This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

TRANSPORTER : Transferring Visual Semantics from VLM Manifolds

Alexandros Stergiou
University of Twente, NL
https://alexandrosstergiou.github.io/TRANSPORTER

N
I

—

<
|7
-
=

a0
Q
—

old young

e video shows a

man standing in a discus throwing ring. The background shows a grassy field with trees and it appears
to be daytime. The man starts by holding the discus in his right hand and begins to swing the discus back and forth, building
momentum. He takes a few small steps forward and as he gains momentu.m, he ,splns around and

releases the discus.
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Figure 1. Generated videos representing VLM logit modulations with TRANSPORTER . Videos that capture different logit predictions
are obtained by coupling VLM embeddings to generative representations. Given the generated VLM caption and a target modulation of
objects, actions, or scene attributes, TRANSPORTER guides the video generation process to reflect token logit score changes. Embeddings
are decoded into logit-score-aligned videos, as shown by the bottom videos that shift for (o1d]and (swift]for (slow]

Abstract

How do video understanding models acquire their answers?
Although current Vision Language Models (VLMs) rea-
son over complex scenes with diverse objects, action per-
formances, and scene dynamics, understanding and con-
trolling their internal processes remains an open chal-
lenge. Motivated by recent advancements in text-to-video
(T2V) generative models, this paper introduces a logits-
to-video (L2V) task alongside a model-independent ap-
proach, TRANSPUORTER , to generate videos that cap-
ture the underlying rules behind VLMs’ predictions. Given
the high-visual-fidelity produced by T2V models, TRANS-
PORTER learns an optimal transport coupling to VLM'’s
high-semantic embedding spaces. In turn, logit scores de-
fine embedding directions for conditional video genera-
tion. TRANSPORTER generates videos that reflect cap-
tion changes over diverse object attributes, action adverbs,
and scene context. Quantitative and qualitative evaluations
across VLMs demonstrate that L2V can provide a fidelity-
rich, novel direction for model interpretability that has not
been previously explored.

1. Introduction

The world is full of rich visual signals. For example, a
discus throw, as in Fig. 1, can include variations in the
scene dynamics, people or object attributes, and action per-
formances. Video understanding has experienced drastic
growth with detecting, predicting, captioning, grounding,
and reasoning actions from encodings [83]. This conver-
gence from visual attributes to context-rich semantics has
led to Vision-Language Models (VLMs) [1, 17, 87, 109]
that address tasks in tandem. Despite significant progress,
uncovering explanations behind model decisions has been a
longstanding challenge. Existing approaches prompt [100],
linearly probe [42], or decode hidden embeddings [15, 72]
to gain text-based descriptions that are often sensitive to
changes [4], of limited length, or misrepresent internal pro-
cesses [93]. To address this gap, this paper revisits visual
explanations and presents a logits-to-video (L2V) genera-
tive task for synthesizing videos corresponding to logit dis-
tributions. As VLMs provide answers as probability distri-
butions over a token dictionary, transporting logits to videos
can directly and causally represent relevant insights.

To model L2V, a VLM-independent approach is in-
troduced. TRANSPUORTER creates probabilistic paths
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between high-semantic and visually-fidelitous representa-
tions, allowing for fine-grained generation controlled by
VLM predictions (logits). Unlike existing methods that rely
on text-based explanations or visual-saliency attributions,
TRANSPORTER visually represents modulations across
VLM tokens. During training, video attribute pair mod-
ulations are encoded to latent vectors. In inference, their
logit divergence is used as a condition for video generation.
TRANSPORTER provides a novel interactive explainabil-
ity paradigm that not only verifies the alignment between
learned semantics and relevant visual representations, but
also explores learned object-attribute correlations.

This work’s contributions are: (i) L2V, a novel controlled
generation task for VLM visual explanations. (ii) TRANS-
PORTER , a model that learns optimal transport paths be-
tween local geometric relationships and global representa-
tions across embedding spaces. (iii) Learnable latents to
modulate videos by the target logit divergence. (iv) Empir-
ical evaluations and ablations across settings.

2. Related works

Approaches for interpreting deep models can be divided
into three groups, detailed below.

Attribution visualizations relate input contributions to
model predictions. For image-based models, approaches
have focused on the regional saliency of categories [12,
29, 74], object parts [7], or gradients [77, 86]. Extensions
also propagated local relevance through attention [9], or
layer-averaged activations [13], while other efforts visual-
ized attributions in video classification [59, 84]. As re-
cent models represent vision and language in shared embed-
ding spaces [76, 108], approaches have explored text-based
attributions with point-wise vision-language mutual infor-
mation maximization [10, 41], score-based pairwise sim-
ilarities [6, 36, 71], and learned ensemble models [106].
Prompt-to-image relevance [63] has also been visualized
through image-level object highlights [65, 78], CLS token
decomposition [107], and cluster graphs over latent repre-
sentations [27, 54]. In contrast, TRANSPORTER focuses
on visualizing VLM semantics within the challenging video
domain by generating attribute-controlled videos.
Representation decomposition methods visualize parts
of objects and category relations [28], or decompose ac-
tivations to vector directions [38]. Vision-language ap-
proaches related object semantics to feature [31, 49, 64], or
learned latent [16] descriptions. Works have studied text-to-
image correspondence based on embedding distances [103,
111], ablated outputs [67], and modality-specific differ-
ences [46, 47, 57]. Prototype-based approaches [21, 85, 96,
101] have gained traction with contrastive-learned embed-
dings [21], semantics-caching-instance-shifting representa-
tions [85], and semantic boundary centering [96, 101]. Op-
timal Transport (OT) has also been used to align visual fea-

tures to text semantics [14, 113], and cluster features based
on activations [98, 112]. This paper explores a different
direction. It uses OT to couple high-semantic embeddings
with detailed visual representations for video explanations.
Concept-based methods aim to invert model inputs [39,
69, 79, 105]. Most objectives update inputs with Ac-
tivation Maximization (AM) [79] to increase activations
of neurons [68], class scores [69], gradients [39], fea-
tures [26, 70], or language semantics [48]. AM has also
been adapted for convolution [25] and attention [82] video
models. Due to parameter sensitivity [34, 82, 105], more
recent works instead trained [53] or fine-tuned [56] copies
of models for visually interpretable features [53], semantic-
alignment [55, 80], or joint vision-language representa-
tions [19, 30]. Concept editing has been explored for T2I
models [8, 32, 43, 73]. Approaches employed low-ranking
adapters [32, 45], prompt-editing [43], and prompt-pair em-
bedding differences [8, 73] for control over the image gen-
eration. Drawing inspiration from concept editing in T2I,
the proposed method uses a control-based objective to gen-
erate videos that visually represent VLM tokens (L2V).

3. Method

This section provides preliminary definitions for T2V and
formulates the L2V objective for explanations (Sec. 3.1);
introduces embedding manifold coupling (Sec. 3.2); and
the learnable concept bank (Sec. 3.3), which together form
TRANSPORTER ; and concludes with an overview of a in-
ference pass over all modules (Sec. 3.4).

3.1. Definitions

Preliminaries. Recent T2V models [50, 95] are trained
with Conditional Flow Matching (CFM) [3, 60, 61, 91]
to model velocity fields between standard Gaussian priors
e ~N(0,T) and target distributions of (latent, condition)
pairs (z=,n=), where z= € R® are N-token embeddings
of video x and m=z = T=(7) is a tokenized text condition 7.
Probability paths zz , for time ¢ € [0, 1] are commonly con-
structed with a linear interpolation z¢ , = tzz+(1—t)e and
conditional velocity field v(zg ,|7=) £ 7= — e. Network G
is trained to regress the conditional velocity across sampled
paths with Mean Squared Error (MSE):

G(zz =, ) (1)

Lorm = By (azmo) [0(25,472) —

L2V, shown in Fig. 2a, considers VLM predicted logits
w = logit(mq) for caption mq = LLM(f, zg) from text
query f3, and video encodings zg = o (x) € R with N
tokens. Captions include an arbitrary number of subjects
and attributes. L2V aims to generate video x’ with Aw for
the change between token logits w™ from 7, to w™ from

w;; . For example, given w™ logit for |[happy|, the goal is
to generate video x’ to instead match w logit for (sad).
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The video is set by a waterfront. It’s a sunny day
and three individuals are seated on folding chairs,
engaged ingently playing their instruments. The per-
son on the left is playing an acoustic guitar, the
middle is playing box drums, and the person on the
right is playing keys. There are people walking along| .
the waterfront at a distance. There’s also speakers
positioned near the balustrade. The camera zooms to
the left capturing the fingers of the musician.

(a) L2V overview

concept vectors
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(b) Coupling network training ®

(c) Concept bank Q training (d) Inference step

Figure 2. (a) L2V with TRANSPORTER : Embeddings z= € RZ are coupled with network ® and concept bank Q. (b) Coupling
network @ initially projects z= with condition 7= to zo, = o, (z=, 7=). Latents Zg, € R® are obtained with D, over decoder D= and
encoder Eq latents. The Learnable Optimal Transport (p-OT) module uses updatable projection vectors po, , Po, to transport embeddings
to zo. The divergence between pairs 7, ™ is used to train the (c) Concept bank Q = {qo : 0 € O} given the probability path difference
Av between conditions, weighted by the LLM logit distributions change Aw for w™ to w™. For each (d) Inference step, latents q, are

added to conditions to transport noise latent e ~ A/(0, I) and generate videos and captions.

3.2. Coupling visual fidelity to semantics

Core to the paper’s proposal is the coupling of latent
representations between the generator’s R= and VLM’s
R® spaces. As embeddings z= can be decoded back to
video by the generator’s (variational) decoder D=, a nat-
ural choice for L2V would be to decode-and-re-encode
z=—0 = &Eq(D=(zz)). Although the reconstructed em-
beddings are within R’s manifold, the VAE decoder intro-
duces stochastic variation [51]. The resulting token dynam-
ics differ from deterministically encoded encodings zz, zg,.
Thus, as overviewed in Fig. 2b, a coupling network @ is
used to project and transfer zz to zg ~ zn approximating
the representations within R

Projecting to target space. Embeddings zz are first pro-
jected to Zg, = Pq, (zz, m=) ER? by @, . The module op-
timizes a MSE objective (2) between obtained projections
Zgo, and target encodings zq.

Attending token structure. As the local geometric rela-
tionships between tokens are not directly addressed by (2),
z=_,q are used to learn soft targets zg, = ®q,(z=—q) €
R%. Module P, optimizes a Gram-matrix loss [33, 58] to
match zq’s relational token structure (3).

Log =lza—Z0, > ) Laog,=|H(z0)-H(Za,)|> 3)

where H(zq), H(zZq,) are the RINIXINI Gram matrices
computed as the inner product between tokens from zq, Zq,
respectively to match token structures within embeddings.

Learnable OT. Given globally projected Zg, and local
structure-preserving Zq,, their complementary represen-
tation properties are combined to distilled embeddings
zq. Following recent works on distribution matching over
varying-size embedding spaces [75, 88], a novel learnable
entropic-based OT (p-OT) module is defined. Given Zq,
and Zg,, p-OT uses {pq, ,}r= and {pa, ,}5—; sets of P
learnable projection vectors. Each p. , € R projects tokens

i, 7 €N onto scalars for each projection p{1, ..., P}:
a;, = (20,,i, P, ,p)Vi €N 4)
b;, = (Za, ., P, ,p)Vi €N (5)

For each p, transport plan T is found by minimizing trans-
port cost M ; , = ||la; , —bj ,||2, with entropic regulariza-
tion controlled by temperature 7. The full continuous and
discrete formulations are expanded in §6. As solving the
full doubly-constrained problem is computationally inten-
sive, an efficient, closed-form approximation with partial
double-stochastic iterations is used to regress P-averaged
optimal transport plans from T; ; ,ocexp(—M; ; ,/7). The

resulting T € RNI*INI can be applied to obtain z, =TZq, .
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Figure 3. Concept attribute control with TRANSPORTER given the caption: A close up shot of a D bowling ball
hitting the pins in a bowling alley. Initially, is used to obtain generator/VLM encodings 7 , m¢, . Vector qred—sblue

is added to 7 based on divergence Aw to 7 :. As shown, the generated videos are of high visual fidelity while also preserving
scene dynamics across modulations; e.g., camera view, object motions and their affordances over time, as well as time-relevant interactions.

Changes are only seen specifically for the target attribute. Vector qred—biue Used is learned with Aw from Gemma 3 [87] logits.

The projection vectors pg,,Ppq, are updated based on a
joint (2) and (3) objective:

Lyor = |lza — Za|* + [H(zo) - H(Za)|*  (6)

A detailed algorithmic formulation of the process is avail-
able in §7 of the supplementary material.

3.3. Concept bank learning

The goal of L2V is to generate embeddings zZ that
capture VLM logit score changes. This requires iden-
tifying latent directions. Given pairs of semantically
contrastive VLM tokens, e.g., 7~ =[baseball hit),
nt=[baseball miss), a learnable concept bank Q =
{qo : 0 € O} consisting of |O| concepts is created (Fig. 2¢).
Each concept vector q, € RE, encodes the latent direction
of pair 7—, 7", in turn tokenized to 7,72 € R=. In ad-
dition to video embeddings, the condition pair is passed to
coupling network @ (Fig. 2b) so attribute modulations can
be represented across both R= and R spaces.

Generator modulations. Initially, a video caption contain-
ing concept m~ is tokenized to mz = Tz(w~). Starting
from a Gaussian noise latent prior € ~ N (0, I), generator G
is used to approximate denoised embedding zZ given con-
dition 72 over ¢ steps. At step ¢t — 1, the probability path is
approximated as:

2oy =22, 1+ (1/0)G(z5, 1z, t—1) ()

where zZ , =e at timestep t =0 and 2, ; ~ 22 att=t.

At next step ¢, condition 7= can be instead adjusted to
include one or multiple subject(s)-specific attribute changes
ﬂg . The different velocity fields can be predicted for
the adjusted conditions as shown in Fig. 4. The diver-
gence between the two predicted probability paths, Av =

t

[t]
1 | 1
7T =cuttingvegetablesslow |

|~

G(zz 47z, t)

|Az,' = latent direction |
=cuttingvegetables

Figure 4. Flow path modulation. Given latents zz , two velocity
fields are predicted for conditions 7,7 at step ¢. Their latent
divergence Awv corresponds to concept/attribute directions.

G(zt 72, t) — G2k, mz ,t) corresponds to the differ-
ence across the target pairs of concept/attribute modula-
tions. Comparably to finding latent directions in diffusion
models [8], the CFM loss (1) can be adjusted to include
concept vector 7z + 0qo:

‘CQn = ]Ee,t,(zla_ =) || Sg(g(zlE,n Wg? t) + 5A’0)

8
*g(Z,E,tvﬂ-E +5q07t)”2 ®
with 0 control parameter and sg stop-gradient. For both 72
and 7z + dq,, generator G weights remain frozen.
VLM modulations. Path divergence Awv is supervised by
VLM logit changes to impose semantic control onto the
video generation. Latents zZ ,z= obtained from (7), are
transported to z;, = ®(z5,75) and zg = P(z, 7d)
within VLM’s R® space. Respectively, logits w~ =
logit(mg) and wt = logit(nmy))) are obtained from
7o = LLM(B,Z¢ ) and 7y = LLM(, %, ) respectively.
The logit difference Aw is computed from their Hellinger

distance Aw = % ‘\/w— —\/w+‘ where Aw € [0, 1]. The
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Table 1. Quantitative comparisons on VideoLLaMA 3, Gemma
3, Phi 4 MM. FVD and LPIPS" evaluate the visual quality of gen-
erated videos in comparison to videos from VidChapters7M [102].
CLIP" score, aes, and A evaluate condition alignment. AM-
optimized approaches are adjusted to both video data and VLMs
by maximizing either w" or w™+Aw. Top performances are in bold.

(a) VideoLLaMA 3

CLIP"
scoret aes. AT

Method Opt FVD | LPIPS' |

— Feature vis. maximizing w™

AMY [79] 5.18¢>  6.83  9.48 1.36 1.06
GradViT" [39] AM 2.61e® 546 10.11 1.55 1.73
MACOY [26] 2.50e®  4.52  14.23 227 1.56
LEAPS [82] 1.85¢3 437 16.74 2.56 2.28

(b) Gemma 3

CLIP"
scoreT aes.t A1

Method FVDJ] LPIPS']|

— Feature vis. maximizing w™

Baseline [82] 2.18¢%  4.55 1741 267 1.82

— Feature vis. maximizing varying w® + Aw

Baseline [82] 242¢3 472 14.13 2.05 1.89

TRANSPORTER  1.05¢> 143 3618 4.21 11.56
(c) Phi 4 MM

Method FVD| LPIPS'| CLIP'1

scoret aes. A1

— Peature vis. maximizing w™

—— Feature vis. maximizing varying w™ + Aw Baseline [82] 234e3 512 1506 224 173
MACOY [26] AM 3.88¢3 5.85 11.54 191 1.78 — Peature vis. maximizing varying w* + Aw

LEAPS [82] 2.39¢3  5.12 1195 2.13 230  Baseline [82] 2.58¢% 543 1045 1.87 1.54
TRANSPORTER 12V 1.25¢%> 1.67 35.44 4.28 12.62 TRANSPORTER 1.42¢* 154 3571 4.8 11.35

obtained divergence is used in (8) as the control parameter
6 = Aw. In training, Aw is averaged over multiple noise
initializations to reduce variance across representations of
the same concept/attribute pairs 7=, 7.

3.4. From logits to videos

Inference (Fig. 2d) allows d to be manually defined to gen-
erate videos that reflect specific changes in VLM logit dis-
tributions Aw. Using q,, the approximated probability path
(7) is adjusted with condition 7z + dq,. Generated latents
73 are decoded to video x'9° = D(z=") as in Fig. 3. Ad-
ditionally, the coupling also enables generating captions for
x'%° by transporting zz'; to R via ®.

4. Experiments

VLMs, training datasets, and TRANSPUORTER details are
described in Sec. 4.1. L2V is quantitatively compared to
adjacent feature visualization tasks over video quality and
semantic alignment metrics in Sec. 4.2. Qualitative results
in Sec. 4.3 are followed by ablations in Sec. 4.4.

4.1. Implementation details

Models and Datasets. Modulation videos are generated
for VideoLLaMA 3 (7B) [109], Gemma 3 (12B) [87], and
Phi 4 MM (5B) [1] logits. The VLM selection is based
on ViT/LLM diversity. Wan2.2 [95] is used as the base
generator. The imported models only run inference with
frozen parameters. Coupling is trained on an ensemble
of semantically-rich, high-resolution, and egocentric videos
from VATEX [99], LAVIB [81], and Ego4D [37]. The con-
cept bank is trained on different seeds of target concepts.

" In house conversion of image method/metric to video.

TRANSPORTER settings. Training is done in two stages.
The coupling network @ is trained first. ®gq, consists of
a 24-layer MLPMixer [90] projector and ®q, is a 12-layer
Transformer [20]. Module p-OT uses 100 projections. Cou-
pling is trained with AdamW [62] for 100K iterations with
a learning rate of 1¢3, batch size of 8, and gradients ac-
cumulated every 8 steps. Concept bank Q is trained at a
second stage for 1K iterations per vector with 1¢ # learning
rate. Per generative step, € is of 16x902 size then decoded
to 61x7202 video resolution. Av and Aw are averaged over
multiple seeds. Further details are available in §8.

4.2. Results

Tab. 1 reports alignment scores between encoded condi-
tion text and generated video embeddings, alongside vi-
sual quality metrics between generated and real videos.
Text-to-video alignment is evaluated with frame-averaged
CLIPY scores [44], aesthetic correspondence [40], and cos-
sim divergence score [8] between generated x'9° and to-
kenized target captions w. For video-to-video visual
quality, Fréchet Video Distance (FVD) [94] and frame-
averaged Learned Perceptual Image Patch Similarity [110]
(LPIPS") are reported between generated and 1K VidChap-
ters7M [102] video embeddings. As L2V focuses on visual
explanations, baselines include prominent methods from
image- [26, 39, 79] and video- [82] classification, adjusted
to maximize a target logit w™ or alternatively, logits with
varying divergence w~ + Aw. Only one previous method
has directly addressed visual explanations for video mod-
els [82]. Based on its relevance, it is selected as the baseline
method for comparisons across settings.

Baselines. Compared to VLM-adjusted prior works,
TRANSPORTER yields consistently better semantic align-
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Table 2. Embedding similarity between generated and real
videos. Cosine similarity (cos), [1/12 distance, and Kull-
back—Leibler divergence (KL) metrics are compared between
mean encodings from VidChapters7M and generated videos. The
respective video encoder per VLM is used for each metric.

Method Metric
cos T i} 2] KL |
VideoLLaMA 3
Baseline [82] 6.45¢78 2.93et2 2.75¢2  56.31
TRANSPORTER 3.28¢ 2 5.63¢° 5.88¢° 1.67
Gemma 3
Baseline [32] 2.31e® 4.29¢™2 5.65¢t2  73.00

TRANSPORTER 1.58¢7 2 4.79¢° 7.85¢° 4.00

Phi 4 MM
1.31e® 24767 6.09¢t2  45.39
1.25¢2 8.37¢° 1.21e° 3.66

Baseline [82]
TRANSPORTER

ment and visual quality scores. Notably, as shown
in Tab. la, CLIP" scores on VideoLLaMA 3 embeddings
are improved two-fold with L2V to 35.44, compared to the
best AM optimization setting with 16.74. Similarly, sig-
nificant CLIP" aesthetic score improvements are observed.
The largest gains reported are for generations conditioned
on Phi 4 MM logits, as in Tab. 1c, alongside better embed-
ding cossim divergence score A. The suitability of L2V for
video model explanations is further evident across visual
quality metrics. Videos corresponding to Gemma 3 log-
its, in Tab. 1b, are significantly closer to real videos with a
—2.31e? decrease in FVD. Similar trends are also observed
for VideoLLaMA 3 logits with LPIPS" consistently reduced
by —5.29 compared to w™ and w™ + Aw AM.

Multi-metric results. Tab. 2 compares embeddings of gen-
erated and real videos across VLM encoders. As shown,
the baseline struggles to approximate the distribution of real
videos. AM does not suffice to capture the high embed-
ding complexity, nor can it effectively disentangle the multi-
modal representations of VLMs. With the refined L2V task
for visual explanations, TRANSPORTER can generate de-
tailed videos that best correspond to expected token distri-
butions, as shown by the improvements in the cosine simi-
larity and KL divergence scores. In tandem, the videos gen-
erated by TRANSPORTER maintain high semantic and vi-
sual quality, as evidenced by decreases in distance metrics.

4.3. Examples

Qualitative comparisons. Fig. 5 illustrates videos gener-
ated with different methods over target token . The
AM baseline cannot generate visually distinct frames, re-
sulting in a video containing only an abstract shape. In-
stead, L2V produces substantially detailed videos of full
scenes that capture target attributes. TRANSPORTER is
also not limited to representations of individual concepts.

=0

1 9Qwalk—run Aw

Aw=

Figure 5. Preferred input generation with AM (top) and pro-
posed L2V (bottom) based on VideoLLaMA 3 logits correspond-
ing to . Beyond visualizing single logits, TRANSPORTER
further enables generating videos to explore intermediate modula-
tions of the logit distribution when shifting towards (run).

The inferred videos can visualize details across attributes,
such as expected modulation in pace for tokens correspond-
ing to or (tun). Effectively, TRANSPORTER is a
generative tool that enables users to visualize what VLMs’
token predictions correspond to.

Generalizability. Fig. 6 demonstrates TRANSPORTER ’s
applicability to a range of VLMs and its capability to gen-
erate videos that maintain scene aesthetics. As shown in
the obtained videos, VLMs reason about distinct attributes,
such as the types of objects used in actions, e.g. juggling,
or what a sign reads, throughout entire scenes. However,
changes in action performance, e.g., gymnastics spin, seem
to be more influential at specific times, without necessarily
having long-term effects. This shows that current models
learn action sequentiality over different granularities.

Logit divergence. Fig. 7a shows videos generated over
multiple attribute modulations across logit divergences. In-
terestingly, general attributes such as the number of ob-
jects, or (one), exhibit greater variance in the logit
divergence, as shown by multiple Aw values. In compari-
son, finer details such as object interactions with or
cuts are only present for a fraction of Aw. This
shows that learned semantic correspondences are, in turn,
reflected onto token divergences.

Flow timestep selection. The effects of modulations over
different timesteps are shown in Fig. 7b. Modulations
across large distributions are generated first, as evidenced
by the immediate change in the number of peppers. Instead,
later generative steps focus on finer details, such as the slic-
ing thickness, which become progressively less visible as
modulations are added in subsequent generation steps.
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VideoLLaMA 3

Gemma 3

p !‘ “} ' " ‘r P " “t '—

A -

Phi4 MM

Figure 6. Generated video modulations with TRANSPORTER across VLMs. Concept vectors can visualize videos corresponding to
logit distributions over a variety of video attributes which can relate to (top) active objects and affordances, such as juggling or

m (middle) changes or details in the performance of actions, with (front ] and [back] handspring, and (bottom) fine-grained

scene details, such as holding a sign that reads | Chicago | or(New York].

Frames 0 — 20 Frames 21 — 40 _— Frames 40 — 60

(c) Partial latent modulation.

Figure 7. Generated videos with Phi 4 MM logits over alternative settings. (a) Divergence modulations can be done over combined
attributes, such as cutting peppers over strips (Aw = 0) to cutting pepper over strips (Aw = 1). (b)
TRANSPORTER modulations can be introduced at different generation steps to highlight differences of attribute modulations (Aw)
with larger divergence, as that of (thin] and [thick], being better visible within the first few steps of video generation, compared to
smaller concept divergences, such as @] and (one). (c) Modulations can also be applied partially to latents. The resulting videos

include both original attributes, e.g. a car door, and target changes; e.g. for their respective frames.

Partial conditioning. Fig. 7c presents videos with only a 4.4. Ablations
fraction of their frames modulated during generation. The
visualizations demonstrate how and at what intensity tar-
get changes are expected to occur within time segments as

actions unfold. As shown, a spray bottle blends into the

[m to (ST ay) transition, showing how VLMs bind ob- each coupling network component, results between condi-
jects to actions and to adjacent actions tion captions and generated LLM captions from TRANS-

PORTER videos are reported at the top of Tab. 3. Notably,

Ablations are performed for both optimization steps and
method settings.
Coupling network settings. To investigate the impact of
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Table 3. Semantic scores over TRANSPORTER ablations between target caption m' and generated video caption w9°. For each
architectural and optimization setting, cosine similarity (Vcos), BLEU (B@1, B@2, B@3, B@4), CIDEr (C), METEOR (M), and SPICE
(S) scores are reported between VideoLLaMA 3/Gemma 3 captions from TRANSPORTER videos and target captions. Settings are
grouped in relation to changes in either the coupling network or the concept bank. Best results are bold and second best are underlined.

VideoLLaMA 3

Gemma 3

Method

Vcos B@l B@2 B@3 B@4 C

M S

Vcos B@l B@2 B@3 B@4 C

M S

Baseline [82] 0.11 20.14 10.57 523 2.05 2.74 11.47 9.12 0.05 20.62 11.18 5.73 2.19 1.95 11.60 7.55
Coupling network ablations

decode-and-re-encode 0.19 28.86 16.49 10.38 5.24 22.72 14.94 23.45 0.11 29.36 17.80 11.07 8.77 15.36 16.23 25.03

®q, only 0.16 26.75 1579 8.67 4.49 18.17 13.28 18.78 0.09 28.02 15.59 10.39 7.46 14.11 15.92 23.58

Dq, only 0.21 30.48 18.20 11.73 7.75 25.56 15.09 25.21 0.13 31.69 19.43 13.64 10.57 18.36 20.92 26.57

mean(®q, o,) 0.23 31.25 19.39 11.99 7.79 26.70 17.16 25.46 0.14 33.21 21.57 15.14 11.21 19.88 21.42 27.20

sGW OT 0.14 24.87 13.43 6.71 4.09 7.92 12.46 11.88 0.08 27.47 13.74 7.56 4.41 7.00 13.87 9.24

50 0.24 34.04 20.18 12.36 8.29 27.63 20.12 29.27 0.13 35.45 22.16 15.24 11.64 20.87 22.12 28.89

P{ 200 0.26 34.63 20.64 12.69 8.30 28.14 20.34 29.62 0.15 35.84 22.65 15.59 11.80 21.30 22.57 29.88

400 0.26 34.72 20.71 12.82 8.40 28.13 20.41 29.65 0.16 35.93 22.65 15.70 11.80 21.31 22.63 29.96

Concept bank ablations

Aw{ KL 0.19 29.83 17.56 10.45 5.29 24.37 15.72 24.80 0.10 30.56 18.25 11.44 9.69 17.09 19.34 26.52

JS 0.22 32.48 19.07 11.36 6.58 26.26 18.93 26.75 0.13 33.13 19.88 13.04 10.61 19.78 21.33 27.76

TRANSPORTER 0.26 34.59 20.59 12.67 8.34 27.99 20.34 29.59 0.15 35.80 22.70 15.65 11.78 21.33 22.51 29.85

leaves f

TRANSPORTER
re-encode inference for Gemma 3 logit divergence between

Figure 8. comparison to decode-and-

(stone] and [leaves). Learned modulations with TRANS-
PORTER maintain scene aspects unchanged. This robustness
does not translate in inference-only settings.

a significant improvement across all semantic metrics is ob-
served with the coupling modules ®g, /P, compared to
decoding and re-encoding the generated latents, as in the
inference setting. For OT, the heuristic approach based on
Sliced Gromov-Wasserstein (sGW) [88] shows a noticeable
decrease in caption quality. Increasing the number of pro-
jections offers some marginal improvements, but introduces
additional computational costs as discussed in §9.

Concept bank divergence metric. The second half
of Tab. 3 ablates divergence metrics. As shown, normal-
izing the bounds of the divergence metrics affects perfor-
mance. Hillinger distance is chosen given its strict bounds
and slightly favorable performance to the Jaccard Similar-
ity (JS). Unbounded metrics, such as the KL divergence,
resulted in lower performance.

Inference only. Figure 8 presents qualitative comparisons
to decode-and-re-encode setting. TRANSPURTER reflects

VLM token modulations across different logit differences,
which is not possible if only using models at inference.
The visualizations further demonstrate TRANSPORTER ’s
ability to maintain the motion and dynamics of the origi-
nal scene while visually reflecting the target changes across
relevant VLM tokens.

5. Conclusion

This paper introduces logits-to-video (L2V). A genera-
tive task for video model explainability that goes beyond
the adaptation of current classifier-based approaches to
video VLMs. Alongside L2V, the paper proposes TRANS-
PORTER , a visual representation method for VLM token
predictions. During training, TRANSPUORTER learns the
optimal transport between semantic VLM spaces and the
visual spaces of generator models. From this coupling, the
divergence between tokens is used to define modulations in
the embedding space corresponding to attributes. During
inference, TRANSPORTER generates videos to represent
this divergence. The proposed method has shown quali-
tatively and quantitatively that the explanations generated
are of high visual quality and semantically aligned to target
modulations. The video fidelity alongside the high visual
and semantic scores make L2V and TRANSPUORTER a first
step towards visualizing VLMs’ predictions and a novel di-
rection for understanding their reasoning process.
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