Beyond Caption Loss: Generative Distillation for Modality Alignment in
Vision-Language Models

Nam Kha Nguyen'

Mong Yuan Sim'!?

! Adelaide University

Wei Emma Zhang!

Xiang Dai?

Weitong Chen!
2CSIRO

{namkha.nguyen;wei.e.zhang}@adelaide.edu.au

Abstract

Vision-language models align frozen vision
encoders to language models using only a next-
token prediction loss, an asymmetric signal
that discards rich visual signals not captured
in the captions. We propose GENDA (Gen-
erative Distillation Alignment), a novel train-
ing framework that augments the captioning
loss with a generative distillation objective
from a frozen text-to-image diffusion model.
GENDA concatenates selected visual tokens
with the encoded caption to form a joint condi-
tioning signal, encouraging these tokens to en-
code visual information not already captured
by the caption. Across five vision encoders
and four language models, GENDA gains 3—
9 CIDEr points over LLaVA-1.5 on five cap-
tioning benchmarks. These gains also trans-
fer to downstream VLM benchmarks while
preserving the encoders’ discriminative perfor-
mance. Visual preservation and modality-gap
analyses suggest that visual information is re-
tained deeper within the LLM, while visual
features become more closely aligned with the
language representation space.1

1 Introduction

Most modern Vision-Language Models (VLMs)
follow a standard paradigm that a pretrained vi-
sion encoder is joined to a pretrained Large Lan-
guage Model (LLM) through a small projection
module (e.g., Q-Former (Li et al., 2023b) or MLP
(Liu et al., 2024a)). Training proceeds in two steps:
(1) feature alignment, in which visual features are
aligned to the LLM’s input space, and (ii) visual
instruction tuning, in which curated multimodal
instruction data are used to train the model for
vision-language understanding and instruction fol-
lowing. In both stages, the vision encoder, usually
a CLIP or SigLIP ViT (Radford et al., 2021; Zhai
et al., 2023), stays frozen, under the assumption

Code is available at github.com/noonamkha/GenDA
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Figure 1: Standard alignment vs. GENDA. (a) Con-
ventional visual instruction tuning only supervises
through the next-token loss of a sparse caption. (b)
GENDA additionally routes selected visual tokens into
a diffusion model conditioned on the same caption, so
the encoder is supervised by both the caption and the
source image.

that a projection module is sufficient to bridge the
visual and textual representation spaces. LLaVA
(Liu et al., 2023a, 2024a), MiniGPT-4 (Zhu et al.,
2024), InstructBLIP (Dai et al., 2023a), Qwen-VL
(Bai et al., 2023), and many other VLMs follow
this paradigm.

The recipe works, but it has a built-in problem:
the two modalities are usually not symmetric. For
example, in image captioning, images carry far
more information than captions describe (Schrodi
et al., 2025). Pictures may contain textures, fine
spatial relations, and small attribute differences,
whereas captions do not explicitly describe every-
thing in detail. When the only training signal
comes from predicting the next text token, the gra-
dient pushes visual features toward whatever maps
cleanly onto words, which means anything that
does not appear in the caption is pushed out. The
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vision encoder ends up trying to fit a narrowed text
space, but the alignment loss is not strong enough
to close the gap (Liang et al., 2022).

We argue that this gap should be closed by
complementing the language signal with a second
source of supervision that is sensitive to the visual
details that captions leave out. Pretrained text-to-
image diffusion models such as (Rombach et al.,
2022; Saharia et al., 2022; Podell et al., 2024)
can offer such a signal. They are trained to gen-
erate pixels from text, and their text-conditioning
space has two properties at once: it is aligned with
natural language (the input is text), and it is rich
enough to specify an image down to fine details
(the output is pixels). The diffusion model’s score
of an image conditioned on a caption gives a dense,
text-aware training signal that a vision encoder can
be pushed toward. This makes the diffusion condi-
tioning space a useful meeting point between vi-
sion and language

Building on this idea, we propose GENDA, an
improved feature alignment method that adds a
diffusion-based generative loss to the standard cap-
tioning loss. Figure 1 contrasts our approach with
the conventional pipeline. During the first stage
of VLM training, the vision encoder’s output is
sent down through two paths. The first path is the
usual path through the projector and into the LLM,
supervised by next-token prediction. The second
path projects a small, informative subset of the vi-
sual tokens into the diffusion conditioning space,
joins them with the encoded caption, and employs
a frozen diffusion model to generate the source
image from this combined signal. The resulting
noise-prediction loss flows back through the pro-
jection and into the vision encoder. Because the
caption is already provided to the diffusion model,
the visual tokens only earn gradients when they
carry information the caption misses, pushing the
encoder to preserve precisely the perceptual detail
that text supervision throws away.

In summary, our contributions are as follows:

* We propose GENDA, which reframes VLM
feature alignment as a two-signal problem,
combining a language signal from the LLM
with a complementary visual signal from a
frozen diffusion model to address the asym-
metry of caption-only supervision.

* We demonstrate consistent performance gain
across five image captioning benchmarks,

with the combination of five vision encoders,
and four LLMs while preserving zero-shot re-
trieval and classification performance.

* We show via layer-wise Centered Kernel
Nearest-Neighbor Alignment (CKNNA) and
modality-gap visualization that generative
feedback preserves visual information deeper
into the LLM and pulls visual tokens closer to
the text-token space.

2 Related Work

Vision-Language Models Training.

The LLaVA family (Liu et al., 2023a, 2024a)
showed that a plain two-layer MLP trained in the
two stages described above is enough to get a
strong multimodal assistant when paired with a ca-
pable LLM. In this paradigm, the vision encoder
is frozen during alignment, with CLIP, SigLIP, or
other variants such as OpenCLIP (Cherti et al.,
2023) used as fixed feature extractors. Tong et al.
(2024) show that VLM errors often come from the
encoder’s inability to tell apart fine-grained visual
details. Current approaches to addressing this is-
sue generally fall into two categories: combining
features from multiple frozen encoders (Kar et al.,
2024; Shi et al., 2025), or pretraining encoders
with high-quality image-text data (Xu et al., 2024;
Cherti et al., 2023). These methods give stronger
frozen backbones but they do not change what hap-
pens during multimodal alignment. There, the en-
coder is still a fixed feature source and any remain-
ing mismatch with the LLM has to be absorbed by
a projector with limited capacity.

Diffusion Models as Representation Learner.

Following the empirical success of large text-to-
image diffusion models, several lines of work have
asked whether the representations these models
learn for generation are useful for other tasks.
DIFT (Tang et al., 2023) and Diffusion Hyperfea-
tures (Luo et al., 2023) extract intermediate UNet
activations and show they encode dense seman-
tic correspondences. In the multimodal direction,
DreamLLM (Dong et al., 2024), Emu (Dai et al.,
2023b), and SEED-LLaMA (Ge et al., 2024) at-
tach diffusion decoders to LLMs so that the com-
posed model can generate images.

Closest to our work are methods that directly
distill from diffusion models. DreamTeacher (Li
et al., 2023a) distills diffusion features into dis-
criminative backbones, while DIVA (Wang et al.,
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Figure 2: Overall architecture of GENDA. Visual tokens flow along two paths: the standard projector-LLM path
trained with the captioning loss (language feedback), and a parallel path in which dominant tokens and merged
contextual tokens are linearly mapped into the diffusion conditioning space, concatenated with the encoded caption,
and passed to a frozen denoiser to reconstruct the source latent (generative feedback).

2025) refines CLIP via a frozen diffusion model’s
reconstruction objective. These prior works use
diffusion models to improve standalone vision
backbones without incorporating textual informa-
tion. GENDA differs in that the diffusion loss
is text-conditional (computed under the ground-
truth caption) and is applied to an encoder inside a
larger VLM trained jointly with a captioning loss,
making it part of multimodal alignment rather than
a separate pixel-reconstruction stage. As far as we
know, no prior method uses a frozen text-to-image
diffusion model as a text-conditional regularizer
during VLM feature-alignment training stage.

3 Methodology

Our proposed method augments the standard
feature-alignment stage of VLM pretraining with
a generative distillation objective derived from a
frozen diffusion model. The overall architecture is
depicted in Figure 2. We first establish notations,
then describe token selection, the generative distil-
lation objective, and the joint training procedure.

3.1 Notations and Preliminaries

Let fp(-) denote the vision encoder (e.g., a CLIP-
pretrained ViT), g4(-) the connector — typically
a two-layer MLP — that projects visual features

into the LLM embedding space, and hy(-) a
lightweight linear projector that maps visual fea-
tures into the conditioning space of a frozen dif-
fusion model. We further write 7(-) for the dif-
fusion model’s frozen text encoder, €¢(-) for its
frozen denoising network, and £(-) for its VAE
encoder. The downstream LLM, with parameters
w, also remains frozen during alignment pretrain-
ing. We provide a brief overview of the diffusion
model formulation used throughout this work in
Appendix A.

Given an image-caption pair (x,c¢), the vision
encoder produces L visual tokens v = fp(x) €
RL*Dv where D, denotes the dimension of visual
token embedding. In the standard LLaVA-style
pipeline, g4(v) is prepended to the tokenized cap-
tion and supervised under the autoregressive lan-
guage model (LM) loss:

||

Lim = — Zlogpw (ci | 94(v), c<i),
i=1

ey

whose gradients flow through g4 into fy, provid-
ing the encoder’s only learning signal during align-
ment. Our aim is to enrich this signal by introduc-
ing generative feedback from diffusion models.
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3.2 Token Selection

Of the L visual tokens, many correspond to back-
ground patches that contribute little to reconstruc-
tion, yet naively discarding them removes contex-
tual cues the diffusion model benefits from. In-
spired by VisionZip (Yang et al., 2025), we com-
press v into N < L tokens via dominant token
selection and contextual token merging.

Dominant token selection. Let a; denote the at-
tention that token v; receives from the global to-
ken in the final transformer block of fy (the [CLS]
token for CLIP, the attention-pooling token for
SigLIP). We retain the N; dominant tokens with
the highest scores:

D = TopK ({4}, Na).

2

vl ={v;:j €D} € RNaxPv,
These patches tend to concentrate object-level and
salient-attribute information.

Contextual token merging. To preserve back-
ground context, we merge the remaining tokens
rather than discard them. Let R = {1, ..., L} \ D.
We partition R into N, groups {gk}f{\fél by cluster-
ing key embeddings under cosine similarity, and
average within each group:

1
vy = —— vy,

Jj€Gk

k=1,....N.. (3

The diffusion projector receives
b= [vh ] eRVPY N =N;+N. < L.
“)
The procedure reduces token count by roughly an
order of magnitude with negligible overhead. Al-
ternative selection strategies are examined in Sec-
tion 4.4.

3.3 Generative Distillation Objective

The selected tokens are projected into the diffusion
conditioning space via hy,(7) € RY*Pr, where
D; is the output dimensionality of the diffusion
model’s frozen text encoder 7. We construct the
joint conditioning signal by concatenating the pro-
jected visual tokens with the encoded caption,

Cjoint = [h¢(ﬁ); T(C)} c R(NHCI)XDT’

and supply cjoinc to the frozen denoising network
in place of a purely textual prompt.

The input image is encoded into a latent zy =
E(x), perturbed at a uniformly sampled timestep
t ~ U{1,...,T} with Gaussian noise € ~
N(0,1), yielding 2; = /& 2o + /1 — @y € under
the standard variance-preserving schedule. The
generative distillation loss is the diffusion model’s
native noise-prediction objective evaluated under
the joint conditioning:

Egen = Ezo,e,t [HG - €§(zt7 t, [hlb(ﬁ)? T(C) ]) H;]

Unlike DIVA (Wang et al., 2025) which condi-
tions the frozen denoiser on h,(¥) alone, we con-
catenate hy, () with the encoded caption 7(c). The
two methods optimize for different goals: DIVA
refines a standalone CLIP encoder, whereas our en-
coder is always consumed jointly with text. With-
out 7(c) as a conditioner, the encoder would be
pressured to re-encode information that the cap-
tion already provides, wasting capacity on redun-
dant content. Concatenation makes the visual to-
kens responsible for precisely the residual infor-
mation that the caption fails to convey: the tex-
ture, layout, and attribute detail that constitute
the modality gap. The diffusion model thus func-
tions as a differentiable critic that scores how com-
pletely the visual tokens, together with the caption,
specify the source image. We examine the impor-
tance of 7(c) in Section 4.4.

3.4 Joint Training and Composite Objective

The vision encoder fy, the LLM connector g4, and
the diffusion projector h,; are trained jointly. The
diffusion backbone ¢, its text encoder 7, its VAE
encoder £, and the LLM all remain frozen through-
out alignment. The composite objective is

ﬁtotal = »CLM + )\»Cgena

where A € R controls the trade-off between lin-
guistic alignment and generative visual fidelity.

At inference time, the diffusion pathway—
including hy, 7, £, and eg—is discarded. The de-
ployed model is architecturally identical to a stan-
dard LLaVA-style VLM, so the cost of GENDA
is borne entirely at training time and the resulting
checkpoint is a drop-in replacement for conven-
tionally pretrained alignment weights. The second
stage, visual instruction tuning, proceeds without
modification.
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Table 1: Image captioning results (CIDEr) on five benchmarks. Comparison of LLaVA-1.5 and GENDA across
five vision encoders (CLIP-L/14, InternViT-300M (Gao et al., 2024), OpenCLIP-L/14 (Cherti et al., 2023), EVA-
02-CLIP-L/14 (Sun et al., 2023), SigLIP-SO-400M (Zhai et al., 2023)) and four language models (Vicuna-7B/13B
(Zheng et al., 2023), Llama3-8B (Grattafiori et al., 2024), Qwen2-7B (Yang et al., 2024)). GENDA consistently
gains 3-9 CIDEr points on average, with the largest improvements on VizWiz-Caps and stronger vision backbones.

Method Vision encoder Language model ‘ COCO  Flickr nocaps TextCaps VizWiz
Baseline

LLaVA-1.5 CLIP-L/14 Vicuna-7B 91.2 58.4 87.2 79.8 66.1
GENDA CLIP-L/14 Vicuna-7B 93.8 61.7 914 79.2 70.4
LLaVA-1.5 CLIP-L/14 Vicuna-13B 104.5 63.9 92.3 81.6 714
GENDA CLIP-L/14 Vicuna-13B 108.2 69.4 98.4 80.2 75.9
Expand to other LLMs

LLaVA-1.5 CLIP-L/14 Llama3-8B 106.1 64.6 98.6 82.5 71.7
GENDA CLIP-L/14 Llama3-8B 109.7 67.9 101.4 82.9 81.2
LLaVA-1.5 CLIP-L/14 Qwen2-7B 110.3 68.2 103.8 84.1 83.5
GENDA CLIP-L/14 Qwen2-7B 112.5 72.8 109.7 83.6 87.0
Expand to more robust vision encoders

LLaVA-1.5 InternViT-300M Vicuna-7B 93.6 62.5 87.3 82.2 71.8
GENDA InternViT-300M Vicuna-7B 98.3 67.8 92.1 81.9 78.3
LLaVA-1.5 OpenCLIP-L/14 Vicuna-7B 93.8 63.1 91.7 84.4 72.3
GENDA OpenCLIP-L/14 Vicuna-7B 101.9 70.3 98.1 84.7 79.2
LLaVA-1.5 EVA-02-CLIP-L/14 Vicuna-7B 96.2 64.4 93.3 85.2 74.9
GENDA EVA-02-CLIP-L/14 Vicuna-7B 105.7 73.8 100.9 88.4 81.5
LLaVA-1.5  SigLIP-SO-400M Vicuna-7B 99.6 66.3 94.7 87.9 76.3
GENDA SigLIP-SO-400M Vicuna-7B 110.9 76.4 102.8 914 85.5

4 Experiments

We follow the two-stage LLaVA-1.5 protocol (Liu
et al.,, 2024a) and adopt its hyperparameters un-
less otherwise noted. Stage 1 (feature alignment)
is performed on LLaVA-558K and Stage 2 (vi-
sual instruction tuning) on LLaVA-665K. Our de-
fault configuration uses CLIP-L/14 (Radford et al.,
2021) as the vision encoder, Vicuna-7B (Zheng
et al., 2023) as the language model, Stable Diffu-
sion 1.5 (Rombach et al., 2022) as the frozen diffu-
sion model. For each configuration, we select \ at
the beginning of training using a LR-finder-style
sweep (Smith, 2017). For the token selection mod-
ule, we select 54 dominent tokens along with 10
contextual tokens. Further details about training
implementation is provided in Appendix B and C.

4.1 Main result

We first evaluate the immediate effect of genera-
tive distillation on the encoder-LLM alignment by
running image captioning directly after Stage 1 on
COCO (Lin et al., 2014), Flickr30K (Young et al.,
2014), nocaps (Agrawal et al., 2019), TextCaps
(Sidorov et al., 2020) and VizWiz-Captions (Gu-
rari et al., 2020). Results are reported in Table 1.
GENDA yields consistent CIDEr improvements
over LLaVA-1.5 on most benchmarks across every
backbone configuration we tested, with average
gains of 3-9 points. Two patterns are worth high-

lighting. First, GENDA gains the most on VizWiz-
Caps (e.g., +6.5 with CLIP-L/Vicuna-7B and
+9.2 with SigL.IP-SO/Vicuna-7B), a dataset featur-
ing images with unusual viewpoints captured by
blind users. This is where the text-conditional dif-
fusion signal is expected to matter: the encoder
must retain perceptual detail that captions rarely
express. Second, the gains grow with the strength
of the vision encoder, from +2.6 COCO CIDEr
on CLIP-L/14 to +11.3 on SigLIP-SO-400M, in-
dicating that the generative signal does not only
compensate for a weak backbone but also improve
representational capacity that the standard caption-
ing loss leaves unused. The improvements also
transfer across language models. Pairing CLIP-
L/14 with Llama3-8B and Qwen2-7B yields gains
of comparable magnitude to those obtained with
Vicuna (+2.2 to +3.6 CIDEr on COCO), indicat-
ing that the benefits are encoder-side and not tied
to a particular LLM.

GENDA underperforms the baseline on some
configuration of TextCaps benchmark (e.g., 79.2
vs. 79.8 with CLIP-L/Vicuna-7B). TextCaps de-
mands accurate transcription of scene text, and
SD-1.5 is known to render text poorly. Liu et al.
(2023b) shows that SD-1.5 only generates text re-
gions as generic texture. Its loss therefore rewards
tokens that encode texture and penalizes tokens
that encode the actual characters, so the encoder
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Table 2: Zero-shot retrieval and image classification with the GENDA-trained encoders. Text/image retrieval
on COCO and Flickr30K, and image classification on ImageNet-1k (IN-1k), CIFAR-10/100 (C-10/C-100), and
Caltech-101 (Cal-101). Across all five backbones, GENDA matches or slightly exceeds the original frozen weights,
showing that generative distillation does not cause catastrophic drift of the encoder’s discriminative behavior.

Method Text retrieval Image retrieval Image classification
COCO Flickr | COCO Flickr | IN-1k C-10 C-100 Cal-101
CLIP-L 56.3 85.3 36.5 65.0 755 956 719 92.6
Ours 56.4 85.8 36.5 65.4 759 956 762 92.8
InternVIT-300M 58.7 86.4 38.1 66.8 762 96.1 79.4 93.1
Ours 58.8 86.8 38.6 67.1 762 963  79.5 929
OpenCLIP 594 86.8 39.0 67.3 753 966 834 92.9
Ours 59.8 87.2 39.3 67.5 757 97.0  83.6 93.2
EVA-CLIP 64.2 89.3 479 78.7 798 99.1 91.1 94.5
Ours 64.1 89.5 48.2 78.9 798 992 914 94.8
SigLIP 70.2 91.5 52.1 81.6 80.5 983  88.6 95.2
Ours 70.5 91.8 52.4 81.4 80.8 984  88.9 95.3

Table 3: Downstream VLM benchmarks after Stage-2 visual instruction tuning. GENDA improves over
LLaVA-1.5 on most benchmarks, with the largest gains on fine-grained spatial/attribute reasoning (GQA, MMVP).
OCR-heavy benchmarks (AI2D, OCRVQA, TextVQA) show minor degradation.

Method Vision encoder Language model ‘ MMBench MMStar MMMU MMVP AI2D OCRVQA GQA TextVQA
LLaVA-1.5 CLIP-L Vicuna-7B 64.3 33.1 35.7 247 548 58.1 620 582
Ours CLIP-L Vicuna-7B 65.1 34.4 35.9 271 541 56.2 657 563
LLaVA-1.5 CLIP-L Vicuna-13B 68.7 343 36.4 307 595 62.0 633 613
Ours CLIP-L Vicuna-13B 69.2 36.8 371 336 587 63.2 66.5 607

is trained to discard OCR features, which leads to ~ eight common VLM benchmarks. GENDA im-

the negative effect on TextCaps. We verify this hy-
pothesis in Section 4.4 by replacing SD-1.5 with
more capable diffusion backbones.

4.2 Downstream tasks

Vision-encoder tasks. A usual concern when in-
jecting a learning signal into a pretrained encoder
is that the encoder may drift away from the visual
properties that make it useful as a general-purpose
feature extractor (Wortsman et al., 2022; Kumar
et al., 2022). Table 2 reports zero-shot text/image
retrieval on COCO and Flickr and zero-shot clas-
sification on ImageNet-1k (Russakovsky et al.,
2015), CIFAR-10/100 (Krizhevsky et al., 2009),
and Caltech-101 (Fei-Fei et al., 2004). Across
all benchmarks, our trained encoders match or
slightly exceed the original frozen weights. Gener-
ative distillation preserves the encoder’s discrim-
inative behavior, proving that catastrophic drift
does not cause the captioning improvements.

Instruction-tuned VLM benchmarks. To ver-
ify that Stage-1 results also improve the full
LLaVA pipeline, we freeze our Stage-1 encoders
and run standard Stage-2 visual instruction tuning
on LLaVA-665K. Table 3 reports performance on

proves on MMBench (Liu et al., 2024b), MMStar
(Chen et al., 2024), MMMU (Yue et al., 2024),
MMVP (Tong et al., 2024), and GQA (Hudson
and Manning, 2019), with the largest gains on
GQA and MMVP, benchmarks heavily reliant on
fine-grained spatial and attribute reasoning. As in
the captioning evaluation, the OCR-heavy bench-
marks (AI2D (Hiippala et al., 2021), OCRVQA
(Mishra et al., 2019), TextVQA (Singh et al.,
2019)) show small degradation, similar to the
TextCaps result, suggesting that the limitation is
inherited from SD-1.5’s poor text rendering rather
than from generative distillation per se. We fur-
ther extend generative supervision to Stage 2 in
Appendix D, and find that it yields only marginal
gains over the baseline while underperforming our
Stage-1-only design.

4.3 Vision-language alignment

In this section, we evaluate the effectiveness of our
method in improving vision-language alignment
from two perspectives: Visual information preser-
vation and Modality gap. Specifically, we evalu-
ate how well visual information flows through the
LLM, and how close the visual tokens sit to text
tokens in the shared embedding space.
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Figure 3: CKNNA between vision-encoder and LLM
visual-token embeddings, computed after Stage 1
(feature alignment) and Stage 2 (visual instruction tun-
ing). Our method better preserves visual information,
with the gap to the baseline widening at deeper layers.

Visual information preservation. Following
(Huh et al., 2024), we measure Centered Kernel
Nearest-Neighbor Alignment (CKNNA) between
the vision encoder’s output and the hidden rep-
resentation of visual tokens at every layer of the
LLM. A higher CKNNA score indicates that the
LLM’s per-layer hidden states preserve more of
the nearest-neighbor structure of the vision en-
coder’s output, which we take as a proxy for how
much visual information survives at that layer.
Figure 3 shows that GENDA maintains higher
CKNNA than LLaVA-1.5 after both stages, and
the decline across deeper LLM layers is less steep.
Our generative objective pressures the encoder to
produce tokens whose information is grounded in
the image itself, and Figure 3 indicates that this in-
formation survives deeper into the LLM’s layers.

Original image

Compressed visualization

i

e <

LLaVA-15

GenDA

Figure 4: Per-patch visual-token embeddings.
LLaVA-1.5 (left) versus GENDA (right) on a clean
figure-ground image (top) and a cluttered indoor scene
(bottom). GENDA yields sharper object—background
separation and better preserves spatial regions.

We complement the CKNNA analysis with
a qualitative UMAP visualization of per-patch
visual-token representations in Figure 4. For im-
ages with a clear figure-ground separation, our
method can produce more sensible groupings be-
tween different objects compared to baseline. For
images with a more cluttered indoor scene, our rep-
resentation can still distinguish major spatial re-
gions (table surface, floor, background wall) that
collapse together in the baseline. It shows that the
diffusion signal forces the encoder to retain spa-
tial and attribute structure beyond what is needed
to describe the object. We quantitatively exam-
ine this in Appendix E, where GENDA’s gains in-
crease with scene density and are largest for im-
ages containing the most annotated objects.
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Figure 5: UMAP of input-token embeddings in the
LLM space. Visual tokens from our model are pulled
closer to the text-token cluster than either the LLaVA-
1.5 or randomly projected tokens

Modality gap. Liang et al. (2022) show that vi-
sual and textual tokens in CLIP-style models oc-
cupy disjoint cones in the shared embedding space.
We test whether generative distillation narrows
this gap. Figure 5 plots a UMAP of four pop-
ulations: (i) text tokens, (ii) visual tokens from
LLaVA-1.5, (iii) visual tokens from our model,
and (iv) tokens produced by an untrained, ran-
domly initialized projector. As reported by Liang
et al. (2022), all four clusters remain spatially dis-
tinct, even random tokens form their own coherent
island, indicating that the gap is partly an artifact
of representational geometry rather than purely a
function of training signal. However, our visual
tokens sit closer to the text cluster than either the
LLaVA-1.5 tokens or the random tokens, consis-
tent with the Platonic-representation perspective
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of Huh et al. (2024) that semantically aligned in-
puts should converge across modalities. Genera-
tive distillation pulls the visual features toward the
language space, effectively reducing modality gap.

4.4 Ablation studies

We ablate three design choices: which tokens to
expose to the diffusion model, what auxiliary con-
ditioning to include alongside the visual tokens
and the choice of diffusion backbone.

Table 4: Ablations on Tokens selection and Auxiliary
conditioning. S denotes the tokens selection strat-
egy. 7T and G indicates the presence of text tokens
and global tokens in auxiliary conditioning respectively.
We report CIDEr score of COCO (CC), Flickr30k (FK),
nocaps (NC), TextCaps (TC) and VizWiz-Caps (VW)

Method S
LLaVA-1.5

T G| cc FK
- 1912 584

NC TC VW
872 79.8 66.1

Ablation on local tokens selection strategy S

Ours All vV X 876 553 839 772 624
Ours Rand-64 v X | 934 609 91.0 786 69.3
Ours Top-64 v X | 938 617 914 792 704

Ablation on auxiliary conditioning on text 7 and global G tokens

Ours Top-64 X X | 908 572 856 754 647
Ours Top-64 X v |[93.1 594 899 782 68.8
Ours Top-64 v / |926 575 88.1 778 683

Token selection. We examine how much and
which visual information should be routed through
the diffusion pathway. From Table 4, routing all
576 visual tokens through the diffusion pathway
hurts performance relative to the baseline (e.g.,
87.6 vs. 91.2 on COCO). We attribute this to
two effects: background patches contribute noisy
gradient with little reconstruction signal, and the
long conditioning sequence overwhelms the cross-
attention of a frozen denoiser tuned for short text
prompts. Randomly subsampling 64 tokens al-
ready recovers and exceeds the baseline (93.4 on
COCO), and selecting the 64 most globally at-
tended tokens yields the strongest result (93.8).

Auxiliary conditioning. We investigate what
contextual information the diffusion model should
receive alongside the selected visual tokens. Ta-
ble 4 shows that conditioning the diffusion model
on visual tokens alone (no text, no global token)
is the weakest variant, underperforming LLaVA-
1.5 on every benchmark. Without the caption as a
baseline conditioner, the encoder wastes capacity
re-expressing information the LLM already gets
from text. Consistent with Wang et al. (2025),

B Flickr30k
nocaps

BN TextCaps

Wl VizWiz-Caps

76.8
LLavA-1.5

GenDA 86.8
+SD 3.5 medium

0 20 40 60 80
CIDEr scores

Figure 6: Captioning performance across diffusion
backbones. Performance scales with diffusion capac-
ity on every benchmark

adding the global token (no text) recovers most
of the gap, suggesting it supplies coarse scene
context the diffusion model would otherwise infer.
Adding text on top of global tokens yields little
further gain, indicating the two provide overlap-
ping information; the encoder benefits most when
responsible only for the residual neither covers.

Diffusion backbone. We examine whether the
quality of the generative model affects the su-
pervision provided by GENDA by replacing SD-
1.5 with SDXL (Podell et al., 2024) and SD-3.5-
medium (Esser et al., 2024). We restrict this abla-
tion to a smaller-scale setting: Stage-1 pretraining
on the COCO Karpathy train split (Karpathy and
Fei-Fei, 2015), evaluated on Flickr30K, NoCaps,
TextCaps, and VizWiz-Caps. Figure 6 shows that
captioning quality improves with the strength of
the diffusion model on every benchmark. The
most striking effect is on TextCaps that using SD-
1.5 show small degradation, both SDXL and SD-
3.5-medium produce a clear improvement (+7.5
CIDEr over LLaVA-1.5). This supports our hy-
pothesis from Section 4.1: the TextCaps degra-
dation observed under SD-1.5 is a property of
the diffusion model, not of the distillation objec-
tive. As text-to-image models continue to improve,
GENDA inherits those gains without architectural
change. Due to limit hardware, we use SD-1.5 as
our main diffusion model for all experiments.

5 Conclusion

We presented GENDA, a feature-alignment frame-
work that augments the standard captioning loss
with a generative distillation objective from a
frozen text-to-image diffusion model. By concate-
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nating selected visual tokens with the encoded cap-
tion as joint conditioning, the diffusion model su-
pervises the encoder only on the residual visual
signal that text fails to convey. Our experiments
show that GENDA improves performance across
benchmarks that requires fine-grained understand-
ing, and this result scales with more robust vi-
sion encoders. CKNNA and modality-gap analy-
ses suggest that visual information survives deeper
into the LLM and that visual tokens move closer to
the text-token space.

Limitations

GENDA is applied only during the Stage-1, fea-
ture alignment while Stage-2 visual instruction
tuning proceeds unchanged. Instruction-tuning
data frequently contains short or terse targets
(yes/no answers, single-word VQA responses) that
describe almost none of the source image, making
them weak textual conditioners for the diffusion
model and undermining the residual-information
interpretation that motivates concatenating the en-
coded caption. We therefore have not explored
whether filtered instruction data could provide use-
ful generative supervision in Stage 2, nor whether
unfreezing the vision encoder under our objective
during instruction tuning would yield further gains
or instead induce forgetting.

Our total loss combines the captioning and gen-
erative distillation signals additively, and we did
not disentangle their respective contributions to
the vision encoder. Both gradients update the en-
coder and may cooperate, interfere, or dominate
one another in ways a single composite objec-
tive cannot reveal, with the relative balance un-
likely to remain constant across the training tra-
jectory, encoder-LLM pairs, or layers of the en-
coder. We did not analyze per-layer or per-step
gradient norms, nor test gradient-surgery, dynamic
re-weighting, or separate optimizers for the two
signals. A more principled treatment of this two-
signal optimization is left to future work and may
help explain the residual variance we observe on
OCR-heavy benchmarks.
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A Diffusion Model Preliminaries

Denoising diffusion probabilistic models (DDPM)
learn to reverse a gradual noising process (Ho
et al., 2020). The overall forward and reverse dif-
fusion processes are illustrated in Figure 7.

—————— » Forward process

<------ Reverse process

Figure 7: Overview of the diffusion process. The for-
ward process gradually adds Gaussian noise to a clean
sample (zg), while the reverse process iteratively de-
noises (z7) to recover the data distribution.

Given a clean data sample zq, the forward pro-
cess adds Gaussian noise over 1" steps:

Q(th ’ $t—1) = N(\/OTtJUt—L (1 - at)-[)a )

where a; € (0,1) determines the noise schedule.
Defining oy = Hi:l Q, @ sample at any timestep
can be obtained directly as

Tt — \/@t$0+\/1—dt6,

The reverse process removes noise one step at
a time. A denoising network €, receives the noisy
sample z; and timestep ¢, and predicts the noise
added during the forward process. It is commonly
trained with the noise-prediction objective

e~N(0,I) (6)

Loppm = Eag e | ||€ — ec(as, t)Hﬂ %

The predicted noise parameterizes the reverse tran-
sition pg(z¢—1 | ), whose repeated application
transforms Gaussian noise 7 into a sample from
the learned data distribution.

Latent diffusion models apply the same diffu-
sion process in the latent space of a pretrained vari-
ational autoencoder rather than directly in pixel
space (Rombach et al., 2022). Given an image x, a
VAE encoder first maps it to a latent representation
z9 = &(z), after which the forward and reverse
diffusion processes operate on z; instead of x;.
Text-to-image diffusion models further condition

the denoising network on a prompt: a text encoder
T maps a caption ¢ to conditioning tokens 7(c),
which are supplied to the denoiser through cross-
attention. GENDA keeps the VAE, text encoder,
and denoiser frozen and replaces this text-only
conditioning sequence with the joint visual-text se-
quence [hy(0); 7(c)] described in Section 3.3.

B Implementation Details

All experiments were conducted on 2x NVIDIA
A100 GPUs (40GB each). We adopt Deep-
Speed ZeRO-2, gradient accumulation and gradi-
ent checkpointing to save memory for every run.
Under this configuration, training cost comparison
between two methods is provided in Table 5.

Table 5: Efficiency and Cost Quantification. Added pa-
rameters are relative to LLaVA-1.5.

LLaVA-1.5 GENDA
Stage-1 wall-clock 22 h 38 h
Stage-2 wall-clock 21h 21h
End-to-end 43 h 59h
GPU memory 26 GB 37GB
Added frozen parameters - 1.07B
Added trainable parameters - 0.8M

For optimization hyperparameters, unless other-
wise noted, we follow the LLaVA-1.5 recipe (Liu
et al., 2024a). The complete configuration we use
is summarized in Table 6.

Table 6: Optimization hyperparameters used for
GENDA Stage-1 and Stage-2 training.

Hyperparameter Stage 1 Stage 2
Trainable modules fo,96,hy  go, LLM
Optimizer AdamW AdamW
Learning rate (LLM) - 2x107°
Learning rate (proj.) 1x1073 2x107°
Learning rate (fo) 2x107° -
Weight decay 0.0 0.0
Warmup ratio 0.03 0.03
LR schedule cosine cosine
Effective batch size 256 128
C Datasets

C.1 Training Data

Stage-1 alignment uses LLaVA-558K released
with LLaVA-1.5 (Liu et al., 2024a), consisting
of 558,128 image-caption pairs. Stage-2 visual
instruction tuning uses LLaVA-665K, the multi-
modal instruction mixture from the same release.
For the diffusion-backbone ablation (Section 4.4),
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Table 7: Comparison of Stage-1-only (S1) and Stage-1+2 (S1+S2) generative supervision.

Method MMBench MMStar MMMU MMVP AI2D OCRVQA GQA TextVQA
LLaVA-1.5 64.3 33.1 35.7 24.7 54.8 58.1 62.0 58.2
+ GENDA (S1) 65.1 344 35.9 271 54.1 56.2 65.7 56.3
+ GENDA (S1+S2) 64.0 33.7 355 25.2 53.8 56.0 62.4 54.7

we use the COCO Karpathy training split (Karpa-
thy and Fei-Fei, 2015) containing 113,287 images
with five captions each; one caption is randomly
sampled per image at each training step.

C.2 Evaluation Data

We evaluate image captioning on the following
benchmarks using their standard validation/test
splits, reporting CIDEr scores for all results:

* COCO-Caps (Lin et al., 2014): Karpathy
test split (5,000 images).

* Flickr30K (Young et al., 2014): Karpathy
test split (1,000 images).

* nocaps (Agrawal et al., 2019): wvalidation
split (4,500 images).

» TextCaps (Sidorov et al., 2020): validation
split (3,166 images).

* VizWiz-Caps (Gurari et al., 2020): valida-
tion split (7,750 images).

Downstream zero-shot retrieval is evaluated on
the COCO and Flickr30K test splits using the
encoder’s image and text towers (with the corre-
sponding text encoder originally paired with each
backbone). Classification task follows the stan-
dard CLIP evaluation protocol on ImageNet-1k
validation, CIFAR-10/100 test splits, and Caltech-
101 with the official prompts.

For instruction-tuned VLMs, we follow each
benchmark’s standard evaluation protocol:

e MMBench (Liu et al., 2024b): English
development split, evaluated using circular-
evaluation accuracy.

* MMStar (Chen et al., 2024): the 1,500-
example public evaluation set, reporting av-
erage multiple-choice accuracy.

e MMMU (Yue et al., 2024): validation split,
reporting overall accuracy.

* MMVP (Tong et al., 2024): the full 300-
question benchmark comprising 150 image
pairs, reporting pair-level accuracy.

» AI2D (Hiippalaetal., 2021): test split, report-
ing multiple-choice accuracy.

* OCRVQA (Mishraet al., 2019): test split, re-
porting exact-match answer accuracy.

* GQA (Hudson and Manning, 2019): test-dev
split, reporting answer accuracy.

* TextVQA (Singh et al., 2019): validation
split, reporting the standard VQA accuracy.

D Generative Instruction Tuned

We compare our Stage-1-only design with an al-
ternative that keeps generative supervision active
during Stage 2. The result is demonstrated in Ta-
ble 7. Applying GENDA only shows marginal
gain compared to the baseline, but still under-
performs our method (Stage 1 only). Text from
instruction-tuning (Stage 2) dataset are usually
question-answer pairs that only focus on a very
specific region of the image, and are therefore
weaker conditioners compared to the image cap-
tioning used in Stage 1. We consider a proper full-
Stage-2 integration a study in its own right and
leave it to future work.

E Object-Density Analysis

Table 8: Image captioning performance grouped by an-
notated object count (# objs) on COCO and Flickr.

Flickr
Images LLaVA-1.5 GENDA

COCO ‘

Object count | Images LLaVA-1.5 GENDA

n<4 2,559 91.2 91.7 179 58.7 61.0
5<n<8 998 92.6 93.9 472 59.1 61.3
n>9 1,443 90.2 97.3 349 57.3 62.6

We quantitatively test the effect of GENDA on
the density of objects in images. To do this, we
partition the COCO and Flickr30K test sets into
three bins by annotated object count, using COCO
instance annotations and Flickr30K Entities region
annotations (Plummer et al., 2015). Table 8 shows
that GENDA'’s gain increases with scene density.
This pattern shows that a short caption omits more
content in dense scenes, leaving more complemen-
tary information for the generative objective to su-
pervise.
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