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Abstract

Vision-language models show promise for e-
commerce automation but struggle with noisy
real-world images and multi-task requirements.
We introduce MTIVE, a curriculum learning
framework that progressively adapts base mod-
els through three stages: continued pre-training
on large-scale e-commerce datasets with con-
trastive learning and diverse dialogue templates,
instruction tuning on synthetic data, and mod-
ular task-specific expert training. Our archi-
tecture uses frozen base weights with stacked
LoRA adapters—shared modules for domain
knowledge and lightweight task-specific ex-
perts—enabling continual learning without
catastrophic forgetting. MTIVE outperforms
open-source and proprietary baselines in both
standard and continual learning settings.

1 Introduction

The rapid growth of e-commerce has created a com-
plex ecosystem where millions of transactions gen-
erate vast amounts of visual and textual data across
packaging, shipping, delivery, and post-delivery
stages. Maintaining customer trust and operational
integrity requires verifying image-based evidence
collected throughout the product lifecycle—from
quality control at fulfillment centers to customer
claims for refunds, returns, and concessions. Cur-
rently, manual verification processes cannot scale
effectively, with only 47% of collected images ex-
amined by auditors. This creates significant gaps
that bad actors can exploit while also limiting the
platform’s ability to efficiently serve legitimate cus-
tomer needs. As operations scale and visual evi-
dence accumulates, the lack of automated image
verification at scale risks both revenue protection
and customer-centric policies. Bridging this gap de-
mands robust automated solutions that can analyze
visual and textual data together to address critical
use cases such as verifying product authenticity,

assessing damages, monitoring quality control, and
resolving claims across the entire supply chain.

In the e-commerce domain, Vision-Language
Models (VLMs) have been increasingly lever-
aged for various applications through adaptation
of general-purpose models with domain-specific
datasets (Fu et al., 2022; Khandelwal et al., 2023;
Jia et al., 2023; Trabelsi et al., 2025; Yada et al.,
2025). However, there are two major limitations in
such works. Firstly, beyond simple domain adapta-
tion on a single task, these platforms require multi-
task learning capabilities to simultaneously han-
dle diverse verification scenarios, from damage
detection and product matching to attribute extrac-
tion and packaging verification, each demanding
different types of visual reasoning and accuracy
requirements. Secondly, these models remain con-
strained by their training data distribution, exhibit-
ing limited zero-shot performance on novel tasks.
Real-world deployed systems frequently need to
expand capabilities across different marketplaces,
support new modalities, or upgrade functionalities.
The conventional approach of retraining the en-
tire model on expanded datasets introduces several
critical challenges: performance regression on pre-
viously mastered tasks, task interference, varying
data quality, difficulty achieving Pareto-optimal so-
lutions, deployment disruptions, and inability to
add, update, or deprecate capabilities without ser-
vice interruption.

To address these challenges, we present MTIVE
(Multi-Task Image Verification Engine), which
proposes a curriculum based learning method for
adapting general-purpose VLMs to e-commerce
multi-task learning, along with a dynamic multi-
LoRA (Hu et al., 2021) serving framework for effi-
cient model composition and continual task addi-
tion. Our key contributions are:

* We introduce a three-stage curriculum learning
approach: (i) task-agnostic pre-training on e-
commerce data to learn domain-specific visual



patterns, (ii) instruction fine-tuning for instruction-
following capabilities, and (iii) task-specific ex-
pert training. Our modular architecture employs
frozen base weights with progressively stacked
LoRA adapters—shared adapters for common e-
commerce knowledge and task-specific experts
for specialized capabilities—enabling efficient
multi-task learning without catastrophic forget-
ting.

* We develop a dynamic multi-LoRA serving sys-
tem on VLLM (Kwon et al., 2023a) supporting effi-
cient batched inference and runtime hot-swapping
of expert adapters, enabling seamless addition,
update, or removal of verification tasks without
service disruption.

* We conduct extensive experiments on real-world
e-commerce verification tasks, demonstrating
MTIVE’s superior performance against baselines.
Through ablation studies, we validate each archi-
tectural component and confirm our design moti-
vations for multi-task and continual learning.

2 Related Work

VLMs for E-Commerce. Open-source pre-
trained VLMs such as IDEFICS (Laurencon et al.,
2024), LLaVA (Liu et al., 2024), Qwen (Bai et al.,
2025) and Gemma (Kamath et al., 2025) demon-
strate strong multi-modal capabilities but lack
domain-specific understanding for e-commerce
applications. Prior works address this through
domain-specific fine-tuning (Fu et al., 2022; Khan-
delwal et al., 2023; Jia et al.,, 2023; Trabelsi
et al., 2025; Yada et al., 2025), typically focus-
ing on single tasks with high-quality catalog im-
ages for attribute extraction and catalog improve-
ment. VIT-Pro (Prabhakaran et al., 2025) recently
extended this to customer feedback images with
cost-efficient data generation. However, these
approaches employ single-stage training on task-
specific datasets without curriculum strategies, lim-
iting their ability to handle the diverse image verifi-
cation tasks required across the e-commerce supply
chain or maintain robust multi-task performance
when adapting to new capabilities.

Multi-Task Learning. Multi-Task Learning
(MTL) aims to jointly optimize all tasks using a
single trained model. In MTL for LLMs, key chal-
lenges include task interference, catastrophic for-
getting, training instability on mixed datasets, and
high retraining costs. LoRA-based MTL methods
offer parameter efficiency but encounter instability

on large mixed datasets, as LORA projects sparse
high-dimensional features from different tasks into
the same dense low-dimensional space, causing
task interference. To address this, existing MoE-
based PEFT methods (Wang et al., 2023; Zadouri
et al., 2023; Agiza et al., 2024; Yang et al., 2025)
train multiple experts jointly on mixed datasets
with routing mechanisms to dynamically allocate
expert contributions per task. However, single-
stage joint training still causes performance degra-
dation from data interference and requires full re-
training for new tasks. In contrast, MTIVE adopts a
three-stage curriculum paradigm (task-agnostic pre-
training, instruction tuning, and task-specific expert
training) using stacked LoRA adapters where ex-
perts are trained separately rather than jointly for ro-
bust multi-task learning. This staged approach miti-
gates performance degradation from mixed datasets
while balancing general and domain-specific capa-
bilities, enabling plug-and-play task addition via
hot-swappable experts for seamless production up-
dates without retraining or catastrophic forgetting.

3 MTIVE

In this section, we present a comprehensive frame-
work for adapting general-purpose VLMs to multi-
task e-commerce scenarios, comprising two main
components: a three-stage curriculum learning
method and a dynamic multi-LoRA serving ar-
chitecture. Our curriculum learning approach, il-
lustrated in Figure 1, consists of three sequen-
tial stages. First, we perform task-agnostic pre-
training on raw image-text pairs from large-scale
e-commerce datasets to achieve e-commerce con-
cept alignment. Second, we continue training
the model on synthetically generated instruction-
following data to develop instruction-following ca-
pabilities. Third, we train multiple task-specific ex-
perts on high-quality human-annotated data to im-
prove performance and enable flexible addition of
new tasks. Throughout all training stages, the base
VLM weights (W) remain frozen, and we employ
LoRA-based fine-tuning. We denote W7 as the
LoRA weights from the pre-training stage, W7 as
the LoRA weights from the instruction fine-tuning
stage, and WEL W2 WET as the weight ma-
trices of LoRA experts for 7" tasks. For production
deployment, we introduce a multi-LoRA serving
architecture that efficiently handles heterogeneous
task batches while supporting hot-swapping of ex-
perts without service disruption.
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Figure 1: Overview of the three-stage training pipeline for MTIVE. The model is initialized with a frozen pre-
trained VLM and progressively adapted through LoRA-based curriculum learning: (1) task-agnostic pre-training
for e-commerce concept alignment (W7, (2) instruction fine-tuning on synthetic data (W!7), and (3) multi-task

post-training with task-specific experts (W1, ..., WET),

3.1 Task-Agnostic Pre-Training

To balance concept coverage and training effi-
ciency, we sample 2.5M image-text pairs from
multiple data sources across the e-commerce or-
der lifecycle: product catalogs, customer com-
plaints, and return/refund conversations, spanning
48 product categories. Product catalog images
are high-quality with well-structured text due to
listing standards. However, customer-generated
sources contain non-standard, in-the-wild data that
is inherently noisy—featuring poor lighting, occlu-
sion, blur, and inconsistent framing, with text that
is often informal or misaligned with visual con-
tent. Despite this noise, leveraging naturally occur-
ring data provides cost-effective domain adaptation
that closely matches our target verification tasks,
without requiring expensive manual annotations at
scale. This stage expands the vocabulary of aligned
image-text tokens to the e-commerce domain. Dur-
ing this phase, W7 undergoes training while 7°
remains frozen. The matrix W7 is factorized into
low-rank matrices BXT € R¥" and A"T € R"*F,
For layer 7, the output is:

Yi = I/Vioa: + aPTBiPTAZPTx
where o7 scales the adaptation magnitude.

We employ three complementary techniques
during pre-training to build robust e-commerce
vision-language understanding. First, we con-
struct 6 diverse dialogue templates apart from us-
ing raw image-text pairs, enabling the model to
learn multi-modal reasoning across varied image
orderings and context availability while support-
ing both generative description and comparative

reasoning between catalog and customer images.
Second, we apply noise-robust training through la-
bel smoothing (Szegedy et al., 2015) and uniform
distribution regularization (Pereyra et al., 2017)
to address inherent ambiguities and inconsisten-
cies in customer-generated feedback, preventing
overconfident predictions and improving general-
ization on noisy data. Specifically, our loss func-
tion is defined as £ = (1 — 8)LcE + BLuniforms
where Lcg is the standard cross-entropy loss,
Luniform = — log(|V]) encourages uniform proba-
bility distribution over the vocabulary of size |V|,
and [ controls the regularization strength. Third,
we incorporate contrastive learning with TF-IDF-
based (Sparck Jones, 1972) hard negative mining
to teach fine-grained product discrimination, con-
structing challenging pairs of semantically simi-
lar but visually distinct products that enhance the
model’s visual discrimination capabilities across
professional catalog and customer-submitted im-
ages through 4 extra dialogue templates (see Ap-
pendix A). Together, these techniques create a
comprehensive pre-training regime that balances
generative fluency with discriminative precision for
e-commerce vision-language understanding.

3.2 Instruction Fine-Tuning

To develop instruction-following capabilities, we
convert a portion (~50K) of the pre-training dataset
containing raw image-text pairs into a visual
instruction-following format using an open-source
pre-trained VLM via internal APIs. More specif-
ically, we feed the VLM with both the product
image and corresponding text from customer feed-
back and product descriptions (with confidential



information redacted), then prompt it to generate
different types of instruction-following data for e-
commerce. See Appendix B for the prompt tem-
plate. During this phase, W/ undergoes train-
ing while W° and W*7 remain frozen. The ma-
trix W7 can be factorized into low-rank matrices
BT ¢ R4 and AT € R™ ¥ For layer i, the out-
put y; corresponding to input x; computed through
this modified weight matrix is expressed as:

yi = VVZQ:L‘ + ozPTBiPTAZPT:L' + a]TB{TAZ-IT:U

where o/ 7' scales the magnitude of adaptation from

the pre-trained model.

3.3 Multi-Task Post-Training

In this stage, the task-specific experts
FEy,Fs, ..., Er are trained separately on their
respective task-specific datasets. LoRA adapters
are injected on top of the instruction-tuned model
from previous training stage. During this phase,
WFE undergoes training while W°, WF7 and
WIT remain frozen. The matrix Wt can be
factorized into low-rank matrices B ¢ RIx"
and AP* € R"™*_ For an expert F;, the output
y; corresponding to input x; in layer ¢ computed
through this modified weight matrix is expressed
as:

yi =Wz 4+ o TBFT APy
+ aITBZ-ITAZ-ITx + aEtBZEtAftx

where ot scales the magnitude of adaptation from
the instruction-tuned model.

Since each task-specific expert is trained inde-
pendently, we can flexibly customize training con-
figurations based on task characteristics: employ-
ing different LoRA ranks 7, selectively applying
LoRA to vision encoder, language decoder, pro-
jector or all components, injecting adapters into
different layer subsets (e.g., attention only vs. at-
tention and FFN), applying different post-training
strategies (SFT, DPO, GRPO or MPO), and using
task-specific hyperparameters and data sampling
strategies. This enables efficient resource alloca-
tion, dedicating higher capacity and sophisticated
methods to challenging tasks while using simpler
configurations for easier ones.

3.4 Dynamic Multi-LoRA Serving
Architecture

To support the increasing demand for diverse
downstream e-commerce tasks, we build an effi-

cient multi-task serving system that handles mul-
tiple LoORA adapters simultaneously. Using the
vLLM (Kwon et al., 2023b) framework, the sys-
tem shares our instruction-tuned base model (from
subsection 3.2) across different tasks and activate
different LoRA adapters based on incoming re-
quests, allowing multiple tasks to be processed
together in the same batch. Each user request
is represented as (x;,t;), where z; is the input
and t; € {1,2,...,T} specifies the target task.
For a heterogeneous batch containing n requests
{(z1,t1), (w2, t2), ..., (xn, tn)}, the output y; ; for
request j at layer ¢ is computed as:

_ 0 PT nPT A PT
Yij(zj,t5) = Wiy +a' " B Aj "
E:.  E:,
—}—CXITBZ-ITAZIT.’EJ' +O‘Ethi JAi '733]‘

This architecture enables efficient batched in-
ference by sharing the computational cost of the
large base model (W) and shared adapters (WFT,
WITY across all requests in the batch. Since these
weights constitute the majority of model parame-
ters, batching requests from different tasks together
achieves significantly higher GPU utilization and
throughput compared to processing each task sep-
arately. Only the lightweight task-specific expert
weights (WEtJ‘) need to be swapped based on each
request’s target task. Figure 2 illustrates the multi-
LoRA batched inference architecture with dynamic
hot-swapping capabilities.

A key advantage of our multi-task serving archi-
tecture is the ability to dynamically add new tasks
or update existing experts without service interrup-
tion. The vLLM framework supports hot-swapping
of LoRA adapters, enabling seamless deployment
of new tasks in production environments. When
a new task needs to be added to the system, we
train a new task-specific expert W*T+1 on top of
the frozen base model (W) and shared adapters
(WET WIT). Once training is complete, the new
expert can be loaded into the serving system and
immediately made available for inference. Mathe-
matically, for the newly added task ¢ = T + 1, the
output computation follows the same formulation:

yi(z, T +1) = Wz + T BT AT
+oTBIT AT + aET“B;ET“A?T“x
Similarly, existing experts can be updated or

deprecated without affecting other tasks. To update
an expert E;, we simply replace the corresponding
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Figure 2: Multi-LoRA Batched Inference with Dy-
namic Hot-Swapping. The base model and shared
LoRA adapters (frozen) process the entire batch in par-
allel, while task-specific experts can be dynamically
hot-swapped. New or updated experts are trained offline
and seamlessly deployed without service interruption.

LoRA weights Wt with the newly trained weights
WE:. To deprecate a task, we remove its associated
expert from the serving pool. Throughout these op-
erations, the base model weights (W) and shared
adapter weights (W T, WIT) remain unchanged,
ensuring that ongoing inference requests for other
tasks continue uninterrupted. This capability is es-
sential for e-commerce production systems requir-
ing specialized models for new product categories,
continuous model updates, A/B testing of task vari-
ants, and flexible seasonal task deployment. The
lightweight nature of LoRA adapters (1-2% of base
model parameters) enables efficient dynamic de-
ployment with minimal memory overhead.

4 Performance Evaluation

4.1 Experimental Setup

We build upon Qwen2.5-VL-7B (Bai et al., 2025)
with public weight initialization. Across all train-
ing stages, LoRA is applied to the attention layers
of all transformer blocks spanning the vision en-
coder, language decoder, and connector modules.
Images are resized with resolution bounded be-
tween 378 X 28 x 28 and 448 x 28 x 28. Pre-training
uses LoRA rank r = 32 and scaling factor o = 8,
while instruction tuning and task experts default to
r = 8 and o = 8. We construct EMDIV (Ecom-
merce Multi-task Dataset for Image Verification),
through model-guided human annotation. Our
instruction-tuned MTIVE pre-fills candidate labels,
which human annotators subsequently verify and

correct, yielding paired outputs that serve both as
supervised finetuning targets and as preference data
for alignment. EMDIV spans four tasks: Attribute
Extraction (AE), Damage Detection (DD), Product
Matching (PM), and Expiry Detection (EX), each
with up to three variants: binary (yes/no classifica-
tion), generative (open-ended reasoning), and aug-
mented (LLM-diversified seed samples). In total,
EMDIV comprises 350,587 training and 21,434
held-out test samples with no train-test overlap.
Appendix C for more details on EMDIV. For evalu-
ation, we employ objective evaluation measuring
classification accuracy across task-specific classes,
and generative evaluation using Claude-4.5-Sonnet
(Anthropic, 2025) as an expert judge to assess re-
sponse quality against ground truth (see evaluation
prompts in Appendix F).

4.2 Multi-Task Learning

Generation-based evaluation We present
four MTIVE variants demonstrating our multi-
stage training: MTIVEpy (domain pre-training),
MTIVE;r (+ instruction tuning), MTIVEg;, (+ multi-
task with single shared LoRA), and MTIVE; (+
multi-task with task-specific LoRA adapters). To
validate this design, we compare against three base-
lines trained on the base model directly: Basesy
(single shared LoRA), Basey,r (mixture of experts
with 4 experts), and Basey7y (task-specific LORA
adapters). Table 1 reports the model performance
of state-of-the-art VLMs, MTL baselines and our
MTIVE variants on EMDIV testset across three
metrics (accuracy, relevancy, and hallucination).
Firstly, Qwen2.5VL-7B demonstrates strong
zero-shot performance among open-source VLMs,
motivating its selection as our base architecture.
Our full model MTIVEy; achieves the best
overall performance across all tasks and metrics.
While intermediate stages MTIVEpy and MTIVE;p
occasionally underperform the base model, this
is expected: continued pre-training optimizes for
e-commerce domain understanding using noisy
e-commerce raw data corpus, and instruction
tuning focuses on learning task-specific formats
rather than maximizing immediate performance.
However, these foundational stages prove crucial,
as MTIVEg; significantly outperforms Basesy
and MTIVEy; similarly surpasses Baseyryr,
demonstrating that domain knowledge and task
understanding from earlier stages compound with
subsequent multi-task learning. We also evaluate
Basey,p, where a learned routing mechanism



Table 1: Multi-Task Learning: Quantitative evaluation results on EMDIV (relative to Idefics2-8B).

Model ‘ AE ‘ DD ‘ PM ‘ EX

‘ Acc.T Rel. 1 Hal.| ‘ Acc.T Rel. 1 Hal.| ‘ Acc.t Rel.t Hal.| ‘ Acc.T Rel.t Hal.]
Idefics3-8B +10.4 +5.8 2.3 +10.0  +11.8 -84 +8.9 +23.0 -17.2 217 -3.7 +12.6
Gemma3-4B +21.3 4248 -19.3 +1.1 +18.5  +16.6 +12.5  +33.1 -14.2 +18.4 +7.7 -24.5
Gemma3-12B +459  +415 -63.8 +5.3 +23.8 +0.1 +25.7  +404 -35.4 +16.0  +13.2 -28.2
Qwen2.5VL-3B +382  +324 21.7 +6.0 +18.8 -2.3 +22.6  +36.3 28.3 -2.0 +11.1 9.3
Qwen2.5VL-7B +46.1 +48.2 -51.7 +11.7  +20.2 -12.7 +279  +399 -38.1 +3.6 +10.7 -19.8
Qwen2.5VL-7B (ICL) +51.7  +52.5 -58.0 +13.2 4225 -13.4 +31.6  +38.7 -38.9 +4.0 +11.7 -20.9
Claude Haiku 4.5 +33.1 +28.6 -15.8 -1.9 +257  +16.6 +25.3 +32.1 -36.7 +12.7  +16.1 -34.0
Claude Haiku 4.5 (ICL) +38.0 4327 -18.1 +5.5 +29.0 -3.2 +27.7  +38.0 -38.1 +154  +17.7 -42.3
Baseg, +55.0  +58.7 -45.3 +17.1 +21.6 -14 +334  +373 -38.6 +30.7  +18.2 -45.4
BasemokE +58.5 +65.0 -50.5 +19.5 4220 -10.5 +34.0  +38.5 -37.0 +31.0  +18.5 -45.8
BasemrL +62.8  +77.5 -59.3 +21.0  +22.6 -14.0 +339  +39.2 -36.4 +30.7  +18.2 -46.1
MTIVEpt -17.8 -20.1 +24.5 -20.9 -33.9 +22.7 -15.2 -18.5 +20.3 -44.7 -71.1 +38.4
MTIVEr +5.7 +7.8 9.1 -14 +19.0 +13.0 +3.2 +8.5 +10.8 -10.8 +12.2 -12.5
MTIVEs, +56.2  +60.4 -46.9 +183  +22.1 -10.4 +34.2  +38.5 -374 +31.3 +184 -45.8
MTIVEyrL +64.8  +78.1 -61.6 +23.1  +23.8 -14.5 +34.3  +40.8 -39.8 +31.5 +19.1 -47.3

dynamically assigns tokens to experts rather than
explicitly mapping them to tasks. While Basey;,g
outperforms Baseg;, through sparse expert activa-
tion, it underperforms Baseyr, highlighting the
advantage of explicit task-specific specialization.
The consistent progression from single shared
LoRA to MoE to task-specific adapters validates
our multi-stage multi-LoRA approach, where
each component—domain pre-training, instruction
tuning, and task-specific adaptation—plays a com-
plementary role in achieving superior e-commerce
visual verification performance.

Classification-based evaluation We present the
classification-based evaluation results in Table 2.
Our best model, MTIVEy;, achieves state-of-
the-art performance, outperforming all baselines
on both damage detection (+0.48 F1-weighted)
and product matching (+0.60 F1-weighted). No-
tably, MTIVEy; surpasses the strongest baseline
(Claude Sonnet 3.7: DD +0.44, PM +0.21) by sub-
stantial margins of +0.04 on DD and +0.39 on PM,
demonstrating the effectiveness of our multi-task
LoRA approach.

Qualitative Results Table 3 illustrates the qual-
itative performance of models using task-specific
instructions to study their generative capability
with one product matching example (refer to Ta-
ble 10 for more examples). General-domain VLMs
exhibit limited zero-shot capabilities for domain-
specific use cases. Their sub-optimal performance
can be attributed to: a) limited effectiveness on
in-the-wild images with partially visible regions,
occlusions & poor-quality, and b) limited general-
ization to out-of-domain and complex visual rea-
soning tasks. MTIVE bridges this domain gap,

Table 2: Classification Results (F1-weighted score rela-
tive to Gemma3-4B)

Model DD PM

Open-source
Gemma3-4B * *

Qwen2.5-VL-3B +0.42  +0.20
Qwen2.5-VL-7B +0.44 +0.21
IDEFICS2-8B +0.42 +0.21
Closed-source

Claude Sonnet 3.7 +0.42 +0.37
Claude Haiku 4.5 +0.39  +0.20
Our Model

MTIVEyL: +0.48  +0.60

showing promising visual recognition and reason-
ing capabilities for the e-commerce domain.

4.3 Continual Task Learning

To assess flexibility under sequential task expan-
sion, we extend MTIVE beyond the four existing
tasks (AE, DD, PM, EX) to incorporate two novel
tasks: Packaging Type (PT), a 6-class classifica-
tion task with 2,859 training and 340 test samples,
and Product Placement (PP), a 4-class classifica-
tion task with 1,418 training and 203 test samples.
We compare against: Basegsy, the single shared
LoRA before expansion; Basesy +Replay, the same
adapter extended to new tasks with varying replay
ratios (0%, 1%, 100%) of previous task data; and
Baseyrr, independent task-specific LoORA adapters
requiring no retraining on old tasks. Evaluation
uses classification accuracy for binary tasks (AE,
DD, PM), exact match for EX, and multi-class ac-
curacy for PT and PP. Table 4 presents relative
gains over the zero-shot baseline. Basegy, performs
well on existing tasks (DD: +10.8, EX: +16.8) but



Table 3: A challenging example from EMDIV dataset to compare visual reasoning and information extraction

capabilities.

Product Matching

User: Product Description: Greenbrrew Disinfectant Wet Wipes (Lemon) - 10 Single Sachets (Pack
Of 2). Does the product description match with the image?

Groundtruth: The product in the image is Greenbrrew Disinfectant Wet Wipes (Lemon) - 10 Single
Sachets. The product description is for the same product but in a pack of 2. The pack size cannot be
determined from the image.

ClaudeV4: The product description accurately reflects what is shown in the image and matches
the text from the packaging. All key details are consistent.

Qwen2.5VL: Yes, the product description matches with the image. The image shows a box
containing disinfecting wet wipes with lemon fragrance in a pack of 10 single sachets.

MTIVE yrr: The image shows Greenbrrew Disinfectant Wet Wipes (Lemon) - 10 Single Sachets
while the product description is for Pack Of 2. The quantity cannot be identified from the image.

Table 4: Continual Task Learning: Classification accu-
racy (relative to zero-shot Claude-4.5 Sonnet).

Existing New

Config. AE DD PM EX PT PP

Basegy, +7.2  +108  +7.1 +16.8  -10.1 -14.5
Baseg +Rep.(0%) -4.3 -10.2 215 9.2 +2.3 +3.7
Basesy +Rep.(1%) +3.3 +2.1 +5.4 +8.7 +2.2 +3.5
Basesy +Rep.(100%) +6.4 +10.2 +6.5 +16.3 +2.5 +4.4
BaseymTL +5.1 +4.2 +3.7 +10.5 +3.5 +5.4
MTIVEpTL +9.2 +12.4 +8.3 +18.1 +5.2 +11.4

degrades on new tasks (PT: -10.1, PP: -14.5). Ex-
tending it without replay causes catastrophic forget-
ting (DD: -10.2, EX: -9.2), while increasing replay
from 1% to 100% progressively recovers existing
task performance but yields only marginal new task
gains (PP: +4.4 at best) with full retraining cost.
Baseyr; avoids forgetting but lacks shared repre-
sentations, limiting gains across both existing and
new tasks. MTIVEy; achieves the highest gains
on all tasks (AE: +49.2, DD: +12.4, EX: +18.1, PP:
+11.4), demonstrating that our multi-stage design
preserves prior knowledge while enabling strong
adaptation to novel tasks without replay buffers.
See detailed operational analysis in Appendix D.

5 Industry Impact of MTIVE

Manual investigations of multimodal customer
queries, such as verifying transit damage, prod-
uct mismatches, and quantity assurance remain
labor-intensive and unsustainable at modern com-
merce velocity. MTIVE addresses this by support-
ing incremental task expansion without disrupting
existing capabilities, enabling the gradual automa-
tion of diverse investigations while preserving prior
task performance. A four-week shadow-mode de-

ployment in a co-pilot setting across four opera-
tional tasks (damage detection, product matching,
attribute extraction, and expired product detection)
demonstrated significant improvement in investi-
gation efficiency and greater decision consistency.
These findings show that MTIVE streamlines multi-
modal investigations, leading to substantial opera-
tional savings. The framework serves as a scalable
layer that enhances human decision-making while
ensuring consistent performance during incremen-
tal task expansion.

6 Conclusion

We present MTIVE, a comprehensive framework
for adapting VLMs to multi-task e-commerce
scenarios through three-stage curriculum learn-
ing: task-agnostic pre-training, instruction fine-
tuning with synthetic data, and multi-task post-
training with task-specific LoRA experts. Our dy-
namic multi-LoRA serving architecture enables
efficient batched inference with hot-swappable ex-
perts, achieving state-of-the-art performance. Re-
sults validate each component and demonstrate con-
tinual learning with minimal catastrophic forget-
ting, enabling adaptation to new business needs.
Experimental results validate the framework’s con-
tinual learning capability, successfully acquiring
new tasks with minimal catastrophic forgetting,
making it particularly suitable for production envi-
ronments requiring continuous adaptation to evolv-
ing business needs.
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A Pre-training Dialogue Templates

Table 5 summarizes all ten dialogue templates used
during pre-training, sampled with equal probability.

Type Input — Output

Generative Catalog + Desc. + Feedback imgs — Feedback text
Generative Catalog imgs — Desc., Feedback imgs — Text
Generative Catalog imgs — Product description

Generative Catalog + Feedback imgs — Feedback text
Generative Feedback imgs — Feedback text

Generative Shuffled imgs — Product description

Contrastive  Catalog + Hard neg. catalog — Yes/No

Contrastive
Contrastive
Contrastive

Catalog + Hard neg. feedback — Yes/No
Catalog + Matching feedback — Yes/No
Hard neg. feedback + catalog — Yes/No

Table 5: Pre-training dialogue templates. First six are
generative; last four are contrastive with TF-IDF hard
negatives.

B Instruction Data Generation Prompt

Table 6 shows the prompt template used for gener-
ating visual instruction-following data.

C EMDIV dataset

Table 7 summarizes the EMDIV statistics across
four tasks: attribute extraction (AE) from cus-
tomer images, damage detection (DD) for product
damage identification, product matching (PM) for
image-product verification, and expiry detection
(EX) for manufacturing and expiry date recogni-
tion.

D Operational Analysis

We analyze MTIVE’s operational characteristics
across three dimensions: system-level scalability,
inference latency, and deployment considerations.

System Comparison. Table § compares MTIVE
against baseline configurations across key deploy-
ment properties. MTIVEytr, uniquely combines
incremental task integration with architectural
modularity while maintaining low task interfer-
ence, without requiring data re-balancing or re-
play buffers. Monolithic configurations (Baseg; ,
Basegp +Replay) necessitate retraining shared pa-
rameters for every new task, incurring high interfer-
ence risk and data management overhead. Baseytp
offers modularity but lacks shared representations,
limiting cross-task transfer.

Scalability and Training Cost. MTIVEyL sup-
ports incremental task addition while keeping pre-
viously deployed weights frozen, eliminating catas-
trophic forgetting risk and replay overhead. While

Prompt template for visual instruction generation

TASK: Generate visual QA pairs for e-commerce
product images.

INPUT:
- Image: Product photo (catalog/customer-submitted)
- Text: Customer feedback or product metadata

REQUIREMENTS:

- Create visually-grounded question-answer pairs

- Cover: product type, quantity, attributes,
condition, packaging, spatial relations

+ Acknowledge uncertainty when information is
insufficient

- Use appropriate formats: lists, JSON,
short/detailed text

(....additional requirements omitted)

Customer Context:
<context_1>{CONTEXT_1}</context_1>

Product Metadata:
<context_2>{CONTEXT_2}</context_2>

Examples:

<examples>

</examples>

Assistant:
. J
Table 6: Prompt template for generating visual

instruction-following data

Task Variant Train Test
AE Gen. 3,782 1,000
AE Aug. 7,168 1,911
DD Gen. 30,325 1,000
DD Aug. 118,191 3,905
DD Bin. 30,325 1,000
PM Gen. 9,000 1,000
PM Aug. 34,257 3,831
PM Bin. 9,000 1,000
EX Gen. 23,581 1,292
EX Aug. 45,389 2,525

Total 350,587 21,434

Table 7: EMDIV dataset statistics across tasks and vari-
ants.

retraining Basegy, on all tasks (350k samples) re-
quires ~120 hours on a G5.48xlarge instance,
adding a new task to MTIVEy, scales only with
the novel data volume, typically requiring 224
hours. Architectural decoupling further enables
live module addition without full service redeploy-
ment.

Inference Latency. Table 9 reports average in-
ference latency per request across configurations
using 100k samples across five tasks. Adapter-
based methods were evaluated on a local A10G
(G5.48xlarge) instance using vVLLM (batch size=1);
the zero-shot baseline reflects end-to-end AWS
Bedrock response time including network over-



Table 8: System-level comparison across deployment
dimensions. v/ = supported; X = not supported.

Property Zero-shot Baseyr;, Bases;,  +Replay MTIVEyry,

1) Incremental Task Integration v v X X v
2) Susceptibility to Interference Low Low High High Low
3) Requires Data Re-balancing X X v v X
4) Relative Inference Latency High Low Very Low Low Low
5) Architectural Modularity X v X X 4

Table 9: Inference latency (ms) across configurations.

Config. Env. P50 P99
Claude4.5-Sonnet Bedrock 245 410

BaseMTL A10G 112 138
Bases:. A10G 98 122
Basesi.+Replay A10G 101 125
MTIVEpTL A10G 115 141

head. MTIVEy T maintains latency comparable to
Baseytr, (P50: 115ms vs. 112ms), with the shared
hierarchy incurring only modest overhead. Basegy,
achieves lower raw latency (P50: 98ms) but at the
cost of modularity and retraining requirements.

Memory Footprint and Scaling Limits. De-
ploying an 8B-parameter MTIVE model (FP16)
on an A10G GPU requires ~17GB of the 24GB
available, with KV cache reserving 1-2GB at 1
TPS, leaving ~5GB headroom. The shared adapter
(DoRA, r=16, targeting attention blocks) occupies
~27MB, while each task-specific adapter (r=4, tar-
geting MLP and output layers) requires ~18MB.
An initial 4-task deployment (=99MB) scales to
~135MB with two additional tasks. Although this
remains small relative to available headroom, ac-
counting for allocator fragmentation, CUDA graph
capture, and asynchronous loading buffers, we re-
strict the active adapter pool to a 1.5-2GB managed
buffer, supporting ~50 task-specific adapters per
GPU before tail-latency instability becomes a con-
cern. Beyond this threshold, less frequent adapters
can be offloaded to CPU memory and swapped on-
demand with a minor first-access latency penalty.

E Qualitative Results

Table 10 illustrates the qualitative performance of
models using task-specific instructions to study
their generative capability. General-domain VLMs
exhibit limited zero-shot capabilities for domain-
specific use cases. Their sub-optimal performance
can be attributed to: a) limited effectiveness on
in-the-wild images with partially visible regions,
occlusions & poor-quality, and b) limited general-
ization to out-of-domain and complex visual rea-

soning tasks. MTIVE bridges this domain gap,
showing promising visual recognition and reason-
ing capabilities for the e-commerce domain.

F LLM Judge Prompt Templates

To evaluate the models on the generative-
benchmark, we use Claude Sonnet 4.5 as the LLM
judge. The prompts we provide to the judge to
evaluate the relevancy and accuracy is shown in
Table 12. Similarly, the prompts to determine hal-
lucination is shown in Table 11.

G Ethics Statement

This research utilizes e-commerce datasets derived
from customer refund and return claims, as well as
internal product catalogs, all obtained with requi-
site consent. To ensure privacy and prevent misuse,
all data underwent a rigorous de-identification pro-
cess to redact personally identifiable information
(PII). Wherever human annotations were used , an-
notators were recruited and compensated in strict
accordance with industry wage standards.The oper-
ational impact of the MTIVE framework was evalu-
ated via a "shadow-mode" deployment. During this
phase, the model operated in a "co-pilot" capacity,
where all decisions were vetted by domain experts
to mitigate risk and ensure high-fidelity outcomes.
This study was conducted with full objectivity and
adheres to the ACL Code of Ethics and the profes-
sional conduct guidelines for Al research



Table 10: Challenging examples from EMDIV dataset to compare visual reasoning and information extraction

capabilities.

Product Matching
User: Product Description: Greenbrrew Disinfectant Wet Wipes (Lemon) - 10 Single Sachets (Pack
Of 2). Does the product description match with the image?
Groundtruth: The product in the image is Greenbrrew Disinfectant Wet Wipes (Lemon) - 10 Single
Sachets. The product description is for the same product but in a pack of 2. The pack size cannot be
determined from the image.
ClaudeV4: The product description accurately reflects what is shown in the image and matches
the text from the packaging. All key details are consistent.

Qwen2.5VL: Yes, the product description matches with the image. The image shows a box
containing disinfecting wet wipes with lemon fragrance in a pack of 10 single sachets.

MTIVEyr.: The image shows Greenbrrew Disinfectant Wet Wipes (Lemon) - 10 Single Sachets
while the product description is for Pack Of 2. The quantity cannot be identified from the image.

Damage Detection
User: What’s the product present in the picture and is it damaged?
Groundtruth: The image shows a face steamer. It is in good condition.

ClaudeV4: This appears to be a pink silicone bowl or container, likely a collapsible/foldable
storage bowl. This product should not be used in its current condition, as the damage could affect

its functionality.

Qwen2.5VL: The product appears to be a menstrual cup. The image shows a pink menstrual cup
placed inside a larger pink container. There doesn’t seem to be any visible damage.

MTIVEyr1: The image shows a pink colored facial steamer. The product is in good condition.

User: Please use the image to extract product information in the following JSON format (note xxx
is placeholder, if the provided information is insufficient, put *"Unanswerable’ instead). Format:
{’ExpiryDate’: *xxx’, ’ManufacturingDate’: *xxx’, "TimeValid’: *xxx’}
Groundtruth: "{’ExpiryDate’: *11NOV.22’, "ManufacturingDate’: *14AUG.22’, *TimeValid’:
’Unanswerable’ }"
ClaudeV4: {"ExpiryDate": "Unanswerable","ManufacturingDate": "14AUG22","TimeValid":
"Unanswerable" }
Qwen2.5VL: {"ExpiryDate": "INOV:22","ManufacturingDate": "14AUG:22","TimeValid":
"25B.M2 (04:33"}
MTIVEyrr: "{’ExpiryDate’: *11NOV.22’, *ManufacturingDate’: *14AUG.22’, *TimeValid’:
’Unanswerable’ }"




Prompt template to measure hallucination

User: You are an expert annotator tasked with identifying
hallucinations in the responses of a model following
the guidelines. You will analyze the responses segment
by segment and classify them based on their factual
accuracy and visual verifiability.
INPUT:
Image: {image}
Question regarding the images: {question}
Ground truth for the question: {answer}
The prediction from a model for the question: {model_output}
TASK:
Analyze the given response by breaking it into semantic
segments and classify each segment into one of three
categories:
1. ACCURATE: Factual statements directly verifiable
from the image
2. ANALYSIS: Reasonable interpretations or subjective
observations
3. INACCURATE: Claims contradicting the image or about
non-visible elements
ANNOTATION GUIDELINES:
- ACCURATE segments must:
* Describe visually present elements
* State correct attributes (color, size, number,
position)
* Make verifiable factual claims
* Describe visible spatial relationships
* State obvious visible actions/states
- ANALYSIS segments include:
* Reasonable interpretations
* Style/mood/atmosphere observations
* Plausible contextual assumptions
* Subjective assessments
* General categorizations
- INACCURATE segments contain:
Claims about non-visible elements
Wrong attributes or relationships
Imagined actions/states
Unverifiable temporal claims
* Speculations about hidden aspects

* Ok X %

PROCESS:
1. Split the description into coherent semantic
segments

2. For each segment:
- Identify the specific claims made
- Verify against the image
- Apply appropriate label
- Provide brief justification
- Give a confidence score in the range of [1-10],
reflecting certainty in annotation based on visual
evidence
3. Calculate segment statistics
4. Format output as specified JSON
REQUIRED OUTPUT FORMAT:
(output format omitted...)
Assistant:

Table 11: Prompt template to measure hallucination in
model outputs with an LLM-Judge.

Prompt template to measure accuracy and rele-

vancy

User: Given a customer image, question, ground-truth answer,
and model prediction, your task is to evaluate the quality
of the model's predicted answer

INPUT:

Image: {image}

Question regarding the images: {question}

Ground truth for the question: {answer}

The prediction from a model for the question:

{model_output}

TASK:

As a smart teacher, after examining the image and the

ground truth, please score the given prediction on a

scale of [1, 10] based on these criteria:

1. RELEVANCY: Assess whether the response directly
follows the instruction. If the model doesn't address
all parts of the question, reduce its relevancy score.
Enclose your relevancy score in <rel></rel> tags.

2. ACCURACY: Evaluate whether the response is accurate
with respect to the image content. Enclose your accuracy
score in <acc></acc> tags.

ANNOTATION GUIDELINES:

1. Provide reasoning for your ratings. Enclose your
justification in <jus></jus> tags.

2. When evaluating the prediction, prioritize what is
actually visible in the image. Note that the ground truth
may not capture all attributes present in the image.

3. RESPOND ONLY WITH JSON, do not add anything else in
prefix or sufix to your response.

REQUIRED OUTPUT FORMAT:

(output format omitted...)

Assistant:

Table 12: Prompt template to measure accuracy and
relevancy in model outputs with an LLM-Judge.
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