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Abstract

Most existing vision encoders map images into a fixed-length sequence of tokens,1

overlooking the fact that different images contain varying amounts of information.2

For example, a visually complex image (e.g., a cluttered room) inherently carries3

more information and thus deserves more tokens than a simple image (e.g., a4

blank wall). To address this inefficiency, we propose DOVE, a dynamic vision5

encoder that produces a variable number of tokens to reconstruct each image. Our6

results show that DOVE significantly reduces the average number of tokens while7

maintaining high reconstruction quality. In several linear probing and downstream8

multimodal tasks, it outperforms existing autoencoder-based tokenization methods9

when using far fewer tokens, capturing more expressive semantic features com-10

pared to fixed-length encoding. We further extend DOVE with query-conditioned11

tokenization. By guiding the model to focus on query-relevant regions, it achieves12

more efficient and targeted semantic extraction.13
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Figure 1: Dynamic Visual Representations. As the number of tokens used by DOVE increases, the
reconstructed images shows finer and high frequency details.

1 Introduction14

Image representation learning [56] is a fundamental component of computer vision; it plays a pivotal15

role in various visual tasks, including image classification [38, 12], object detection [62, 61], and16

semantic segmentation [26, 27]. Vision representation models are also widely used in multi-modal17

learning, where they serve as powerful vision encoders within vision-language models (VLMs),18

converting image information into discrete token sequences. Existing image representation learning19

methods generally fall into two categories: semantic feature learning (e.g., CLIP [46], DINO [10]) and20

autoencoder-based image tokenization (e.g., VQGAN [21], VAE [31]). All of which aim to generate21
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fixed length sequences. However, studies have shown that vision tokens suffer from information22

redundancy [11]. We conjecture that different images have different complexity such that they can be23

represented with different lengths of tokens for reconstruction.24

To this end, we propose DOVE (Dynamic Output Vision Encoder), a visual tokenizer that adaptively25

generates variable-length vision token sequences for image reconstruction. Our method extends26

the standard visual autoencoder framework by incorporating a transformer-based dynamic token27

generator (Figure 2), which is capable of generating an end-of-sequence (EOS) token at any position28

to terminate the output sequence. We jointly optimize image reconstruction quality and EOS token29

prediction based on an MSE threshold, and truncate token sequences at the predicted EOS. Our30

method effectively shortens the token sequence length while maintaining high reconstruction quality31

(Figure 1). As token sequences progress, their reconstructions show more high-frequency details and32

additions of objects, and then saturate at (EOS) token.33

By learning dynamic token lengths, we find that the tokenizer learns richer semantics and observe34

the emergence of zero-shot semantic segmentation by PCA on the hidden features. We perform35

extensive experiments on reconstruction, classification, and question answering by replacing vision36

backbones in vision language models. Our approach consistently and significantly outperforms other37

autoencoder-based tokenization methods while enjoying improved efficiency from dynamic length.38

Considering that human vision is an active and task-driven process, and that humans tend to focus39

on task-relevant regions while ignoring irrelevant ones when answering questions [4, 35, 17], we40

additionally introduce a query-conditioned variant of DOVE. This model is able to read the user’s41

query and reconstruct the input by focusing on semantically relevant regions, thereby further reducing42

the length of the generated token sequence. In practice, given a text query and a corresponding salient43

image region during training, we feed the text query to the token generator and apply higher weights44

to the reconstruction loss specifically corresponding to the salient region. We find that this approach45

further improves token efficiency, semantics, and vision language model performance.46

We summarize our contributions as follows:47

• We propose DOVE, a visual tokenizer that dynamically generates tokens based on image48

complexity. Unlike previous visual tokenization, our model supports arbitrary control over49

the token sequence length in a single parallel forward.50

• We propose a variant of DOVE that grounds token generation on a text query and its51

corresponding salient visual regions. This query-conditioned model achieves a higher token52

compression rate (averaging 68%) and demonstrates stronger semantic representation.53

• We observe a phenomenon of emergent semantics by probing the latent representation. Com-54

pared to other autoencoder-based tokenization methods with fixed-length token representa-55

tions, our model achieves significantly better performance on classification, vision-language56

QA, and shows emerging semantic segmentation properties.57

2 Dynamic Vision Tokenizer58

We introduce DOVE, a dynamic vision encoder that adaptively generates a variable number of tokens59

to reconstruct each image.60

2.1 Model Architecture61

An overview of our model is shown in Figure 2. Our model consists of four main components:62

VQGAN Encoder, VQGAN Decoder, transformer-based dynamic token generator, and transformer-63

based token decoder. We use 70M transformer [7] as the backbone for both the autoregressive token64

generator and a non-autoregressive version for token decoder.65

For each image Xv, the VQGAN Encoder converts the visual information into a fixed-length token66

sequence Hv. Timestamp encodings t1, t2, . . . , tn, generated using periodic embeddings such as67

sinusoidal encodings [55], are then appended to Hv. This combined sequence is input into the68

dynamic token generator fϕ. To enable sequential token generation, we restrict each position to attend69

only to its current or preceding timestamps. The dynamic token generation process from timestamp70

t0 to ti is defined as:71

D = fϕ(Hv, t1, t2, . . . , ti) = (d1, d2, . . . , di) (1)
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Figure 2: Dynamic Tokenizer.

72
where D denotes the generated token sequence, and di is the token produced by the model at ti. We73

introduce dynamic length variation by detecting the EOS token from the model’s discrete output and74

replacing all vision tokens (latent outputs) from that position onward with zero vectors. Since the75

EOS token can appear at any position, the length of the generated token sequence can vary based on76

the complexity of the image. We use an additional non-autoregressive token decoder gϕ to decode77

the padded dynamic vision token sequence and feed it to the final VQGAN decoder.78

2.2 Dynamic Image Reconstruction79

Define: Image Xv , max tokens K, window W ,
weights λrec, λeos, time encodings T

Hv ← VQGAN_Encoder(X)
Initialize EMArec ← 0

for each training iteration do
D ← [ ], i← 1

while i ≤ K do
di ← fϕ(Hv, T1:i) (generating token)
append di to D, i← i+ 1

Find the first index j such that D[j] = EOS
if such j exists then

for k = j + 1 to K do
D[k]← 0

X̂ ← VQGAN_Decoder
(
gϕ(D)

)
Compute Lrec via Eq. (2)
Update EMArec over the last W losses
if Lrec > EMArec then

Leos ← peos(i)
else

Leos ← − 1
i−1

∑i−1
j=1 peos(j)

Ltotal ← λrec Lrec + λeos Leos
Update parameters ϕ using∇ϕLtotal

Table 1: Training Pseudocode

A more complex image, which contains richer80

and finer-grained details, will require more to-81

kens to capture all its visual information com-82

pared to a simpler one. By learning when to83

generate EOS, the model can adaptively pro-84

duce a token sequence that is just long enough85

to capture the image’s essential visual content.86

We jointly train all components of the model.87

Following the training strategy of VQGAN [21],88

we adopt a combination of mean squared er-89

ror (MSE) loss and perceptual loss to super-90

vise the image reconstruction process. A lightly91

weighted adversarial (GAN) loss is also applied92

to enhance the realism of reconstructed images.93

The final reconstruction loss Lrec between the94

input image Xv and the reconstructed image X̂v95

is defined as:96

Lrec = λmse ·Lmse+λperc ·Lperc+λgan ·Lgan (2)

97
During training, we set the weighting factors to98

λmse = 1, λperc = 0.1, and λgan = 5× 10−10 to99

prevent hallucination. In parallel with improv-100

ing reconstruction quality, we guide the model101

to adaptively adjust the length of the generated102

token sequence through EOS prediction. Specifically, we use the average reconstruction loss Lrec103

over the previous 100 training steps as a dynamic threshold. For a given sample, if its current recon-104

struction loss is lower than the threshold, it indicates that fewer tokens are sufficient for satisfactory105

reconstruction, and we encourage earlier EOS prediction by maximizing the EOS probabilities at106

all preceding positions. Conversely, if the reconstruction loss exceeds the threshold, it suggests that107

more tokens are needed, and we minimize the EOS probability at the current position.108
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We denote the predicted EOS probability at position i as peos(i), where m indicates the current EOS109

position. The token length control loss is defined as:110

Leos =


peos(m), if Lrec > Threshold

− 1

m− 1

m−1∑
i=1

peos(i), if Lrec ≤ Threshold
(3)

111
Finally, we jointly optimize Lrec and Leos to guide the model in dynamically reconstructing the image.112

The overall training loss is defined as:113

Ltotal = λrecLrec + λeosLeos (4)

114 where λrec and λeos are the corresponding weighting coefficients. To facilitate faster convergence, we115

initially set λeos to a small value and gradually increase it during training, allowing the model to first116

focus on accurate reconstruction before learning to adaptively control the token sequence length.117

2.3 Q-DOVE: Query-conditioned Tokenization118

We extend DOVE to Q-DOVE for use in text-conditioned vision and language domains (Figure 3),119

allowing it to dynamically adapt image representations in a query-dependent manner. Q-DOVE is120

trained to focus image representation resources on image regions relevant to a given query.121

Given a supervised dataset of images paired with text queries and bounding boxes encapsulating their122

answers, we modify the reconstruction loss to focus over image regions within each example’s set123

of bounding boxes Sbb. Specifically, we upsample each image region contained by a bounding box124

bi ∈ Sbb to an image Iibb and compute the reconstruction loss over it as in Eq. 2:125

Li
rel = Lrec(I

i
bb) (5)

In order to encourage the model to maintain some fidelity over the region outside of the bounding126

boxes, we also compute the MSE loss over Io, the complement of Sbb:127

Lirr = Lmse(Io) (6)

The final loss averages over relevant regions and weighs loss over the irrelevant region down by λo:128

Lqry =

∑
bi∈Sbb

Li
rel

|Sbb|
+ λo · Lirr (7)

In our experiments, we set λo to 1e-10. To compute Leos, we employ the same procedure as in Eq. 3,129

comparing Lrel to a threshold determined by its average loss over previous training steps. If Lirr130

falls below the threshold, we introduce an additional penalty Lpen to explicitly encourage the model131

to generate the EOS token earlier. Lpen = − 1

m− 1

m−1∑
i=1

peos(i)132

Our supervised masking strategy yields a dual benefit, allowing the model to learn both where to look133

and how much information to encode from image regions relevant to inputted queries. Bounding134

boxes are only used during training.135

DOVE

EOS… …

VQGAN 
Encoder

�� ��

What is on the carpet?
irrelevant region

relevant region

����

����

encode decode�0 …

Figure 3: Query Conditioning. DOVE is trained with a bounding-box based loss, learning to focus
its dynamic token resources on representing query-relevant image regions.
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3 Experiments136

In this section, We evaluate our approach at multiple levels, including the quality of the generated137

vision tokens (e.g., image reconstruction and token length distribution), as well as their effective-138

ness in downstream vision-language tasks. The results demonstrate that our model achieves high139

reconstruction quality with significantly fewer tokens, while capturing richer semantic information140

compared to static autoencoder-based tokenization methods. We further investigate the phenomenon141

of emergent semantics in Section 3.4.142

3.1 Experimental Setup143

Training Details. We use a pretrained VQGAN [21] with a codebook size of 8192 and a lightweight144

Pythia-70M [7] language model as the backbone of our framework. The model is fine-tuned on145

ImageNet-1K [16] for 20 epochs using two NVIDIA RTX 4090 GPUs. For the query-conditioned146

variant, we conduct an additional 5 epochs of training on the Visual Genome [32] and Open Im-147

ages [34] datasets. We directly use the provided questions and region-level captions in Visual Genome148

as textual queries to guide the model in reconstructing content within specified bounding boxes,149

while ignoring irrelevant regions. Since Open Images does not offer region-level descriptions or150

questions, we instead construct text queries from relation graph annotations—for example, “a cup on151

a table”—and define the target region by concatenating the bounding boxes of the associated objects.152

To improve the model’s generalization ability, we randomly replace 50% of the training text queries153

with the string “null”, and train the model to reconstruct the entire image when this placeholder is154

provided as input.155

Baselines. We compare our model against several state-of-the-art encoder-decoder frameworks,156

including TiTok[60] and VQGAN. We choose VQGAN with an output length of 256 tokens. For157

TiTok, we consider three variants with token lengths of 32, 64, and 128. We also include ALIT [20], a158

dynamic vision encoder trained via recurrent distillation from VQGAN. Unlike our method, however,159

ALIT only supports token lengths that are multiples of a fixed stride (e.g., 32). All models are trained160

on ImageNet-1K under the same configuration to ensure a fair comparison.161

3.2 Token-Level Evaluation162

Image Reconstruction Quality. We report FID scores of the reconstructed images across varying163

token lengths. Our results show that as the token length increases, the reconstruction quality of164

our model consistently improves. At all evaluated token lengths, our method outperforms ALIT.165

This advantage becomes especially clear at lower token counts. ALIT often generates hallucinated166

content, including severe object distortions. For example, when the token length is limited to 32,167

the reconstructed chameleon and beetle exhibit noticeable deformations (Figure 4). In contrast, our168

model produces slightly blurry but structurally and semantically faithful reconstructions. When using169

the full token length of 256, our method surpasses VQGAN on the COCO and WIT datasets. Detailed170

results are provided in Table 2.171

Approach ImageNet100 COCO Wikipedia (WIT)

32 64 96 128 160 192 224 256 32# / 64 128 256 32# / 64 128 256

TiTok-L-32 11.60 - - - - - - - 14.18# - - 53.57# - -
TiTok-B-64 - 8.22 - - - - - - 9.15 - - 42.86 - -
TiTok-S-128 - - 8.22 - - - - - - 9.15 - - 38.16 -
VQGAN - - - - - - - 7.04 - - 7.77 - - 31.27
ALIT 22.31 15.92 13.08 11.45 10.01 9.12 8.37 8.06 22.01 13.98 9.51 61.32 47.52 38.10
DOVE 18.91 11.46 10.84 9.28 8.61 8.25 7.96 7.73 15.50 9.83 7.54 14.83 8.56 7.84

Table 2: FID scores (↓) across the ImageNet100, COCO, and WIT datasets. Our method consistently
outperforms ALIT across all token lengths, and achieves comparable or even better results than
VQGAN and TiTok at several lengths.

Classification. We evaluate the representation quality of DOVE as an off-the-shelf, frozen backbone172

across three standard recognition benchmarks, including CIFAR-100 [33], ImageNet-100 [18], and173

STL-10 [45]. Specifically, we train a lightweight MLP classifier on top of the frozen features, using174

both mean and max pooling over the final layer representations. As the number of tokens increases,175

the classification accuracy of both DOVE and ALIT steadily improves. Our approach consistently176
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Figure 4: Reconstructed images on ImageNet-1K using different methods. As the token length
increases, our method produces progressively clearer reconstructions with more visual details.

outperforms all other vision tokenizers by a substantial margin. Even when using as few as 32 tokens,177

it achieves higher classification accuracy than all competing methods. We attribute this advantage178

to our dynamic reconstruction training objective, which enables the model to capture additional179

semantic information during representation learning. This is further evidenced by the linear probing180

and PCA-based zero-shot segmentation results presented in Section 3.4.181

(a) CIFAR100 (b) ImageNet100 (c) STL-10

Figure 5: Classification accuracy with different visual tokenizers under varying token lengths. DOVE
consistently outperforms all baselines across all lengths.

Token Length Distribution. Unlike ALIT, our model explicitly supports a mechanism for generating182

arbitrary-length token sequences at inference time. We analyze the distribution of token sequence183

lengths (i.e., EOS positions) generated by DOVE. As shown in Figure 6a, most sequences are shorter184

than 100 tokens, with smaller peaks around 150 and 250. We randomly sample 5,000 images from185

the MS COCO 2017 validation set [36] and compute the reconstruction loss across different token186

lengths. Figure 6b shows that reconstruction loss decreases as token length increases. This decline is187

steepest between 0 and 100 tokens, and becomes more gradual beyond that. To further investigate the188

relationship between token length and image content, we calculate the complexity of input images189

using Laplacian variance [5] and analyze the correlation between image complexity and the length190

of the generated token sequences. As shown in Figure 6c, by encouraging samples with lower191

reconstruction quality to delay the EOS position and those with higher quality to emit EOS earlier192

during training, DOVE naturally learns to allocate longer token sequences to more complex images,193

while assigning shorter sequences to simpler ones. The Pearson correlation coefficient between image194

complexity and token sequence length is 0.742.195

3.3 Downstream Vision-Language Task Evaluation196

Query-conditioned Tokenization. We visualize the behavior of our query-conditioned DOVE197

(Q-DOVE) on the Visual Genome dataset. Figure 7 presents several examples. The results show198

that when the input query is “null”, the model clearly reconstructs the entire image. In contrast,199

when a relevant question or description is provided, the reconstruction focuses on the semantically200
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(a) Distribution of token sequence
lengths (i.e.,EOS positions) gener-
ated by DOVE.

(b) The relation between token
length and reconstruction loss
across different input samples.

(c) The relation between token
sequence lengths (i.e.,EOS po-
sitions) and image complexity.

Figure 6: Token length analysis

related regions and produces lower frequency outputs for background. This task-driven compression201

even further reduces the average token sequence length. We then evaluate Q-DOVE and the original202

DOVE model as vision encoders in downstream vision-language tasks.203

What is the weather like right now? Where is the mirror?

The shadow of the rock. What is the animal in the picture?

An old television.

What is the man in the picture doing?

Result Origin Bbox Result Origin Bbox Result Origin Bbox

Null. Null. Null.

Figure 7: Reconstructed images from the Q-DOVE. When the text query is set to “null”, the model
reconstructs the entire image. When a query is provided, the model focuses on query-relevant regions.

Visual Question Answering Evaluation. To evaluate the quality of our model’s token representations,204

we replace the vision encoder in a vision-language model with different visual representation methods205

and evaluate them on downstream vision-language tasks. We adopt Vicuna-7B-v1.5 [37] as the206

language model, interfacing it with a two-layer MLP that maps the vision encoder outputs to the207

language model input space. Following the training strategy of AIM V2 [22], we set the learning rate208

of the language model to 2e-5 and that of the adapter layers to 2e-4. This setup enables joint fine-209

tuning in a single-stage training process. We fine-tune the model with different vision encoders for210

one epoch on the 665K mixed VQA dataset used in LLaVA [37]. The model is evaluated on a broad211

set of benchmarks, including VQAv2 [23], GQA [2], OK-VQA [41], TextVQA [51], DocVQA [44],212

InfoVQA [43], ChartQA [42], and ScienceQA [39].213

Results show that the VLM equipped with DOVE significantly outperforms other models across all214

datasets. Moreover, integrating Q-DOVE further improves the accuracy. By leveraging DOVE’s215

EOS token as a truncation point, we achieve a substantial reduction in token count with performance216

comparable to the full set of 256 tokens. For Q-DOVE, we include two input strategies for the vision217

encoder: providing the actual question or directly inputting a “null”. While the “null” setting yields218

slightly better performance than using the question—which filters out task-irrelevant regions—the219

question-guided strategy achieves comparable accuracy while further reducing the token length.220

We also measure the inference time and floating-point operations (FLOPs) of each model, as shown221

in Table 3. Both our method and ALIT can effectively reduce FLOPs by shortening the length of the222

visual token sequence. However, due to ALIT’s use of recurrent distillation, where dynamic tokens223
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are generated through multiple passes over VQGAN tokens, its inference speed is adversely affected224

despite the reduced sequence length. In contrast, our method relies on a single forward pass, resulting225

in much faster inference.226

Model # Token Count VQAv2 GQA OKVQA TextVQA DocVQA InfoVQA ChartQA ScienceQA

Titok 128 (S) 43.3 38.8 38.6 14.3 8.1 17.0 11.8 67.1

VQGAN 256 40.2 38.1 37.7 14.3 8.2 16.3 11.1 66.3

ALIT

32 38.4 37.6 35.6 14.2 7.8 16.0 11.4 66.0
64 39.7 38.0 36.4 14.3 8.1 16.2 11.6 66.2
128 41.0 38.0 37.2 14.3 8.2 16.3 11.7 66.5
256 43.8 38.3 37.8 14.3 8.2 16.5 12.0 66.8

DOVE

32 50.3 47.2 42.2 14.6 7.9 18.4 11.2 69.6
64 51.8 50.2 43.5 14.9 8.2 18.8 12.1 71.7
128 52.0 50.7 44.8 15.0 8.2 19.1 12.4 72.5
256 52.4 51.8 46.2 15.0 8.4 19.4 12.6 72.8

121.6 (Avg) 52.2 51.4 46.0 15.0 8.2 19.2 12.6 72.6

Q-DOVE
256# 55.0 53.2 46.7 15.3 8.6 19.7 12.8 74.8
256 53.9 52.6 46.2 15.2 8.2 19.4 12.5 74.0

82.4 (Avg) 52.8 52.1 46.0 15.2 8.2 19.2 12.4 73.1

Table 3: Performance comparison of VLMs equipped with different vision encoders. DOVE/Q-DOVE
consistently achieves the best performance on most tasks. For Q-DOVE, “#” indicates that the input
query is set to “null”; otherwise, the original question is used.

Model VQGAN-256 ALIT-256 ALIT-128 ALIT-64 ALIT-32 DOVE-256 DOVE-128 DOVE-64 DOVE-32

Speed (↑) 1.00× 0.63× 0.82× 0.88× 0.92× 0.96× 1.14× 1.19× 1.26×
FLOPs (T, ↓) 2.62 2.73 1.74 1.31 0.98 2.66 1.70 1.29 0.96

Table 4: Inference speed and FLOPs (in teraflops) of different models. Inference speed is reported as
the ratio relative to VQGAN, based on actual inference time measured on the VQAv2 test set.

3.4 Emerging Semantics227

From previous experiments, we observe that the visual representations generated by DOVE sig-228

nificantly outperform those produced by fixed-length, autoencoder-based tokenization methods in229

both classification and downstream multimodal tasks. In this section, we further investigate this230

emergent semantic property through a series of analyses. Specifically, we evaluate the quality of231

the learned representations via linear probing on model’s hidden layers instead of generated visual232

tokens and PCA-based image segmentation. We compare DOVE, Q-DOVE, and other fixed-length233

autoencoder-based tokenizers by conducting linear probing on seven benchmark datasets: CIFAR-234

10 [33], CIFAR-100 [33], DTD [14], FGVC [40], Food101 [9], STL-10 [15], and SUN397 [57]. For235

Q-DOVE, we set all text queries to “null” to simulate the unconditional setting. Table 5 shows that236

DOVE consistently outperforms other methods by a large margin across all datasets, and Q-DOVE237

further improves upon DOVE’s performance. To gain deeper insight into the structure of the learned238

representations, we apply PCA for dimensionality reduction and visualize the results in image space.239

As shown in Figure 8, DOVE yields more semantically coherent segmentations compared to VQGAN,240

while Q-DOVE exhibits even stronger semantic alignment and clarity.241

Method CIFAR-10 CIFAR-100 DTD FGVC Food101 STL-10 SUN397

TiTok-32 24.87 6.11 9.46 1.95 3.81 23.23 4.44
TiTok-64 25.95 7.34 10.74 2.61 4.53 28.06 5.23
TiTok-128 18.33 3.10 6.80 2.34 3.05 20.25 3.02
ALIT 41.08 16.87 26.96 4.47 14.47 42.15 20.94
VQGAN 41.23 19.37 24.47 4.38 13.28 40.46 15.20

DOVE 54.31 31.13 26.70 5.85 21.18 48.38 30.62
Q-DOVE 56.44 33.70 30.48 6.03 25.32 54.86 38.18

Table 5: Linear probing performance (%) of various models across benchmark datasets.

4 Related Works242

Image Tokenization. Image tokenization methods represent images as discrete sets of patch embed-243

dings. In ViT formulations [19], patch representations allow for efficient feature extraction with a244
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Figure 8: Semantics Visualization with PCA on latent features.

transformer [55] in addition to direct compatibility with tokenized representations in other modALI-245

Ties, such as text, through the use of projection layers [46, 37]. Through vector quantization [54, 49],246

patch embeddings from both CNN and transformer encoders can be represented with a finite token247

codebook, allowing for autoregressive image generation both unimodally [21] and multimodally by248

conditioning on queries such as text descriptions of images [50, 59, 47]. Whether continuous or249

quantized, these formulations all encode images into standardized numbers of tokens, independent of250

image complexity or downstream task demands. In contrast, DOVE represents images using variable251

numbers of tokens, dynamically adapting to the complexity of images in unimodal settings and to the252

information demands of downstream tasks in text-conditioned ones.253

Token Pruning and Compression. Token pruning methods reduce computation costs by iteratively254

reducing the set of tokens to be processed across transformer layers, either by dynamically omitting255

them [58, 48] or by aggregating them in between layers of the transformer [8]. Because these methods256

iteratively modify the number of tokens across transformer layers, they require modification of the257

internal structure of models they are applied to. In contrast, DOVE produces variable numbers of258

tokens, allowing for it to be directly integrated into model pre-training and fine-tuning pipelines.259

Another branch of work reduces computational costs by compressing token sets at the input level.260

The Perceiver architecture uses a transformer to compress a set of input tokens into a smaller, fixed261

set of latent tokens [30, 29], allowing for greater computational tractability in multimodal settings [3].262

Similarly, TiTok [60] compresses image patches into a small set of latent tokens, which are then263

quantized for image reconstruction or other downstream tasks.264

Closest to our work is ALIT [20], which uses a recurrent process to distill 2D tokens into a set of 1D265

latent tokens. Although this iterative process allows for images to be represented by variable numbers266

of tokens, this is only evidenced through post-hoc analyses, and ALIT does not propose an automated267

method for dynamically determining the number of tokens to represent an image with at inference268

time. One of the key innovations of DOVE is the use of a dynamic EOS prediction mechanism, which269

is employed at inference time to produce per-image variable length token sequences based on image270

and downstream task complexity. DOVE uses a parallel transformer forward pass to generate variable271

number of tokens, which is more efficient ALIT’s recurrent formulation.272

Dynamic Sequence Termination. In the context of transformers, dynamic sequence termination273

is most commonly associated with the <EOS> token in LLMs [24, 53, 1], although the concept274

has been applied in language modeling since N-gram models [13]. This concept has also been275

generalized for generating variable length subsequences of specialized text, such as chain-of-thought276

chains generated between thinking tokens in LLMs [25]. In sequential decision making, dynamic277

termination has been operationalized through the use of terminal states in Hidden Markov Models [6],278

termination conditions in the options reinforcement learning framework [52], as well as by using279

specialized stop actions within the low-level components of hierarchical policies [28].280

5 Conclusion281

We have introduced DOVE, a dynamic vision encoder that adaptively generates variable-length282

token sequences based on image complexity. DOVE predicts an end-of-sequence (EOS) token to283

dynamically determine the number of tokens needed for image reconstruction, resulting in signif-284

icantly improved efficiency and semantic representation. We further extended our model with a285

query-conditioned variant, enabling task-specific focus on relevant image regions. Q-DOVE further286

improves the representations and token compression achieving stronger efficiency and performance.287
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