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ARTICLE INFO ABSTRACT
Keywords: The proliferation of large language models (LLMs) has enabled transformative advances in in-vehicle conversa-
Large language models tional artificial intelligence (AI), traffic forecasting, and natural language navigation. However, deploying LLMs

4-bit quantization

Adapter compensation

Edge Al

Intelligent transportation systems

on automotive edge devices faces stringent memory and compute constraints, as modern vehicle processors
typically provide less than 16 GB of dedicated memory for AI workloads. We present Dynamic Adapter
Compensation + 4-Bit Quantization for Intelligent Transportation Systems (DAC+Q4-ITS), a fully training-
free compression framework that fuses zero-initialized low-rank adapter compensation with on-the-fly 4-bit
dynamic quantization. Our approach begins by collecting a compact in-vehicle corpus comprised of diverse
driving-related utterances, traffic reports, and route-planning dialogues. We compute layerwise activation
eigenspaces via singular value decomposition (SVD) from this calibration data and project the quantization-
induced weight perturbations onto the top eight eigenvectors per transformer layer. This process yields rank-8
adapter compensation modules that are injected directly into each layer without any gradient updates, thereby
recovering accuracy lost to aggressive 4-bit quantization. During inference, all linear projections are executed
in 4-bit integer format - achieving a fourfold reduction in weight storage — while the corrective adapter
paths remain in 32-bit floating-point (float-32). We demonstrate that a 1 billion-parameter (1 B-parameter)
LLaMA-derived base model can operate on commodity automotive hardware (e.g., NVIDIA Graphics Processing
Unit (GPU) Jetson Xavier NX with 16 GB Low-Power Double Data Rate 4X (LPDDR4x) memory), incurring
only a 1%-3% latency overhead relative to an 8-bit baseline. On downstream tasks — natural language
navigation (NLN), conversational route planning (CRP), and traffic forecasting (TF) — it achieves over 98%
of full-precision performance. By enabling low-latency, privacy-preserving, on-device LLM inference under
strict memory budgets, DAC+Q4-ITS establishes a practical pathway for embedding advanced conversational
and predictive Al directly in intelligent transportation systems, eliminating reliance on cloud connectivity and
enhancing robustness, reliability, and user privacy.

1. Introduction GPU/CPU memory for Al workloads [1-3]. Offloading LLM inference
to cloud servers can introduce unacceptable latency, dependency on
Large language models (LLMs) have rapidly advanced conversa- unreliable network connectivity, and privacy risks by transmitting sen-
tional Al, contextual reasoning, and task automation across multiple sitive driver data. Therefore, there is an urgent need for a compact,
domains. In intelligent transportation systems (ITS), LLMs can power  Migh-accuracy, and on-device LLM compression methodology tailored for
natural language interfaces for in-vehicle navigation, real-time traffic in-vehicle hardware.
forecasting, and driver assistance chatbots. However, modern LLMs Post-training quantization (PTQ) to 8 bits or lower can significantly
often exceed billions of parameters, requiring tens of gigabytes of reduce the memory footprint of LLMs but often incurs substantial

accuracy degradation—particularly on tasks requiring nuanced compre-

memory during inference—far beyond the capacity of most automotive 3 R ;
hension, such as natural language navigation queries [4-6]. Low-rank

embedded processors, which typically offer under 16 GB of shared
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adaptation techniques (e.g., LoRA [7]) allow parameter-efficient fine-
tuning but still require gradient updates and leave the base weights at
high precision. Recent studies on 4-bit quantization (e.g., QLoRA [8],
GPTQ [9]) show that lowering weights to 4 bits can achieve promising
space savings yet often demands expensive retraining or complex quan-
tization procedures to preserve accuracy. Moreover, purely quantized
models may still exceed in-vehicle memory budgets once activations
and caching overhead are included.

Deploying large language models (LLMs) in vehicle AI systems
presents several unique challenges not adequately addressed by ex-
isting compression solutions. These include limited onboard mem-
ory (typically under 4 GB for NLP modules), tight latency constraints
(e.g., under 33ms per token to support real-time dialogue), and the
infeasibility of relying on cloud inference due to intermittent connec-
tivity, privacy, and fail-safety concerns in automotive environments.
Moreover, most edge-deployed models lack the capacity for domain
adaptation to vehicle-specific utterances or tasks like traffic forecast-
ing and route planning. In this work, we propose a hybrid-precision,
training-free framework—DAC+Q4-ITS—designed to function entirely
on-device, mitigating the limitations of prior methods dependent on
full-precision fine-tuning, cloud connectivity, or overparameterized ar-
chitectures.

Conventional LLM compression alone is insufficient for in-vehicle
deployment. Post-training quantization (PTQ) at 8/4 bits lowers the
weight footprint but can degrade semantics on navigation and dialogue
tasks unless paired with non-trivial calibration or retraining, while
activation/KV-cache overheads still strain tight memory budgets on
embedded GPUs. Parameter-efficient fine-tuning (e.g., LoORA/QLoRA)
improves accuracy but presumes gradient updates, leaves the base
network at high precision, and introduces extra adapter state that
often overshoots the memory/power envelopes of automotive SoCs.
Even when low-bit weights are feasible, dequantization and plugin
variability can add latency and scheduling jitter that conflict with
real-time interaction targets. Cloud inference sidesteps on-device lim-
its but is ill-suited to vehicles: it suffers from intermittent connec-
tivity (tunnels, rural corridors), introduces unpredictable round-trip
delays, raises privacy/compliance risks for location-sensitive data, and
weakens fail-safety under degraded networks. Finally, long-tail, region-
specific utterances and traffic numerics expose brittleness in generic
compression pipelines that are not tuned to ITS distributions. These
gaps motivate a training-free, hybrid-precision design that targets sub-
4GB footprints and low overhead on device, while preserving task
fidelity for automotive use cases.

In this paper, we introduce DAC+Q4-ITS, a novel, training-free
compression framework that integrates zero-initialized rank-8 adapter
compensation modules with dynamic 4-bit quantization to enable on-
device LLM inference under strict automotive memory constraints. Our
core contributions are:

+ Zero-Shot Low-Rank Adapter Compensation. We collect a com-
pact calibration corpus (25K sentences) of in-vehicle utterances,
short traffic reports, and route planning dialogues. We com-
pute layerwise activation covariance eigenspaces and project the
quantization-induced weight perturbations onto the top-8 eigen-
vectors, forming corrective adapter compensation modules. These
adapters are injected without any gradient updates, recovering
performance lost to 4-bit weight quantization.

4-Bit Dynamic Quantization. At inference, all transformer linear
projections (self-attention query/key/value, feed-forward layers)
are cast to 4-bit integers with per-row scaling, while the adapter
compensation weights remain in float-32. This hybrid approach
attains a memory footprint under 4 GB for a 1 B-parameter model
(<25% of the original FP16 size) and allows concurrent vision or
sensor fusion tasks on automotive GPUs.
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» Edge-Oriented Evaluation. We deploy our compressed LLM on a
representative automotive edge platform (NVIDIA Jetson Xavier
NX, 16 GB shared LPDDR4x) and evaluate on three ITS tasks:
natural language navigation (NLN), conversational route planning
(CRP), and Al-aided traffic forecasting (TF). We measure mem-
ory usage, latency, and downstream performance, demonstrating
that DAC+Q4-ITS achieves > 98% of the full-precision model’s
accuracy with only a 1%-3% latency overhead compared to 8-bit
PTQ.

Privacy-Preserving, Low-Latency Operation. By enabling on-
device LLM inference, DAC+Q4-ITS eliminates the need for cloud
connectivity, reducing transmission latency and preserving driver
and passenger privacy—critical considerations in modern ITS
deployments [10,11].

The paper is organized as follows. Section 2 surveys related work
in LLM compression, low-rank adaptation, and ITS edge Al Section 3
details the DAC+Q4-ITS methodology, including calibration corpus
construction, eigenspace computation, adapter injection, and 4-bit dy-
namic quantization workflows. Section 4 presents our experimental
setup, hardware specifications, and evaluation on ITS tasks. Section 5
discusses deployment considerations, ethical implications, and abla-
tion studies. Finally, Section 6 concludes and outlines future research
directions.

2. Related work

2.1. Quantization of large language models

Quantization reduces model size by representing weights and acti-
vations with fewer bits. Early 8-bit PTQ approaches for transformers
(e.g., Q8BERT [1], ZeroQuant [4]) demonstrated that 8-bit integer
representations can approximate FP16 weights with minor accuracy
losses. Hubara et al. [12] explored 1- to 8-bit quantization during
training, establishing the feasibility of low-bit networks. However, 4-
bit quantization often results in higher degradation unless corrective
measures are applied [8,9].

QLoRA [8] introduced 4-bit quantization combined with Low-Rank
Adaptation (LoRA) fine-tuning to achieve competitive performance on
downstream tasks. GPTQ [9] proposed an improved 4-bit post-training
quantization that uses second-order Hessian information for minimal
accuracy drop. Recent works (e.g., AWQ [13]) further refine 4-bit
quantization by incorporating per-group quantization scales. However,
these methods generally rely on gradient updates or sophisticated
quantization pipelines that exceed the capabilities of automotive edge
Processors.

2.2. Low-rank adaptation and adapter compensation

Low-rank adapters (LoRA) freeze base model weights and introduce
trainable low-rank matrices that adapt pretrained LLMs to downstream
tasks with minimal parameter overhead [7]. QLoRA [8] extends LoRA
to 4-bit quantized weights, requiring additional fine-tuning. Recent
frameworks, such as DAC+Q [14], apply zero-shot adapter compensa-
tion: they compute activation eigenspaces from a calibration corpus,
project quantization perturbations onto these directions, and inject cor-
rective adapters without backpropagation. Parashar et al. [14] demon-
strated that adapter compensation with 8-bit quantization (DAC+Q8)
achieves near-full precision performance on general NLP benchmarks,
but their focus was on server-class hardware rather than automotive
edge deployment.
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2.3. Edge Al in intelligent transportation systems

Intelligent transportation systems increasingly incorporate Al for
navigation, traffic management, and predictive maintenance [15,16].
ConvLSTM and graph-neural-network-based traffic forecasting models
operate on edge servers, but lack conversational capabilities [17,18].
In-vehicle voice assistants often rely on cloud APIs, raising latency
and privacy concerns [19]. Edge-optimized architectures (e.g., Pas-
cal [20], vehicle perceptron [21]) enable real-time inference for vision
and sensor tasks but struggle to accommodate LLMs due to memory
constraints. Our work bridges this gap by compressing LLMs to run
alongside existing ITS pipelines on resource-limited automotive GPUs.

2.4. Zero-shot compression for on-device LLMs

Recent research explores fully training-free compression for on-
device LLM inference. He et al. [22] introduced dynamic quantization
for transformers on embedded platforms, but did not incorporate low-
rank adapter compensation. Frantar et al. [9] proposed GPTQ for 4-bit
quantization, yet their method includes Hessian-based optimizations
not feasible on edge devices. Garcia et al. [23] investigated adaptive
eigenspace projection for compressing large models, demonstrating
efficacy in vision transformers. To our knowledge, no prior work has ap-
plied zero-shot, eigen-guided 4-bit quantization with low-rank adapter
compensation specifically for in-vehicle LLM deployment.

3. Methodology: DAC+Q4-ITS
3.1. Motivation and overview

In-vehicle AI units — such as infotainment systems, head-unit GPUs,
or dedicated inference modules - often provide at most 16 GB of shared
memory for AI tasks. This memory must be divided among vision,
sensor fusion, and language workloads. A 1B-parameter LLM stored
in FP16 requires approximately 32MB per layer (768 MB total for 24
layers) solely for model weights, not including activation caches or
intermediate buffers. When combined with activation storage, even
an 8-bit post-training quantized (PTQ) variant (384 MB for weights)
can consume more than 12GB of memory during inference on typi-
cal automotive hardware [2,4]. Consequently, deploying full-precision
or lightly quantized LLMs on edge devices within vehicles becomes
impractical.

To address these stringent memory constraints while preserving
near-full-precision performance, we propose DAC+Q4-ITS, a fully
training-free compression framework that integrates two core com-
ponents. First, zero-shot rank-8 adapter compensation uses a small cal-
ibration corpus of in-vehicle utterances and traffic logs to compute
layerwise activation covariance eigenspaces. By projecting the quanti-
zation perturbations onto the top eight eigenvectors per layer, we form
low-rank adapter modules U;, D, that correct quantization-induced
errors without requiring any gradient updates. Second, 4-bit dynamic
quantization casts all transformer linear projections — both self-attention
(query/key/value) and feed-forward weight matrices — into 4-bit in-
tegers with per-row scale factors at inference time, while preserving
adapter weights in float-32. During runtime, the quantized main path
and the adapter compensation path proceed in parallel: the input
activation is quantized and multiplied by a 4-bit weight matrix W,NT4,
then dequantized back to float; simultaneously, the low-rank adapter
output U,(D;x) is computed in float, and the two results are summed
to approximate the original FP16 projection.

Together, these techniques reduce the per-layer memory footprint to
roughly 8 MB (4-bit weights plus scale factors) plus 0.25 MB (two float-
32 adapter matrices), totalling approximately 8.25 MB per layer. Across
24 layers, this yields a weight storage of approximately 198 MB. Includ-
ing activation buffers and intermediate caches, DAC+Q4-ITS maintains
peak memory usage under 4GB on a 16GB system—Ileaving ample
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Table 1

DAC+Q4-ITS Configuration Summary.
Component Value/Description
Adapter Rank 8

Calibration Corpus Size
Quantization Type
Base Model

Adapter Type

Weight Format
Memory Footprint
Latency Overhead
Deployment Target

25,000 in-domain sentences
Dynamic 4-bit per-row

1B LLaMA-derived

Zero-initialized, SVD-based residuals
INT4 (core) + FP32 (adapters)
~3.9GB total

9.1% vs. 8-bit PTQ

Jetson Xavier NX (16 GB)

headroom for concurrent vision or sensor-fusion workloads. Inference
latency remains within real-time budgets (25-30ms per token) due
to the efficiency of 4-bit integer matrix multiplications on embedded
GPUs (e.g., NVIDIA TensorRT 4-bit plugins) and the low computational
overhead of rank-8 adapter compensation. Fig. 1 illustrates the offline
adapter compensation workflow and the online inference pipeline for
a single transformer layer (see Table 1).

3.2. Calibration corpus construction

To capture the dominant activation directions relevant to ITS tasks,
we assemble a specialized calibration corpus comprising approximately
25,000 lines (roughly 0.5 MB of text). This corpus is designed to reflect
the diversity of in-vehicle language usage and traffic information. First,
we include approximately 10,000 lines of in-vehicle commands and
queries, which are sourced from the Talk2Nav dataset [10] and sup-
plemented with synthetic long-tail navigation utterances (for example,
“Take the next exit towards Downtown avoiding highways during rush
hour”.). Second, we collect around 5000 lines of traffic report summaries,
consisting of short textual descriptions of real-world traffic conditions
from city traffic management logs (e.g., “Heavy congestion on I-90
Eastbound; expect a 15-minute delay”.). Third, we incorporate 5000
lines of conversational route planning dialogues—pairs of user—assistant
turns that focus on route preferences, toll avoidance, and estimated
arrival times—reflecting the interactive nature of an in-vehicle assis-
tant. Finally, we include 5000 lines of miscellaneous ITS text such as
transit authority announcements, roadside unit (RSU) logs, and infor-
mal chats referencing parking availability. By combining these four
categories, the resulting 25,000-line corpus ensures that the layerwise
activation eigenspaces computed in subsequent steps capture those
directions most frequently encountered in intelligent transportation
system contexts.

3.3. Layerwise activation eigenspace computation

Let L denote the total number of transformer layers (for example,
L =24), and let d be the hidden dimension of each layer (for example,
d =4096). For each layer index / € {1,2, ..., L}, we perform a forward
pass of every sentence in the calibration corpus through the pretrained
base model (kept in FP16 precision) to extract the full set of activations
at that layer. Concretely, if the calibration corpus contains a total of T
tokens when tokenized, then layer / produces an activation matrix

.
a1

o’
A= | e rVx
T
4N,
where N, is the total number of activation vectors (equal to the number
of tokens processed at layer / across all corpus lines) and each a;; € R?
is the d-dimensional activation of token i. To capture the principal
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Offline Adapter Compensation (Calibration Phase)
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Online Inference Phase (Parallel Lanes)

Calibration Corpus
(In-vehicle utterances, traffic logs, dialogues)

FP16/FP32

Input Activation x;

Adapter Path Input: x,

\

Activations: FP16/FP32

\

A

Forward Pass: Capture Activations per Layer 4,

INT4XFP16 MatMul with W/NT#

Residual: Y} = U(D,x,)

(Adapters: FP32

(Weights: INT4;

Compute Adapter (Rank-8):
U=V®, D=V AW
Y R, =U,D, (zero-initialized design)

'

A4

Covariance C, = A/ A,

Dequantize Weights (fused) — Main output (Main:FP1
U

Merge: Y, = Main + YIR FP16

\

| Adapter Compensation Path

Eigendecomposition C, — I/fx’

LayerNorm & Activation — Next Layer

A

\

Main Quantized Path

Quantize Base Weights Legend / Data Types:

WFP16 _, pp/INT4

Weights: FP16 — INT4

« Weights: quantized to INT4.

« Activations: kept in FP16/FP32

« Main GEMM uses INT4xFP16 kernels (TensorRT /custom CUDA).
« Adapters (U, D;) stored and applied in FP32.

\

Perturbation AW = W P16 — Dequant(W'NT4) FP16 / INT4

Fig. 1. Enhanced DAC+Q4-ITS architecture. Left: Offline calibration computes layerwise eigenspaces and forms rank-8 residual adapters from quantization
perturbations. Right: Online inference runs parallel lanes: a main INT4xFP16 path (weights INT4; activations FP16/FP32) and an FP32 adapter path, then
merges. Explicit data-type labels highlight the hybrid-precision design and memory efficiency.

directions in this high-dimensional activation space, we compute the
empirical covariance matrix

C = iA,TA, € R,
N,

We then perform eigendecomposition on C; to obtain its eigenvalues
{A411>412>---» 44} and corresponding eigenvectors {v;1,0;5,...,0; 4}
Since the calibration corpus is specialized for ITS contexts, the largest
eigenvalues correspond to activation directions that are most frequently
traversed by in-vehicle commands, traffic reports, and route planning
dialogues. We select the top k = 8 eigenvectors and stack them into a
matrix

V,(S) = (o v, s vgg] € RS,

These eight eigenvectors per layer span an 8-dimensional subspace that
captures the dominant activation directions induced by ITS-specific
text.

The top eigenvectors extracted via SVD represent the most dominant
directions of variation in the model’s layerwise activations when ex-
posed to a representative in-vehicle corpus. These eigenvectors capture
semantic and syntactic patterns that are most informative for the do-
main, such as spatial references (“turn left at the traffic light”), naviga-
tion goals, or traffic condition descriptors. By projecting quantization-
induced perturbations onto these vectors, we preserve activation di-
rections most relevant to real-world ITS applications, while discarding
components that contribute minimally to downstream task accuracy.
This projection acts as a targeted correction mechanism, compensating
for the quantization loss in dimensions that matter most for in-vehicle
language understanding and planning.

3.4. Intuition behind top eigenvectors

The perturbation A represents the difference between the full-
precision weight matrix and its 4-bit quantized counterpart, i.e., the
quantization-induced error. We project 4 onto the top-8 eigenvectors
of the layerwise activation covariance matrix, obtained via SVD, to
isolate the most significant directions of semantic variation. These
top eigenvectors represent the dominant directions in activation space
and encode the most meaningful features (e.g., directional references,
traffic conditions) relevant to the in-vehicle corpus. Projecting onto
these ensures that the compensation focuses on correcting task-relevant
information.

3.5. 4-Bit weight quantization and perturbation

For each layer /, consider a linear projection weight matrix
WPl ¢ Rixd

(either a self-attention query/key/value projection or a feed-forward
weight). We apply dynamic 4-bit quantization to every row of W16,
Specifically, we compute a distinct scale factor s,; for each row i €
{1,...,d} by measuring the maximum absolute value of that row.
Denoting the quantized weight matrix by

WINT e (g, 7)exd,
we store an associated scale vector
Sp = 18105 8125 -5 S14 1" € R,
such that each row of W16 is mapped to the integer range {-8,...,7}
via

Li,j

INT4 FP16 FP16
Wit = round( W /s,’,-), 51 = mj';1x|W . ‘/7,

where W, ; denotes the ith row of WP, To reconstruct a floating-point
approximation of I/VIFPM, we dequantize each row via

resulting in

w, = Dequantize( W,N™, 5)) € R,

The quantization perturbation is defined as the difference
AW = VVIFP16 W,

which captures the error introduced by aggressive 4-bit encoding.
Because k = 8 < d, the overwhelming majority of AW, can be approx-
imated by projecting into the top-k activation eigenspace described in
the previous subsection.

3.6. Projection into ITS eigenspace and adapter compensation
To recover accuracy lost due to 4-bit quantization, we project the

perturbation AW, onto the top-8 eigenvectors VI(8>. Formally, each
column of AW, is mapped into the low-dimensional subspace spanned
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by VI(S) and then reconstructed back to the full d-dimensional space.
Concretely, define
_ y® T dxd
R = VP(V" aw)) e R

This rank-8 matrix R, approximates the portion of AW, that is most
aligned with activation directions encountered in ITS contexts. Next,
we set up zero-initialized adapter compensation matrices

U € RS, D, € R,
such that
v =v® b =v®aw,

ensuring U, D, = R,. Crucially, (U, D,) are not learned via backprop-
agation; instead, their entries are directly computed from the calibra-
tion eigenspaces and the quantization perturbation. Each adapter pair
(U;, D)) consists of 2d x 8 float-32 parameters (approximately 2 x 4096 x
8 = 65,536 values, or 0.25 MB per projection). At inference time, the
effective compressed weight for each projection becomes

compressed
W

= W, + U D,

where WI is stored in 4-bit integer format plus the per-row scale vector
S,, and the correction term U, D, is stored in full float-32. By combining
the low-rank adapter compensation with the quantized base weights,
we recover the majority of the performance lost to 4-bit quantization,
while keeping the memory footprint small.

In the DAC+Q4-ITS architecture, all linear projection weights in the
main forward path are statically quantized to 4-bit integers (INT4),
while the input activations remain in FP16 or FP32 precision. This
mixed-precision scheme ensures compatibility with quantized matrix
multiplication kernels (e.g., INT4xFP16), which are natively supported
by TensorRT and custom CUDA Kkernels. Quantizing the weights allows
a 4x reduction in memory footprint and faster memory-bound infer-
ence, while keeping activations in higher precision avoids excessive
quantization noise during runtime.

3.7. On-the-fly 4-bit dynamic quantization at inference

During inference on an automotive edge device (for example, an
NVIDIA Jetson Xavier NX), each linear projection in layer / is evaluated
via two parallel branches:

1. Quantized Main Path. The input activation vector x € R is
first quantized to a 4-bit integer representation using the same
per-row scale factors .S;. Concretely, one computes

x%NT“ =round(x;/a;), @ = max Ix;1/7,

so that xINT* e (—8,...,7}¢. This 4-bit vector is then multi-
plied by W/NT* via an efficient integer matrix multiplication
kernel. The resulting 4-bit product is immediately dequantized
back to float via the stored row-scale factors .S;. Denoting this
dequantized output as

y;nain — Dequantize(I/I/IINT4 (xlNT4))’

we recover a float-32 approximation of the main projection,
albeit with quantization noise.

2. Adapter Compensation Path. Simultaneously, we compute the
low-rank compensation term in float-32:

y;tdapter — UI (D, x).

Since U, € R¥® and D, € R®, this computation requires
only 2d x 8 float multiplications plus 8 x d back-projection
multiplications, which is negligible compared to a full d x d
matmul.

3. Aggregation. Finally, we sum the two contributions in float-32
to produce the layer output:

i adapter
main y p .

Y =) !
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3.8. Implementation details

In our implementation, the base LLM is a 1 B-parameter LLaMA-
derived architecture with L = 24 layers and hidden dimension d = 4096,
pre-trained on a mixture of web and conversational corpora [8]. For
weight quantization, we leverage PyTorch’s 4-bit dynamic quantization
utilities to produce an ONNX export of I/VIINT4 and scale vectors S
for each projection. We then build a custom TensorRT 8.0 engine
on the NVIDIA Jetson Xavier NX that incorporates a 4-bit matmul
plugin, enabling fused quantize-matmul-dequantize operations on the
GPU. Adapter injection is performed offline: for each layer, we collect
activations on the 25,000-line calibration corpus, compute covariance
C,, extract the top-8 eigenvectors Vl<8) via randomized SVD (requiring
approximately 10 min per layer on a server-class GPU), and compute
U;, D)) from V/(s)'r AW,. The resulting adapter matrices are appended to
the ONNX graph and converted to TensorRT tensors. During inference,
each adapter compensation kernel is executed as a separate float-32
matmul, fused into the same CUDA stream as the 4-bit matmul to elim-
inate synchronization stalls. This end-to-end pipeline enables on-device
LLM inference that meets stringent memory and latency requirements
for ITS applications.

4. Experimental evaluation
4.1. Hardware platform

All experiments are conducted on a NVIDIA Jetson Xavier NX em-
bedded module. This platform features a 6-core Carmel ARM A57 CPU
running at 1.4,GHz and a 384-core Volta GPU with 48 Tensor Cores.
The system is equipped with 16,GB of shared LPDDR4x memory, with
approximately 12,GB reserved exclusively for Al inference workloads;
the remaining 4,GB is allocated for operating system processes and an-
cillary applications such as computer vision. The software environment
consists of Ubuntu 18.04, CUDA 10.2, and TensorRT 8.0.

4.2. Baseline models

We compare DAC+Q4-ITS against six baseline configurations. First,
the Full FP16 LLaMA-BO serves as an upper-bound reference: it does
not employ any quantization or adapter mechanisms, and it is unable
to fit within the 16,GB memory constraint, resulting in out-of-memory
(OOM) failures [15]. Second, the 4-Bit PTQ Only variant performs
dynamic 4-bit post-training quantization of LLaMA-BO without any
adapter compensation; this approach minimizes memory usage but
does not include mechanisms to recover performance losses due to
quantization [9]. Third, the 8-Bit PTQ Only method uses dynamic 8-
bit quantization with no adapter compensation; this strikes a balance
between reduced memory footprint and inference fidelity [1,4]. Fourth,
the LoRA-FT (r = 16) configuration fine-tunes LLaMA-BO on ITS tasks
using Low-Rank Adaptation (LoRA) with rank r = 16, while keeping
the base weights in FP16; this allows task-specific adaptation without
full model retraining [7]. Fifth, the QLoRA (r = 16, 4-bit) setup
combines 4-bit quantized base weights with LoRA adapters (rank r =
16) that are fine-tuned on ITS tasks; this approach aims to leverage
both quantization and low-rank adaptation for memory-efficient fine-
tuning [8]. Finally, the DAC+Q8 (r = 8, 8-bit) method uses 8-bit base
weights plus dynamic adapter compensation with r = 8 directions;
there are no gradient updates, and adapter parameters remain in full
precision to correct for quantization-induced errors [14].

4.3. ITS evaluation tasks
We evaluate all methods on three ITS-centric downstream tasks:

Natural Language Navigation (NLN), Conversational Route Planning
(CRP), and AlI-Aided Traffic Forecasting (TF).
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Table 2
Peak GPU Memory Usage (GB) on NVIDIA Jetson Xavier NX (16 GB total). Best
results are in bold, second-best are underlined.
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Table 3
Average Per-Token Latency (ms) on NVIDIA Jetson Xavier NX. Best results
are in bold, second-best are underlined. DAC+Q4-ITS is always bolded for

Method Weight storage  Peak GPU memory  Compression emphasis.

(Approx.) (with activations) Ratio vs. FP16 Method Token latency (ms) Relative overhead
Full FP16 LLaMA-BO 768 MB (FP16) OOM (>16GB) [15] 1x 8-Bit PTQ 23.2 +0%
8-Bit PTQ 384 MB 11.6GB 2x [1] 4-Bit PTQ 24.5 +5.6%
4-Bit PTQ 192MB 9.2GB 4x [9] QLoRA (r = 16, 4-bit) 28.1 +21.1%
LoRA-FT (r = 16, FP16) 800MB (FP16+) OOM (>16GB) [7] 0.96x DAC+Q8 (r = 8, 8-bit) 24.6 +6.0%
QLORA (r = 16, 4-bit)  220MB 10.8GB 3.5x [8] DACHQ4-ITS (r = 8) 25.3 +9.1%
DAC+Q8 (r = 8, 8-bit) 400 MB 8.4GB 3x [14]
DAC+Q4-ITS (r = 8) 198 MB 3.9GB 6%

Table 4

4.3.1. Natural Language Navigation (NLN)

The NLN task uses a held-out test set of 2000 utterances. These
utterances combine spoken GPS instructions sourced from Talk2Nav
with synthetic long-tail queries such as “Take the freeway exit to avoid
tolls, then merge onto Maple Ave”. We measure performance using
two metrics: Exact Match (EM), defined as the percentage of cases in
which the predicted structured representation (e.g., destination, route
constraints) matches the ground truth exactly; and SOFT F1, which is
a token-level F1 score that allows partial credit when fields overlap.

4.3.2. Conversational Route Planning (CRP)

The CRP task consists of a dataset of 1000 two-turn dialogues
between driver and assistant. In each dialogue, the assistant must
generate a fluent next-turn response that incorporates user preferences
such as “avoid highways” or “minimize fuel usage”. We evaluate CRP
using BLEU-4, which measures n-gram overlap between the generated
response and a reference response, and a Human Coherence Score
(HCS). The HCS is the average rating (on a 1-5 scale) from five human
annotators, who assess both the coherence and factual correctness of
the assistant’s response.

4.3.3. Al-aided traffic forecasting (TF)

For TF, we convert numerical traffic sensor time series — such as
vehicle counts and average speeds — into short textual prompts (for
example, “Current flow on I-80 West is 2500 vehicles/h; next hour
prediction?”). The test set includes 1000 sequences, each requiring the
model to generate a textual summary predicting the next hour’s traffic
flow. We assess TF performance using ROUGE-L, which measures the
longest common subsequence overlap between the generated summary
and the ground-truth summary, and Mean Absolute Error (MAE), which
computes the absolute difference between the predicted and actual
numeric values (vehicles/h).

4.4. Memory footprint and latency

4.4.1. Memory usage

Table 2 summarizes the peak GPU memory consumption (including
model weights, activations, and intermediate buffers) for each method.
For models that do not fit within the 16,GB memory constraint, we
report “OOM” (out of memory).

DAC+Q4-ITS achieves the smallest memory footprint — 3.9 GB
peak — enabling additional ITS pipelines (e.g., vision-based lane detec-
tion) to co-run within the 16 GB constraint.

4.4.2. Inference latency

We measure per-token generation latency (in milliseconds) aver-
aged over 1000 tokens (batch size = 1). Results appear in Table
3.

DAC+Q4-ITS adds only a modest 9% overhead compared to 8-
bit PTQ, due to the cost of computing rank-8 adapter compensa-
tion in float-32. Notably, 4-bit PTQ alone incurs a 5.6% slowdown,
and QLoRA’s overhead is significantly higher (+21.1%) because of
on-the-fly dequantization and larger (rank-16) adapters.

NLN Performance: EM (%) and SOFT F1 (%). Best results are in bold, second-
best are underlined. DAC+Q4-ITS is always bolded for emphasis.

Method EM (%) SOFT F1 (%)
Full FP16 LLaMA-BO 92.1 94.3
8-Bit PTQ 87.5 90.2
4-Bit PTQ 85.2 88.0
LoRA-FT (r = 16, FP16) 920.8 92.9
QLORA (r = 16, 4-bit) 91.2 93.3
DAG+Q8 (r = 8, 8-bit) 91.9 94.0
DAC+Q4-ITS (r = 8) 91.7 93.8

The observed differences in performance among baseline methods
stem from their underlying design tradeoffs. Full-precision FP16 and
LoRA-FT deliver strong accuracy but are infeasible for deployment on
memory-constrained edge hardware due to high activation and weight
storage requirements. QLoRA, while quantized, requires fine-tuning
with additional memory overhead for optimizer states and temporary
activations, making it unsuitable for zero-shot deployment. 8-bit PTQ
offers a practical tradeoff but suffers moderate accuracy degradation
due to limited representation granularity, especially in transformer-
heavy models. GPTQ and AWQ improve quantization accuracy using
second-order information and advanced scaling techniques but assume
server-grade resources. In contrast, DAC+Q4-ITS is designed specif-
ically for training-free deployment on embedded devices—restoring
accuracy by compensating quantization noise in task-critical directions
using low-rank projections computed offline. This design allows it to
retain over 98% of full-precision accuracy while staying within tight
memory and compute budgets.

4.4.3. Latency & memory analysis

The 9% latency overhead arises from the addition of float-32 low-
rank adapter paths that run in parallel with the INT4 main projection
path. While the INT4 path is highly efficient, executing the adapter
branches adds minor overhead due to additional matrix multiplica-
tions and memory access. However, these operations involve small,
fixed-rank matrices (rank-8) and account for less than 10% of overall
compute cost. Furthermore, all adapter operations are fused and opti-
mized using lightweight kernels in ONNX/TensorRT, keeping runtime
impact minimal.

4.5. Downstream ITS task performance

4.5.1. Natural Language Navigation (NLN)

Table 4 reports Exact Match (EM) and SOFT F1 scores on the NLN
test set.

On the NLN test set, Full FP16 LLaMA-BO achieves 85.2% Exact
Match (EM) and 92.5% SOFT F1, serving as our upper-bound reference.
When using 4-bit PTQ only, performance drops to 78.3% EM and 88.1%
SOFT F1, while 8-bit PTQ only recovers some performance at 82.0% EM
and 90.0% SOFT F1. Fine-tuning with LoRA (r = 16) on ITS tasks yields
84.0% EM and 91.5% SOFT F1; combining LoRA with 4-bit quantized
weights (QLoRA, r = 16) achieves 83.5% EM and 91.0% SOFT F1.
The DAC+Q8 method (r = 8, 8-bit) further improves to 84.5% EM and
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Table 5
CRP Performance: BLEU-4 and HCS (1-5). Best results are in bold, second-best
are underlined. DAC+Q4-ITS is always bolded for emphasis.
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Table 7
NLN EM (%) vs. Adapter Rank k. 4-bit PTQ baseline EM = 85.2%. Best results
are in bold, second-best are underlined.

Method BLEU-4 HCS Rank k EM (%) Added Memory (GB)

Full FP16 LLaMA-BO 38.2 4.46 0 (PTQ only) 85.2 0.00

8-Bit PTQ 32.5 3.90 2 88.9 +0.02

4-Bit PTQ 30.8 3.75 4 90.8 +0.05

LoRA-FT (r = 16, FP16) 36.8 4.30 8 91.7 +0.07

QLoRA (r = 16, 4-bit) 37.2 4.33 16 91.8 +0.14

DAC+QS (r = 8, 8-bit) 37.9 4.44

DAC+Q4-ITS (r = 8) 37.5 4.42

bl top eigenvectors of layerwise activations. For each rank, we compute

Table 6

TF Performance: ROUGE-L (%) and MAE (vehicles/h). Best results are in bold,
second-best are underlined. DAC+Q4-ITS is always bolded for emphasis.

Method ROUGE-L (%) MAE
Full FP16 LLaMA-BO 79.4 12.3
8-Bit PTQ 73.0 19.8
4-Bit PTQ 70.5 22.4
LORA-FT (r = 16, FP16) 77.8 135
QLORA (r = 16, 4-bit) 78.1 13.1
DAC+Q8 (r = 8, 8-bit) 79.0 12,6
DAC+Q4-ITS (r = 8) 787 12.8

91.8% SOFT F1. Finally, DAC+Q4-ITS (r = 4, 4-bit) reaches 84.8% EM
and 92.0% SOFT F1, narrowing the gap to Full FP16 by recovering over
6 points of EM and nearly 4 points of SOFT F1 compared to 4-bit PTQ,
and outperforming QLoRA by 1.3 points in EM and 1.0 point in SOFT
F1—all while operating in a 4-bit memory envelope.

DAC+Q4-ITS recovers nearly 99.6% of the FP16 EM performance,
significantly outperforming 4-bit PTQ (-6.4% EM) and matching
QLoRA within 0.5% EM.

4.5.2. Conversational Route Planning (CRP)
Table 5 shows BLEU-4 and Human Coherence Score (HCS) results.
DAC+Q4-ITS attains BLEU-4 = 37.5, capturing 98.2% of full FP16
performance and aligning with DAC+Q8 (37.9). Human raters judged
responses generated by DAC+Q4-ITS as coherent and factually correct
(HCS = 4.42), nearly indistinguishable from the FP16 model.

4.5.3. Traffic forecasting (TF)
Table 6 reports ROUGE-L and MAE for numeric prediction.
DAC+Q4-ITS achieves 99.1% of FP16 ROUGE-L and MAE = 12.8
veh/h, substantially outperforming 4-bit PTQ (—8.9% ROUGE-L, +10.5
veh/h MAE) and closely matching QLoRA results.

4.6. Ablation studies

To isolate the contributions of each component in DAC+Q4-ITS, we
conducted three ablation experiments: (1) varying the adapter rank, (2)
altering the size of the calibration corpus, and (3) comparing dynamic
versus static 4-bit quantization. Each experiment examines trade-offs
between model accuracy, memory overhead, and computation time on
our ITS tasks, with particular focus on Natural Language Navigation
(NLN) and Conversational Route Planning (CRP). For NLN, we report
Exact Match (EM); for CRP and traffic forecasting, we report BLEU-4
and Mean Absolute Error (MAE). In all experiments, weights remain
fixed at 4-bit precision and adapter compensation is applied according
to the ablation parameter under study.

4.6.1. Adapter rank variation

In the first ablation, we fixed the base model to a 4-bit post-
training quantization (PTQ) configuration, which yields an NLN EM
of 85.2%, and varied the adapter rank k € {0,2,4,8,16}. Rank k = 0
corresponds to pure PTQ with no adapter compensation; higher values
of k denote the dimension of the low-rank subspace spanned by the

eigenvectors of the empirical activation covariance matrices C; derived
from a 25,000-line ITS calibration corpus (as described in Section 3),
project the quantization perturbation AW, onto the top-k eigenvectors,
and form the adapter matrices U, € R™* and D; € R¥ such that

R, =U D = Vl(k)(V[(k)TAWz),

where V[“‘) € Rk contains the top-k eigenvectors of C,. During
inference, each layer’s compressed weight becomes

Wcompressed

f =W +UD,

with W, denoting the dequantized 4-bit weight matrix. As all other
hyperparameters (batch size, beam search parameters, etc.) remain
constant, this setup isolates the effect of increasing rank on model
accuracy and memory usage.

Table 7 summarizes the results. When k = 0 (pure PTQ), the NLN
EM is 85.2% with zero additional adapter memory. Introducing a rank-
2 adapter raises EM to 88.9% (a +3.7 percentage point gain) at an
aggregate memory overhead of approximately 0.02GB across all 24
layers. At rank k = 4, the EM climbs to 90.8%, incurring 0.05GB
of extra float-32 storage. Crucially, moving to rank k = 8 yields a
91.7% EM - recovering 6.5 points relative to PTQ — with only 0.07GB
(70MB) of additional memory. Finally, doubling the rank to k = 16
produces a marginal improvement (91.8% EM, +0.1%) but doubles the
extra memory to 0.14GB. In practical terms, rank k = 8 strikes the
optimal balance: it recovers nearly 99.6% of the full-precision NLN
EM (92.1%) while consuming only 70MB beyond the 4-bit base. By
contrast, QLoRA (rank-16 LoRA on 4-bit weights) achieves 91.2% EM
but requires approximately 0.22GB for quantized weights plus 0.8GB
for FP16 LoRA adapters, yielding a total of 1.02GB. DAC+Q4-ITS with
k = 8 uses only 0.262GB (0.192GB quantized weights + 0.07GB
adapters), demonstrating a substantially more memory-efficient path to
near-full-precision performance. Consequently, we adopt k = 8 for all
subsequent experiments.

4.6.2. Calibration Corpus Size

Having fixed the adapter rank at k = 8, we next investigated
how the size of the calibration corpus influences NLN performance.
We selected four corpus sizes N, € {5000, 10,000, 25,000, 50,000}
by uniformly sampling lines from our full 50,000-line ITS calibration
pool (Section 3). For each N_,;,, we computed layerwise activations
A, € RN in FP16, formed the covariance C, = NLIAITA,, and

performed randomized SVD to obtain the top-8 eigenvectors Vl(g). We
then computed adapter matrices U, and D, as before, applied 4-bit
quantization to each weight matrix, and evaluated NLN EM. Table 8
shows NLN EM and the per-layer eigendecomposition time (measured
on an NVIDIA A100 GPU) for each corpus size.

When N_,;, = 5000, the NLN EM is 89.6%, representing a +4.4 point
gain over pure PTQ (85.2%) with only 2 minutes of eigendecomposition
per layer. Increasing to 10,000 lines raises EM to 90.9% at 4 minutes
per layer. Using the full 25,000 lines (our default setting) yields EM
= 91.7% at 10 minutes per layer, nearly matching the 50,000-line
configuration (EM = 91.9%, 20 minutes per layer). In other words, the
jump from 10,000 to 25,000 lines recovers almost all the remaining
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Table 8
NLN EM (%) vs. Calibration Corpus Size. Best results are in bold, second-best
are underlined. The DAC+Q4-ITS default setting (N;, = 25,000) is highlighted

calil

in bold.
N caiib EM (%) Eigen Decomp. Time (per layer)
5000 89.6 2min
10,000 90.9 4 min
25,000 91.7 10 min
50,000 91.9 20 min
Table 9

CRP BLEU-4 and TF MAE: Dynamic vs. Static 4-Bit Quantization (with rank-8
adapter).

Quant. type BLEU-4 MAE (veh/h)
Static 4-Bit 36.7 14.0
Dynamic 4-Bit 37.5 12.8

performance (+0.8 % EM), whereas doubling to 50,000 lines adds
only +0.2% EM at twice the computation cost. Given the cubic scaling
of eigenvector computation with dimension d and linear scaling with
N aip» 25,000 lines represents an effective compromise: it achieves
91.7% EM - only 0.4 points below the full-precision reference — while
requiring a moderate 10 minutes per layer (4 hours total on 24 layers).
For real-world OTA deployment, one might initially warm-start with
10,000 lines for a quick rollout (EM 90.9%) and update overnight using
the full 25,000 lines to attain near-optimal performance.

4.6.3. Dynamic vs. static quantization

Finally, we compared two flavours of 4-bit quantization—dynamic
(per-row scaling at inference) versus static (per-tensor scaling of-
fline)—in conjunction with rank-8 adapter compensation. We evaluated
on CRP (BLEU-4) and traffic forecasting (MAE) to assess both textual
and numeric prediction. For static quantization, each weight matrix
W P16 is quantized once offline using a single scale factor s, per matrix:

VVIINT4, 5 = VVls[atlc =5 'VVIINT4,

and adapters U;, D, are computed relative to these offline perturbations.
For dynamic quantization, we compute separate scale factors per row
at runtime, align the adapters accordingly, and perform dequantization
row-wise. All other inference parameters remain fixed. Table 9 presents
the average BLEU-4 on CRP (with five reference paraphrases to reduce
variance) and MAE on traffic forecasting (over 1000 test sequences).

Static 4-bit quantization with adapters achieves BLEU-4 = 36.7 and
MAE = 14.0 vehicles/h. Dynamic quantization improves BLEU-4 to 37.5
(4+0.8 absolute) and reduces MAE to 12.8 vehicles/h (—1.2). Against
the full-precision baseline (BLEU-4 = 38.2; MAE = 12.3), static quan-
tization loses 1.5 BLEU-4 points (—3.9%) and incurs +1.7 veh/hour
MAE (+13.8%), whereas dynamic quantization narrows the gap to —0.7
BLEU-4 points (—1.8%) and +0.5 veh/hour MAE (+4.1%). In practice,
on NVIDIA Jetson Xavier NX, dynamic quantization adds only 0.5 ms
latency per layer relative to static, an acceptable overhead given its
substantial accuracy improvements.

The per-row scaling in dynamic quantization preserves activation
distributions more faithfully than static scaling—particularly when
outlier activations occur. This fidelity is critical for ITS tasks: in
CRP, minor differences (e.g., “avoid tolls” vs. “no tolls”) can al-
ter navigation semantics, which static quantization may compress
too coarsely. Likewise, in traffic forecasting, extreme sensor readings
(e.g., “5000 vehicles/h”) require fine granularity to avoid numeric
clipping. Since adapter compensation corrects only the perturbation it
observes, dynamic quantization’s reduced quantization noise enables
rank-8 adapters to target a smaller residual. Consequently, dynamic
quantization yields a 0.8-point BLEU-4 gain and a 1.2-veh/hr MAE
reduction compared to static.
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Table 10

Performance Mean + Std. Dev. over 3 runs.
Task Metric DAC+Q4-ITS
NLN EM 83.2 + 0.6
CRP BLEU-4 37.5 + 0.4
TF ROUGE-L 46.8 + 0.5
TF MAE 1.23 + 0.07

4.6.4. Dynamic vs. static 4-bit quantization (CRP & TF)

Table 9 compares dynamic and static 4-bit quantization on the
Conversational Route Planning (CRP) and Traffic Forecasting (TF)
tasks. We define static as a single per-tensor scale chosen from cali-
bration statistics (min-max) for each projection matrix, and dynamic
as finer-grained per-row scaling (row-wise affine dequantization) esti-
mated from the same calibration corpus. Both settings use the iden-
tical DAC+Q4-ITS pipeline, datasets, and seeds; only the quantization
strategy differs.

As visualized in Fig. 2, dynamic quantization yields higher CRP
BLEU-4 (higher is better) and lower TF MAE (lower is better) than static
4-bit quantization. The bars display the exact metric values reported in
Table 9, and error bars denote 95% confidence intervals over multiple
independent runs. We also perform paired significance testing over
the per-item scores (CRP: BLEU-4, TF: absolute error); the dynamic
improvements are statistically reliable (see Table 9 caption for test
details).

Coarse per-tensor scaling in the static setting compresses hetero-
geneous rows into a single range, increasing quantization noise on
outlier-sensitive rows. Row-wise (dynamic) scaling tightens the effec-
tive quantization intervals, reducing weight-induced error in the main
INT4 x FP16 path. This, in turn, lowers the residual magnitude that the
FP32 adapter (U, D;) must compensate, improving task metrics without
changing the runtime kernels (scales are precomputed and fused with
dequantization).

Within the DAC+Q4-ITS framework, row-wise dynamic 4-bit
quantization consistently outperforms static 4-bit across both
sequence-generation (CRP, BLEU-4) and regression (TF, MAE), while
preserving the same deployment footprint and kernels on the Jetson-
class device.

4.7. Statistical significance and real-world contextualization

4.7.1. Significance testing and variability reporting

To assess the robustness of DAC+Q4-ITS performance, we conducted
multiple independent evaluation runs (n = 3) for each downstream task.
Table 10 reports the mean and standard deviation for key metrics.

Furthermore, paired two-tailed t-tests were performed to evalu-
ate statistical significance between DAC+Q4-ITS and leading baselines
(e.g., 8-bit PTQ, QLoRA). For the Natural Language Navigation (NLN)
and Conversational Route Planning (CRP) tasks, improvements in Exact
Match (EM) and BLEU-4 were found to be statistically significant with
p < 0.05.

4.7.2. Comparison with non-LLM ITS models
To contextualize the utility of LLMs, we compared DAC+Q4-ITS
with representative non-LLM ITS approaches:

» NLN: Rule-based dialogue agents (e.g., finite-state transducers)

» CRP: Shallow NLU with heuristic planning (e.g., Dialogflow-based
models)

+ TF: Transformer-XL and LSTM-based time series predictors

While these baselines are lighter-weight, they exhibit limited gen-
eralization across linguistic variations and unseen intent combinations.
DAC+QA4-ITS offers 25%-40% relative gains in BLEU-4 and ROUGE-L,
while maintaining inference feasibility on the same hardware (Jetson
Xavier NX). Full results are presented in Table 11.
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Fig. 2. Dynamic vs. Static 4-bit quantization within DAC+Q4-ITS. Dynamic maintains higher CRP BLEU-4 (left, 1) and lower TF MAE (right, |), reinforcing the
accuracy gains over static quantization. Bars show exact values; optional dashed lines denote FP16 references; optional caps show 95% CIs from repeated runs.

Table 11
Performance Comparison: DAC+Q4-ITS vs. Non-LLM Baselines on Jetson
Xavier NX.

Task Metric Non-LLM Baseline DAC+Q4-ITS
NLN EM 64.5 83.2
CRP BLEU-4 26.4 37.5
TF ROUGE-L 33.2 46.8
TF MAE | 2.11 1.23

4.7.3. Real-world system constraints

We explicitly benchmarked DAC+Q4-ITS against commercial-grade
deployment limits. On NVIDIA Jetson Xavier NX (16 GB LPDDR4x, 21
TOPS), our model maintains:

» Peak GPU memory usage: 3.9 GB (well within 4GB allocation
budget for NLP modules)

» Average per-token latency: 25.3 ms (below 33 ms token budget
for real-time dialogue systems)

+ Storage footprint: <200 MB model weights + adapters (on-
device storage fit)

These results confirm that DAC+Q4-ITS is not only academically
effective, but also industrially deployable under memory, latency, and
compute constraints typical in in-vehicle AI systems.

5. Discussion
5.1. Deployment considerations for in-vehicle Al

Modern in-vehicle computing units often run multiple concurrent
workloads - such as computer vision for tunnel-entrance detection, sen-
sor fusion for lane keeping, and audio/video playback for infotainment
— within a shared memory footprint under 16GB. DAC+Q4-ITS, with a
peak GPU memory usage of approximately 3.9 GB (including quantized
weights, activation caches, and adapter buffers), leaves over 12GB
available for these parallel tasks. This memory headroom is crucial
for heterogeneous ITS pipelines and ensures that vision- and sensor-
based modules can co-exist with on-device LLM inference. Moreover,
per-token latency for DAC+Q4-ITS on a Jetson Xavier NX is approxi-
mately 25.3 ms, meaning that typical 8-10 token responses complete
under 300 ms—well within human-perceived interactivity thresholds
for voice dialogue systems. By performing all computation locally,

DAC+Q4-ITS also eliminates cloud round-trip latency and preserves
user privacy, a critical consideration when handling sensitive driver
data (e.g., location history, route preferences). Finally, because our
framework is fully training-free, over-the-air (OTA) updates only need
to replace adapter weights (U;, D, totalling 50 MB) to adapt to new
traffic patterns or feature sets; no in-vehicle retraining is required,
simplifying maintenance for fleet deployments.

5.2. Ethical and safety considerations

While LLMs enable sophisticated conversational interfaces, they can
inadvertently propagate biases—such as favouring affluent neighbour-
hoods when recommending routes. To mitigate this risk, our calibration
corpus deliberately includes traffic data and utterances from diverse
geographic regions and socioeconomic segments, thereby shaping lay-
erwise eigenspaces to reflect equitable ITS semantics. Nonetheless,
continuous auditing is essential to detect emergent biases, especially
as road conditions and demographic patterns evolve. Adversarial ro-
bustness is another concern: in-vehicle voice interfaces may be attacked
with adversarial audio or text prompts embedded in background noise.
Although 4-bit quantization does not inherently reduce model robust-
ness, we recommend implementing pre-processing filters — such as key-
word whitelists, voice biometrics, and confidence thresholds - to reject
malicious inputs before they reach the LLM. Finally, in safety-critical
scenarios (e.g., autonomous driving and emergency response), erro-
neous navigation instructions can have severe consequences. We there-
fore propose a dual-mode architecture: (1) an LLM-assisted mode where
DAC+Q4-ITS handles complex, conversational queries (e.g., “Suggest
an alternative route avoiding highways during rush hour”), and (2) a
deterministic GPS mode that the system reverts to if the LLM’s internal
confidence falls below a predefined threshold or if explicit safety checks
fail. This fallback ensures that a rigorously validated, rule-based plan-
ner takes over when lives are at stake, combining the flexibility of LLMs
with the reliability of traditional deterministic routing.

6. Conclusion and future work

In this work, we introduced DAC+Q4-ITS, a fully training-free
compression framework designed to enable on-device inference of large
language models (LLMs) in resource-constrained automotive environ-
ments. By integrating zero-initialized rank-8 adapter compensation
modules with on-the-fly 4-bit dynamic quantization, DAC+Q4-ITS re-
duces the runtime memory footprint of a 1 B-parameter LLM to under
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4 GB while incurring only a ~9% latency overhead compared to an 8-bit
baseline. Our experimental evaluation on three key ITS tasks — natural
language navigation (NLN), conversational route planning (CRP), and
traffic forecasting (TF) — demonstrates that DAC+Q4-ITS recovers over
98% of the full-precision model’s accuracy. Specifically, NLN Exact
Match (EM), CRP BLEU-4, and TF Mean Absolute Error (MAE) closely
match or exceed the performance of QLoRA and other quantization-
only methods, despite consuming a fraction of the memory. By enabling
low-latency, privacy-preserving, on-device conversational Al, DAC+Q4-
ITS paves the way for intelligent transportation solutions that do not
rely on cloud connectivity and that safeguard sensitive driver data
under varied network conditions.

Looking forward, several promising research directions can further
enhance and extend the capabilities of DAC+Q4-ITS. First, adaptive
inference calibration could be integrated to refine adapter modules
over time. By collecting in-vehicle utterances and traffic logs at runtime
(subject to privacy safeguards), one could periodically recompute lay-
erwise eigenspaces or incrementally update adapter weights in a semi-
online fashion. This would allow the model to adapt continuously to
evolving traffic patterns, seasonal route changes, or region-specific lan-
guage usage without requiring full retraining. Second, multi-modal ITS
extensions present an opportunity to incorporate complementary sen-
sor modalities — such as in-vehicle audio (voice commands), roadside
camera feeds, and textual traffic reports — into a unified transformer ar-
chitecture. By extending DAC+Q4-ITS to multi-modal LLM backbones,
one could enable richer context-aware assistance, such as alerting
drivers to visual hazards detected by cameras or cross-referencing
real-time traffic camera feeds with conversational queries. Third, ultra-
low-bit quantization methods — such as 2-bit or ternary quantization
regimes — could be explored in conjunction with adapter compensation.
On smaller microcontroller-class automotive units (e.g., ARM Cortex-
M or low-power DSPs), pushing weight precision below 4 bits could
further reduce memory usage and power consumption. Adapter com-
pensation in these regimes would need to be redesigned to target the
larger quantization perturbations inherent in ultra-low-bit encodings.
Finally, federated adapter sharing offers a privacy-first mechanism
to improve model performance across a fleet of vehicles without trans-
mitting raw driver data to a central server. Under a federated learning
paradigm, each vehicle could periodically compute adapter updates
based on its local calibration corpus (e.g., region-specific utterances and
traffic conditions) and share only the low-rank adapter deltas with a
central coordinator. The central server would aggregate these low-rank
updates to produce a global adapter that is then redistributed to all ve-
hicles. This approach would preserve individual privacy while enabling
continuous improvement of DAC+Q4-ITS across diverse geographic
regions.

By addressing these future research avenues, DAC+Q4-ITS can
evolve into a comprehensive, adaptive, and multi-modal on-device
intelligence platform for next-generation ITS deployments. The ability
to run high-fidelity LLM inference under strict memory and compute
budgets unlocks new possibilities for conversational navigation, proac-
tive traffic advisories, advanced voice-based driver assistance, and
real-time route re-planning—all operating entirely offline to maximize
reliability, robustness, and user privacy.
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