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Explaining a vision-language model (VLM) prediction requires tracing training-example influence
to the multimodal evidence that mediates it, yet existing attribution methods largely operate only
at the sample level. Recent latent-mediated influence methods provide feature-level attribution
in language models, but lack the multimodal and spatial structure needed to ground influence
in VLMs. We introduce MOSAIC (Multimodal Orthogonalized Sparse Autoencoders for Influence
Characterization). It learns a shared sparse image—text latent space whose concepts are 1) sparse
within each modality, 2) supported on contiguous image regions, 3) aligned to the phrases that
describe them, and 4) approximately decorrelated. It then applies EK-FAC to decompose training-
example influence through these concepts and localize their contributions to specific text phrases
and image regions. We evaluate MOSAIC on Qwen and Gemma across captioning, chest X-ray
understanding, and visual question answering. The learned features are more localized and
coherent without degrading task behavior, and ablating influence-ranked latents changes model
outputs more than ablating latents ranked by activation or frequency. We find that visual evidence
can substantially reorganize training-data attribution while preserving more of the shared latent
structure. MOSAIC thus connects where model behavior comes from with what multimodal evidence
carries that influence.

1 Introduction

Understanding a visual prediction requires more than identifying salient pixels or patches: it requires
linking the visual evidence a model relies on to the training examples that shaped that reliance. Vision
attribution methods can localize prediction-relevant regions (Selvaraju et al., 2017; Chefer et al., 2021)
(Fig. 1a), while data-attribution methods trace predictions to influential training examples (Koh & Liang,
2017; Park et al., 2023; Grosse et al., 2023). Yet, these two views are rarely connected, especially for
vision-language models (VLMs). Even when data attribution successfully identifies an influential training
example, it treats the image as a monolithic unit, answering only which example mattered, not how
it mattered. To truly audit a VLM, we must drill down from the entire training sample to the specific
concepts within it that actually drove the prediction.

VLMs make this finer-grained, concept-level attribution uniquely tractable. Unlike language-only models,
influential features can be inspected along both semantic and spatial dimensions: a feature associated with
a phrase can be directly checked against the image region on which it activates. This dual-sided inspection
reveals not just the influential example, but what concept carries its influence and where that concept
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appears. This yields the multimodal attribution chain: training example <> multimodal concept «»

phrase / image region.
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features (Pach et al., 2025; Shen et al., 2025; Shu
et al., 2026; Liao et al., 2026), but are not tai-
lored for training-data attribution and auditing
(Fig. 1b).

We introduce MOSAIC (Multimodal Orthogonal-
ized Sparse Autoencoders for Influence Charac-
terization), a framework for grounded latent-
mediated influence in VLMs (Fig. 1d) by learning
a latent representation whose features are both
spatially grounded and cross-modally aligned, then attributing training-example influence through those
features. MOSAIC first learns a shared TopK dictionary over image and text representations while pre-
serving their distinct structure. To ensure that visual features correspond to coherent regions rather than
scattered patches, it groups patches into regions, then imposes group and exclusive sparsity. To ensure that
features are comparable across modalities, it aligns pooled phrase and region responses in the shared latent
space and decorrelates latent activity, yielding a better-separated basis for attribution. Second, given this
representation, an EK-FAC-based (Grosse et al., 2023) influence estimator decomposes each training exam-
ple’s effect over individual sparse features and projects those contributions back to the corresponding text
phrases and image regions: prediction <> training example <> sparse latent <+ phrase / image region.

Figure 1: (a) Input attribution localizes evidence but
lacks training-data specific attribution. (b) Multi-
modal SAEs expose internal concepts without trac-
ing their training origins. (c) Latent influence traces
training examples through features but lacks multi-
modal grounding. (d) MOSAIC connects influential
training examples to sparse multimodal concepts and
localized evidence.

MOSAIC (as illustrated in Fig. 2) enables questions that language-only attribution cannot pose. Do
influential features correspond to localized cross-modal evidence? Are they causally important to the
prediction? And how does visual evidence change the training examples through which a prediction is
supported? We study these questions across two VLM architectures (Qwen and Gemma) and three tasks:
image captioning, chest X-ray understanding, and visual question answering.

Our experiments show that 1) the structured latents are spatially localized and semantically grounded,
2) influence ranking identifies behaviorally consequential features, and 3) visual evidence substantially
reshapes training-data attribution. First, the structured latent space yields substantially more localized
multimodal features while largely preserving task performance: on GQA with Qwen, visual footprint
(the fraction of image patches on which a feature activates) drops from 0.688 to 0.120, indicating that
visual features concentrate on substantially smaller regions, with similar gains across tasks/backbones.

Second, influence-ranked latents are markedly more behaviorally consequential than activation-based
alternatives: on GQA with Gemma, removing the top 256 influence-ranked latents flips 38.3% of predic-
tions versus 8.3% under activation ranking, with the same trend across datasets and models. Together,
these results support the learned latent decomposition as a meaningful basis for attribution.

Finally, visual evidence substantially reshapes training-data attribution. Removing the image drives
training-example rank correlation as low as p = —0.797, while latent rankings remain positively correlated
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at up to p = 0.795. Thus, the influential examples can change dramatically even as substantially more of
the underlying latent feature structure is preserved.

In summary, our contributions are threefold: (1) a grounded training-data attribution framework for
VLMs that links training examples to localized phrases and image regions through a shared sparse latent
basis; (2) an attribution-oriented multimodal sparse autoencoder (SAE) whose features are spatially
coherent and cross-modally aligned; and (3) an empirical characterization showing that visual evidence
can substantially reorganize training-data attribution while latent structure remains more stable and
that the resulting features are behaviorally consequential and semantically grounded.

2 Related Work

Training-data attribution and latent influence. Training-data attribution methods, from influence
functions to scalable approaches such as TRAK and approximations like EK-FAC (Koh & Liang, 2017;
Park et al., 2023; Grosse et al., 2023), estimate how training examples affect model predictions. Recent
work extends attribution toward more scalable or concept-level analyses, including sparse-recovery-based
attribution, semantic concept influence, and concept-level attribution in generative models (Dagli et al.,
2026; Kowal et al., 2026; Park et al., 2026). Most closely related, Yu et al. (2026) decomposes example
influence through approximately orthogonal SAE features, exposing the latent features that mediate a
prediction. We extend this view to VLMs, where influence must be resolved jointly over linguistic and
spatially organized visual representations, enabling a hierarchy from influential training examples to
multimodal concepts and localized evidence.

Visual and multimodal attribution. Visual attribution methods localize prediction-relevant evidence
using gradients, attention, or relevance propagation (Selvaraju et al., 2017; Abnar & Zuidema, 2020;
Chefer et al., 2021). Recent work further studies latent visual attribution, modality reliance, grounding,
causal intervention, and mechanistic tracing in VLMs (Dreyer et al., 2025; Parcalabescu & Frank, 2025;
Geigle et al., 2024; Liet al., 2025; Wang et al., 2026; Park et al., 2025). Together, these approaches identify
or manipulate prediction-relevant visual evidence, modality contributions, or internal mechanisms, but
do not connect them to the training examples that shaped the prediction. Since attention itself need
not provide a faithful explanation (Jain & Wallace, 2019; Wiegreffe & Pinter, 2019), we use frozen
VLM attention only to construct phrase-region correspondences; attribution is instead determined by
training-data influence through the learned latent representation.

Sparse multimodal representations. SAEs decompose dense activations into sparse, interpretable
features (Cunningham et al., 2023; Gao et al., 2024). Recent multimodal extensions study shared
image-text features, cross-modal alignment, hierarchical and compositional visual concepts, and spatially
structured representations (Pach et al., 2025; Shen et al., 2025; Shu et al., 2026; Nasiri-Sarvi et al., 2026;
Lou et al., 2025; Zaigrajew et al., 2025; Zhao et al., 2026; Lanza et al., 2026; Liao et al., 2026). Howevet,
these representations are not designed to mediate example-level training-data influence. In contrast,
we learn a shared, position-resolved image—text latent basis with spatial coherence and phrase-region
alignment, and decompose training-example influence through this basis to connect predictions, training
examples, multimodal concepts, and localized visual and linguistic evidence.

3 Method

This section describes MOSAIC (Fig. 2). We first review the latent-mediated influence formulation
on which our method builds and define the shared SAE representation (§3.1). We then introduce
spatial constraints on visual features (§3.2) and phrase region alignment (§3.3). We aggregate latent
attribution scores over image regions and text phrases (§3.4), using EK-FAC for scalable inverse curvature
computation (§3.5). The SAE is optimized in two stages: learning a reconstructive dictionary, followed
by spatial and cross-modal shaping. Full SAE configuration, layer placement, and optimization details
are provided in Appendix H.

3.1 Background and Multimodal Latent Basis

Following Yu et al. (2026), we split the VLM at layer [ as hy = hy, o hp, and insert an SAE there. For
example i, let R; € RT*" denote its sparse SAE activations, where ritj is the activation of latent j at

3



Cross-Modal Latent Influence: Patch-Level Training Sample Attribution for Vision-Language Models

sequence position ¢. The SAE decoder reconstructs the intermediate representation from R;, which is
then passed to the upper model kg, .
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the training example’s latent repre-
sentation is varied, identifying which
active features carry its influence on
z«. This activation-weighted deriva-
tive gives a first-order attribution rel-
ative to an inactive-feature baseline,
so inactive latents receive zero attri-
bution. To make this decomposition
multimodal and spatially localizable,
we construct a latent basis over visual and linguistic representations. As illustrated in Fig. 2a—
b, at layer [ the VLM represents example i as a sequence of image- and text-token hidden states,
X b=zl -2l ]T € RTi*d where 2!, € R? is the hidden representation of one image or text token, 7;
is the sequence length, and d is the VLM hidden dimension. We denote the image and text positions with
Pimg and Ptxt-

We apply the same TopK SAE position-wise to both modalities: a;; = Wenc(xﬁt — bpre) + bene,  Tit =
ReLU(TopK(ait)), Z%, = Waecrit + bpre- Here, ajt, vz € R" are the latent pre-activation and sparse
code, respectively, and 7!, € RY reconstructs the original hidden state. TopK, retains the k largest entries
before ReLU, yielding at most & active features per position. Stacking r;; across positions gives R; above.

Figure 2: Overview of MOSAIC. (a) Intermediate VLM image
and text representations. (b) Shared TopK SAE with a com-
mon sparse dictionary. (c) Spatially structured sparsity for
region-coherent visual features. (d) Contrastive phrase-region
alignment using frozen VLM attention. (e) Latent decorrelation
for a better-separated attribution space. (f) EK-FAC influence
tracing predictions to training examples, latents, phrases, and
image regions.

The shared encoder and decoder give image and text positions a common latent dictionary, while visual
activations are further shaped by the spatial constraints in §3.2. Finally, because redundant latent
coordinates make feature-level influence difficult to interpret, we encourage approximately decorrelated
latent activity. This regularizes latent activation patterns rather than enforcing orthogonality of the
overcomplete decoder dictionary. The exact decorrelation objective and SAE training details are provided
in Appendix G.1.

3.2 Spatially Structured Visual Sparsity

Token-level sparsity alone does not ensure that a visual feature corresponds to a coherent image region.
We therefore adapt the structured visual sparsity construction of Liao et al. (2026), grouping image
patches using patch—patch attention, spatial proximity, and connectivity-constrained clustering.

For example i, let G; = {G,1, ..., Gin, } denote the partition of image-token positions produced by this
clustering procedure, where G, C Ping is region m and M; = |G;| is the resulting number of regions. Let
¢itj € {0, 1} denote whether latent j is selected by TopK at position ¢t. We keep the TopK selection discrete
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in the forward pass and use an identity gradient approximation during backpropagation. Unlike Liao et al.
1/2
2026, we normalized regional support by the region size: e;j,, = (ﬁ Y oie G a j> . Further, the

spatial objective for an example with M; regions is Eip)atlal Agroup D s j.m €ijm + w Z o ewm) ,

where we additionally scale the exclusivity penalty term by M;. These normal1zat1ons reduce sensitivity
to region size and partition granularity, encouraging each latent’s visual support to concentrate on a
small number of coherent regions.

3.3 Phrase-Region Alignment

Spatial structure determines where a visual latent activates, but does not ensure that the same latent
coordinate captures corresponding linguistic and visual evidence. We therefore introduce a phrase-region
alignment objective that grounds shared SAE features across text phrases and image regions.

For example i, let ();, denote the text-token positions in phrase ¢, and let G;;,, denote the image-token
positions in region m from §3.2. Given SAE pre-activations [a;; --- a;1;]" € RT*" we compute an

RMS-pooled representation for any phrase or region g: s;; = \/ ﬁ Zteg ait © ait,  Sig = Sig/||sigll2,

where the square root is applied element-wise and s;; € R". We pool pre-activations before TopK
and ReLU so that phrase-region alignment can use features even when they are not selected at every
individual position.

To align phrases with image regions, we first define a latent-space similarity between phrase ¢ and
image region m, as zigm = giTQiqu‘Gim /7, where 7 > 0 is the temperature. To supervise this alignment,

we must identify which region corresponds to each phrase. We use the frozen VLM’s phrase-to-patch
attention as a proxy for this ground truth. Let A; € RQ:*M: denote the matrix of VLM attention scores
(affinities) between the @); phrases and M; regions in example i. For each phrase ¢, we select the
region with the highest attention score as its positive match: 7;(q) = argmax,,cqi,. ) [Ailgm- We

then align each phrase with its matched region using a within-image contrastive objective: E;(ﬂz o =

N Z ;Xp(“”z(‘”)) where the remaining regions in the same image serve as negatives. Finally,
1 €xP(2igm

the full cross-modal objective jointly minimizes alignment error, phrase-region magnitude mismatch,

and excessive modality imbalance among strongly participating latents: Lcross = AalLalign + AmagLmag +

AbalLbal- Definitions of the magnitude and balance terms are provided in Appendix G.1.1.

3.4 Multimodal Influence Decomposition

Latent influence identifies which sparse features carry the effect of a training example, but not where those
features are expressed within that example. To recover this localization, in language models, we can
compute the attribution of each individual token in the sequence via position-wise SAE activations (Yu
et al., 2026). In a VLM, the sequence contains both text and image tokens, with each image token
corresponding to a spatial location on the image patch grid. By calculating the position-wise attribution

Ajj = —Titj 8;"(t ) we preserve the exact mapping between the training example’s influence and its
manifestation at each specific word or image patch.

Text-token contributions can therefore be grouped into phrases, while image-token contributions
can be visualized directly on their corresponding patches or aggregated over the spatial regions.
txt _

For phrase Q;q C Py and image region Gj, C Pimg of training example i, we aggregate A;%, =

> teqq, Aitis Ai;nfl S e, Auj. Together with A;; = S°/%| Ay, this organizes a training example’s
influence by latent feature and the localized linguistic and visual evidence through which it is expressed:
prediction <+ training example <« sparse latent <> phrase / image patch or region. Details on the SAE-

mediated forward path, sequence reduction, and patch-grid mapping are provided in Appendix G.

3.5 Scalable Influence Estimation with EK-FAC
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The main computational bottleneck is the inverse-curvature  Table 1: Task performance before
product C~'g;(R;) in I(z; — 2.) = —g] C7'g;(R;). Construct-  and after SAE insertion. CIDEr for
ing or inverting C' directly is infeasible at VLM scale (we write  caption similarity to human refer-
C = Cy,). We therefore use Eigenvalue-Corrected Kronecker-  ences; accuracy is used for chest X-
Factored Approximate Curvature (EK-FAC) (George et al., 2018;  ray classification and VQA.

Grosse et al., 2023), which approximates the inverse curva-
ture layer by layer while retaining structured second-order
informatiorcll.- Fog aKl;IESr layer with input activatiorglu 1e(md VisWiz Gemma CIDEr 0.0686 0.5799 0.5703
output gradient 9, K- approximates its curvature block as

F~A®S, A=FEluu'], S=E[5]. Writing A = QaAAQ}  Chexperr Gemma Acc. 0.0040 04530 04360
and S = QSASQ; EK-FAC retains the resulting Kronecker eigen- GQA Qwen Acc.  0.5943 0.6513 0.6361
basis but replaces the factored eigenvalues with corrected values ~ 694  Gemma Acc. 04019 05914 0.5867
Agxk estimated from per-example gradients. For a layer gradient = Note: Base results for VizWiz and GOA use task-specific

. . . prompting. Without prompting: VizWiz CIDEr is 0.0001
reshaped as V, the damped inverse-curvature product is approXi-  for Qwen and 0.0003 for Gemma, while GOA accuracy is

5
1 ~ QsVQa T .. 0.0001 for Qwen and 0.0000 for Gemma.
mated by C~* vec(V') = vec [QS ( vy @ 4| , where division

is element-wise and A\ > 0 is the damping coefficient.

Dataset Model Metric Base FT +SAE
VizWiz  Qwen CIDEr 0.0738 0.7569 0.7471

Thus, rather than constructing the full curvature matrix, EK-FAC rotates each layer gradient into a
structured eigenbasis, rescales each direction by its damped inverse curvature, and rotates it back. We
apply this operation layerwise to compute the full curvature-corrected influence for each retrieved
training example and, through P;(R;), its latent decomposition from §3.4. The curvature statistics are
estimated once and reused across training-test pairs. Training examples are ranked by the magnitude of
the signed influence estimate, |/(z; — z,)|. Numerical comparisons with alternative curvature estimators
and implementation details are provided in Appendices B, E, and G.

4 Experiments
4.1 Experimental Setup

e £33 Models. We evaluate Qwen3-VL-2B-Instruct (Team, 2025)
L and Gemma-4-E2B-it (Team, 2026), two open-weight VLMs
= from distinct model families. For each task, we finetune
ot the backbone with LoRA, freeze the VLM, and train the
CHem, o) SAE on its task-adapted intermediate representations. We
- place the SAE at a mid-to-late transformer layer to preserve
mid x2 downstream behavior while exposing semantically mean-
suggest ingful multimodal features. Additional details are provided

in Appendix H and F.

cardiomegaly x8

Datasets and tasks. We evaluate three complemen-
tary vision-language settings. VizWiz-Captions tests
open-ended captioning under challenging real-world im-
agery (Gurari et al., 2020). CheXpert tests three-way clas-
sification of radiographic findings as absent, uncertain, or
present (Irvin et al., 2019). GQA evaluates compositional
visual question answering over objects, attributes, and re-
lations (Hudson & Manning, 2019).

cardiomegaly. x7

cardiomegaly,

cardiomediastinal x16

Figure 3: Comparison on CheXpert. High- 4.2 Grounded Multimodal Representation

lighted regions and words indicate latent  pefore using the learned latents for attribution, we verify
activations. (a) Base SAE yields diffuse  hat the SAE preserves task behavior while providing the

support and weaker radiological align-  spatia] and cross-modal structure required for grounded
ment. (b) Ours improves localization and interpretation.

clinically relevant alignment. . .
Behavior preservation. Table 1 compares each task-

adapted VLM before and after SAE insertion. Across all datasets and backbones, performance changes
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Table 2: Latent-quality ablation on VizWiz with Table 3: Latent quality across tasks and backbones.
Qwen. Lower footprint and contiguity indicate Parentheses report the fraction of active latents sat-
more localized visual support; higher balance, MS isfying the 25% footprint threshold used for MS Lift.
Lift, and grounding indicate stronger multimodal Visual MS is omitted for CheXpert.

and semantic structure. Grounding significance is
assessed by permutation test.

Dataset Model Method Dead] Bal.t Contig.] Foot.| MS Liftf

VizZWiz ~ Gemma Base SAE 3642 10.1 0.302 0.665 0.0130 (0.05)
Ours 206 18.2 0.202 0.143 0.0233 (0.96)

Method Dead| Bal.t Foot.] Contig.] MStT Ground.t p CheXpert Qwen Base SAE 23 4.9  0.629 0.577

Ours 55 23.9 0.526 0.092

—4
Base SAE 74 22.5 0.312 0.641 0.0139 0.048 9.3x10 oA Base SAE—315— 73— 0-432—0.958

+ Struct. 49 5.5 0.120 0.574 0.0049 0.012 3.1x10"* Ours 158 38.7 0.340 0.178
. —3
+Align. 40 15.7 0.359 0.611 0.0191 0.039 1.2x10 4 GOA Qwen Base SAE 24  12.0 0.603 0.688 0.0309 (0.20)
Full 36 26.7 0.083 0.548 0.0214 0.084 2.9x10™ Ours 7 13.2 0.481 0.120 0.0394 (1.00)
Gemma Base SAE 5759 3.3 0.652 0.769 — (0.00)
Ours 184 9.4 0.261 0.246 0.0255 (0.56)

only marginally, indicating that the sparse bottleneck preserves the behavior being explained. Full metrics
in Appendix C.

Evaluation framework. We evaluate the learned basis
along four dimensions: dictionary health, image—text
balance, spatial localization, and semantic coherence.
Visual footprint and contiguity measure how concen-
trated and spatially coherent a latent’s visual support
is, while MS Lift and causal grounding assess whether
that support is semantically aligned with the corre-
sponding linguistic representation. Full metric def-
initions and additional diagnostics are provided in
Appendix D.

bottle
bottles

ottle

pill
pills
medicine
tablets

supplement

Figure 4: Latent breakdown for a VizWiz exam-
Objective ablation. Table 2 shows that structured  ple with Qwen. The top two latents following
sparsity and phrase-region alignment contribute com-  Fig. 9 capture medicine- and bottle-related evi-
plementary benefits. Structured sparsity reduces vi-  dence; highlighted regions and words indicate
sual footprint from 0.312 to 0.120, while phrase-region ~ representative activations.

alignment improves MS Lift from 0.0139 to 0.0191. Combining them yields the strongest overall represen-
tation, with footprint 0.083, contiguity 0.548, balance 26.7%, MS Lift 0.0214, and grounding 0.084. This
suggests that spatial regularization primarily controls where a feature activates, while phrase-region
alignment improves what that localized support represents across modalities. Additional comparisons
can be found in Appendix K.

Generalization across tasks and backbones. The same trends hold across datasets and model families
(Table 3). Visual footprint drops from 0.688 to 0.120 on GQA with Qwen and from 0.665 to 0.143 on
VizWiz with Gemma, alongside improvements in dictionary health and modality balance. Fig. 3 shows
the same effect qualitatively on CheXpert, where our latents exhibit sharper visual support and more
relevant radiological terminology. Additional qualitative comparisons are provided in Appendix J.

4.3 Validating Latent Influence: Necessity and Sufficiency

Grounded features are useful for attribution only if they actually matter to the prediction. We therefore
test whether high-influence latents are necessary for producing the output and sufficient to recover it.

For each test example, we aggregate influence across retrieved training examples and rank latents by this
score. Necessity removes the top-k latents, while sufficiency keeps only the top-k. We compare against
activation magnitude, firing frequency, and random rankings for & € [64, 1024]. Necessity is evaluated by
changes in correct-token logit, NLL, and prediction flips; sufficiency by same-answer rate and retained
correct-token logit. Implementation details are in Appendix G.

Figs. 5-7 show consistent separation across datasets and backbones. Removing influence-ranked la-
tents generally causes substantially larger prediction changes than removing activation-, frequency-,
or randomly ranked features. For example, on GQA with Gemma at k£ = 256, influence-based removal
flips 38.3% of predictions, compared with 8.3% under activation ranking. Similarly, the complementary
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Figure 6: CheXpert necessity—sufficiency. Qwen [top], Gemma [bottom]; (a) necessity, (b) sufficiency.

sufficiency results show that the same features preserve substantially more of the original prediction
when isolated. On GQA with Gemma, only 64 influence-ranked latents recover the original answer for
75.0% of examples, compared with 48.3% for activation magnitude. Similar trends hold on VizWiz and
CheXpert. Thus, the latents surfaced by the influence estimator are not merely descriptive features: they

carry important information for the model’s prediction.

4.4 How Visual Evidence Shapes Training-Data Influence

The shared image-text latent space lets us ask whether removing
visual evidence changes which training examples influence a predic-
tion more strongly than it changes the concepts through which that
influence is expressed. We evaluate this by recomputing influence for
the same test examples with the image removed, while keeping the
SAE and influence-estimation procedure fixed.

Across six model-dataset settings, absolute latent influence remains
moderately to strongly correlated between the multimodal and text-
only conditions, with Spearman p ranging from 0.543 to 0.795. In
contrast, training-example attribution is substantially reorganized,
with example-level correlations ranging from —0.797 to —0.564. Fig-
ure 8 shows a representative example, where removing the image
sharply reorders the influential training examples but maintains latent
organization.

These results suggest that visual evidence primarily changes the
training-data support underlying a prediction, while the latent con-
cepts carrying influence remain comparatively more stable. The
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Figure 8: Effect of removing
visual evidence on VizWiz in-
fluence rankings with Qwen.
(a) Latent rankings remain rel-
atively stable. (b) Training-
example rankings change sub-
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Figure 7: GQA necessity—sufficiency. Qwen [top], Gemma [bottom]; (a) necessity, (b) sufficiency.

learned multimodal latent space provides a relatively stable conceptual interface, whereas the training
examples associated with those concepts remain strongly conditioned on the available visual evidence.
Additional analyses and results are provided in Appendix I.

4.5 Hierarchical Multimodal Attribution

The preceding experiments establish that the
learned representation is grounded and that
influence-ranked latents are behaviorally mean-
ingful. We now examine what this decomposition
reveals about individual predictions.

Fig. 9 illustrates the full attribution hierarchy
for a representative VizWiz example. Influential
training examples contain prediction-relevant
concepts such as cough medicine and related
containers, while decomposing their influence
through individual latents reveals finer visual
and linguistic evidence, including medicine, bot-
tle, and the wooden surface on which the ob-
ject appears. The same latent contributions can
be localized to both text phrases and image re-
gions, exposing not only which training examples
matter but also the grounded concepts through
which their influence is expressed.

Fig. 4 provides the complementary test-
conditioned view, directly ranking influential
latents on the query representation. Here, the
highest-ranked features capture medicine- and
bottle-related evidence localized to the corre-
sponding parts of the image. Together, the two
views separate where influence originates from
what multimodal evidence carries it. Additional
test-latent decompositions and influential-
training-example analyses are provided in
Appendix J.

Test
A bottle of night time cough
medicine in a person’s hand

influence +1.68e+04
! The back side of a box of
" cough medicine displaying
the product information.

latent 6552 latent 2985 latent 4567 latent 4956
Jinfll 3.8k - act6.6  [infl] 2.3k - actd.4 |infl| 2.0k - act17.6 [infl] 2.0k - act12.8
cough product cough cough cough

influence -8.92e+03

a white plastic container of
round up and an aluminum
can of diet a and w soda

latent 5529 latent 7116 latent 418 latent 6871
infll 14Kk - act2.4  [infl| 1.3k - act 1 Jinfl| L.OK - act72.4  [infl] 856 - act 14
and and round up soda

influence +8.19e+03
A box of Mucinex cough
medicine on a wood table

latent latent 5179 latent 684 latent 6552

\mﬂ\zzk s infl| 2.1k -~ act94.4  infl| 1.8k - act1.6 [infl] 1.5k - act 8.9

cough medicine cough Mucinex wood cough
Mucinex

influence +6.68e+03
A bottle of cough syrup with
a green and white label.

latent 5179 latent 6430 latent 4956 latent 7116
Jinfl] 1.0k - act 170.1 [infl] 948 - act Jinfl] 696 - act 160.3  finf act
cough syrup cough and cough <ough

Figure 9: Training-example breakdown for a VizWiz
example with Qwen. Training examples are ranked
by influence; we show the top contributing latents,
with peak image activations and caption words. Ad-
ditional results are in the appendix.

4.6 Attribution for Correct and Incorrect Predictions

We further examine whether the attribution hierarchy helps distinguish successful from failed predictions.
Fig. 10 contrasts two representative GQA examples: one answered correctly by the model and one

9
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What kind of sign is on
the pole?

Correct answer: street sign
The sign is a street sign.

Which side are the

people on?

Correct answer: left

The people are on the left of
the image.

Model predicted: stop sign
Model predicted: left

influence +139
On which side of the picture is
the man?

influence -5.46e+04

Which kind of sign is the car
behind of?

stop sign

The car is behind the stop sign.

left
The man is on the left of the
image.

influence -3.17e+04
Which kind of sign is large?
stop sign

The sign is  stop sign.

influence +105

Which side is the boy on?
left

The boy is on the left of the
image.

influence -94.3

Which side of the photo is the
bag on?
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image.
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S . . . "
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The sign is a traffic sign io— po—— . — image.

left house side e ' ' house® house

Figure 10: GQA influence decompositions. Incorrect prediction [left]. Correct prediction [right].

influence -2.87e+04

What is on the pole that is
made of metal?

stop sign

The stop sign s on the pole.

latent 3210 latent 6810 latent 3817 latent 1102
| 33.04 1 9 - actas i scta3 i1 3

answered incorrectly. For each, we trace the prediction to its most influential training examples and
decompose their influence through the highest-contributing multimodal latents.

In the correct case, the influential examples and latent concepts align with the relevant visual evidence
and support the predicted answer. In the incorrect case, they instead concentrate on visually salient
evidence associated with the model’s mistaken prediction, revealing how the model can rely on the wrong
grounded concept despite attending to relevant image content. This comparison shows how grounded
influence can diagnose not only what supports a prediction, but also why that support matters.

5 Conclusion and Discussion

We introduced MOSAIC, a framework for tracing VLM predictions from influential training examples
through sparse multimodal concepts to localized linguistic and visual evidence. By combining a shared
image-text latent space with spatially coherent visual structure, phrase-region alignment, and latent-
mediated influence, MOSAIC provides a grounded view of how training data shapes individual predictions.
Across two VLM families and three tasks, the learned representation preserves model behavior while
yielding more localized and semantically coherent features, and influence-ranked latents are substantially
more behaviorally consequential than activation- or frequency-based alternatives. Our analysis further
shows that visual evidence can strongly reorganize which training examples matter while preserving
substantially more of the underlying latent structure. These results provide a path toward more fine-
grained and auditable training-data attribution in multimodal models. Limitations and future work are
discussed in Appendix A.
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A Limitations and Future Work

Our approach depends on the quality of the learned SAE representation: latent features may remain
partially entangled, and attribution can depend on the chosen layer and dictionary capacity. Phrase—
region alignment also relies on pretrained attention as a correspondence signal, which may be noisy or
incomplete. In addition, EK-FAC and latent-mediated influence remain approximations to the effect of
full retraining. Future work could study multi-layer or hierarchical latent spaces, attention-independent
grounding objectives, and stronger validation against retraining-based influence. Extending grounded
latent influence to larger VLMs, video and other modalities, and applications such as data debugging,
hallucination analysis, and model editing is also promising.

B Curvature Approximation Study
Computing the representation-mediated influence requires applying an inverse-curvature operator to the
test gradient. Explicitly forming this matrix is infeasible even for the upper-model parameter subset used

for influence computation, which contains approximately 6 x 10® parameters. We therefore evaluated
several scalable curvature approximations before adopting EK-FAC. The alternatives exhibit qualitatively
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different failure modes, ranging from unstable linear solves to curvature estimates that are numerically
well behaved but provide little meaningful geometric correction.

Raw Hessian. We first considered implicit Hessian—vector products combined with conjugate gradients
(CG). This approach is unreliable in our setting because the empirical Hessian is strongly indefinite,
whereas standard CG assumes a positive-definite system. The solver repeatedly encounters negative
curvature and terminates prematurely.

This instability translates directly into unstable influence estimates. Across cg_iters € {10,40, 160},
the maximum absolute influence changes from

0.19 — 0.35 — 3.31,

and the solutions obtained with 10 and 160 iterations share no examples among their respective top-10
training examples. Thus, the resulting attribution depends strongly on the optimization trajectory rather
than defining a stable inverse-Hessian estimate.

Generalized Gauss-Newton. The generalized Gauss—Newton (GGN) matrix avoids the negative-
curvature issue because it is positive semidefinite by construction. However, its linear systems remain
difficult to solve in our setting. Even under substantial damping, residuals fail to decrease reliably,
while each solve is substantially more expensive than the alternatives considered here. Thus, although
GGN provides a more well-behaved curvature object than the raw Hessian, it does not offer a practical
inverse-curvature estimator at the scale required for our experiments.

Empirical Fisher. The empirical Fisher is attractive because it is positive semidefinite and admits an
efficient low-rank inverse. For a curvature cohort of m examples,

1 m
F=—3% g (B.1)
=1

With damping, the resulting system is numerically stable and can be solved efficiently through its low-rank
representation. Its main limitation in our setting, however, is not numerical but geometric.

In particular, the cohort gradients are nearly orthogonal: the mean pairwise cosine similarity is —0.002.
As a result, each additional example contributes an almost independent direction rather than reinforcing
a shared low-dimensional curvature structure. With only m = 32 curvature examples in a parameter
space of approximately 6 x 10® dimensions, the empirical Fisher therefore covers an extremely small
fraction of the directions relevant to the test gradient. Empirically, doubling the cohort size increases the
captured gradient mass by only approximately 1.3, indicating that this coverage improves slowly with
additional curvature examples.

This low-rank geometry makes the damped inverse close to a scaled identity outside the cohort span. We
quantify this using the alignment between the inverse-curvature product and the original test gradient,

CurvAlign = Cos((F + M) " grests gtest) ) (B.2)

For the empirical Fisher, we obtain CurvAlign = 0.987, showing that the curvature transformation leaves
the test-gradient direction almost unchanged. In this regime, the resulting influence score approaches
a rescaled first-order gradient-similarity score rather than substantially incorporating second-order
geometry.

Notably, standard numerical checks do not expose this failure mode. The Woodbury solve attains residual
ratios of approximately 1079, the associated Gram matrix has condition number 2.55, and influence
rankings remain highly stable across disjoint curvature cohorts (Spearman p = 0.993). These diagnostics
confirm that the low-rank system is solved accurately, but they do not establish that the curvature
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Table 4: Full VizWiz captioning results. We report CIDEr, METEOR, BLEU-1-4, and ROUGE-L. “Prompted”
uses the task-specific captioning prompt, while “zero-shot” denotes evaluation without task-specific
prompting.

Model  Setting CIDErt METEORt B-11 B-21 B-31 B-41 R-Lt
Qwen Finetuned, no SAE 0.7569 0.2641 0.7076 0.5171 0.3736 0.2660 0.4767
Qwen + SAE 0.7471 0.2612 0.7099 0.5180 0.3737 0.2659 0.4758

Qwen Base (prompted)  0.0738  0.2385  0.3452 0.2070 0.1205 0.0706 0.3079
Qwen Base (zero-shot) 0.0001  0.0026  0.0001 0.0000 0.0000 0.0000 0.0108

Gemma Finetuned, no SAE 0.5799 0.2405 0.6608 0.4558 0.3068 0.2030 0.4419
Gemma + SAE 0.5793  0.2389  0.6622 0.4557 0.3057 0.2016 0.4416
Gemma Base (prompted)  0.0686  0.1747  0.2902 0.1564 0.0826 0.0449 0.2489
Gemma Base (zero-shot) 0.0003 0.0156 0.0230 0.0010 0.0000 0.0000 0.0265

approximation is informative. Indeed, the high CurvAlign value shows that the empirical Fisher is stable
largely because most directions remain dominated by the damping term.

Thus, in our setting, the empirical Fisher is not rejected because of poor conditioning or solver error.
Rather, the near-orthogonality of per-example gradients makes a small-cohort empirical Fisher too
low-rank to induce a meaningful transformation of the test gradient.

EK-FAC. We use EK-FAC for the final influence computation; the approximation itself is described in
the main text. EK-FAC provides a structured layerwise curvature approximation while avoiding the
severe rank restriction of cohort-based curvature estimates. This is particularly important in our setting,
where per-example gradients are nearly orthogonal and a small collection of training gradients spans
only a negligible portion of the full parameter space. By instead modeling curvature through layerwise
activation and gradient statistics, EK-FAC captures curvature structure beyond the span of individual
examples while remaining computationally tractable at model scale.

We additionally validate the EK-FAC approximation in controlled small-scale settings where the target
curvature can be explicitly materialized. When constructed at the example level, consistent with our
influence formulation, EK-FAC achieves cosine fidelity of 0.997-0.9996 across dense, ragged, and masked
conditions. This high agreement indicates that the structured approximation closely preserves the
curvature transformation relevant to our influence estimates while remaining tractable at model scale.

These results support EK-FAC as a practical approximation for our setting: it provides a scalable, non-
degenerate curvature transformation while preserving the example-level geometry required by our
influence formulation. We therefore use EK-FAC for all influence results reported in the main paper.

C Full VizWiz Captioning Results

Table 4 reports the complete set of captioning metrics for VizWiz. LoRA finetuning substantially improves
performance over both prompted and unprompted base models, while SAE insertion results in only minor
changes across metrics, indicating strong preservation of task-relevant information.

D Additional Representation Evaluation

We provide additional details for the latent-quality metrics used in Sec. 4.2, including dictionary health,
modality balance, visual footprint, contiguity, MS Lift, and causal grounding. We additionally report
diagnostics of latent activity correlation and layer placement to verify that the selected SAE interface
provides a well-separated representation while preserving downstream behavior.
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D.1 Latent Quality Metrics
Here we provide precise definitions that are useful for interpreting these quantities but are omitted from

the main tables for compactness. All statistics are computed on a fixed held-out set of 1,500 training
examples, independently of the influence pipeline.

Dead latents. A latent is considered dead if it never activates on any of the 1,500 evaluation examples.

Modality balance. For latent j and modality m € {img, txt}, we define the token-normalized activation
rate

mass;-"
Tj == Nm 5 (D.].)
tokens
and image share
pime
r; o+ zj

A live latent is considered balanced when s; € [0.35,0.65]. Token normalization prevents modality share
from being dominated by differences in image and text sequence length.

Spatial footprint. Spatial footprint measures the fraction of an individual image’s patch grid occupied
by the latent.

Spatial contiguity. Raw connected-component counts depend strongly on support size, so we normalize
each latent’s component count by that of a size-matched random mask on the same patch grid,

C’rel = C(S) ~ " (DB)

Es51-151C(S)]

Values below 1 indicate support that is more spatially contiguous than expected by chance. We treat
contiguity as supplementary to footprint rather than as a standalone localization measure.

Visual monosemanticity. Following the MonoSemanticity Score (MS) of Pach et al. (2025), we assess
whether the regions activating a latent are semantically coherent under an independent reference encoder.
We adapt MS to localized VLM features by evaluating the image patches on which the latent itself fires
using DINOv2.

Raw MS is strongly confounded by footprint size. We therefore compare the observed support S; with a
random support of identical size drawn from the same images and report

MSLift; = MS(S;) — E [MS(@)} . (D.4)

The main text reports this null-corrected lift rather than raw MS. As the support approaches full-image
coverage, the matched random support increasingly overlaps the observed support and the comparison
becomes degenerate. We therefore score only latents whose median footprint covers less than 25% of
the patch grid.

Why visual MS is omitted for CheXpert. For CheXpert, RAD-DINO (Pérez-Garcia et al., 2025) produces
a substantially higher size-matched similarity baseline than DINOv2 does on natural images. Because
chest radiographs exhibit highly stereotyped global anatomy, arbitrary regions can already be strongly
similar across examples. The assumption that a meaningful latent region should be more self-consistent
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than its surroundings is therefore poorly matched to this domain, and we omit visual MS from the
CheXpert evaluation.

Causal grounding. For each latent j, we ablate it only at image patches where it is active and measure
the change in negative log-likelihood of its top-associated word. We define

hare(a) NLL(a) — NLLgyy
snarela) =
NLLno—image - NLqull ’

where NLL;-image is Obtained by zeroing all SAE latents at all image positions. The causal grounding
effect is

GroundingEffect; = share(j) — share(c(j)),

where ¢(j) is a control latent with similar active-patch count, ablated at its own active patches in the
same image. We report the mean effect as mean_solo_effect together with solo_effect_pvalue.
We exclude examples with image dependence below 0.05 and latents active on fewer than two image
patches.

D.2 Latent-Space Orthogonality

Latent-mediated influence is easiest to interpret when individual SAE coordinates are weakly correlated,
so that attribution to one latent is not simply a rotated description of a highly redundant subspace. This
motivation is closely related to the approximately orthogonal latent basis used for influence attribution
by Yu et al. (2026). We therefore evaluate whether our learned sparse representation becomes more
orthogonal than the dense VLM activations from which it is constructed.

For Qwen, we measure orthogonality at three representation levels: the dense activations entering the
SAE (pre-latent), the k-sparse SAE code (SAE latent), and the input text embeddings (text) as a reference.
For each representation, we center and normalize the features, form the corresponding Gram matrix,
and report the mean absolute and mean squared off-diagonal entries, the fraction of near-orthogonal
pairs satisfying |p| < 0.1, and the stable rank

A
413

srank(A) (D.5)

Table 5 reports results for our full SAE at layer ¢ = 15.

The SAE substantially decorrelates the representation on both datasets. On VizWiz, the fraction of
near-orthogonal pairs increases from 20.8% in the dense representation to 99.5% after SAE encoding,
while the mean absolute off-diagonal correlation decreases from 0.280 to 0.0020. CheXpert shows the
same pattern, with near-orthogonal pairs increasing from 25.4% to 99.2% and mean absolute correlation
decreasing from 0.239 to 0.0036. Thus, despite the different visual domains, the learned sparse codes
consistently provide a substantially less correlated coordinate system for subsequent per-latent influence
analysis.

Interpretation. The near-orthogonal fraction and off-diagonal Gram statistics provide the most direct
comparisons because they measure correlation between coordinates and are less sensitive to repre-
sentation width. The raw stable rank should be interpreted more cautiously: the SAE latent space is
8192-dimensional, compared with 2048 dimensions for the pre-latent representation, so its absolute value
is not directly comparable across spaces. Indeed, after normalization by the maximum attainable rank,
the ordering can change. We therefore use stable rank only as a supplementary diagnostic and base our
orthogonality claim on the near-orthogonal fraction and off-diagonal correlations.

The text representation is likewise included only as a reference. Its Gram statistics are computed over
the token axis rather than the SAE feature axis and therefore should not be interpreted as a direct
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Table 5: Orthogonality of Qwen representations before and after SAE encoding at layer £ = 15 (djatent =
8192, k = 128).

Dataset  Metric Text Pre-latent SAE latent
Near-orthogonal (|p| < 0.1) 1 7.6% 20.8% 99.5%

Vigwip  Mean [offdiag(G)| | 0.798 0.280 0.0020
Mean offdiag(G)? | 0.751 0.115 0.0008
Stable rank (raw / norm.) 1.16/0.0053 4.01/0.0020 9.93/0.0012
Near-orthogonal (|p| < 0.1) 24.9% 25.4% 99.2%
Mean |offdiag(G)| | 0.510 0.239 0.0036

CheXpert \1ean offdiag(G)? | 0.424 0.086 0.0010

Stable rank (raw / norm.) 1.54/0.0044 4.71/0.0023 17.25/0.0021

Table 6: Sensitivity of Gemma on GQA to SAE placement.

Setting SAE Layer GQA Acc.
Base model - 0.4019
Fine-tuned model - 0.5914
Fine-tuned + SAE 19 0.5867
Fine-tuned + SAE 12 0.3315

intermediate point between the dense and sparse representations. Our main conclusion is restricted to
the comparable pre-latent and SAE-latent representations: SAE encoding substantially reduces coordinate
correlation, providing a near-orthogonal basis better suited to latent-mediated influence attribution.

D.3 Sensitivity to SAE Layer Placement

We evaluate SAE placement sensitivity on Gemma for GQA using the same 8192-dimensional SAE with
k = 128. While the primary layer-19 placement preserves fine-tuned performance, moving the SAE to
layer 12 reduces accuracy to 0.3315.

This approximately 26-point drop shows that SAE placement materially affects representation fidelity as
shown in Table 6, dropping below base performance. We therefore use layer 19 for the main Gemma
experiments, where the SAE preserves downstream behavior while providing the latent basis used for
attribution.

E Gradient-Based Candidate Retrieval

Computing full latent-mediated influence for every training—test pair is costly. Following Yu et al. (2026),
we first retrieve candidate training examples using gradient similarity and apply the full curvature-aware
influence estimator only to the retained set. For test example zi.s; and training example z;, we compute
si = (VoL(zi;0), VoL (zest; 0)) and retain Cx (zest) = TopK; s;. Gradient similarity is used only for
candidate retrieval; all reported training-example rankings are determined by the latent-mediated
EK-FAC influence estimator.

F Computational Scope and Model Scale

All SAE training and influence analyses are run on a single NVIDIA RTX PRO Blackwell GPU. At this
setup, the approximately 2B-parameter models used in our experiments are already near the practical
memory and compute limit for the full pipeline, which requires per-example gradients, EK-FAC statistics,
and latent-resolved influence computation. We therefore restrict evaluation to this scale and leave larger
VLMs to future work.
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G Latent-Mediated Influence Implementation

SAE-mediated forward path. The SAE is inserted directly into the VLM forward computation at the
selected intermediate layer. The upper model receives the reconstructed representation

)?Zl = WdecRi + bprev

rather than the original residual stream. Thus, all influence computations, latent interventions, and
downstream evaluations are performed through the same SAE-mediated representation used for attribu-
tion.

Sequence reduction. For multimodal example i, the SAE representation is sequence-resolved, R; €
RT:xh For the global training-example influence computation, we reduce derivatives over valid sequence
positions to obtain a common h-dimensional latent representation. Token-resolved activations are
retained for the subsequent phrase- and region-level localization in Sec. 3.4. This reduction provides a
consistent latent representation across variable-length image—text sequences for curvature and example-
level influence, while the original sequence-resolved activations and derivatives are retained for phrase-,
patch-, and region-level localization.

Position-resolved multimodal localization. Although example-level influence is computed using
EK-FAC in model-parameter space, we decompose this influence through the SAE latent representation.
For the global latent decomposition, derivatives are aggregated over valid sequence positions to obtain
an h-dimensional latent representation, while the sequence-resolved SAE activations R; € R7:*" and
their position-wise derivatives are retained for localization. Thus, for latent j, the contribution

Op;

Aitj = —Titj 5 —
! 7 Orit;

remains indexed by the original sequence position ¢.

For text positions, ¢ maps directly to the corresponding token and can be aggregated over phrase spans
Q4. For image positions, we retain the VLM’s mapping from each visual token to its location on the image
patch grid. We therefore reshape {A;;; : t € Pimg} back onto that grid to obtain a patch-level attribution
map for latent j. Region-level attribution is obtained by summing the patch contributions belonging to

region G,:
img _ . txt _ o
Aiim = E Aitj, Aig = E Aty

The patch-level maps are used for visualization, while phrase- and region-level aggregates provide the
grouped multimodal decomposition reported in the main text.

Candidate retrieval. We use the gradient-based filtering procedure described in Appendix E before
evaluating full EK-FAC influence.

G.1 SAE and Decorrelation Details

For completeness, we summarize the full representation-learning objective used to train the multimodal
SAE. For a minibatch B, the objective is

£SAE = Erec + >\J_£J_ + )\auxﬁaux + >\1b£1b + )\groupﬁgroup + )\exclusiveﬁexclusive + £Cross-

The load-balancing term Ly, discourages activity from collapsing onto a small subset of the dictionary.
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Reconstruction objective. The SAE is trained with

1 I
Lrec = T Z szl‘, - 2tH%
t=1
The VLM remains frozen throughout SAE training.

Decorrelated latent activity. For latent j, let r; = [r1; --- 7] and define its centered, normalized
activity as
~ r; — 751
;= — .
Tl = midfla e

We penalize off-diagonal correlations,

_ 1 ~T~\2
L) = Wh—1) Zj:(rz )%

This encourages approximately decorrelated latent activity without imposing orthogonality on the
decoder dictionary.

G.1.1 ADDITIONAL PHRASE-REGION ALIGNMENT DETAILS

Section 3.3 introduces the phrase-region alignment objective used to ground shared SAE features across
image and text. Here we provide the additional magnitude- and modality-balance terms used in the full
cross-modal objective.

Response-magnitude matching. Contrastive alignment constrains the direction of normalized phrase
and region representations but does not control their relative activation scale. For example b, we define

et Sren, lsvlz

the ratio between average region and phrase response magnitudes as p, = . We penalize

ﬁ Zpepb ||3p||2
scale mismatch outside margin m: Lyag = [| log py| — m], . The margin permits moderate differences in
overall activation magnitude between modalities.

Latent-level modality balance. Matching aggregate magnitude does not ensure that correspond-
ing phrases and regions activate the same latent features. For matched pair (p,7(p)), let u; =
[Sx(p))s» vj = [sp]; denote the visual and textual responses of latent j. We define its participa-
tion score as v; = sg[max(u;,v;)], where sg denotes stop-gradient, and retain the strongest participating

latents 7, = TopKf, (7). Their normalized participation weights are w; = /"’j e and the visual
a 3'€Tp 1

.. R u,]
share of latent j is o; = Py
: . o 2 .
We penalize only excessive modality imbalance: Ly, = ﬁ > per, 2ojer, Wi [|loj — 5| — n] . . The partic-

ipation gate restricts this constraint to latents relevant to the matched content, while x allows moderate
modality specialization rather than forcing identical image and text responses.

Combined cross-modal objective. The complete phrase-region objective is Leross = AalLalign +
AmagLmag + AbalLbal. Together, these terms align phrase and region representations while maintaining
compatible response scale and shared latent participation across modalities.
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G.1.2 AuxK ACTIVATION FOR DEAD-LATENT RECOVERY

We use the AuxK objective of Gao et al. (2024) to encourage inactive latents to re-enter the SAE dictionary.
AuxK reconstructs the residual error using features that are inactive under the main TopK pathway,
providing an auxiliary gradient to otherwise unused latents. In our setting, however, the choice of
activation used in this auxiliary pathway is important because many inactive latents have negative
pre-activations.

Using a standard ReLU causes such latents to receive zero auxiliary activation and therefore no recovery
signal. A direct alternative is to use the raw signed pre-activations, but we found this unstable: negative
responses can contribute with unrestricted magnitude through the decoder and substantially overshoot
the reconstruction residual. In our experiments, the resulting auxiliary reconstruction magnitude was
approximately 7-14x larger than the residual it was intended to model, causing the auxiliary term to
dominate the objective.

We also considered Softplus as a smooth alternative. However, softplus(0) = log 2, so latents near the
activation threshold contribute a nonzero constant even when their pre-activation is approximately
zero. With a large dictionary, these small offsets accumulate through the decoder and introduce a
systematic auxiliary reconstruction component. Softplus also alters the positive branch, making the
auxiliary pathway inconsistent with the ReLU-based activation used by the main SAE.

We therefore use a leaky rectifier in the AuxK pathway,

z, x>0,

= 0.01. G.1
ar, x <0, « G.1)

) = {

This preserves the standard ReLU response for positive pre-activations while providing a small nonzero
gradient to negative inactive features. The modification therefore leaves the positive auxiliary path
unchanged but allows persistently negative latents to receive a recovery signal.

As a sanity check, we constructed a synthetic setting in which a subset of candidate auxiliary latents
remained negative throughout the forward pass. Under ReLU, these latents produced zero auxiliary
reconstruction and zero gradient. Replacing ReLU with the leaky rectifier yielded a finite auxiliary
reconstruction and nonzero gradients for the same latents, confirming that the modification restores a
recovery path without introducing the large responses observed with raw signed activations.

We use this leaky AuxK activation only in the auxiliary dead-latent recovery pathway; the main TopK
encoding and reconstruction objective are unchanged.

H Implementation Details

SAE configuration. Across both backbones, we use an SAE with 8192 latents and TopK sparsity
with £ = 128. Representations are extracted from a single decoder layer, with placement matched
approximately by relative depth across models: layer 15 of 28 for Qwen3-VL-2B-Instruct and layer 19
of 35 for Gemma-4-E2B-it, corresponding to relative depths of 0.536 and 0.543, respectively. Inputs are
limited to 512 tokens, and images are resized to a maximum side length of 512 pixels.

Gemma intervention depth. Gemma-4-E2B-it shares key—value representations across its upper de-
coder layers: layers above the key—value boundary reuse keys and values computed earlier in the network.
This architectural property does not affect experiments that intervene directly on all relevant token
positions, but it prevents the patch-level causal grounding test from being evaluated at the primary [ = 19
SAE placement.

Influence parameter scope. Gemma-4-E2B-it additionally contains an audio tower that is inactive for
our image—text tasks. Parameters belonging exclusively to this unused modality receive no gradients
and are therefore excluded from the influence-function parameter scope. All remaining active model
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parameters within the selected influence scope are included in the EK-FAC computation.
H.1 Warm-Start Initialization

We train the structured SAE in two stages. Stage A first learns a stable sparse dictionary using reconstruc-
tion alone, after which Stage B initializes from these learned SAE weights and introduces the additional
shaping objectives. The second stage therefore begins from a well-formed dictionary rather than learning
reconstruction, sparsity, localization, and cross-modal alignment simultaneously.

This warm start is important for optimization stability. Training Stage B directly from scratch with
strong phrase-region alignment (A, = 0.1) causes substantial latent collapse, with 3,371 latents (41%)
becoming inactive; adding load balancing does not prevent this failure. Increasing the amount of Stage-A
pretraining progressively reduces collapse: 2,000 warm-up steps leave 1,927 dead latents (24%), while
6,000 steps reduce this to 142 (1.7%), close to the 56 dead latents obtained with the full Stage-A training.
We therefore use the completed reconstruction-only Stage-A model to initialize Stage B throughout our
experiments.

H.2 Dataset Processing and Task Construction

GQA. We construct GQA from the official balanced training and validation splits. To reduce redundancy
from repeated questions about the same image, we retain at most one question per image using a
fixed random seed. Training examples are sampled from train_balanced, while validation and test
examples are disjoint subsets of val_balanced.

We use the original question verbatim as the prompt, without additional instructional scaffolding. This
avoids introducing repeated boilerplate tokens that carry little example-specific information but can
absorb attribution mass in latent and influence analyses. The target follows a short-then-full format: the
canonical short answer appears first, followed by GQA’s provided full-answer sentence. The short answer
preserves the standard task output, while the full sentence provides sufficient linguistic structure for
token-level multimodal attribution.

CheXpert. We use frontal chest radiographs and consider five findings: Atelectasis, Cardiomegaly,
Consolidation, Edema, and Pleural Effusion. For each finding, labels are mapped to three classes: positive
labels indicate present, uncertain labels remain uncertain, and all remaining labels are treated as absent.
We sample examples to balance these three classes independently for each finding, using a fixed random
seed. Validation patients are held out from training to prevent patient-level leakage.

Each example is prompted with the image and the question “For this chest X-ray, what is the status of
{finding}?”, with three answer choices corresponding to absent, uncertain, and present. The prediction
target begins with the corresponding answer letter, followed by the cleaned report impression. We
use this impression-after construction throughout the reported experiments, which preserves a concise
classification target while providing clinically meaningful text for latent and attribution analysis.

VizWiz-Captions. We use the standard VizWiz caption annotations. We remove captions marked as
rejected or precanned, as well as captions matching the dataset’s precanned placeholder response. The
prompt is fixed as “Generate an accurate caption for this image.”

During model training, the target is a valid human reference caption. For latent necessity and sufficiency
analyses, we instead use the finetuned model’s own generated caption as the target. This evaluates
whether perturbing a latent recovers or disrupts the model’s actual prediction, rather than measuring
agreement with an alternative human reference.

I Additional Modality Analysis

Section 4.4 studies how removing visual evidence changes training-example and latent influence rankings.
Here we examine whether the strong image-text token-count imbalance itself biases the influence
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estimator.
I.1 Modality Imbalance

Vision-language sequences are strongly imbalanced in token count. Image tokens constitute approxi-
mately 78% of a CheXpert sequence and 93% of a VizWiz sequence. Because the influence computation
aggregates over sequence positions, this raises a natural question: should image and text contributions
be explicitly balanced? We study two possible corrections, acting on either the curvature estimate or the
representation gradient.

Balancing the curvature estimate. A direct approach is to reweight token positions when estimating
the EK-FAC factors so that image and text tokens contribute equal total mass. We interpolate between
the standard and fully balanced estimators using

We = (1 —a)l + aw, a € 0,1],

where w assigns modality-balanced token weights. The weighting is applied as |/w, to the corresponding
EK-FAC factors so that the resulting covariance receives weight wy,.

This correction consistently degrades attribution quality. The CIDEr drop obtained by ablating the
top 200 attributed latents decreases from 91.3% at o = 0 to 90.4%, 85.6%, 80.4%, and 77.8% for
a =0.25,0.5,0.75, and 1, respectively. Thus, equalizing modality mass in the curvature does not reveal a
better operating point; performance decreases monotonically as the correction is strengthened.

This behavior is not caused by the curvature correction being negligible. The eigenvalue-corrected
spectrum is highly concentrated, with a median-layer participation ratio of 0.0003 of the full dimension
while 99.95% of entries remain nonzero. Reweighting therefore substantially changes the inverse-
curvature operator, but emphasizes directions that are less useful for the downstream attribution objective.

Balancing the representation gradient. An alternative is to balance modalities after curvature cor-
rection, directly in the representation-space influence vector. Let si,z and s denote the contributions
aggregated over image and text positions. We form

Sa = qmE_ | (1-a) S , 11
| Simg |2 [[5txt |2

and restore the magnitude of the unrestricted influence vector,

_ g, lsanllz (1.2)
3al2

Sa

The final rescaling is important because influence depends on both alignment and magnitude: normalizing
every example to unit norm would discard information about how strongly a training example affects
the prediction.

In practice, this correction changes the ranking very little. On VizWiz with a = 0.5, the balanced
and standard influence rankings have Spearman correlation 0.994 over 60 evaluation examples. The
top-ranked training example is unchanged for every example, and the mean top-8 overlap is 1.00.

Why modality balancing has little effect. The weak effect of gradient balancing follows from the
structure of the learned latent space. Across latent dimensions, the image- and text-activation mass
profiles have cosine similarity 0.73, or 0.733 when restricted to the 7,599 of 8,192 latents active in both
modalities. Image and text therefore do not occupy approximately orthogonal subspaces; instead, they
tend to activate many of the same latent directions in similar proportions.

Consistent with this observation, the cosine similarity between the modality-balanced vector and the
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Table 7: Influence with and without visual evidence. Latent p compares absolute latent influence,
example punion COMpares training examples active in either condition, and example pgpareq iS restricted
to candidates retrieved in both conditions.

Dataset / Model Pool J. Latent p Example punion Example psharea TOp-8

GOQA / Qwen 0.123  0.599 —0.564 0.260 0.073
GQA / Gemma 0.051 0.543 —0.755 0.183 0.000
VizWiz / Qwen 0.021  0.584 —0.793 0.279 0.010
VizWiz / Gemma 0.052 0.571 —0.774 —0.063 0.000
CheXpert / Qwen 0.145  0.737 —0.606 0.570 0.031
CheXpert / Gemma 0.026  0.795 —0.797 0.850 0.000

original influence direction is 0.944, 0.988, 0.999, 0.973, and 0.916 for a« = 0,0.25,0.5,0.75, and 1,
respectively. In particular, the nominally balanced choice o« = 0.5 is almost identical to the unrestricted
direction.

This also helps explain why curvature-side balancing is ineffective. Although image tokens dominate
numerically, the imbalance does not correspond to a distinct “image direction” that can simply be
downweighted relative to an independent text direction. Equalizing token mass therefore perturbs the
curvature without isolating a complementary textual subspace.

Interpretation. These results indicate that token-count imbalance should not automatically be inter-
preted as bias in the influence estimate. The sequence is highly imbalanced at the input level, but the
learned latent basis substantially overlaps across modalities. Consequently, simple reweighting either
leaves the attribution nearly unchanged or degrades its causal fidelity. We therefore use the unweighted
estimator in our main experiments and report modality balancing as a negative ablation.

1.2 Contrasting Influence With and Without Visual Evidence

We further analyze the image-removal experiment from Sec. 4.4. For each test example, influence is
computed under matched conditions while changing only whether the image is present. The text-only
condition therefore intervenes on the input, rather than modifying the learned latent dictionary. We
compare latent influence correlation, candidate-pool overlap, example-level influence correlation over
the union of active examples, and correlation restricted to shared candidates. We additionally report
top-8 attribution overlap as an interpretable measure of ranking stability.

Across all six settings (Table 7), removing the image preserves substantially more agreement at the latent
level (p = 0.543-0.795) than at the training-example level (p = —0.797-—0.564). Candidate pools also
change substantially, with Jaccard overlap of only 0.021-0.145, while top-8 attribution overlap remains
at or below 0.073.

Correlation among candidates retrieved in both conditions is more variable, ranging from —0.095 to
0.850. This suggests that the most consistent effect of image removal is a change in the support of
training-data attribution—which examples are retrieved as influential—while subsequent re-ranking of
shared examples depends more strongly on the model and task.

J Additional Qualitative and Hierarchical Attribution Analysis

We provide additional examples complementing Sec. 4.2 and Sec. 4.5. We separately examine test-
conditioned latent decompositions and influential training examples to show how the attribution hierarchy
behaves across examples and tasks. These examples complement the quantitative results in Table 3 by
showing how the improved latent structure appears at the level of individual features. Across tasks, our
objective produces latents that are more clearly associated with useful semantic terminology and whose
visual support is more concentrated on the corresponding image evidence.
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Figure 11: Example latent comparison on VizWiz. (a) Base SAE. (b) Our approach. Our latent exhibits
a clearer semantic association and more spatially coherent visual support, while the base latent activates
more diffusely across the image.

Figure 11 provides a corresponding comparison on VizWiz. The base SAE exhibits broader and less
coherent visual support, whereas our objective produces latents with more interpretable semantic
associations and activation concentrated on the image regions relevant to those semantics.

Finally, Fig. 12 shows representative GQA latents. Despite the different task structure, the learned
features remain semantically interpretable and spatially concentrated on the image evidence associated
with its textual meaning. Together, these examples illustrate that the improved localization and semantic
quality observed quantitatively are also apparent across individual latents, datasets, and task domains.

J.1 Detailed Analysis of Influential Test Latents

We further examine the latent decomposition of two individual VizWiz test examples to understand what
information is represented beyond the aggregate latent-quality metrics. Rather than considering only
the highest-scoring latent, we inspect a broader set of latents activated by each test image and compare
their associated textual semantics with the image regions on which they respond. These examples show
that the learned representation captures not only the primary object relevant to the prediction, but also
complementary object parts, interactions, and scene context.

Figure 13 shows a test example centered on a medicine bottle. The highest-response latents recover
several mutually consistent aspects of the scene, including concepts related to bottle and medicine.
Importantly, other latents localize to the hand holding the medicine, capturing the interaction between
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Figure 12: Example latents on GQA. Representative latents learned by our approach exhibits a mean-
ingful semantic association together with localized activation over the corresponding visual evidence.

the object and the person rather than simply firing on the bottle in isolation. This decomposition is
particularly relevant to the test prediction: the model represents the object identity, its functional category,
and the local visual evidence establishing how the object appears in the scene. The resulting latent set
therefore provides a substantially richer account of the example than a single global visual feature.

A second example, shown in Fig. 14, contains a bottle of eye drops placed on a wooden table. Here, the
latent decomposition again separates multiple visually and semantically meaningful components. Several
latents correspond directly to the principal concepts needed to interpret the image, including eyes, eye
drops, and bottle. At the same time, other latents capture contextual properties of the scene, such as the
wood or wooden surface beneath the object. This contextual latent is notable because the test image
itself contains a prominent wooden tabletop: although this evidence is not the primary answer concept,
it faithfully reflects a real and localized component of the input rather than an unrelated semantic
association.

Together, these examples highlight two useful properties of the learned latent space. First, semantically
related concepts are decomposed across distinct but complementary latents rather than being collapsed
into a single diffuse feature. Second, the associated visual support remains faithful to the specific test
image: object latents localize to the relevant objects or parts, interaction latents capture relationships
such as the hand holding the medicine, and contextual latents recover visible scene attributes such as the
wooden tabletop. This fine-grained decomposition makes the latent representation useful not only for
identifying what semantic evidence is present, but also for tracing where that evidence appears and how
multiple pieces of evidence jointly support the model’s prediction.

J.2 Qualitative Analysis of Influential Training Examples

We next inspect the training examples assigned the highest influence scores for individual test predictions.
These examples provide a complementary view to the latent-level analysis: rather than asking which
concepts within an example matter, we examine whether the retrieved training examples themselves
contain evidence that is semantically consistent with the test query and prediction. Across VizWiz,
GQA, and CheXpert, the most influential examples exhibit prediction-relevant correspondence with the
test instance, ranging from direct visual or answer-level agreement to related clinical evidence across
diagnostic labels.

We additionally expand the VizWiz medicine example introduced in the main text (Fig. 9) to inspect the
influential training examples in greater detail. The highest-ranked examples capture several comple-
mentary aspects of the test instance rather than simply repeating the same object. Some provide direct
semantic support through examples involving medicine or cough medicine, while others contain visually
related containers and packaging that help distinguish the target object from alternative possibilities.
Additional examples reflect contextual properties present in the query image, including the wooden
tabletop on which the medicine is shown. Together, these examples illustrate that the influence ranking
captures both answer-relevant semantic evidence and visually grounded contextual evidence, providing
a more nuanced explanation of the prediction than simple nearest-neighbor similarity.
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Figure 15 shows a VizWiz test example centered on a screen. The highest-ranked training examples
consistently contain closely related screen or display content, indicating that the influence estimator
retrieves examples with strong visual and semantic correspondence to the test input. Despite variation
in the surrounding scene, the shared screen-related content remains prominent across the influential
examples.

Figure 16 provides a GQA example in which the query asks about what a man is wearing. The model’s
answer is jeans, and the three most influential training examples are likewise associated with jeans. The
agreement is therefore not only visual but directly aligned with the answer concept, suggesting that the
prediction is supported by training examples encoding the same attribute queried at test time.

A second GQA example is shown in Fig. 17. Here, the test question asks who is looking out the window,
for which the answer is man. The highlighted answers of the most influential training examples are also
man. This agreement indicates that the influence ranking identifies training examples whose supervision
is directly consistent with the semantic decision made for the test instance.

We further examine influential training examples on CheXpert, where the prediction task differs from
the open-ended settings above. Here, the highest-influence examples need not share the same queried
finding as the test example. Instead, they often contain related radiographic patterns or report semantics,
providing a complementary view of how training examples support clinical predictions.

Figure 18 shows a correctly predicted cardiomegaly example. The influential training set spans several
queried findings, including pleural effusion, consolidation, atelectasis, and cardiomegaly itself. Thus,
the ranking is not explained simply by retrieving examples with the same diagnostic label. Rather, the
influential examples capture overlapping cardiopulmonary evidence, while the localized latent activations
identify the image regions through which this evidence contributes to the prediction.

The edema example in Fig. 19 makes this cross-label behavior particularly clear. Although the most
influential training example is queried for consolidation, its report describes mild-to-moderate pulmonary
vascular congestion, evidence that is semantically closely related to the edema prediction. Other highly
influential examples similarly contain pulmonary opacities and related abnormal chest findings. The
retrieved examples therefore reflect the underlying evidence relevant to the prediction rather than merely
the surface identity of the queried label.

A similar pattern appears for the pleural effusion prediction in Fig. 20. A directly matching pleural-effusion
example appears among the highest-ranked training examples, while other influential cases are associated
with cardiomegaly, atelectasis, and consolidation. The combination of direct and cross-label support
suggests that the influence estimator captures shared radiographic evidence across related findings
instead of reducing attribution to examples carrying the same task label.

Together, these cases show that high-influence training examples are not arbitrary nearest examples:
they preserve prediction-relevant information from the test instance. The VizWiz example exhibits strong
visual-semantic correspondence around the screen concept, while the GQA cases show direct agreement
at the answer level for jeans and man. In CheXpert, the correspondence is more structured: influential
examples may cross diagnostic labels while retaining related radiographic or report evidence. This
provides qualitative evidence that the influence ranking surfaces training examples that are meaningfully
aligned with the model’s test-time decision rather than simply matching superficial labels or visual
similarity.

K Comparison with Pooled Multimodal SAE Baselines
We compare MOSAIC against two recent multimodal SAE approaches that learn aligned image—text
representations: JSAE (Shu et al., 2026) and SPARC (Nasiri-Sarvi et al., 2026). These methods provide

natural controls for whether a generic shared or aligned multimodal latent space is sufficient for our
attribution setting.

Experimental setup. All methods are trained on the same VizWiz activations from Qwen3-VL-2B-
Instruct at layer 15. We use the same underlying VLM representations so that the comparison isolates
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Table 8: Comparison with pooled multimodal SAE baselines on VizWiz with Qwen. Balance is computed
over selective live latents. Footprint measures the fraction of the image patch grid activated by a latent,
and contiguity is normalized against a size-matched random support. Lower footprint, contiguity, and
word concentration indicate more selective features.

Method Alive Balance 1 Footprint | Contig. | Word conc. | Img. tok./fire |

MOSAIC 8156 26.7 8.3% 0.548 0.219 3.30
JSAE 99 3.3 100% 1.000 0.552 192
SPARC 69 0.0 100% 1.001 0.992 192

Table 9: Effect of inserting each dictionary position-wise into the VLM forward path. Mean cross-entropy
is evaluated over 60 VizWiz validation examples. A is relative to MOSAIC.

Forward path Mean CE | A
Identity (no SAE) 1.848 —0.180
MOSAIC 2.027 0
JSAE 9.464 +7.44
Mean-broadcast control 10.462 +8.43
SPARC 12.691 +10.66

the SAE objective. For SPARC, we use its published Global-TopK and cross-reconstruction formulation.
For JSAE, we implement its separate image/text encoders and decoders with cosine alignment between
the pooled modality codes. We use per-modality normalization and As = 1.0, which places JSAE near its
reported sparsity regime rather than evaluating it at the substantially denser operating point obtained
with the original hyperparameter on our activations.

Global alignment does not imply localized shared features. Table 8 shows a substantial difference
in the granularity of the learned representations. JSAE and SPARC can align image- and text-level
representations, but their active visual features span essentially the full image. In contrast, MOSAIC
retains thousands of live features while producing substantially more selective and spatially localized
support. The distinction is particularly important for our use case: an example-level shared concept is
insufficient to determine which image patch or text phrase carries a training example’s influence.

This follows directly from the alignment objectives. JSAE aligns one mean-pooled image code with
one mean-pooled text code for each example, while SPARC likewise learns correspondence at the
representation-stream level. Neither objective defines a phrase—patch correspondence. In MOSAIC, the
representation remains position-resolved and phrase-region supervision explicitly determines which
localized visual and linguistic evidence should share latent structure.

Why pooled dictionaries cannot simply be applied per token. One possible alternative is to take a
pooled multimodal dictionary and insert it at every image and text position, thereby creating the position-
resolved representation required by latent influence. We test this directly by replacing the residual-stream
representation with each dictionary’s per-token reconstruction and measuring the resulting language-
model loss.

As shown in Table 9, the pooled dictionaries do not preserve the VLM computation when applied position-
wise at our intermediate layer. JSAE approaches the mean-broadcast control, while SPARC performs
worse. This does not imply that these methods fail at their intended pooled representation or steering
objectives; rather, their learned unit of analysis is not interchangeable with a token- or patch-level SAE
inserted into the forward path.

This distinction matters for latent-mediated influence. Our attribution is computed through the SAE-
mediated forward pass, so the prediction must depend on the same position-resolved latent variables that
are subsequently attributed. A pooled representation can instead be analyzed in parallel, but then the
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model loss does not depend on those codes and their gradients cannot mediate the prediction. MOSAIC
is therefore designed specifically to preserve the forward computation while providing a shared latent
basis at the phrase, token, patch, and region levels needed for grounded influence decomposition.

Takeaway. These comparisons isolate the difference between cross-modal alignment and an attribution-
compatible multimodal basis. Existing pooled multimodal SAEs can learn shared image-text concepts,
but do not natively provide the position-resolved, spatially localized representation required to trace
training-example influence to specific linguistic and visual evidence.
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Figure 13: Detailed latent decomposition for a VizWiz medicine example. Representative test latents
capture complementary evidence including the bottle, medicine-related semantics, and the hand holding
the medicine. The localized activations show that the representation separates object identity, semantic
function, and relevant object—person interaction while remaining grounded in the corresponding image
regions.
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Figure 14: Detailed latent decomposition for a VizWiz eye-drop example. The learned latents recover
the central semantics of the test image, including eyes, eye drops, and bottle, while also representing
localized contextual evidence such as the wooden table on which the object appears. This example
illustrates how distinct latents jointly encode both answer-relevant concepts and faithful scene context.
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Figure 15: Influential training examples for a VizWiz screen query. The test example contains a
screen, and the highest-influence training examples consistently exhibit closely related screen or display
content. This qualitative consistency shows that influential examples reflect the salient visual semantics
of the test input.
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[query] What is the man wearing?

correct answer: jeans
The man is wearing jeans.

influence +3.11e+07
[query] What are the blue
clothing items called?
jeans

The clothing items are jeans.

latent 6541 latent 5556 latent 3532 latent 8187
[infl 9.4M - act11.9 |[infl|9.0M - act7.3  |infl| 8.7M - act36.1 [infl| 8.2M - act 13.9
jeans
influence +2.08e+04
[query] Which kind of clothing
is blue?
jeans
The clothing is jeans.
latent 3436 latent 1969 latent 4470 latent 6799
linfl| 24.7k - act 216.3 |infl| 14.1k - act 231.0 |infl] 10.5k - act 142.0 |infl| 4.2k - act 257.5
jeans jeans clothing jeans clothing jeans clothing
influence +1.13e+04
[query] What does the woman
wear?
jeans
The woman wears jeans.
latent 1848 latent 7746 latent 4658 latent 4186
linfl| 17.4k - act 127.6 |infl| 14.4k - act 2.7 |infl| 13.8k - act 207.1 [infl| 13.6k - act 119.9
jeans woman wears jeans woman jeans

influence +1.1e+04
[query] What vehicles are in
front of the bush?

cars
The vehicles are cars.

latent 4324 latent 5167 latent 1348 latent 4671
linfl| 2.4k - act 456.5 |infl| 1.3k - act 0.2 |infl| 1.1k - act12.0 linfl| 684 - act 163.7
cars vehicles cars vehicles cars

Figure 16: Influential training examples for a GQA clothing query. The test question asks what the
man is wearing, with jeans as the predicted answer. The top three influential training examples are all
associated with jeans, directly matching the answer semantics of the test query.
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[query] Who looks out the window?

correct answer: man
The man looks out the window.

influence +1.06e+04
[query] Who wears the shorts?

man
The man wears shorts.

latent 3265 latent 1969 latent 865 latent 6524
|infl| 788 - act 505.6 |infl| 744 - act 254.4  |infl| 736 - act 265.3 |infl| 556 - act 130.8
man shorts wears wears shorts man man wears

influence +8.72e+03
[query] Who is jumping?
man

The man is jumping.

latent 865 latent 3265 latent 7389 latent 2055
linfl] 2.8k - act212.1 |infl] 2.1k - act312.2 |infl] 1.1k - act 201.0 [infl| 908 - act 27.7
man man jumping man

influence +8.02e+03
[query] Who is playing tennis?

man
The man is playing tennis.

latent 865 latent 1350 latent 4671 latent 7389
linfl| 1.4k - act228.1 |infl| 736 - act 140.7 |infl| 548 - act 98.9 linfl| 544 - act 222.6
man tennis playing man playing
tennis

influence +7.78e+03 / .

[query] Who is wearing a

jacket?

man

The man is wearing a jacket.

latent 1348 latent 6772 latent 7389 latent 1851
linfl] 1.2k - act 37.1 |infl| 506 - act 116.6 |infl| 500 - act 141.2 |infl| 486 - act 246.2
man man man wearing

Figure 17: Influential training examples for a GQA identity query. The test question asks who is
looking out the window, with man as the answer. The highlighted answers in the highest-influence
training examples are likewise man, demonstrating strong agreement between the training supervision
and the test prediction.
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C

report impression: previous
right pleural effusion has
resolved. pulmonary vascularity

within normal limits. no foc ...

latent 2499 latent 2486 latent 4240 latent 266
linfl| 7 - act 29.7 linfl| 6 - act 926.6 [infl] 6 - act 45.8 linfl| 5 - act 55.2
resolved impression report

consolidations...

Figure 18: Influential training examples for a CheXpert cardiomegaly prediction. The correctly
predicted cardiomegaly case receives support from training examples spanning multiple queried findings,
including cardiomegaly and other cardiopulmonary abnormalities. This illustrates that influence is not
determined solely by exact diagnostic-label matching.
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Figure 19: Influential training examples for a CheXpert edema prediction. The highest-influence
example is queried for consolidation but its report describes pulmonary vascular congestion, providing
evidence closely related to edema. The ranking therefore captures clinically relevant cross-label corre-
spondence rather than only exact label agreement.
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Figure 20: Influential training examples for a CheXpert pleural effusion prediction. The influential
set contains both a directly matching pleural-effusion example and examples associated with other
thoracic findings, demonstrating a mixture of direct and cross-label support for the prediction.
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