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Abstract

Multimodal Large Language Models (MLLMs) have shown
impressive capabilities in visual reasoning, yet come with
substantial computational cost, limiting their deployment in
resource-constrained settings. Despite recent effort on im-
proving the efficiency of MLLMs, prior solutions fall short
in responding to varying runtime conditions, in particular
changing resource availability (e.g., contention due to the
execution of other programs on the device). To bridge this
gap, we introduce AdaLLaVA, an adaptive inference frame-
work that learns to dynamically reconfigure operations in
an MLLM during inference, accounting for the input data
and a latency budget. We conduct extensive experiments
across benchmarks involving question-answering, reason-
ing, and hallucination. Our results show that AdaLLaVA ef-
fectively adheres to input latency budget, achieving vary-
ing accuracy and latency tradeoffs at runtime. Further, we
demonstrate that AdaLLaVA adapts to both input latency
and content, can be integrated with token selection for en-
hanced efficiency, and generalizes across MLLMs. Our
project webpage with code release is at https://zhuoyan-
xu.github.io/ada-llava/.

1. Introduction
Large language models (LLMs) [2, 43] have recently been
extended to connect visual and textual data, giving rise to
multimodal large language models (MLLMs). Exemplified
by LLaVA [35, 36] and other works [1, 30, 32, 37, 54, 69],
MLLMs have shown impressive visual reasoning capabili-
ties, but come with significant computational costs. Several
efforts have sought to improve the efficiency of MLLMs by
exploring lightweight architectures, mixture of experts, or
token selection techniques [8, 34, 49, 63, 69]. However,
prior approaches typically exhibit a fixed accuracy and la-
tency footprint during inference, rendering them incapable
of adapting to varying compute budget or input content.

We argue that MLLMs with fixed computational foot-
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Figure 1. Top: AdaLLaVA empowers a base LLaVA model with
the ability to adapt to varying compute budgets at inference time
while maintaining minimal performance loss. Bottom: Given an
image, a text query and a latency budget, AdaLLaVA learns to re-
configure operations within a base MLLM, generating appropriate
responses while sticking to the budget.

prints are insufficient for real-world deployment. Consider
an example of deploying an MLLM on a server farm. Dif-
ferent requests may have different latency requirements,
e.g., requests from a mobile application require instant feed-
back to users, while asynchronous processing tasks such
as video summarization can tolerate higher latency due to
their non-interactive nature. Further, the available comput-
ing resources may vary over time as the overall load on the
system fluctuates. Similarly, when deployed on an edge
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device, the latency budget often remains constant, yet the
computing resources may vary due to contention produced
by other concurrent programs. In spite of this need, de-
veloping adaptive inference strategies for MLLMs that are
robust across varying computational budgets [25] remains
an open research challenge.

To bridge this gap, we propose latency-aware adap-
tive inference for MLLMs, aiming to dynamically adjust a
model’s computational load based on input content and a
specified latency or compute budget.1 This problem is of
both conceptual interest and practical significance. Our key
insight is that a modern MLLM can be viewed as a col-
lection of shallower models, where choosing among these
models enables dynamic reconfiguration during inference.
For example, prior works have shown that Transformer
blocks in an LLM and some attention heads within these
blocks can be bypassed with minimal impact on accuracy,
while reducing latency [5, 26, 52]. Therefore, strategically
selecting these operations during inference results in a set
of models with shared parameters but distinct accuracy-
latency tradeoffs, allowing the MLLM to flexibly respond
to varying latency budgets and content complexity.

To this end, we present AdaLLaVA, a learning-based
framework for adaptive inference in MLLMs. As shown
in Fig. 1, given an input image, a text query, and a la-
tency budget, AdaLLaVA empowers an MLLM to answer
the query about the image while adhering to the specified
budget — a capability unattainable with the base MLLM.
The key to AdaLLaVA lies in a learned scheduler that dy-
namically generates an execution plan, selecting a subset of
operations within the MLLM based on the input content and
a specified latency budget. This execution plan ensures that
inference is performed within the given budget while max-
imizing expected accuracy. To enable effective learning of
the scheduler, we introduce a probabilistic formulation in
tandem with a dedicated sampling strategy, designed to ac-
count for latency constraints at training time.

We conduct extensive experiments to evaluate
AdaLLaVA. Our results demonstrate that AdaLLaVA can
achieve a range of accuracy-latency tradeoffs at runtime.
AdaLLaVA exhibits strong adaptability to different latency
budgets, effectively trading accuracy for compute during
inference. Across several benchmarks, AdaLLaVA retains
comparable performance to its base MLLM while oper-
ating with higher efficiency (see Fig. 1). For example,
on several comprehensive benchmarks, AdaLLaVA can
achieve 99.0% and 98.2% average performance of the
baseline LLaVA model when using only 80% and 65% of
the latency budget, respectively.

Importantly, it consistently adheres to specified latency

1In this paper, we measure a model’s latency and its budget using the
number of floating-point operations (FLOPs). Thus, the terms “compute
budget” and “latency budget” are used interchangeably throughout.

constraints and generates content-aware execution plans
tailored to input images. Furthermore, we show that
AdaLLaVA can be integrated with existing token selection
techniques designed to enhance efficiency, making it a ver-
satile solution for adaptive inference in MLLMs.

Our key contributions are summarized as follows.
1. We present AdaLLaVA, a novel adaptive inference

framework for MLLMs. Our method is among the first
to enable dynamic execution of MLLMs based on a la-
tency budget and the input content at inference time.

2. Our key technical innovation lies in (1) the design of a
learning-based, latency-aware scheduler, which recon-
figures a base MLLM model during inference; and (2)
a probabilistic modeling approach, which incorporates
hard latency constraints during MLLM training.

3. Through extensive experiments, we demonstrate that (1)
AdaLLaVA can adapt to a range of latency requirements
while preserving the performance of the base model; and
(2) AdaLLaVA can be integrated with token selection
techniques to further enhance efficiency.

2. Related Work
Multimodal large language models (MLLMs). There has
been a growing interest in extending text LLMs to mul-
timodal signals, including images [35], video [30], and
audio [27]. This leads to the emergence of MLLMs,
often involving combining vision encoders with existing
LLMs. Flamingo [1] inserts gated cross-attention dense
blocks between vision encoder and LLMs to align vi-
sion and language modality. BLIP2 [32] introduces Q-
former with two-stage pretraining, bridging frozen image
encoders and LLMs to enable visual instruction capability.
LLaVA [35, 36] and MiniGPT-4 [69] use a simple MLP to
connect vision embedding and text token, achieving impres-
sive performance across various tasks. Our work builds on
these developments and aims to enable adaptive inference
in MLLMs under varying latency budgets.

Adaptive inference. Adaptive inference refers to the ca-
pability in which the computational complexity of mak-
ing predictions is dynamically adjusted based on the input
data, latency budget, or desired accuracy level [18]. Early
works focused on the selection of hand-crafted features in
multi-stage prediction pipelines [15, 25, 62]. More recent
works have extended these ideas to deep models. For con-
volutional networks, methods have been developed to se-
lectively downsample inputs, skip layers, or exit early dur-
ing inference [4, 12, 19, 24, 31, 42, 55, 59–61]. For vision
Transformers, various approaches have been proposed to se-
lect different image patches [44, 46, 56], or choose different
attention heads and blocks [26, 41]. Similar ideas have also
been explored for LLMs and recently MLLMs, where mod-
els selectively process tokens [47, 67] or execute a subset of
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the operations [11, 48] during inference.
Our approach is conceptually similar to existing meth-

ods by dynamically selecting a subset of model compo-
nents during inference. Yet unlike prior methods, our work
specifically targets the latency-aware inference of MLLMs,
predicting feasible execution plans tailored for input while
adhering to varying latency budgets.

Efficient inference for MLLMs. MLLMs face a ma-
jor challenge in deployment due to their high compu-
tational costs during inference. Several works have
designed lightweight model architectures to reduce the
costs. Examples include Phi-2 [23], TinyGPT-V [65]
and LLaVA-ω [71]. Vary-toy [58] enhances performance
through specialized vision vocabulary in smaller models.
TinyLLaVA [68] and LLaVA-OneVision [30] learn small-
scale models with curated training data and pipeline. MoE-
LLaVA [34] and LLaVA-MoD [50] improve efficiency by
incorporating mixture-of-experts architectures and parame-
ter sparsity techniques. Recent works also investigate input
token selection, as an input image or video can produce a
large number of vision tokens. MADTP [6] and LLaVA-
PruMerge [49] introduce token pruning and merging tech-
nique to reduce the tokens counts. Recently, Pham et al.
[45] propose to selectively disabling attention mechanisms
for visual tokens in MLLMs.

While our approach also aims to improve the efficiency
of MLLMs, it focuses on dynamically adjusting an MLLM
to fit varying latency budgets during inference. This makes
our approach orthogonal to prior efforts on developing in-
herently more efficient MLLMs. Through our experiments,
we will demonstrate that our approach is compatible with
lightweight models and integrates seamlessly with existing
token-pruning techniques (e.g., [8, 49]).

3. Adaptive Inference of MLLMs

We now present AdaLLaVA, our adaptive inference frame-
work for MLLMs. Given a latency budget and an input
image-query pair at inference time, AdaLLaVA leverages a
scheduler learned from data to dynamically reconfigure the
execution of MLLMs. Importantly, this scheduler strategi-
cally selects a subset of operations to execute, catered to the
input budget and content. In doing so, AdaLLaVA ensures
that the inference adheres to the latency constraint while
preserving model accuracy. Fig. 2 (a) provides an overview
of our framework, where our designed scheduler takes an
input of both multimodal sample and latency budget, and
outputs an execution plan. In what follows, we introduce
the background on MLLMs (Sec. 3.1), outline our key idea
for scheduling MLLMs (Sec. 3.2), present our approach for
training and inference with the scheduler (Sec. 3.3), and fur-
ther describe the details of our solution (Sec. 3.5).

3.1. Preliminaries: MLLMs
An MLLM takes an image (or video) Xv and a text query
Xq = {xq} as its input, and generates an answer Xa =
{xa} in text format. Specifically, Xv is first encoded by a
visual encoder hv(·) (including a vision backbone and its
projector) into a set of visual tokens {zv → Rd}. Simi-
larly, Xq is processed by a text encoder ht(·), which em-
beds the words xq into a set of text tokens {zq → Rd} with
zq = ht(xq). These tokens are combined into {zv|q} =
[{zv}, {zq}], and processed by an LLM f(·), which de-
codes the answer Xa in an autoregressive manner:

f
([

{zv|q}, {za<i}
]
; ω
)
→ xa

i , (1)

where {za<i} are text tokens from previously generated an-
swer xa

<i, i.e. za = ht(xa), and ε denotes LLM parameters.
For the rest of our paper, we will primarily consider the

learning of LLM parameters ε—the major portion of pa-
rameters within the MLLM. Yet we note that learning en-
coder parameters (in hv(·) and ht(·)) can be done similarly.

3.2. Reconfiguring and Scheduling MLLMs
Dynamic reconfiguration. Our key insight is that an
MLLM can be conceptualized as a collection of shallower
models with shared parameters, each offering a distinct
accuracy-latency tradeoff. This perspective enables dy-
namic reconfiguration of the MLLM during inference to
meet varying latency budgets. To this end, we propose
equipping the LLM f(·) with K tunable binary switches
s → (0, 1)K , which control the execution of individual op-
erations, such as Transformer blocks or attention heads, at
runtime. Each switch determines whether a specific opera-
tion will be executed (1) or skipped (0). We defer the choice
of these operations and the design of these switches to our
model instantiation. Here, we focus on the concept of re-
configurable LLM decoding, expressed as

f
([

{zv|q}, {za<i}
]
, s; ω

)
→ xa

i . (2)

Specifically, f(·) now takes the switches s as an addi-
tional input, and selectively executes a subset of operations
when generating its output. Note that the switches s do not
depend on the decoding step i, i.e., given the input tokens,
a fixed set of operations is applied to generate all output to-
kens, although the operations may vary for different inputs.
Scheduler. The core of our method is a scheduler g(·) that
controls the execution of f(·) during inference. The sched-
uler g(·) is trained to predict a configuration of switches s
based on the input tokens {zv|q} and an inference latency
budget l. This is written as

g
(
{zv|q}, l;ε

)
→ s, (3)

where ω denotes the parameters of the scheduler g(·).
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Figure 2. Overview of AdaLLaVA. (a) Model architecture: Our latency encoder embeds an input latency budget into a latency token,
which is further processed by the early part of the LLM. The resulting embedding is then fed into the scheduler, leading to the output of an
execution plan that controls individual operations in the remaining part of the LLM. Our latency encoder and scheduler are jointly trained
with the MLLM. (b) AdaLLaVA-L: the scheduler controls the execution of entire Transformer blocks. (c) AdaLLaVA-H: the scheduler
controls the execution of attention heads and MLP neurons, by masking out their activation values and the corresponding weights.

The goal of g(·) is to determine an execution plan that
meets the latency requirement while maximizing the accu-
racy. This requires solving the following combinatorial op-
timization problem for each input sample:

min
s

↑!i log p
(
xa
i = f

([
{zv|q}, {za<i}

]
, s; ω

))

s.t. Latency
(
f
([

{zv|q}, {za<i}
]
, s; ω

))
↓ l.

(4)

The objective here is to minimize the negative log likeli-
hood of the target token—the standard loss used for train-
ing MLLMs, while the constraint ensures that the latency of
executing the model falls within the budget.

3.3. Learning to Schedule Execution Plans
Learning the scheduler g(·) poses a major challenge. While
it is tempting to pursue a fully supervised approach, in
which g(·) is trained to predict the exact solution to Eq. (4),
doing so requires solving the optimization for each sample
at every iteration during training. Even with a small number
of switches, this is prohibitively expensive.
Deterministic modeling. One possible solution is to solve
a relaxed version of the constrained optimization at training
time. We initially explored this solution, where we task g(·)
to predict a hard execution plan with binary switches s and
attribute latency violation as part of the objective. This leads
to the following loss

argmin
ω,ε

↑!i log p (x
a
i = f(·))+ϑmax(0, Latency(f(·))↑l),

where ϑ can be treated as the Lagrange multiplier. The exe-
cution of the LLM f(·) relies on the output from the sched-
uler g(·), allowing the joint optimization of f(·) and g(·).

We empirically found that this method fails to enforce a
strict latency constraint on the scheduler and often produces

suboptimal execution plans that under-utilize the available
resources. We demonstrate this limitation through experi-
mental results in Sec. 4.3.
Probabilistic modeling. In contrast, we propose a proba-
bilistic model to further relax the constraints, avoiding di-
rectly solving Eq. (4) while stabilizing the joint training of
the LLM and the scheduler. Specifically, we task g(·) to
model a distribution over the choice of the switches s, in
lieu of making a hard decision:

g
(
{zv|q}, l;ε

)
→ p

(
s|{zv|q}, l,ε

)
. (5)

With slight abuse of notation, we denote p(s|{zv|q}, l,ω)
as the probability over the states s of K binary switches
given the input {zv|q}, latency budget l, and the scheduler
parameters ω. Ideally, p(s|{zv|q}, l,ω) = 0 if the execution
latency of s exceeds the budget l.

We now re-formulate the inference of MLLM as sam-
pling from the following hierarchical distribution.

s ↓ p
(
s|{zv|q}, l,ω

)
,

xa
i ↓ p

(
xa
i |
[
{zv|q}, {za<i}

]
, s, ε

)
.

(6)

Conceptually, this formulation defines the following gener-
ative process: (1) the scheduler g considers the input and
a latency budget and outputs the conditional probability of
the execution plan p(s|{zv|q}, l,ω); (2) an execution plan s
is then sampled from the predicted distribution without vio-
lating the latency constraint; and (3) the plan is executed to
sequentially decode xa

i and generate the answer.
Modeling p

(
s|{zv|q}, l,ω

)
. Our design requires that the

sampled execution plan strictly adheres to the latency bud-
get while maximizing resource utilization. To achieve this,
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we restrict the support of p
(
s|{zv|q}, l,ω

)
to the states s

that have exactly k activated switches, where k is the max-
imum number of switches allowed to be turned on without
violating l. Specifically, to sample s, g

(
{zv|q}, l;ω

)
first

outputs a categorical distribution over K available switches.
Then, k switches are picked one by one without replace-
ment, following the categorical distribution.
Training loss. The probabilistic model allows us to directly
train the LLM and the scheduler with the following loss

argmin
ω,ε

ED

[
↑ log p

(
xa
i |
[
{zv|q}, {za<i}

]
, l, ε,ω

)]
,

where D is the data distribution approximated by the train-
ing set (Xv,Xq,Xa, l) ↓ D. By marginalizing s, we have

p(xa
i |[{zv|q}, {za<i}], l, ε,ω)) =

Ep(s|{zv|q},l,ε)

[
p(xa

i |[{zv|q}, {za<i}], s, ε)
]
.

(7)

Thus, the loss function is transformed into

argmin
ω,ε

ED,s→p(s|·)

[
↑ log p

(
xa
i |
[
{zv|q}, {za<i}

]
, s, ε

)]
,

where p (s|·) = p
(
s|{zv|q}, l,ω

)
.

3.4. Training and Inference
Approximate training. We present an approximate train-
ing scheme in the context of stochastic gradient descent
(SGD). Specifically, for each training sample within a mini-
batch, a latency budget l is first sampled uniformly from a
range of possible budgets, then an execution plan s is sam-
pled from p

(
s|{zv|q}, l,ω

)
. With the sampled s guaranteed

to satisfy the budget l, the next token xa
i can be decoded and

the log-likelihood log p
(
xa
i |
[
{zv|q}, {za<i}

]
, s, ε

)
(i.e., the

loss) can be readily computed. Optimizing this loss re-
quires backpropagation through the sampling process s ↓
p
(
s|{zv|q}, l,ω

)
, which we approximate using the Gumbel-

Softmax trick [22, 40]. See the supplement for more details.
Adaptive inference. During inference, the scheduler out-
puts the probability p(s|{zv|q}, l,ω) over possible switch
configurations s, given the input {zv|q} and the latency bud-
get l. In theory, decoding the answer Xa requires marginal-
izing over this distribution, which is infeasible due to the
large number of configurations. In practice, we approxi-
mate the inference by selecting the most probable execu-
tion plan from the scheduler. This approximation bypasses
the marginalization and thus remains highly efficient. We
empirically verify its effectiveness. Formally, this approxi-
mation is given by

xa
i = argmax

xa
i

Es→p(s|·)

[
p
(
xa
i |
[
{zv|q}, {za<i}

]
, s, ω

)]

↔ argmax
xa
i

p
(
xa
i |
[
{zv|q}, {za<i}

]
, s↑, ω

)
,

where s↑ = argmaxs p
(
s|{zv|q}, l,ω

)
.

3.5. Model Instantiation
Design of tunable switches. We consider attaching binary
switches to the LLM part of an MLLM, which accounts for
the majority of computational costs. We explore two differ-
ent designs of switches to select operations.
• AdaLLaVA-L (layer-level): This design attaches binary

switches to entire Transformer blocks. When a switch is
off, the corresponding block is bypassed through its resid-
ual connection, becoming an identity mapping. The ex-
ecution plan thus determines whether each layer is com-
puted or bypassed (see Fig. 2(b)).

• AdaLLaVA-H (head/neuron-level): This design intro-
duces binary switches within Transformer blocks, target-
ing individual attention heads in attention modules and
specific neurons in MLP layers. When a switch is off, its
computation is skipped, and its contribution is removed.
In MLP, switches function similarly to dropout [53], se-
lectively disabling neuron activations (see Fig. 2(c)).

Model architecture. Our goal is to design a lightweight
scheduler that minimizes computational overhead yet re-
mains expressive enough to support effective decision-
making. To this end, we reuse part of the LLM f(·) to
extract visual-language features and encode the latency con-
straint for the scheduler. Specifically, we first design a la-
tency encoder that converts a latency budget into a token
embedding, which is then appended to the original input se-
quence before being processed by the LLM layers. Within
the LLM, the latency token is processed by a few Trans-
former blocks, attending to all visual-language tokens. The
processed token is then passed to a lightweight scheduler
that generates the execution plan for the rest of the LLM.
Notably, the first few Transformer blocks in the LLM serve
two purposes: it simultaneously processes regular MLLM
tasks and learns resource allocation based on both content
and budget constraints. This design is depicted in Fig. 2 (a).

Implementation details. Our latency encoder uses the si-
nusoidal positional encoding [57] to map the scalar latency
l to a 256-D vector. A two-layer MLP, with GELU and
layer norm, then converts this vector to a latency token zs,
ready to be appended to the input sequence of the LLM (see
Fig. 2(a)). Our scheduler is implemented as a linear layer
that maps the processed latency token (from the bottom part
of the LLM Transformer blocks) to logits, defining a cate-
gorical distribution over switch selection. We use FLOPs to
quantify the theoretical latency budget, following the cal-
culation in [66]. Specifically, we report the average prefill
FLOPs on a target dataset, isolating it from variations in
decoding length to ensure a more consistent evaluation.

We split the LLM evenly into two parts unless otherwise
specified. We use the first part to process the latency token,
and apply tunable switches exclusively to the latter part. In
AdaLLaVA-H, we attach a switch to each attention head
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Method LLM Budget FLOPs Prefill time VQAv2 SQAI VQAT POPE MME MMBench
(%) (T) (ms) [14] [39] [51] [33] [13] [38]

LLaVA-1.5 [36] Vicuna-7B 100 8.6 81 78.5 66.8 58.2 85.9 1510.7 64.3
w/ AdaLLaVA-L Vicuna-7B 100 8.6 81 78.4 67.8 57.0 85.9 1521.0 63.7
w/ AdaLLaVA-L Vicuna-7B 85 7.2 69 77.1 67.4 54.5 86.4 1487.2 63.7
w/ AdaLLaVA-L Vicuna-7B 60 5.1 49 75.0 66.9 47.7 86.1 1463.8 63.8
w/ AdaLLaVA-H Vicuna-7B 100 8.6 81 77.9 68.5 57.1 86.9 1471.1 64.1
w/ AdaLLaVA-H Vicuna-7B 85 7.2 69 76.8 68.2 55.2 86.7 1494.9 64.3
w/ AdaLLaVA-H Vicuna-7B 60 5.1 49 74.2 68.1 48.7 85.0 1489.6 64.8
Prumerge+ [49] Vicuna-7B 100 3.0 29 76.8 68.3 57.1 84.0 1462.4 64.9
w/ AdaLLaVA-L Vicuna-7B 100 3.0 29 76.3 68.3 55.8 85.1 1455.5 61.9
w/ AdaLLaVA-L Vicuna-7B 85 2.6 24 75.3 68.5 52.9 85.7 1429.5 62.5
w/ AdaLLaVA-L Vicuna-7B 60 1.8 17 73.0 67.7 47.4 85.6 1450.9 61.3
w/ AdaLLaVA-H Vicuna-7B 100 3.0 29 76.0 67.9 56.0 86.6 1503.2 63.2
w/ AdaLLaVA-H Vicuna-7B 85 2.6 24 75.0 68.1 54.2 86.4 1511.8 63.6
w/ AdaLLaVA-H Vicuna-7B 60 1.8 17 72.2 67.6 47.2 86.4 1458.0 63.6
FastV (K=2,R=0.5) [8] Vicuna-7B 100 4.9 47 77.7 68.7 58.1 82.5 1516.2 64.3
w/ AdaLLaVA-L Vicuna-7B 100 4.9 47 77.8 67.7 57.0 82.8 1494.3 63.5
w/ AdaLLaVA-L Vicuna-7B 85 4.2 40 76.9 67.8 54.4 83.3 1478.1 63.7
w/ AdaLLaVA-L Vicuna-7B 60 3.0 29 74.5 67.0 47.4 83.8 1463.1 63.2
w/ AdaLLaVA-H Vicuna-7B 100 4.9 47 77.4 68.4 57.0 84.3 1484.2 63.8
w/ AdaLLaVA-H Vicuna-7B 85 4.2 40 76.6 67.7 54.8 83.9 1520.5 63.9
w/ AdaLLaVA-H Vicuna-7B 60 3.0 29 73.9 68.3 48.7 82.4 1452.8 65.3

Table 1. Results on MLLM benchmarks. Budget (%): input latency budget w.r.t. the base model latency. AdaLLaVA-L: switches on
selecting different Transformer blocks. AdaLLaVA-H: switches on select different attention heads and MLP activations. VQAv2: VQAv2
set. SQAI: ScienceQA set. VQAT: TextVQA set. Prumerge+ and FastV both use LLaVA 1.5. AdaLLaVA enables a base MLLM to adapt
to varying latency budgets with competitive performance, and can be further integrated with token selection to enhance overall efficiency.

in the self-attention. For the MLP, channels are grouped
to match the number of attention heads, with each group
controlled by a single switch This implementation reduces
the design space while preserving control granularity. See
ablation study on group size in the supplement.

4. Experiments and Results
We now present our experiments and results. We introduce
our setup (Sec. 4.1), present our main results (Sec. 4.2), and
provide further analyses (Sec. 4.3). Additional experiments,
including further ablations, are included in our supplement.

4.1. Experimental Setup
Experiment protocol. In most of our experiments, we
build on LLaVA-1.5 [36]. Training LLaVA and many other
MLLMs typically involves two stages: (1) vision-language
alignment pre-training; and (2) visual instruction tuning.
We focus on the second stage and seek to jointly finetune
the LLM within the MLLM and train our scheduler using
visual instruction data, while keeping the vision encoder
frozen. Once trained, we perform zero-shot inference across
multiple benchmarks following the common practice in the
community [36], yet under varying latency budgets.
Training details. Our model is initialized with the pre-
trained LLaVA-1.5 checkpoints. During finetuning, each
training sample is paired with a randomly sampled latency
budget ranging from 0.5 to 1.0, as by default we only oper-
ate on the top half of the layers in LLM. We set the learning

rate to 10↓5 for the original LLaVA model and the sched-
uler, while keeping other training hyperparameters consis-
tent with the original LLaVA stage-2 finetuning protocol.
Benchmarks and metrics. We conduct a compre-
hensive evaluation across multiple visual understanding
benchmarks, including VQAv2 [14], ScienceQA [39],
TextVQA [51], MME [13], and MMBench [38]. We also
evaluate on hallucination benchmarks such as POPE [33].
For TextVQA, we specifically focus on the image-based
subset, where each question is paired with its correspond-
ing image content. For each benchmark, we report the of-
ficial metrics on the same dataset splits as in LLaVA-1.5.
We report accuracy for VQAv2, ScienceQA, TextVQA and
MMBench, perception score for MME, and F1 score for
POPE. Additionally, we consider varying latency budgets
(from 0.5 to 1.0) when evaluating AdaLLaVA. We report
the Prefill FLOPs and time on MME benchmark.
Baselines and model variants. We mainly compare our
model with base model LLaVA-1.5 [36]. We evaluate
AdaLLaVA with 7B and 13B (see supplement) models, and
across two different designs: (a) AdaLLaVA-L for select-
ing Transformer blocks; and (b) AdaLLaVA-H for selecting
attention heads and MLP activations. In our additional anal-
yses, we also use Mipha-3B [70] as the base model.

4.2. Main Results
Comparison to baselines. Our main results across six
benchmarks are summarized in Tab. 1. AdaLLaVA demon-
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Figure 3. Accuracy-latency tradoffs of AdaLLaVA with
LLaVA-1.5-7B and additional token selection techniques
(PruMerge+ / FastV). Results reported on VQAv2.

strates competitive performance with notable efficiency im-
provements across all benchmarks.

AdaLLaVA-L, when applied to LLaVA-1.5 7B, maintains
comparable performance under full computational budgets.
With reduced compute budgets, AdaLLaVA-L shows min-
imal performance degradation with an average accuracy
drop of only 1.5% at 85% budget and 3.4% at 60% bud-
get. Remarkably, at 60% compute budget, AdaLLaVA-L
even has slightly better results than the base model on Sci-
enceQA (66.9 vs. 66.8) and POPE (86.1 vs. 85.9).

AdaLLaVA-H shows similar results, with only 1% aver-
age performance drop at 85% budget, and 1.9% at 60% bud-
get. The superior performance of AdaLLaVA-H compared
to AdaLLaVA-L can be attributed to its head/neuron-level
switching mechanism, allowing for more fine-grained con-
trol over computational resources than layer-level switches
used in AdaLLaVA-L.

Importantly, for all results, AdaLLaVA adheres to the
specified latency budgets (see Sec. 4.3). We provide results
on additional VQA benchmarks in Supp. B Tab. A.

Integration with token selection. Token selection tech-
niques have demonstrated recent success in improving the
efficiency of MLLMs [8, 49]. AdaLLaVA presents an or-
thogonal direction in adaptive inference. We now demon-
strate that AdaLLaVA can be integrated with token se-
lection to further enhance the efficiency. We combine
AdaLLaVA with PruMerge+ [49] and FastV [8], two latest
token selection methods designed for MLLMs. For FastV,
we set filtering layer K=2 and filtering ratio R=50% to en-
sure consistent comparison. The results are shown in Tab. 1.

With the integration of PruMerge+ or FastV, AdaLLaVA
shows significantly improved efficiency across board,
when compared to AdaLLaVA with LLaVA-1.5. Again,
AdaLLaVA adapts to varying latency budgets and
achieves competitive performance relative to the base
model (PruMerge+/FastV). For example, with PruMerge+,
AdaLLaVA-H shows 2.45% average performance boost at
85% compute budget and only 1.01% performance drop
at 60%. A surprising observation is that AdaLLaVA-H
achieves strong performance at 85% latency budget, some-
times beating the base model with token pruning. Over-
all, our results suggest that AdaLLaVA complements to ex-

What is the title of this 
movie?

Who is the main actor?

What is the name of 
the main actor?

What activity are they 
doing?

Question:

Yes ManAnswer: The name of the main 
actor in the movie is 
Jim Carrey.

Question:

Answer: The name of the main 
actor is Ryan Gosling.

The man and woman 
are sitting in a boat, 
likely rowing or 
paddling it…

Figure 4. Visualization of attention between the input latency
token and visual tokens with a 100% latency budget.

isting token selection approaches. When integrated with
Prumerge+ at an 85% latency budget, our approach reduces
computational requirements by 70% while maintaining per-
formance with only 1.7% drop in accuracy.

4.3. Additional Analyses
Latency adaptivity. We now evaluate the key capability of
AdaLLaVA: its adaptivity to input latency budget, i.e., the
ability to complete inference under varying latency require-
ments using a single model. We report the accuracy-latency
tradeoff of AdaLLaVA variants (i.e., Pareto curves), both
with and without token selection, on the VQAv2 bench-
mark. These results are shown in Fig. 3.

Our results show that AdaLLaVA can empower a base
MLLM with static compute footprint (i.e., LLaVA-1.5,
PruMerge+, or FastV as individual dots in the Fig. 3) to
adapt to varying accuracy-latency tradeoffs (i.e., the corre-
sponding curves in Fig. 3). With varying latency budgets
from 50% to 100%, AdaLLaVA effectively trades compute
with accuracy. Integrating with token selection methods
(PruMerge+ / FastV) further improves the overall efficiency.
Thanks to our sampling process in the probabilistic model-
ing, AdaLLaVA maintains 0% latency violation. We pro-
vide additional visualization of execution plans with differ-
ent latency in Fig. E in Supp. D.
Content adaptivity. It is worth noting that AdaLLaVA is
also adaptive to the input content, i.e., with the same latency
budget, its execution plan is dynamically adjusted based on
input. While not our main focus, we present results to illus-
trate our model’s content adaptivity, with the aim of provid-
ing insights into its behavior and aiding in its diagnosis.

We visualize attention maps from the latency token to
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Does this artwork belong to the type of 
religious? Please answer yes or no.

Question:

Execution 
plan:

Yes.Answer:

6.4TFLOPs:

Does this artwork exist in the form of 
painting? Please answer yes or no.

Question:

Execution 
plan:

Yes.Answer:

6.4TFLOPs:

Figure 5. Visualization of execution plans for different input.
The plan is color-coded with enable or disable for the 16th to 32th
Transformer blocks (left to right). The latency budget is 75%.

all input visual tokens, computed right before the latency
token is fed into the scheduler. This is shown in Fig. 4.
These attention maps highlight key regions in the input im-
age for answering the target question. For example, in the
top, attention concentrates on “Yes Man” for the movie title
question but shifts to the actor name for actor identification
question. Further, we visualize the execution plans of dif-
ferent input content given by our scheduler in Fig. 5. Under
the same latency budget, AdaLLaVA generates distinct ex-
ecution plans conditioned on the different visual content.
These results show AdaLLaVA’s ability to dynamically ad-
just its computational focus based on the input image and
text query. See our Supp. D for additional visualizations.

Generalization across MLLMs. We further demonstrate
that AdaLLaVA can generalize to other MLLMs beyond
LLaVA. We consider Mipha-3B [70], a lightweight MLLM
built on Phi-2.7B [23]. Specifically, we apply AdaLLaVA-L
on Mipha-3B, following its training strategy [70], and report
the results on MME benchmark, shown in Tab. 2. These re-
sults have similar trend to those with LLaVA-1.5 in Tab. 1.
Complete results are presented in Fig. B in Supp. B.

Ablation: probabilistic vs. deterministic modeling of the
scheduler. We present two design choices of the scheduler:
deterministic and probabilistic (see Sec. 3.3). For our main
results, we adopt the probabilistic version with conditional
sampling (detailed in Sec. 3.5). We now compare these two
approaches across different latency budgets on the VQAv2
benchmark, using AdaLLaVA-L 7B model. The results are
summarized in Tab. 3. Our probabilistic model demon-
strates superior adaptability across different latency budgets
compared to the deterministic approach. We notice deter-
ministic approach has noticeable performance drop given
low latency budget due to under-utilization, and sometimes
violates the latency budget. These results confirm our
choice of the probabilistic modeling.

Additional ablations. Ablations on (1) the number and
granularity of switches; (2) different designs of switches

Model VQAv2 SQAI VQAT POPE MME MMBench

Mipha-3B 81.3 70.9 56.6 86.7 1488.9 69.7
w/ AdaLLaVA-L-100% 81.1 70.9 55.3 87.7 1450.4 69.2
w/ AdaLLaVA-L-85% 80.4 71.0 53.0 87.8 1429.3 69.0
w/ AdaLLaVA-L-60% 77.2 68.4 44.8 88.0 1397.3 64.6

Table 2. Generalization of AdaLLaVA to Mipha-3B.

AdaLLaVA-L (probabilistic scheduler) AdaLLaVA-L (deterministic scheduler)

Latency budget Accuracy Success (%) Utilization (%) Accuracy Success (%) Utilization (%)

0.95 75.6 100.0 98.7 75.6 96.1 87.6
0.85 74.9 100.0 99.2 74.6 100.0 80.4
0.75 74.3 100.0 100.0 73.5 100.0 83.2
0.65 72.7 100.0 96.5 72.2 100.0 83.1

Table 3. Ablation on deterministic vs. probabilistic modeling for
the scheduler. Results reported using 7B model on VQAv2.

(i.e., AdaLLaVA-H vs. AdaLLaVA-L); and (3) sampling
strategies are included in Supp. C due to space limit.

5. Conclusion and Discussion
In this paper, we introduced AdaLLaVA, a novel
adaptive inference framework designed for MLLMs.
AdaLLaVA features a lightweight, learning-based sched-
uler and a probabilistic modeling technique. It empowers
a base MLLM with the ability to adapt to varying latency
budgets at inference time. Extensive experiments across
benchmarks demonstrated that AdaLLaVA is capable of
producing latency- and content-aware execution plans, ef-
fectively achieving a range of accuracy-latency tradeoffs.

Adaptive inference of MLLMs. Unlike LLMs, MLLMs
include a vision encoder and process a large number of
redundant visual tokens. While our paper focuses on the
scheduling of the LLM component, this adaptivity can be
further extended to token selection and vision encoder. We
hope this work will be a step toward making MLLMs more
viable for real-world applications where computational re-
sources may be constrained and fluctuate significantly.

Relationship to other efficiency methods. This paper ex-
plores adaptive inference in MLLMs, emphasizing adapt-
ability to varying latency budgets within a single model.
Our approach is orthogonal to prior methods aimed at im-
proving inference efficiency, such as sparse attention [9] and
token selection [49]. Indeed, many of these techniques (e.g.
token selection as shown in the paper) can be integrated
with our framework to further enhance efficiency.

Practical deployment. Our work focuses on algorithm-
level innovation, leaving system-level optimization as fu-
ture work. Conceptually, serving AdaLLaVA is similar
to serving MoE-based LLMs [20], which also dynami-
cally routes tokens to different execution paths based on
the input. We express compute budgets as percentages
of base model FLOPs to abstract hardware/software varia-
tions, leaving cross-device portability to future work. We
invite joint effort from the vision, learning, and systems
communities to further explore these directions.
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