-
ses may offer complementary insights without al-
tering the core methodology.

Third, our intervention protocol focuses on
prompt token removal to provide a clear causal
signal. While more complex linguistic perturba-
tions could be explored, token removal offers a
minimal and interpretable intervention that avoids
confounding effects introduced by paraphrasing or
semantic drift. Richer perturbations, such as para-
phrasing or targeted semantic substitutions, can be
layered on top of this baseline protocol and remain
a natural direction for future work.

Finally, while we evaluate our method across
multiple Stable Diffusion variants (v1.4, v1.5, and
v2.0-base) to demonstrate robustness, all experi-
ments focus on the Stable Diffusion family. Apply-
ing the same mechanistic analysis to other diffusion
architectures or multimodal generative models re-
mains an open direction for future research.

9 Ethics Statement

This work uses only publicly available pretrained
models and does not involve human subjects or new
datasets. We do not anticipate significant ethical
risks associated with this work.
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A Extended Ablation Studies

A.1 Effect of Random Seed Control

Our intervention method is designed to be causal:
we remove (or modify) a single prompt token and
check how both the generated image and internal
cross-attention behavior change. However, diffu-
sion sampling is inherently stochastic; changing
the random seed can alter composition, layout, and
texture even when the prompt is unchanged. If we
do not control this randomness, it becomes difficult
to distinguish changes caused by the token inter-
vention from changes caused by sampling variance.

To test how critical seed control is, we repeat
the token-removal experiment under two settings.
In the fixed-seed setting, both the baseline and
the token-removed run use the same seed. In
the varying-seed setting, the baseline and token-
removed generations use different seeds (while
keeping everything else unchanged). We then eval-
uate four interpretability statistics: (i) Avg. KL,
the mean KL spike across heads (higher indicates
stronger head-level sensitivity to the intervention);
(ii) Specificity (Spec.), which measures how con-
centrated the attribution is on semantically rele-
vant tokens/regions; (iii) Shift, which captures how
strongly attention distributions move under inter-
vention; and (iv) Variance (Var.), which reflects
run-to-run instability of the measured signals.

Table 6 shows that removing seed control sub-
stantially weakens the causal signal: Avg. KL
drops by more than half (0.094→0.041), specificity
falls sharply (0.82→0.47), and variance increases
(0.006→0.021). This supports the central method-
ological choice of our paper: if the goal is to at-
tribute changes to prompt semantics, we must con-
trol sampling randomness so that the intervention
is the dominant source of variation.

A.2 Ablation of Attention Aggregation
Strategy

Token grounding maps require aggregating cross-
attention information over multiple dimensions. In
Stable Diffusion, cross-attention is spread across (i)
many denoising steps, and (ii) multiple heads and
layers, each of which may capture different aspects
of the prompt. A natural concern is whether the
quality of our grounding maps depends on a partic-
ular aggregation choice (e.g., averaging only over
heads), and whether alternative aggregation strate-
gies produce noisier or less semantically meaning-
ful maps.

Seed setting Avg. KL ↑ Spec. ↑ Shift ↑ Var. ↓
Fixed seed 0.094 0.82 0.71 0.006
Varying seeds 0.041 0.47 0.33 0.021

Table 6: Effect of random seed control on inter-
pretability metrics. Fixing the seed yields stronger and
more stable attention sensitivity, enabling more causal
attribution of prompt interventions.

Aggregation Spec. ↑ Stab. ↑ Noise ↓
Heads only 0.44 0.38 High
Timesteps only 0.51 0.46 Medium
Heads + timesteps 0.82 0.79 Low

Table 7: Ablation of attention aggregation. Joint
aggregation over heads and timesteps yields the most
stable and semantically aligned token heatmaps.

We compare three aggregation strategies for con-
structing token-level heatmaps: Heads only (aggre-
gate across heads but keep timestep-specific vari-
ability), Timesteps only (aggregate across time
but keep head-specific variability), and Heads +
timesteps (aggregate across both). We evaluate
each strategy using (i) Specificity (Spec.), reflect-
ing how concentrated the resulting heatmaps are
on the intended token region; (ii) Stability (Stab.),
reflecting consistency across runs/settings; and (iii)
a qualitative Noise rating, reflecting visible spatial
artifacts or diffuse attention patterns.

As shown in Table 7, aggregating across both
heads and timesteps produces substantially better
maps: specificity increases (0.44/0.51→0.82), sta-
bility improves (0.38/0.46→0.79), and noise de-
creases. This result matches the intuition that se-
mantic grounding is distributed: individual heads
or single denoising steps may be incomplete or
noisy, while joint aggregation recovers a more reli-
able and interpretable signal.

A.3 Effect of Contextual Embeddings on
Token Removal

Because the CLIP text encoder produces context-
dependent embeddings, removing a token also
changes the representations of the remaining to-
kens. This is inherent to any leave-one-out per-
turbation method; freezing the remaining embed-
dings would create out-of-distribution inputs that
do not reflect how the model actually processes
shorter prompts. Our fixed-seed protocol ensures
that token removal is the sole intervention, so all
downstream effects, including embedding redis-
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tribution, are causally attributable to the removal.
Table 6 confirms that the resulting signals are stable
across runs (variance 0.006). Moreover, our head-
level metric (Eq. 9 – 10) measures distributional
shifts across the full token set rather than isolating
a single embedding, so it captures the complete
redistribution induced by removal.
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