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Abstract

Visual tokens consume substantial computational resources in multi-modal large
models (MLLMs), significantly compromising their efficiency. Recent works have
attempted to improve efficiency by compressing visual tokens during training,
either through modifications to model components or by introducing additional
parameters. However, they often overlook the increased learning difficulty caused
by such compression, as the model’s parameter space struggles to quickly adapt to
the substantial perturbations in the feature space induced by token compression. In
this work, we propose to develop Efficient MLLMs via ProgressIve Consistency
Distillation (EPIC), a progressive learning framework. Specifically, by decompos-
ing the feature space perturbations introduced by token compression along the
token-wise and layer-wise dimensions, we introduce token consistency distillation
and layer consistency distillation, respectively, aiming to reduce the training dif-
ficulty by leveraging guidance from a teacher model and following a progressive
learning trajectory. Extensive experiments demonstrate the superior effectiveness,
robustness, and generalization capabilities of our proposed framework.

1 Introduction

Multi-modal large language models (MLLMs) [32, 81, 39, 42] equip large language models
(LLMs) [54, 23] with the ability to understand visual information, exhibiting remarkable capa-
bilities across a diverse range of multi-modal tasks, including image captioning, visual question
answering (VQA), video understanding [61], and multi-modal reasoning [62].

However, unlike LLMs [54, 2, 66, 59], which only need to process a small number of information-
dense text tokens [48], the introduction of substantial visual tokens in MLLMs [3, 4] presents
significant computational challenges. This issue becomes particularly pronounced when handling
high-resolution images [35] or multi-frame videos [53].

To address this issue, a natural approach is to reduce visual tokens [44, 65, 6, 67]. Recent advances
have introduced various token compression techniques to eliminate vision tokens in a training-free
approach [78, 63]. Most of them adopt either a token importance-based strategy [7, 24] or a token
redundancy-based strategy [57, 52]. Although the aforementioned non-parametric methods avoid
additional training costs, they inevitably incur significant performance degradation. To achieve
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Figure 1: Progressive Consistency Distillation vs. Direct Training. Each subplot shows the loss
landscape under the corresponding token compression ratio, with the optimum indicated. Our method
reaches the objective via progressive learning trajectories, while direct training remains challenging.

a better performance-efficiency trade-off, recent training-aware token compression methods have
attracted significant attention [5, 14]. Beyond early approaches [32] that employed Q-former, MQT-
LLaVA [26] proposes a more flexible Q-former capable of dynamically encoding visual information
into variable-length visual tokens. [33] proposes TokenPacker, a coarse-to-fine visual projector
that progressively refines coarse tokens with visual information. In addition to refining the model
architecture and upgrading model components, VoCo-LLaMA [70] and LLaVA-Mini [76] build upon
observations of the transfer of visual information within language models, attempting to transfer
visual information into a small set of VoCo tokens via attention modification, or into textual tokens
with a transformer-based pre-fusion module.

Although these methods improve model efficiency while largely preserving performance, their
improvements primarily come from architectural enhancements or newly introduced modules, often
overlooking the learning challenges posed by token compression during training. As illustrated in
Figure 1, when token compression is applied during training, the distribution of the compressed token
sequence inevitably differs from that of the full token set. This discrepancy can be regarded as a
perturbation in the feature space, which shifts the model’s optimal point in the parameter space. The
higher the compression ratio, the greater the perturbation introduced, and consequently, the further
the optimal point drifts. The goal of training-aware token compression is to guide the model to
progressively adapt from the original optimum (under full tokens) to a new optimum corresponding to
the compressed token distribution. Figure 1 (d) shows that directly training a model with compressed
tokens often leads to suboptimal solutions, as the optimization process can easily get trapped in poor
local minima, making it difficult to reach the desired optimum under heavy compression.
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Figure 2: MMBench accuracy vs. number
of visual tokens for various methods. TCD
(Ours) and LCD (Ours) achieve competi-
tive accuracy with far fewer tokens, lower
FLOPs, and smaller KV cache compared
to LLaVA-v1.5, highlighting its efficiency.

In this work, we propose a progressive consistency distil-
lation learning framework EPIC tailored for token com-
pression, where a single MLLM simultaneously acts as
both teacher and student through weight sharing. From
a token-wise perspective, we introduce Token Consis-
tency Distillation (TCD). At the early stages of training,
both the teacher and student models adopt a very low
token compression ratio, indicating a relatively easy
learning task without significant optimal point drifts (as
shown in Fig. 1 (b)). As training progresses, the com-
pression becomes increasingly aggressive, forming a
progressive learning trajectory (see Fig. 1 (b) to (d)). Al-
though the final optimal point under heavy compression
remains far from the initial optimum, each intermediate
optimum along the trajectory is relatively close to its pre-
decessor, making each transition more manageable and
easier to optimize. Moreover, the teacher consistently
uses a slightly lower compression ratio than the student,
introducing a compression ratio gap between them. We
argue that when the gap is too large, the student may
struggle to benefit effectively from the teacher’s guid-
ance [20]. Therefore, the compression ratio gap is also designed to follow a progressive learning
strategy, gradually increasing over time to ease the learning process. From a layer-wise perspective,
we introduce Layer Consistency Distillation (LCD). Based on observations from prior work [7], the
significance of visual tokens diminishes notably in deeper layers, suggesting that compressing tokens
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at these layers has minimal impact on the model’s feature space and output. Therefore, in LCD, the
token compression is progressively shifted from deeper to shallower layers as training progresses,
implicitly following an easy-to-hard learning paradigm. Meanwhile, a compression gap between the
teacher and the student is maintained to encourage effective guidance from the teacher.

Our primary contribution lies in proposing EPIC, a progressive consistency distillation learning
framework, which demonstrates compatibility with diverse token compression techniques. Within
this framework, we introduce Token Consistency Distillation and Layer Consistency Distillation from
token-wise and layer-wise dimensions, respectively. This approach enables the training of robust and
highly generalizable models through a progressive learning strategy without requiring modifications
to the model architecture. Compared to prior approaches, comprehensive experiments validate the
superior effectiveness, robustness, and generalization capabilities of our proposed framework.

2 Related Works
Multi-modal Large Language Models. Multi-modal Large Language Models (MLLMs), pio-
neered by [41, 81, 15, 71, 8] have successfully showcased promising results on a wide variety of
vision-language perception and reasoning tasks. Existing MLLMs typically employ a pre-trained
vision encoder (e.g., CLIP [49] and SigLIP [73, 55]) to extract visual features, which are then pro-
jected into the LLM’s input space via a visual projector (e.g., MLP and Q-former [32]), enabling
the model to process both visual embeddings and user instructions for multimodal understanding
and response generation. Recent studies [75, 74] have highlighted the limitations of MLLMs in
fine-grained visual perception tasks. To this end, more advanced MLLMs have attempted to increase
the number of encoded visual tokens by employing dynamic resolutions [11, 10, 40, 31] or arbitrary
resolutions [58, 4] to process high-resolution images, thereby enhancing their performance in visual
understanding tasks. However, due to the quadratic complexity of the attention mechanism [56], the
resulting longer token sequences pose significant challenges to both inference speed and memory
usage.

Visual Token Compression. Visual tokens typically outnumber text tokens by orders of magnitude
while containing greater spatial redundancy than information-dense text [48]. Recent work has
explored both training-free [24, 79, 80, 43, 77] and training-aware [5, 13, 3, 9, 60] compression
approaches, with the latter showing superior performance potential despite requiring additional
training [63]. Training-free methods generally follow two paradigms: importance-based strategies
like FastV [7] and SparseVLM [78] that use attention scores, and redundancy-based approaches such
as DART [64] and G-Prune [28] that assess token similarity. Early training-aware work focused on
parameter-free strategies, including LLaVA-PruMerge’s attention-based merging [50] and VoCo-
LLaMA’s compressed VoCo tokens [70]. Subsequent research explored architectural modifications
through lightweight component replacements [16, 19, 34]. More advanced approaches include MQT-
LLaVA’s dynamic Q-former for variable-length token encoding [26] and TokenPacker’s coarse-to-fine
iterative condensation [33]. Recent methods like LLaVA-Mini [76] achieve near-lossless token
compression through extra auxiliary modules, though they often overlook the training challenges
introduced by feature space perturbations during token compression.

3 Methodology
3.1 Preliminary
Multi-modal Large Language Models (MLLMs). An MLLM typically consists of three modules:
a visual encoder VE, a modality projector (e.g., MLP), and a language model LM. Given image I , the
visual encoder extracts patch-level features zv ∈ RN×dv , projected into visual tokens ev ∈ RN×dh :

ev = MLP(VE(I)), (1)
where N is the number of image patches, dv is the encoder output dimension, and dh is the LM
hidden size. Meanwhile, a text prompt P is tokenized and embedded into a sequence of text tokens
et ∈ RL×dh . The visual and text tokens are then concatenated to form the full input sequence:

x = [ev; et] ∈ R(N+L)×dh . (2)
Positional embeddings are added to x to encode spatial and sequential structure. The language model
then autoregressively generates output tokens yi ∈ V (with vocabulary V) one token at a time:

yi = LM(x, y<i), for i = 0, 1, 2, . . . (3)
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Figure 3: An overview of Progressive Consistency Distillation. (i) Token Consistency Distillation
progressively increases token compression ratio over time. (ii) Layer Consistency Distillation shifts
token compression from deep to shallow layers, promoting layer-wise consistency during training.

where y<i := {y0, y1, . . . , yi−1} denotes the previously generated tokens.

Progressive Consistency Distillation Learning. Training MLLMs under aggressive token com-
pression introduces significant feature space perturbations that hinder convergence. To address
this, we propose Progressive Consistency Distillation Learning (PCDL), which gradually increases
compression difficulty and facilitates the model’s progressive convergence to the final objective (see
Fig. 1). Our Token Consistency Distillation (TCD) progressively increases the token compres-
sion ratio over training steps from a token-wise perspective, while Layer Consistency Distillation
(LCD) initially applies token compression in deeper layers (minimal impact [7, 76]) before gradually
shifting to shallower layers, performing progressive learning in a layer-wise manner. Both employ
Consistency Distillation with Shared Weights, where teachers with slightly lower compression ratios
(e.g., 5% less) provide manageable guidance [20], progressively transitioning to stronger teachers
(e.g., 10% lower ratio) for staged mentorship.

3.2 Theoretical Intuition: A 1D Prototype for Progressive Consistency Distillation Learning
Scalar center path. To provide intuition for Progressive Consistency Distillation Learning (PCDL),
we introduce a one-dimensional prototype where model predictions are scalar values θ ∈ R, and each
target is given by a compression-dependent center cr ∈ R for compression ratio r ∈ [0, rmax]. We
assume that the mapping c : [0, rmax] → R satisfies:
(S1) Monotonicity: c is differentiable with c′r ≥ 0 for all r.
(S2) Lipschitz slope: There exists γ > 0 such that |c′r| ≤ γ, and |cr1 − cr2 | ≤ γ|r1 − r2| for all

r1, r2.
(S3) Convexity: c is convex, i.e., c′′(r) ≥ 0.

Two quadratic objectives. We compare two learning objectives:

Ldir(r, θ) =
1
2 (θ − cr)

2, Lprog(r, θ) =
1
2 (θ − cr)

2 + λ
2 (θ − cr−∆)

2,

with constants 0 < λ < 1, 0 < ∆ ≤ rmax. The second term acts as a regularizer pulls the prediction
toward a slightly less compressed teacher target, mimicking the KL-based distillation loss in EPIC.

Analogy to EPIC. In EPIC, the teacher operates at a slightly lower compression ratio (r −∆) and
provides smoother targets via KL consistency. The scalar prototype captures this: Ldir corresponds
to direct supervision from the current target cr, while Lprog encodes progressive distillation by
incorporating a past (easier) target cr−∆. As in EPIC, the regularizer improves training stability by
reducing sensitivity to abrupt changes in the input space induced by token compression.

Exact minimizers. Both objectives are strongly convex in θ with closed-form solutions:

θdirr = cr, θprogr =
cr + λ cr−∆

1 + λ
.
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Schedule and path length. Let 0 = r0 < r1 < · · · < rT = rmax denote any compression schedule.
The total variation of a path {xt} is defined as:

TV({xt}) :=
T−1∑
t=0

|xt+1 − xt|.

We show below that the progressive path yields strictly shorter total variation, reflecting the smoother
optimization trajectory induced by PCDL. We delay the full proof to Appendix B.
Theorem 1 (Scalar path gain, Proof in Appendix B). Under assumptions (S1)–(S3), the total variation
of the progressive path is strictly smaller:

TV
(
{θdirrt }

)
≤ γrmax,

TV
(
{θprogrt }

)
≤ 1 + λκ

1 + λ
· TV

(
{θdirrt }

)
< TV

(
{θdirrt }

)
,

where κ := sup
r∈[∆, rmax−∆]

c(r)− c(r −∆)

c(r +∆)− c(r)
∈ [0, 1).

3.3 Token Consistency Distillation
We consider a single MLLM fθ that plays both teacher and student roles by sharing parameters θ. Let
I denote the input image and P denote the language prompt. Let C(I, r, ℓ) be a token compression
operator1 that, at layer ℓ, compresses the visual tokens extracted from I with ratio r ∈ [0, 1], i.e.,
retaining only a fraction 1− r of visual tokens. Let t ∈ {0, . . . , T} index training steps.

At iteration t, we sample a student compression ratio from a gradually shifting uniform distribution:

rstut ∼ U
(
Rstu

min,t, R
stu
max,t

)
, (4)

where Rstu
max,t linearly increases from Rstu

max,0 = ϵ (e.g., 5%) to Rstu
max,T = Rmax (e.g., 90%) with

training steps, and Rstu
min,t grows more slowly from 0% to at most 50% as training progresses. This

creates an easy-to-hard curriculum for the student model by gradually narrowing and shifting the
sampling range towards more aggressive compression.

We then define the teacher model’s compression ratio as

rteat = max
(
0, rstut −∆t

)
, (5)

where the compression gap ∆t also increases gradually from ∆0 = δmin to ∆T = δmax (e.g., up to
30%), ensuring that the teacher consistently sees slightly less compressed inputs than the student.

Concretely, we form two forward passes through the shared model fθ:

htea = fθ
(
C(I, rteat , ℓ);P

)
; hstu = fθ

(
C(I, rstut , ℓ);P

)
, (6)

where both token compressions occur at the fixed Transformer layer ℓ.

We incorporate the Token Consistency Distillation (TCD) loss as an auxiliary objective alongside the
main supervised fine-tuning (SFT) loss. Specifically, the overall training objective is formulated as:

Ltotal(θ) = (1− λ) · LSFT(θ) + λ · LTCD(θ), (7)

where LSFT(θ) denotes the autoregressive cross-entropy loss over language outputs, and λ is a
balancing coefficient for the distillation loss, empirically set to 0.7.

The TCD loss is defined as the Kullback–Leibler (KL) divergence [29, 25] between the output logits
distributions of the teacher and student:

LTCD(θ) = EI,P,t

[
KL

(
ptea ∥ pstu

)]
, (8)

where ptea = Softmax(htea/τ) and pstu = Softmax(hstu/τ) are the temperature-scaled output
logits distributions from the teacher and student, respectively, and τ is a temperature hyperparameter.

By progressively increasing both the student’s compression range
[
Rstu

min,t, R
stu
max,t

]
and the

teacher–student gap ∆t, we implement an progressive learning in a token-wise manner. At early
training stages, the student experiences mild compression and benefits from a closely aligned teacher,
while in later stages, it endures stronger compression with increasingly distinct teacher guidance.

1Any plug-and-play token compressor (e.g., FastV [7], DART [64]) can serve as compression operator here.

5



3.4 Layer Consistency Distillation
Prior work [7, 76] shows visual tokens receive negligible attention in deeper layers while shallow
layers play a more critical role for visual modality. This motivates our Layer Consistency Distillation
(LCD) strategy: performing compression in deeper layers first minimizes output perturbation and
feature space distortion, then progressively moves to shallower layers.

Let L be the total number of Transformer layers in the language model. Define a normalized training
progress: βt =

t
T . We then select a single compression layer for both teacher and student:

ℓt = Round
(
L− βt(L− ℓmin)

)
, ℓt ∈ ℓmin, ℓmin + 1, . . . , L (9)

where ℓmin denotes the shallowest compression layer. Thus at t = 0 we compress at the deepest layer
ℓ0 = L, and by t = T at the shallowest layer ℓT = ℓmin, realizing a layer-wise progressive learning.

At training iteration t, we sample the student model’s token compression ratio from [rmin, rmax]:

rstut ∼ U(rmin, rmax), (10)

Typically, rmin is set to 0.2, while rmax is configured as 0.9 and define the teacher model’s compres-
sion ratio by subtracting the compression ratio gap ∆t:

rteat = max
(
0, rstut −∆t

)
. (11)

We then perform two forward passes through the shared model fθ at layer ℓt:

htea = fθ
(
C(I, rteat , ℓt);P

)
; hstu = fθ

(
C(I, rstut , ℓt);P

)
. (12)

The Layer Consistency Distillation (LCD) loss is defined analogously to TCD, as the KL divergence
between the teacher and student output logits distributions:

LLCD(θ) = EI,P,t

[
KL(ptea ∥ pstu)

]
; ptea = Softmax(htea/τ), pstu = Softmax(hstu/τ). (13)

Finally, we integrate both distillation terms into the overall training objective:

Ltotal(θ) = (1− λ) · LSFT(θ) + λ · LLCD(θ). (14)

4 Experiments

4.1 Experimental Setting

Implementation Details. We implement EPIC based on LLaVA [41, 40] without introducing any
modifications to the model architecture. Specifically, we adopt CLIP ViT-L/14 [49] as our vision
encoder, utilizing its officially pretrained projector, and Vicuna-v1.5 [12] as our LLM. algname
only requires performing the second stage training, which involves visual instruction tuning on the
LLaVA-665K instruction fine-tuning dataset. To demonstrate the effectiveness and generalizability of
our method, we incorporate three representative token compression techniques (DART [64], FastV [7],
and Random token pruning) into EPIC for training. More implementation details about our proposed
method and baselines are provided in Appendix D.

Evaluation Benchmarks. We evaluate our model across 10 representative visual understanding
benchmarks. Further details about benchmarks can be found in the Appendix D.3.

Baselines. As shown in Table 1, we compare our method with various visual token compression
techniques, including QT-LLaVA, MQT-LLaVA [26], LLaMA-VID [34], VoCo-LLaMA [70], Token-
Packer [33], and LLaVA-Mini [76]. We also list other MLLM’s results for comparison, including
BLIP-2 [32], InstructBLIP [15], IDEFICS [30], Qwen-VL [3], Qwen-VL-Chat [3], SPHINX [38],
mPLUG-Owl2 [68], and vanilla LLaVA [41, 40]. Please refer to Appendix D.4 for more details.

4.2 Experimental Results on Benchmarks

Table 1 presents experimental results on 10 representative visual benchmarks. Notably, our method
and MQT-LLaVA are among the few approaches enabling flexible control over token compression
(36 ∼ 256 tokens) with a single trained model, adapting efficiently to varying resource constraints.
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Table 1: Performance on 10 visual understanding benchmarks. “Res.” is resolution, and ‘#Vision
Tokens’ is the number of vision tokens. Both training and inference employ DART as the token
compression strategy for our methods. Parentheses in Avg.(%) column show diffs vs. LLaVA-v1.5.

Methods LLM Res. #Vision
Tokens VQAV2 GQA VizWiz SQAI VQAT POPE MME MMB MMB-

CN
OCR
Bench

Avg.
(%)

BLIP-2 [32] Vicuna-13B 224 32 65.0 41.0 19.6 61.0 42.5 85.3 – – – – –
InstructBLIP [16] Vicuna-7B 224 32 66.3 49.2 34.5 60.5 50.1 83.9 1500 36.0 – 259 –
InstructBLIP [16] Vicuna-13B 224 32 64.2 49.5 33.4 63.1 – 84.1 1530 36.9 17.4 252 –
IDEFICS-9B [30] LLaMA-7B 224 64 50.9 38.4 35.5 – 25.9 75.3 1027 48.2 – 245 –
IDEFICS-80B [30] LLaMA-65B 224 64 60.0 45.2 36.0 – 30.9 – 1076 54.5 29.1 277 –
Qwen-VL [3] Qwen-7B 448 256 – 59.3 35.2 67.1 63.8 – 1708 38.2 – 133 –
Qwen-VL-Chat [3] Qwen-7B 448 256 – 57.5 38.9 68.2 61.5 – 1891 60.6 – 267 –
SPHINX [38] LLaMA-13B 224 289 78.1 62.6 39.9 69.3 51.6 80.7 – 66.9 – – –
SPHINX-2k [38] LLaMA-13B 762 2890 80.7 63.1 44.9 70.6 61.2 87.2 – 65.9 – – –
mPLUG-Owl2 [68] LLaMA-7B 448 1024 79.4 56.1 54.5 68.7 54.3 - – 64.5 – – –
Video-LLaVA [37] Vicuna-7B 224 256 65.9 60.3 48.1 66.4 51.8 83.1 1542 60.6 49.3 161 55.7
LLaVA-v1.5 [41] Vicuna-7B 336 576 72.2 61.9 52.5 68.3 58.1 85.9 1785 64.1 55.8 319 61.4

LMMs with fewer vision tokens
Average-Pooling Vicuna-7B 336 64 63.0 55.5 48.4 68.6 52.6 79.2 1579 59.6 49.5 258 55.9 (-5.5)
MQT-LLaVA [26] Vicuna-7B 336 2 51.4 49.6 50.0 66.1 14.8 75.4 1402 48.9 40.5 169 46.4 (-15)
MQT-LLaVA [26] Vicuna-7B 336 36 62.0 57.7 53.6 69.2 28.6 82.9 1777 60.5 51.6 244 55.4 (-6.0)
MQT-LLaVA [26] Vicuna-7B 336 64 65.6 58.7 54.3 68.4 32.5 83.1 1810 61.3 53.7 260 56.8 (-4.6)
MQT-LLaVA [26] Vicuna-7B 336 128 66.2 59.8 54.6 69.3 35.7 84.3 1773 62.1 53.6 266 57.6 (-3.8)
MQT-LLaVA [26] Vicuna-7B 336 192 66.9 59.9 54.6 69.1 35.8 85.1 1784 62.0 53.9 263 57.7 (-3.7)
MQT-LLaVA [26] Vicuna-7B 336 256 68.3 60.1 54.6 69.0 37.1 84.6 1740 61.7 53.0 273 57.8 (-3.6)
QT-LLaVA Vicuna-7B 336 256 – 60.3 51.5 68.1 36.9 84.1 1771 62.1 53.9 265 –
LLaMA-VID [34] Vicuna-7B 336 2 – 55.5 54.2 68.8 49.0 83.1 – – – – –
VoCo-LLaMA [70] Vicuna-7B 336 1 – 55.6 54.6 68.4 31.7 80.8 1594 56.4 46.2 69 –
TokenPacker [33] Vicuna-7B 336 144 71.3 62.0 56.6 70.5 43.8 86.2 1716 63.9 53.4 303 59.9 (-1.5)
TokenPacker [33] Vicuna-7B 336 36 – 58.6 50.2 – – 83.7 – 62.8 – – –
LLaVA-Mini [76] Vicuna-7B 336 144 58.1 56.3 14.8 25.3 26.0 82.3 1325 24.8 – 132 –
LLaVA-Mini [76] Vicuna-7B 336 64 - 56.6 10.4 27.4 28.1 82.3 1324 23.8 – 145 –

Ours
LLaVA-v1.5 + TCD Vicuna-7B 336 256 72.7 61.4 54.1 69.8 57.0 85.8 1807 66.1 54.8 310 61.7 (+0.3)
LLaVA-v1.5 + TCD Vicuna-7B 336 192 71.6 60.9 54.0 70.0 56.9 85.3 1813 65.8 54.6 304 61.4 (+0.0)
LLaVA-v1.5 + TCD Vicuna-7B 336 128 69.7 59.9 54.9 70.8 56.6 84.5 1861 65.6 54.3 299 61.3 (-0.1)
LLaVA-v1.5 + TCD Vicuna-7B 336 64 66.1 57.1 55.1 71.1 54.8 79.2 1809 64.2 53.0 286 59.4 (-2.0)
LLaVA-v1.5 + TCD Vicuna-7B 336 36 62.1 54.9 55.2 71.3 53.6 75.8 1747 62.4 51.5 262 57.5 (-3.9)

LLaVA-v1.5 + LCD Vicuna-7B 336 256 72.6 62.0 57.4 69.8 56.8 86.1 1834 64.3 56.0 312 62.2 (+0.8)
LLaVA-v1.5 + LCD Vicuna-7B 336 192 71.3 61.5 57.6 70.0 56.7 85.3 1830 64.4 55.9 316 62.0 (+0.6)
LLaVA-v1.5 + LCD Vicuna-7B 336 128 69.2 60.6 57.9 69.8 56.3 84.2 1832 64.1 55.3 306 61.3 (-0.1)
LLaVA-v1.5 + LCD Vicuna-7B 336 64 66.0 58.3 57.8 69.7 54.3 81.2 1794 62.1 52.9 280 59.4 (-2.0)
LLaVA-v1.5 + LCD Vicuna-7B 336 36 62.8 56.5 56.5 70.3 52.9 77.7 1711 60.7 51.0 265 57.6 (-3.8)

When retaining 128 tokens, our framework achieves performance comparable to vanilla LLaVA-
v1.5-7B, while surpassing it with 192+ visual tokens, strongly suggesting significant redundancy
in visual tokens. Compared to other training-aware methods involving model modifications (e.g.,
MQT-LLaVA, TokenPacker), our approach maintains superior average performance, particularly
excelling on MME, MMBench, and VQA V2. This indicates that effective training strategies are
as crucial as architectural modifications for token compression. The results also demonstrate our
method’s robustness across compression ratios: with just 64 tokens, performance degrades by merely
2% versus vanilla LLaVA, while maintaining minimal (< 1%) variation at 128 ∼ 256 visual tokens.

4.3 Efficiency

Table 2: Inference efficiency analysis of EPIC. ∆ denotes the reduction ratio. All experiments are on
POPE (8, 910 samples) using an A100 GPU. Token compression is fixed at the 2nd layer.

Method Visual Tokens KV cache (MB) ↓ CUDA Time (s) ↓ FLOPs (T) ↓
Value ∆ Value ∆ Value ∆

LLaVA-v1.5-7B 576 367.2 – 1103.5 – 9.3 –
EPIC + FastV [7] 64 40.9 88.9% 749.1 32.1% 1.5 83.9%
EPIC + DART [64] 64 40.9 88.9% 744.3 32.6% 1.5 83.9%
EPIC + Random 64 40.9 88.9% 697.3 36.8% 1.5 83.9%

We discuss the efficiency of EPIC, including training-time efficiency and inference-time efficiency.
As shown in Table 6 in Appendix D.2, in contrast to other training-aware token compression method,
especially those that alter the model architecture, our approach only requires supervised fine-tuning,
completing training in approximately 12 hours on 8 A100 GPUs. Most token compression methods
that modify the model architecture require two or even three training stages. Furthermore, the
replacement or addition of new model components necessitates more training iterations to properly
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Table 3: Ablation study on Token Consistency Distillation. “w/o Distillation Loss” disables teacher
supervision by zeroing LTCD. “w/o Progressive Compression Ratio” uses a fixed 88.9% compression
ratio. DART is employed as the token compression strategy during training.

Method VQAV2 GQA VizWiz SQAI VQAT POPE MME MMB MMB-CN OCRBench Avg. (%)
Retain 128 Tokens (↓ 77.8%)

TCD (Ours) 69.7 59.9 54.9 70.8 56.6 84.5 1861 65.6 54.3 299 61.3
w/o Distillation Loss 67.2 60.4 53.2 68.6 57.3 83.2 1745 63.8 53.5 289 59.8 (-1.5)

w/o Progressive Compression Ratio 67.1 58.9 49.7 70.0 54.1 84.3 1788 63.8 51.5 277 59.1 (-2.2)

Retain 64 Tokens (↓ 88.9%)

TCD (Ours) 66.1 57.1 55.1 71.1 54.8 79.2 1809 64.2 53.0 286 59.4
w/o Distillation Loss 65.7 57.9 53.6 69.8 54.9 78.3 1671 61.6 52.1 272 58.1 (-1.3)

w/o Progressive Compression Ratio 64.3 57.9 50.3 70.3 52.0 82.7 1774 62.8 52.5 255 58.2 (-1.2)

adapt these parameters, resulting in significantly greater computational expenditure (e.g., 30 ∼ 48
hours on 8 A100 GPUs). This substantially increases the overall training cost. Focus on the
inference-time efficiency, which in our framework is primarily influenced by the token compression
strategies employed during the inference process. Table 2 presents the KV cache memory usage,
CUDA time, and FLOPs obtained when applying three different token compression methods during
inference for models trained using Token Consistency Distillation. The FLOPs are calculated using
calflops [69], while the KV cache memory usage is estimated with the help of LLM-Viewer [72].
It can be observed that when retaining 64 tokens, all methods achieve improvements in reducing
KV cache memory, FLOPs, and latency. In particular, Random token compression, which incurs no
additional computational overhead, achieves an actual speedup of nearly 1.6×.

5 Analyses

In this section, we conduct a thorough investigation aimed at addressing the following key questions:
(1) How much does the weight-sharing teacher guidance contribute to performance? (2) What occurs
without progressive learning in token/layer-wise dimensions? (3) How generalizable is EPIC across
various token compression strategies? (4) Is extreme token compression (1 or 2 tokens) necessary?

5.1 Ablation Studies

Table 4: Ablation study on Layer Consistency Distillation. “w/o Progressive Compression Layer”:
fixed at the 2nd layer. DART is employed as the token compression strategy during training.

Method VQAV2 GQA VizWiz SQAI VQAT POPE MME MMB MMB-CN OCRBench Avg. (%)
Retain 128 Tokens (↓ 77.8%)

LCD (Ours) 69.2 60.6 57.9 69.8 56.3 84.2 1832 64.1 55.3 306 61.3
w/o Distillation Loss 67.1 60.6 55.4 70.3 56.1 84.3 1761 62.9 55.4 301 60.5 (-0.8)

w/o Progressive Compression Layer 68.7 59.3 54.3 70.6 56.2 82.2 1776 63.1 54.9 298 60.3 (-1.0)

Retain 64 Tokens (↓ 88.9%)

LCD (Ours) 66.0 58.3 57.8 69.7 54.3 81.2 1794 62.1 52.9 280 59.4
w/o Distillation Loss 64.4 58.2 55.9 69.6 54.8 80.9 1735 61.3 52.7 275 58.7 (-0.7)

w/o Progressive Compression Layer 63.5 56.5 54.7 71.5 54.2 75.6 1734 61.9 51.7 260 57.8 (-1.6)

To validate the guiding role of the weight-sharing teacher model (RQ1) and the importance of the
progressive learning strategy in training-aware token compression (RQ2), we conducted ablation
studies on both components. Specifically, for token consistency distillation (TCD) and layer consis-
tency distillation (LCD), in addition to eliminating the distillation loss to remove the teacher model’s
influence, we also fix the compression ratio (e.g., 88.9%) and compression layer (e.g., the 2nd layer)
to eliminate the progressive learning strategy in both the token-wise and layer-wise dimensions.
This essentially degenerates the process into imposing a significant perturbation in the feature space,
and the model is trained to adapt in the parameter space, like direct training. As demonstrated in
Tables 3 and 4, the experimental results indicate that without teacher guidance, both TCD and LCD
exhibit significant performance degradation across multiple benchmarks on average, with particularly
pronounced declines on vision-centric benchmarks such as MME and MMBench.
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5.2 How Well Does Proposed Framework Generalize across Different Methods?
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Figure 4: Following LLaVA-v1.5’s architecture and data, we apply DART for token consistency dis-
tillation. “w/o train” denotes vanilla LLaVA. At inference, all methods use 88.9% token compression.

Beyond the generalization across different compression ratios observed in our comparative experi-
ments of Sec. 4.2, we further investigate the adaptability of our proposed framework to diverse token
compression strategies (RQ3). Specifically, as outlined in Sec. 4.1, we integrate three plug-and-play
token compression strategies into our framework during training. We then conduct cross-strategy
evaluations to assess how models trained with one specific strategy (e.g., FastV, DART) perform when
applied with alternative compression methods during inference. As shown in Figure 4, token consis-
tency distillation consistently improves model performance across all benchmarks and compression
methods. Notably, even when trained solely with DART-based compression, the model generalizes
well to FastV and Random compression, yielding consistent performance gains. Furthermore, after
training with our proposed framework, the performance gap between token compression strategies
is significantly reduced. Notably, previously underperforming strategies exhibit more substantial
improvements than their stronger counterparts. For additional experiments and discussions on the
generalization capability of our method, please refer to Appendix A.

5.3 Is Extreme Token Compression Necessary?
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Figure 5: All experiments use the model trained following LLaVA-v1.5. FLOPs and latency are
measured on the POPE. Visual token and latency experiments are repeated three times for reliability.

We observe that many token compression methods pursue aggressive compression (e.g., one or two
tokens). Table 1 shows that extreme token compression still leads to notable performance degradation
for many methods. While this consistently reduces KV cache memory, it raises the question: does
such extreme compression always translate to faster inference (RQ4)? To answer this, we conducted
detailed analysis and experiments. Figure 5 shows the relationship between FLOPs and the number
of retained visual tokens. When reducing tokens from the full set (576 tokens) to 128, FLOPs drop
significantly—from 9.3T to around 2T. However, under more extreme compression, FLOPs reduction
becomes noticeably smaller. A similar or even more pronounced trend is observed between token
count and actual latency. In some cases, retaining 64 tokens yields better performance than fewer
tokens (e.g., 36 or 18). A possible hypothesis is that overly fragmented feature slices increase memory
access time. Moreover, reducing tokens to 64 largely preserves vanilla model performance. We
refer to this range as the High Return-on-Investment (High ROI) Area. Further reduction beyond 64
offers only marginal latency gains but sharply degrades performance—this is the Low ROI Area.
Model efficiency depends on whether it is computation or memory-bound. With heavily reduced
tokens, GPU compute is underutilized and latency is dominated by memory access, making the
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system memory-bound, where further reduction brings little speedup. Overall, we argue that extreme
compression is unnecessary; instead, focus should be on balancing latency and performance.

6 Conclusion

In this paper, we propose EPIC, a learning framework that enhances the efficiency of multi-modal
large language models (MLLMs) via Progressive Consistency Distillation. It integrates with existing
token compression strategies without modifying the model architecture, achieving efficiency in both
training and inference. Experimental results demonstrate that MLLMs trained with our framework
achieve comparable average performance to the vanilla model using only 128 visual tokens. Notably,
on 4 out of 10 visual understanding benchmarks, our approach even outperforms the vanilla model
despite using significantly fewer visual tokens. Furthermore, extensive experiments validate the
effectiveness of EPIC, highlighting its robustness across token compression ratios and generalization
across strategies. Meanwhile, our analysis reveals that while token compression offers significant
benefits, excessive compression may lead to a poor latency-performance trade-off, underscoring the
importance of balancing compression levels for optimal performance.
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Figure 6: Following model architecture and training data of LLaVA-v1.5-7B, we apply the Random
token compression for token consistency distillation during training. Here, “w/o train” denotes the
vanilla LLaVA. During inference, all methods achieve a token compression ratio of 88.9%.
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Figure 7: Following model architecture and training data of LLaVA-v1.5-7B, we apply the FastV for
token consistency distillation during training. Here, “w/o train” denotes the vanilla LLaVA. During
inference, all methods achieve a token compression ratio of 88.9%.

In addition to the cross-method generalization validation of our proposed framework conducted
in Sec. 5.2, we performed more comprehensive and meticulous experiments to further verify its
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effectiveness. Specifically, as illustrated in Figures 6 and 7, we employ Random Token Compression
and FastV, respectively, to perform token consistency distillation on the multi-modal large language
model. Experimental results demonstrate that regardless of the token compression strategy used
during training with our proposed method, the trained model consistently achieves improved inference
performance across various token compression strategies. This strongly demonstrates the gener-
alizability and effectiveness of our approach, indicating that models trained under our framework
genuinely adapt to the pattern of missing visual tokens without being constrained to a fixed set of
preserved tokens.

B Detailed Theoretical Analysis

Proof of Theorem 1. 1. Direct path. Since θdirrt = c(rt), the total variation is

TV({θdirrt }) =
T−1∑
t=0

(c(rt+1)− c(rt)).

By monotonicity (S1) and Lipschitz continuity (S2), each term satisfies

c(rt+1)− c(rt) ≤ γ(rt+1 − rt),

so summing yields:

TV({θdirrt }) ≤ γ

T−1∑
t=0

(rt+1 − rt) = γrmax.

2. Progressive path. From the closed-form minimizer,

θprogrt =
c(rt) + λ c(rt −∆)

1 + λ
,

we have:

θprogrt+1
− θprogrt =

(c(rt+1)− c(rt)) + λ(c(rt+1 −∆)− c(rt −∆))

1 + λ
.

Define ∆t := c(rt+1)− c(rt) ≥ 0 and ∆̃t := c(rt+1 −∆)− c(rt −∆) ≥ 0. Then:∣∣∣θprogrt+1
− θprogrt

∣∣∣ ≤ ∆t + λ∆̃t

1 + λ
=

1 + λκt

1 + λ
·∆t, where κt :=

∆̃t

∆t
.

3. Bounding κt. Define the worst-case slope ratio:

κ := sup
r∈[∆, rmax−∆]

c(r)− c(r −∆)

c(r +∆)− c(r)
.

Each κt compares the lagged slope to the current slope. If the schedule is appropriately spaced so
that rt ∈ [∆, rmax −∆], then we have:

κt =
c(rt+1 −∆)− c(rt −∆)

c(rt+1)− c(rt)
≤ κ.

Convexity (S3) ensures that c′(r) is non-decreasing, so

c(r)− c(r −∆) ≤ c(r +∆)− c(r) ⇒ κ ≤ 1.

If c is not affine (i.e., c′′(r) > 0 on a set of positive measure), the inequality is strict for some r, and
thus κ < 1.

4. Total variation bound. Summing over steps gives:

TV({θprogrt }) =
T−1∑
t=0

∣∣∣θprogrt+1
− θprogrt

∣∣∣ ≤ T−1∑
t=0

1 + λκ

1 + λ
·∆t =

1 + λκ

1 + λ
· TV({θdirrt }),

with strict inequality when κ < 1, completing the proof.
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Table 5: Performance on 10 visual understanding benchmarks. ‘Res.’ is resolution, and ‘#Vision
Tokens’ is the number of vision tokens fed to the LLM backbone. Both training and inference of
Integrated Progressive Consistency Distillation (ICD) employ DART as the token compression
strategy for our methods. Parentheses in Avg.(%) column show diffs vs. LLaVA-v1.5.

Methods LLM Res. #Vision
Tokens VQAV2 GQA VizWiz SQAI VQAT POPE MME MMB MMB-

CN
OCR
Bench

Avg.
(%)

BLIP-2 [32] Vicuna-13B 224 32 65.0 41.0 19.6 61.0 42.5 85.3 – – – – –
InstructBLIP [16] Vicuna-7B 224 32 66.3 49.2 34.5 60.5 50.1 83.9 1500 36.0 – 259 –
InstructBLIP [16] Vicuna-13B 224 32 64.2 49.5 33.4 63.1 – 84.1 1530 36.9 17.4 252 –
IDEFICS-9B [30] LLaMA-7B 224 64 50.9 38.4 35.5 – 25.9 75.3 1027 48.2 – 245 –
IDEFICS-80B [30] LLaMA-65B 224 64 60.0 45.2 36.0 – 30.9 – 1076 54.5 29.1 277 –
Qwen-VL [3] Qwen-7B 448 256 – 59.3 35.2 67.1 63.8 – 1708 38.2 – 133 –
Qwen-VL-Chat [3] Qwen-7B 448 256 – 57.5 38.9 68.2 61.5 – 1891 60.6 – 267 –
SPHINX [38] LLaMA-13B 224 289 78.1 62.6 39.9 69.3 51.6 80.7 – 66.9 – – –
SPHINX-2k [38] LLaMA-13B 762 2890 80.7 63.1 44.9 70.6 61.2 87.2 – 65.9 – – –
mPLUG-Owl2 [68] LLaMA-7B 448 1024 79.4 56.1 54.5 68.7 54.3 - – 64.5 – – –
Video-LLaVA [37] Vicuna-7B 224 256 65.9 60.3 48.1 66.4 51.8 83.1 1542 60.6 49.3 161 55.7
LLaVA-v1.5 [41] Vicuna-7B 336 576 72.2 61.9 52.5 68.3 58.1 85.9 1785 64.1 55.8 319 61.4

LMMs with fewer vision tokens
Average-Pooling Vicuna-7B 336 64 63.0 55.5 48.4 68.6 52.6 79.2 1579 59.6 49.5 258 55.9 (-5.5)
MQT-LLaVA [26] Vicuna-7B 336 2 51.4 49.6 50.0 66.1 14.8 75.4 1402 48.9 40.5 169 46.4 (-15)
MQT-LLaVA [26] Vicuna-7B 336 36 62.0 57.7 53.6 69.2 28.6 82.9 1777 60.5 51.6 244 55.4 (-6.0)
MQT-LLaVA [26] Vicuna-7B 336 64 65.6 58.7 54.3 68.4 32.5 83.1 1810 61.3 53.7 260 56.8 (-4.6)
MQT-LLaVA [26] Vicuna-7B 336 128 66.2 59.8 54.6 69.3 35.7 84.3 1773 62.1 53.6 266 57.6 (-3.8)
MQT-LLaVA [26] Vicuna-7B 336 192 66.9 59.9 54.6 69.1 35.8 85.1 1784 62.0 53.9 263 57.7 (-3.7)
MQT-LLaVA [26] Vicuna-7B 336 256 68.3 60.1 54.6 69.0 37.1 84.6 1740 61.7 53.0 273 57.8 (-3.6)
QT-LLaVA Vicuna-7B 336 256 – 60.3 51.5 68.1 36.9 84.1 1771 62.1 53.9 265 –
LLaMA-VID [34] Vicuna-7B 336 2 – 55.5 54.2 68.8 49.0 83.1 – – – – –
VoCo-LLaMA [70] Vicuna-7B 336 1 – 55.6 54.6 68.4 31.7 80.8 1594 56.4 46.2 69 –
TokenPacker [33] Vicuna-7B 336 144 71.3 62.0 56.6 70.5 43.8 86.2 1716 63.9 53.4 303 59.9 (-1.5)
TokenPacker [33] Vicuna-7B 336 36 – 58.6 50.2 – – 83.7 – 62.8 – – –
LLaVA-Mini [76] Vicuna-7B 336 144 58.1 56.3 14.8 25.3 26.0 82.3 1325 24.8 – 132 –
LLaVA-Mini [76] Vicuna-7B 336 64 - 56.6 10.4 27.4 28.1 82.3 1324 23.8 – 145 –

Ours
LLaVA-v1.5 + ICD Vicuna-7B 336 256 72.2 61.7 54.7 70.0 58.1 85.7 1788 64.9 55.7 312 61.8 (+0.4)
LLaVA-v1.5 + ICD Vicuna-7B 336 192 71.9 61.4 54.8 70.3 57.6 84.8 1783 64.8 55.9 316 61.7 (+0.3)
LLaVA-v1.5 + ICD Vicuna-7B 336 128 69.6 60.3 55.2 70.1 57.1 83.5 1770 63.9 55.2 298 60.8 (-0.6)
LLaVA-v1.5 + ICD Vicuna-7B 336 64 66.5 57.5 55.3 70.4 54.7 79.3 1720 63.8 53.2 275 59.0 (-2.4)
LLaVA-v1.5 + ICD Vicuna-7B 336 36 62.1 55.6 54.4 70.9 52.8 74.0 1635 61.2 51.1 246 56.5 (-4.9)

C Integrated Progressive Consistency Distillation

As outlined in Sec. 1, our Progressive Consistency Distillation framework incorporates two progres-
sive learning mechanisms: Token Consistency Distillation (TCD) in a token-wise manner and Layer
Consistency Distillation (LCD) in a layer-wise manner. Experimental results demonstrate that both
approaches achieve strong performance across all key metrics: model accuracy, efficiency, robustness,
and generalization capability. To further investigate this direction, we explore the integration of
progressive learning from both token-wise and layer-wise perspectives. A critical question arises: Can
this integrated approach continue to maintain or even enhance the model’s performance? Building
upon these two approaches, we design Integrated Progressive Consistency Distillation (ICD). Unlike
the original Token Consistency Distillation (TCD), where token-wise progression is governed by
global training progress, our method enables layer-wise iterative application of TCD, effectively
integrating both token-wise and layer-wise dimensions. Specifically, during training, the token com-
pression layer progressively shifts from deeper to shallower layers. Within each layer, the compression
ratio follows the TCD schedule, sampling from small to large values. Upon transitioning to the next
layer, the ratio resets to its initial value, and the process repeats. As shown in Table 5, the Integrated
Progressive Consistency Distillation approach achieves comparable performance on representative
visual benchmarks. Notably, it even surpasses the vanilla LLaVA in average performance while
retaining only 192 visual tokens (66.7% ↓). Furthermore, when compared to other training-aware
token compression approaches (such as MQT-LLaVA and TokenPacker), ICD demonstrates superior
performance under identical retained visual tokens.
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D Experimental Setup

D.1 Token Compression Techniques During Training

We adopt three representative token compression methods in our proposed framework: FastV, which
follows an importance-based strategy; DART, which leverages redundancy-based pruning; and
random token pruning, the simplest form of token compression.

• DART [64] is a training-free and plug-and-play method that prunes visual tokens based on to-
ken duplication while maintaining compatibility with efficient attention mechanisms like Flash
Attention [18, 17].

• FastV [7] is a plug-and-play token compression technique that builds on the observation that visual
tokens tend to have diminishing contributions to model outputs in deeper layers. By utilizing
attention scores to assess token importance, it prunes less critical visual tokens at earlier layers of
the language model.

• Random is a token compression method that requires no additional signals or computation, and is
primarily used to validate the effectiveness and generalizability of our proposed approach.

Table 6: Method Comparison Across Different Stages

Method Stage 1 Stage 2 Stage 3 Training Time ↓ (h)
QT-LLaVA ✓ ✓ ∼ 30h × 8 A100s
MQT-LLaVA ✓ ✓ ∼ 34h × 8 A6000s
LLaMA-VID ✓ ✓ ✓ ∼ 48h × 8 A100s
LLaVA-Mini ✓ ✓ ∼ 26h × 8 A100s
EPIC (Ours) ✓ ∼ 12.2h × 8 A100s

D.2 Training Details

For a fair comparison, our framework not only adheres to the same model architecture and instruction-
tuning data as vanilla LLaVA but also maintains identical hyperparameter settings. Moreover, since
we have not modified the model architecture, we can directly use the pre-trained projector—unlike
MQT-LLaVA, QT-LLaVA, and LLaVA-Mini, which require mandatory Stage 1 pre-training. The
training process, conducted on 8 × A100 GPUs, takes approximately 12 hours. Furthermore, we
faithfully reproduced the entire LLaVA training process following the official LLaVA-v1.5 training
guidelines. All other token compression baselines are either trained following the settings provided
in the original papers or evaluated using publicly available model checkpoints. For the ablation study
in Section 5.1, the experiment without the distillation loss was trained using the same LLaVA-665K
SFT data, with all other training parameters and procedures kept identical to those of EPIC. For the
variants without a progressive compression ratio (Table 3) or progressive compression layer (Table 4),
we fixed the second layer as the compression layer. Overall, our ablation studies were conducted
under a strictly fair and consistent experimental setup.

Table 7: Detailed hyperparameter settings.

Settings Stage 2
Batch size 128
Learning rate 2e-5
Learning schedule Cosine decay
Warmup ratio 0.03
Weight decay 0
Epoch 1
Optimizer AdamW
DeepSpeed stage 3
Max token 2048
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D.3 Benchmarks

• MME [21] is a comprehensive benchmark for evaluating the performance of MLLMs in multi-
modal tasks. It measures models’ capabilities across two key areas: perception and cognition, using
14 specially designed subtasks that test interpretative and analytical skills.

• MMBench [45] employs a dual approach: it provides an extensive dataset that broadens the range
and variety of evaluation questions, and introduces the innovative CircularEval strategy, which uses
ChatGPT to convert free-form predictions into structured choices. MMBench-CN is the Chinese
version of the benchmark.

• ScienceQA [47] is a multi-modal benchmark aimed at assessing and diagnosing AI systems’
multi-hop reasoning and interpretability in the science domain. It includes a dataset of around
21K multiple-choice questions across various scientific topics, complete with detailed answer
annotations, related lectures, and explanations.

• GQA [27] is a dataset designed for advanced visual reasoning in real-world scenarios, using scene
graph-based structures to generate 22 million diverse, semantically-programmed questions. It
features a novel set of evaluation metrics focused on consistency, grounding, and plausibility,
setting a high standard for vision-language task assessment.

• POPE [36] is an evaluation method for examining object hallucination in MLLMs. It transforms the
evaluation into a binary classification task, asking MLLMs simple Yes-or-No questions to identify
hallucinated objects. POPE employs various object sampling strategies to reveal model tendencies
towards hallucination.

• VQA V2 [22] evaluates the model’s visual perception capabilities through open-ended questions. It
consists of 265,016 images, covering a wide variety of real-world scenes and objects, providing rich
visual contexts for the questions. For each question, there are 10 ground truth answers provided by
human annotators, which allows for a comprehensive evaluation of the performance of different
models in answering the questions accurately.

• TextVQA [51] focuses on the comprehensive integration of diverse text information within images.
It meticulously evaluates the model’s text understanding and reasoning abilities through a series of
visual question-answering tasks with rich textual information. Models need to not only understand
the visual content of the images but also be able to read and reason about the text within the images
to answer the questions accurately.

• OCRBench [46] is a comprehensive benchmark for evaluating the OCR capabilities of multi-modal
language models across five key tasks: text recognition, scene text-centric and document-oriented
VQA, key information extraction, and handwritten mathematical expression recognition.

D.4 Overview of the Baselines

D.4.1 General MLLMs

• BLIP-2 [32] is a vision-language pretraining framework that efficiently combines frozen image
encoders with large language models (LLMs). It adopts a two-stage training strategy leveraging a
lightweight Querying Transformer to bridge the vision-language modality gap, enabling compute-
efficient, zero-shot image-to-text generation aligned with natural language instructions.

• InstructBLIP [15] builds on BLIP-2 by introducing instruction tuning and an instruction-aware
Query Transformer. This enhances the model’s ability to extract features for a wide range of
vision-language tasks. It achieved state-of-the-art zero-shot performance across 13 benchmarks
and demonstrated strong results on fine-tuned tasks such as ScienceQA.

• IDEFICS [30] is an open-access vision-language model based on the Flamingo [1] architecture.
Available in both base and instruction-tuned variants (9B and 80B parameters), IDEFICS is trained
entirely on publicly available data and models, promoting transparency and accessibility.

• Qwen-VL & Qwen-VL-Chat [3] extend the Qwen-LM [2] foundation with a visual encoder and a
specialized input-output interface. Through a three-stage training pipeline and a rich multilingual,
multimodal corpus, the models achieve strong capabilities in grounding and optical character
recognition (OCR) tasks.

• SPHINX [38] is a multimodal large language model that applies joint mixing across model weights,
tuning objectives, visual embeddings, and image scales. By unfreezing the LLM during pretraining
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and integrating diverse instructional and visual signals, SPHINX demonstrates strong performance
in fine-grained vision-language understanding and reasoning tasks.

• mPLUG-Owl2 [68] features a modular architecture with a language decoder interface for unified
modality coordination. It employs shared cross-modal modules alongside modality-adaptive
components to enhance feature retention and generalization in both unimodal and multimodal
settings.

• Video-LLaVA [37] extends multimodal language modeling to unified video and image understand-
ing. By aligning visual modalities into a shared language feature space prior to projection, the
model enables effective joint training across visual domains, achieving state-of-the-art results on
diverse video and image benchmarks without requiring paired video-image data.

• LLaVA-v1.5 [39] improves upon the original LLaVA [41] model through enhanced visual instruc-
tion tuning. Utilizing a CLIP-ViT-L-336px visual backbone and MLP-based projection, it achieves
strong performance with high data efficiency. Trained on only 1.2 million publicly available images,
it excels at academic-oriented VQA tasks using straightforward prompting strategies.

D.4.2 Training-aware Token Compression Methods

• Average Pooling, inspired by the token merging strategy in Qwen2-VL [58], merges every four
adjacent visual patches into a single token, effectively reducing the number of visual tokens.

• QT-LLaVA replaces the original modality projector in LLaVA with a Q-former [32] that uses
learnable queries to project the input token sequence into a shorter sequence. In this work, we fix
to retain 256 visual tokens.

• MQT-LLaVA [26] proposes a flexible Query Transformer that enables encoding images into a
variable number of visual tokens (up to a predefined maximum), allowing dynamic adaptation to
different tasks and computational budgets.

• LLaMA-VID [34] compresses both the instruction and the image into a single token each, resulting
in just two tokens per image. This design enables efficient understanding of longer video sequences.

• VoCo-LLaMA [70] utilizes language models to compress all vision tokens, significantly improving
computational efficiency while maintaining multimodal understanding.

• TokenPacker [33] introduces a visual projector that adopts a coarse-to-fine strategy to reduce the
number of visual tokens by up to 80%, substantially decreasing the computational cost.

• LLaVA-Mini [76] employs a modality pre-fusion module, constructed with Transformer blocks, to
integrate visual information into the text tokens in advance. This approach reduces the number of
visual tokens fed into the language model, thereby lowering computational cost.

E Limitations and Future Works

As discussed in the Appendix D.2, our proposed progressive consistency distillation framework
was only applied during the visual instruction tuning phase when training the multi-modal large
language models (MLLMs). While this approach has already demonstrated remarkable effectiveness
in terms of both model performance and training efficiency, several promising research directions
remain unexplored. For instance, how might our method perform if applied during the model’s
pretraining stage? Specifically, implementing our framework during projector pretraining, rather than
initializing it with publicly available projector weights, could potentially yield greater performance
improvements. We hypothesize that this would allow the modality projector’s parameter space to
adapt to token compression-induced feature space perturbations prior to fine-tuning, thereby further
facilitating subsequent supervised fine-tuning. In future work, we will systematically investigate
extending our framework to all training stages (including pretraining and supervised finetuning), with
rigorous analysis of both the performance gains and impacts on training-time efficiency.

F Broader Impacts

In this work, we propose a framework to develop efficient multi-modal large language models
(MLLMs) through Progressive Consistency Distillation, which can be seamlessly integrated with
various token compression strategies without modifying the original model architecture. Our approach
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demonstrates strong effectiveness, robustness, and generalizability. On one hand, this contributes to
improving the efficiency of MLLMs, thereby facilitating their deployment and practical applications
at a societal level, especially for resource-constrained edge devices. On the other hand, after training
under our framework with token-compressed inputs, the resulting model parameters shift from the
optimum of the vanilla model (trained on full inputs) to a new optimum suited for compressed inputs.
However, we do not further align these models with human preferences after token compression-based
training. While the models perform well across a range of multi-modal tasks, they may carry potential
risks of adversarial vulnerabilities or undesirable outputs.
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• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.
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• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: In the main paper and Appendix, we provide the full set of assumptions and
complete proof.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide details of all model versions, dataset versions, hyperparameters,
and experimental settings in Sec. 4.1, and Appendix D.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [No]
Justification: In accordance with the requirements of the supporting organization, the code
will be released after the review process is completed. We are committed to providing
sufficient instructions to ensure reproducibility at that time.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: All the training and evaluation details have been provided in Sec. 4.1 and
Appendix D.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
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Answer: [Yes]

Justification: Some experiments, including latency statistics, were conducted multiple times,
and the corresponding error bars or bands are reported in Sec. 5.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We include descriptions of the computational resources used in Sec. 4.3 and
Appedix D.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We followed the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
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10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We describe broader impacts of our work in Appendix F.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The creators or original owners of assets (e.g., code, data, models) used in the
paper have been properly credited, and the corresponding papers have been cited.
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Guidelines:
• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
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Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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