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Abstract. Magnetic resonance imaging (MRI) is the primary non-invasive
modality for diagnosing internal knee derangement, but manual reading of multi-
planar examinations is time-consuming and subject to inter-observer variability,
particularly for anterior cruciate ligament (ACL) and meniscus tears. Most deep
learning approaches train a separate single-task model for each pathology, which
limits the use of shared anatomical representations and complicates deployment.
This study develops and evaluates a unified multi-task, multi-view framework
that classifies three knee pathologies from multi-plane MRI in a single forward
pass. Using the public part of the MRNet dataset (1,250 examinations with
axial, coronal and sagittal series), we designed Multi-View Multi-Task MRNet
(MVMT-MRNet), in which one ResNet50 backbone shared by all planes encodes
each plane, slice features are max-pooled, and a late-fusion module feeds three
classification heads. The 120 public validation examinations served as the held-out
test set. Training used augmentation, class-weighted binary cross-entropy, mixed
precision and gradient accumulation over eight examinations with a learning
rate of 81075, selected on validation data. On the test set the multi-task model
reached AUCs of 0.844 (95% CI 0.752-0.922) for abnormality, 0.914 (0.857—
0.959) for ACL tear and 0.664 (0.567—0.757) for meniscus tear, a mean of 0.807
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(0.749-0.860). Three single-task models of identical architecture reached a mean
AUC of 0.853 (0.802—0.897); the paired difference of —0.046 (—0.115 to +0.015)
includes zero, but the multi-task model was significantly worse for meniscus tear
(—0.126, —0.231 to —0.020). Averaging gradients over eight examinations helped
only when the learning rate was scaled accordingly. A single shared model (25.3
M parameters instead of 75.8 M, one forward pass instead of three), trainable
on one consumer GPU, thus matches three single-task models on mean AUC,
but parameter sharing redistributes accuracy across tasks rather than adding it.
External validation is required before clinical use. Code: https://github.com/
Amanekkkk/MRNet multihead.

Keywords: knee MRI, multi-task learning, ResNet50, pathology classification,
AUC, MRNet
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AHHOTaUsA. MarHuTTiK-pe3oHaHcThIK ToMorpadust (MPT) Tize OybIHBIHBIH
IKi  3aKbIMJIaHyJIapbIH JIMArHOCTHKANAYIbIH HETi3ri WHBA3WBTI €Mec ojici
Oonbin  TaObUIAABI. ANaiifia Kem MPOSKIUSUIbI KECKIHIACPAl KOJMEH Tajjiay
KO YaKbITTBI KAXKET eTell KOHE ocipece albIHFbI alKacmasibl OalTaMHBIH
(AAB) »oHe MEHHUCKIHIH JKBIPTBUIYBIH aHBIKTAyJla MaMaHIap apachlHIaFrbl
Oaranay ailbIpMalIbUIBIKTAphIHA OKeNyl MyMKiH. TepeH OKBITyFa HeTi3fenreH
KOITEreH Tocuiaep opOip MaToJOTHs VIIH KeKe MOAENbIi KOJJaHalbl, Oyl
OpTaK aHATOMHSUIBIK OeNrijepl MmaligamaHyasl IWIeKTeI, S>KYHEeHI eHrizymi
KypHeneHaipeai. 3epTTeyaiH MakcaTbl — Ti3e OYBIHBIHBIH YII IaTOJOTHSICHIH
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ken npoekimsibel MPT nepexrepi OoitbiHIa Oip eTyae Oip Me3rinjie KIKTeUTiH
OipbIHFall KON TarchpMaJjbl, KO MPOCKIUSIIBI MOJCIIb/II 93ipiiey koHe Oaraiay.
MRNet nepeKTep JKUBIHTBIFBIHBIH alllbIK Oeumirineri 1 250 3epTTey, COHbIH iMIiHIe
AKCHAIB/Ibl, KOPOHAIBJBI JKOHE CArUTTaNbIbl MPOCKIUsUIAp MaiiiaTaHbUIIbL.
Multi-View Multi-Task MRNet (MVMT-MRNet) apxutekTypachiHma OapIibIk
npoeknusiiapra oprak 6ip ResNet50 6a3aibIk jkemici op MPOEeKITUSHBI KOATANHIbI,
KeCIHIINep/IiH Oenrinepi MaKCUMAI bl MJIUHT apKbLIbl OipiKTipiie/i, an KeHiHri
OipikTipy MOAayJi aJblHFaH KepiHicTepli yu Kikrey OachiHa jxiGepemi. AIIBIK
BaJMJIAIMSIIBIK KHUBIHTBIKTaFbl 120 3epTTey Toyenci3 TecT >KUBIHTHIFBI PETiHC
naiinananpuiabl. OKBITY JepeKTeplli ayrMEHTAIVsUIAy/bl, CHIHBINTAP OOMBIHINIA
OIIIIIEHTeH OWHAPIIBIK KPOCC-dHTPOIMSIHBI, apajiac AANIIIKTI KOHE CETi3 3epTTey
OOWBIHINIA TPAIUEHTTEP] KUHAKTAYIBI KAMTHIIbI; OKBITY JKBUIAAMIBIFEI § X 107°
neHredinge oenrineHzi. TecT KUBIHTBIFBIHAA KOT TalChIPMAaIIbl MOIEIb JKaJIIIbI
natonorust yumin AUC 0,844 (95% CA: 0,752—0,922), anapiHFbl afikacnaibl
OatimaMHbIH KbIpTHUTYHI YIiH 0,914 (0,857-0,959), an MEHHCK JKBIPTBHUTYBI YILITH
0,664 (0,567-0,757) notmxkecin kepcerti. Oprama AUC 0,807 (0,749-0,860)
O0onapl. ApXuUTEKTypachl Oipaei ym Oip TamchipManbl MoaenbaiH oprama AUC
kepcerkimi 0,853 (0,802-0,897) xypaasl. XKynTelk ablibipmambsuiblk —0,046
(—0,115...40,015) HOMMI KaMTBIBI, aNaiia MEHUCK KBIPTHUTYBIH aHBIKTAay/Ia KOl
TaIChIpMaJibl MOJICIb CTATUCTUKAJIBIK TYPFBIIAH aWTapibIKTall TOMEH HOTHKE
kepcerti (—0,126; —0,231...—0,020). Ceri3 3eprrey OOHBIHIIA TpPaJUCHTTEPII
opTamanay OKbITY KbUIJAMJIBIFBI COHKeciHIe MaciTaOTanraH >karjaiia raHa
triMai 6onael. Ockuraiima, 75,8 MIH mapaMeTpAiH OpHBIHA 25,3 MITH apaMmeTpi
Oap JkoHe YII OTy[iH OpHBIHA Oip OTymi OPBIHAANTHIH OpTAaK MOJENbII Oip
TyTIHybUBIK GPU-1a oxbiTyra Gonangsl. Oprama AUC kepceTkimi OoibIHIIA
OJ1 ylI Oip TarchlpMalibl MOJICIBMEH CaNBICTHIPMAIbl HOTHIKE KOPCETE/I, anaiiaa
napaMeTpiepAl OpTaK MaijaiaHy IoNIIKTI apTThIpMaid, OHBI TalcChIpMalap
apacelHIa Kaita Oesemi. KnMHHMKanbIK KoJJJaHyFa ACWiH CBHIPTKBI BalWaaIus
JKYPTizy KaKerT.

Tyiiin ce3nep: Tize MPT; ken Taniceipmaitbl okpITY; ResNetS0; maTonorusitapabt
xikrey; AUC; MRNet
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AHHOTauUsA. Axmyanvrnocms. MarauTHO-pe3oHaHCcHast ToMmorpadus (MPT)
SIBIIIETCS OCHOBHBIM HEWHBA3MBHBIM METOAOM JHATHOCTHKU BHYTPEHHUX
MOBPEXICHUH KOJICHHOTO CYCTaBa, OJHAKO PyYHOH aHaJIM3 MHOTONPOEKIIMOHHBIX
n3o00pakeHnii TpeOyeT 3HAYMTEIbHBIX BPEMEHHBIX 3aTpaT M XapaKTepusyercs
BapnabeIbHOCTHIO OIEHOK CIEeNHMAIUCTOB, OCOOEHHO TIPH JUArHOCTHKE
pa3peIBOB nepenHeit kpectoodpasznoit cBsa3ku ([IKC) u menucka. BoasmuHCTBO
CYIIECTBYIOIINX TIOAXOAOB HCIIONB3YIOT OTIEIbHYI0 MOAENh JUIS KaxkIoi
MaTOJIOTHH, 9TO OTPAaHMYMBAET HCIIOJIb30BaHNE OOIINX aHATOMUYECKUX TPU3HAKOB.
L]ens. PazpaboraTh W OLEHHUTH €IMHYI0O MHOT033Ja4HyI0 MHOTOMPOCKIMOHHYIO
MOJIeNIb TITyOOKOro OOydeHUs, CIOCOOHYIO0 KJIACCH(HUIMPOBATH TPH MATOJIOTHU
KOJIEHHOTO cycTaBa mo jnaHHeIM MPT 3a onun mpoxon. Memoow:. Ha ocHoBe
obmenocTymuoit wactm Habopa gaHHbeix MRNet, Brmrouatomerr 1 250
HCCIIEIOBAaHUN B aKCUAJIbHOM, KOPOHAJbHOW M CAruTTIBHOW MPOEKIHUAX,
paspaborana apxurekrypa Multi-View Multi-Task MRNet (MVMT-MRNet).
OOmwmii U1t Bcex Tpex Npoekiuii 0a30Bbid Moy ResNet50 kogupyeT Kaxyro
MPOEKIINI0, MPU3HAKK CPEe30B arperupyrorcs MOCPEACTBOM MaKCHMaIbHOIO
ITyJMHTa, & MOYJIb TIO3/THETO CIIMSHUS IEPEIaeT MOJTydeHHOE MPEACTABIEHUE TPEM
KJIacCU(UKAIMMOHHBIM TojloBKaM. OOIIe0CTymHas BaluaallioHHas BRIOOpKa W3
120 nccaemoBaHM NCMIONB30BANTACh B KauecTBe TecTOBOH. OOydeHNe BKIIFOYAIO
AyrMEHTAIMIO JIaHHBIX, B3BEIICHHYIO 10 KJaccaM OWHApHYI0 KPOCC-IHTPOITHIO,
CMEIIaHHYI0 TOYHOCTh M HAKOTICHUE TPAJIUCHTOB IT0 BOCHMH UCCIICAOBAHUSM ITPU
ckopocT oOydeHust 8 x 107°. Mozens cpaBHUBaNach ¢ TPeMs OIHO3aJauHBIMHU
MOJIEISIMH  MJIEHTUYHOM apXUTEKTypbl. Pesyrvmamei. Ha TecToBOil BBIOOpKE
MHOTO3amaqHast monenb pocturia AUC 0,844 (95% HAM: 0,752-0,922) npm
BBIsIBIICHNH oOmei maronmorun, 0,914 (0,857-0,959) npu paspeiee [IKC u 0,664
(0,567-0,757) npu pa3psiBe Mmenucka; cpeaqauii AUC cocraBun 0,807 (0,749—
0,860). Omuo3zamaunbie Mojenu mpoaeMoHcTpupoBam cpennuii AUC 0,853
(0,802—-0,897). Ilapnas pasmocts —0,046 (—0,115...+0,015) Bkmrowana HOIb,
OJTHAKO TIPHU BBHISBICHMM pa3pblBa MEHHCKAa MHOIO3aJlauHas MOJENb IOoKazaja
CTAaTUCTUYCCKH 3HAUYUMO Oosiee Hm3Kkui pesynsrar (—0,126; —0,231...—0,020).
Ilpakmuueckas 3nauumocmo. Equnas Moaenb coAepXuT 25,3 MIH mapaMeTpoB
BMecTO 75,8 MIIH W BBINIOJHAET OJUH MPOXOA BMecTo Tpex. OHa MOXeT OBITh
oOyueHa Ha omHOoM mnorpedutensckoM GPU u 1eMOHCTpUpYeT COmoCTaBUMBIN
¢ TpeMs onHo3anadyHbIMu Mojensimu cpeanuii AUC. Bmecre ¢ TeM coBMecTHOE
WCTIOJIb30BaHUE TTApaMETPOB MepepacipeesieT TOYHOCTh MEX1y 3aJjadyaMu, a He
oOecrednBaeT ee paBHOMEpHOE NOBbITIeHNE. [lepes KITMHNYeCcKnM TpUMEHEHUEM
HeoOXouMa BHETITHSIST BaJIUIalls.

KaioueBnie cinoBa: MPT xoneHHOro cycraBa; MHOTro3aJlladHoe OOydeHHE;
ResNet50; knmaccudukamus naronoruii; AUC; MRNet
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Introduction. Knee injuries are among the most common musculoskeletal
complaints in orthopaedic and sports-medicine practice, and magnetic resonance
imaging (MRI) is the reference standard for their non-invasive evaluation. A knee
MRI examination is read across three orthogonal planes — axial, coronal and
sagittal — each contributing complementary information about ligamentous,
meniscal and osseous structures. Manual interpretation is time-consuming,
requires subspecialty expertise and shows inter-observer variability, particularly
for subtle anterior cruciate ligament (ACL) and meniscus pathology. This motivates
automated tools that could triage studies, flag likely abnormalities or support less
experienced readers in resource-limited settings.

Deep learning on volumetric MRI differs from standard 2D classification:
examinations contain variable numbers of slices across several planes, and
pathological signal is often confined to a few slices of an otherwise normal volume.
Conditions also co-occur — for example, a meniscus tear alongside a general
abnormality finding — which motivates a multi-task formulation that predicts
several pathologies in one forward pass instead of deploying independent single-
purpose models. A recent systematic review of 54 knee MRI deep-learning studies
found that most models address a single pathology, most often ACL or meniscal
tears, and that 82% of the studies reporting validation relied on internal validation
only (Mead et al., 2025).

The MRNet dataset (Bien et al., 2018) comprises 1,370 knee MRI examinations
from Stanford University Medical Center (1,130 training and 120 validation
examinations are public), each labelled for general abnormality, ACL tear and
meniscus tear. The original work and much of the subsequent literature combine
separate single-task, single-view models through a logistic regression ensemble. A
single multi-label model processing all three planes has been evaluated on MRNet,
but it was trained from scratch and performed clearly below per-task ensembles
(Azcona et al., 2020). Here we pursue a unified multi-task, multi-view architecture
that shares one ImageNet-pretrained backbone across all three planes and all three
tasks. Our hypothesis is that anatomically related pathologies share enough low-
and mid-level visual structure for a shared representation to reduce the parameter
count to about one third of that of three single-task models of the same architecture
(25.3 M versus 75.8 M) while achieving comparable diagnostic performance. We
test this against three single-task models trained under an identical protocol and
evaluated once on a held-out test set.

Literature Review. Early automated MRI analysis relied on hand-crafted
features such as texture descriptors and shape priors combined with classifiers
such as support vector machines; these pipelines required extensive feature
engineering and generalised poorly across scanners and protocols. Convolutional
neural networks (CNNs) replaced them by learning representations directly
from pixel data. Bien et al. (2018) introduced the MRNet dataset and model, in
which an ImageNet-pretrained AlexNet extracts features from each 2D slice, the
features are max-pooled across slices, and separate per-plane, per-task networks
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are combined by logistic regression; this achieved AUCs of 0.937 (abnormality),
0.965 (ACL tear) and 0.847 (meniscus tear) on a held-out set of 120 examinations
that now forms the hidden MRNet test set. This slice-wise, max-pooled design
became the standard baseline for volumetric MRI with variable slice counts and
directly informs the per-view encoder used here.

Subsequent work improved on this baseline in several directions. Tsai et al.
(2020) proposed ELNet, a lightweight CNN trained from scratch with multi-slice
normalisation and anti-aliased BlurPool down-sampling; using a single plane per
task, it reached AUCs of 0.960 (ACL), 0.941 (abnormality) and 0.904 (meniscus)
on the public MRNet validation set with fewer than 0.25 M parameters. Other
work added attention within slices (Belton et al., 2021), across slices, channels
and spatial positions (Wang et al., 2024), or across planes and sequences in a
multi-task model for twelve knee abnormalities (Qiu et al., 2024). On MRNet,
pyramidal feature details improved ACL and meniscus tear detection (Dunnhofer
et al., 2021), and a comparative study identified transfer learning and tuned data
augmentation as the crucial factors for per-task performance (Azcona et al., 2020).
Fully volumetric 3D CNNs have graded cartilage, bone marrow, meniscal and ACL
lesions (Astuto et al., 2021) and detected meniscal tears (Rizk et al., 2021; Tack et
al., 2021), although 2D and 3D CNNs performed similarly for ACL injury staging
(Namiri et al., 2020). Single-pathology CNNs also remain the norm in clinical
validation: Tran et al. (2022) reported multi-continental external validation of an
ACL tear detector trained on 19,765 examinations.

Multi-task learning (Caruana, 1997) trains a shared representation across
related tasks and often generalises better than independent models, particularly
when labelled data is scarce relative to model capacity, as it is for MRNet. In knee
MRI, Tack et al. (2021) trained a single 3D CNN that detects meniscal tears in six
anatomical sub-regions while regressing a meniscal bounding box; the auxiliary
localisation task raised sub-region AUCs (e.g., from 0.87 to 0.94 for the medial
anterior horn). Rizk et al. (2021) trained 3D CNNs for meniscal tear detection on
more than 8,000 examinations; applied without retraining to the external MRNet
cohort, tear detection reached an AUC of 0.83 (0.89 after fine-tuning), underscoring
the effect of domain shift. On MRNet, Azcona et al. (2020) trained a single multi-
plane, multi-label ResNet18 from scratch that reached a mean validation AUC of
0.83, against 0.93 for their best ensemble of ImageNet-pretrained per-task models.
The common rationale is that related labels are driven by overlapping anatomical
evidence, so a shared encoder can learn once what separate models would learn
redundantly. Our three target pathologies share anatomy, frequently co-occur and
are assessed from the same three planes.

Transfer learning from ImageNet (Russakovsky et al.,, 2015) is standard
practice in medical imaging, given the cost of expert annotation. ResNet (He et
al., 2016) uses identity skip connections to ease the optimisation of very deep
networks, and its variants are widely used as general-purpose feature extractors.
ResNet50, with about 25 million parameters, balances capacity and computational
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cost and transfers well to medical imaging despite the domain shift to grayscale
radiological images. Vision Transformers can match or exceed CNNs on some
medical tasks but usually require larger training sets or extensive pretraining
(Azad et al., 2024), which, given the modest size of MRNet, favours an ImageNet-
pretrained ResNet50 as the shared per-view backbone of MVMT-MRNet.

Materials and Methods. The MRNet dataset (Bien et al., 2018) comprises
1,370 knee MRI examinations from Stanford University Medical Center, of which
1,130 training and 120 validation examinations are public; the remaining 120 form
a hidden test set that was not used in this study. Every examination includes axial,
coronal and sagittal series, stored as 8-bit arrays of shape (S, 256, 256), where the
slice count S varies from 17 to 61. Each case carries three binary labels: (i) any
abnormality, (ii) ACL tear and (iii) meniscus tear. Label statistics are summarised
in Table 1.

Table 1 — Positive examinations per label in the MRNet public training split and in the
training, validation and test subsets used in this study

Pathology | Public training split (N | Training subset | Validation subset Test set: public
=1,130) (n=960) (n=170) validation (n = 120)
Abnormality 913 (80.8%) 776 (80.8%) 137 (80.6%) 95 (79.2%)
ACL tear 208 (18.4%) 177 (18.4%) 31 (18.2%) 54 (45.0%)
Meniscus tear 397 (35.1%) 337 (35.1%) 60 (35.3%) 52 (43.3%)

The three labels are treated as separate binary outputs because they are not
mutually exclusive: one examination is frequently positive for more than one
condition. A multi-label, multi-head formulation lets a single shared encoder be
trained under one combined objective.

The 1,130 public training examinations are split into a training subset (960,
85%) and a validation subset (170, 15%) by stratification on the joint combination
of the three labels (seed 42). The validation subset is used only for early stopping,
checkpoint selection and the choice of decision thresholds. The 120 public MRNet
validation examinations are never used for training or model selection; they serve
as the held-out test set and are evaluated once with the selected checkpoint.
Because this set is the benchmark of most follow-up work (e.g., Tsai et al., 2020;
Azcona et al., 2020; Dunnhofer et al., 2021), our results are comparable with those
studies, but not directly with Bien et al. (2018), whose AUCs were obtained on the
hidden test set.
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Normal (exam 0011) ACL tear (exam 0046) Meniscal tear (exam 0005)
abnormal=0, ACL=0, meniscus=0 abnormal=1, ACL=1, meniscus=0 abnormal=1, ACL=0, meniscus=1
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Figure 1 — Representative MRI slices from the MRNet training split. Columns: a normal knee
(exam 0011), an ACL tear (exam 0046) and a meniscus tear (exam 0005); rows: axial, coronal and
sagittal planes. Each panel shows the slice with the highest intensity variance within the central
half of the volume, with its index.

Each volume is min-max scaled to [0, 1], replicated across three channels and
normalised with the ImageNet channel statistics; the native 256 x 256 resolution is
retained. During training, each volume is augmented with random rotation (£10°),
translation (£5%), scaling (0.95-1.05), contrast change (0.9—1.1 about the volume
mean) and brightness offset (£0.1, clamped to [0, 1]), sampled once per volume
and applied identically to all its slices. A horizontal flip (probability 0.5), decided
once per examination, is applied to the axial and coronal series, whose horizontal
axis is left-right; sagittal series are not flipped, because this would swap anterior
and posterior. Validation and test volumes are not augmented.

Our model, Multi-View Multi-Task MRNet (MVMT-MRNet), consists of
one backbone shared by all three planes, three plane-specific projection layers, a
shared fusion module and three task-specific classification heads (Figure 2). Given
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a volume of shape (Sx3x256x256), the ImageNet-pretrained ResNet50 (final
fully connected layer removed, global average pooling retained) is applied to each
slice, yielding 2048-dimensional features. A plane-specific linear layer with ReLU
projects them to 256 dimensions, letting the model re-weight the shared features
for each plane at about 0.5 M parameters per plane, and max-pooling over slices
gives one 256-dimensional vector per view regardless of S.

ONE shared ResNet50
(ImageNet weights; same weights for all planes)
—

—_— —_—

Axial iz Slices Linear 2048-256
N
S x 256 x 256 ReLU - axial proj.
coronal | | oo | slices Linear 2048256 Max-pool Concat
N
S x 256 x 256 ReLU - coronal proj. over slices - 256 768

Max-pool

over slices - 256

Abnormality
Linear 2561 = logit
ACL tear
Linear 2561 = logit
Meniscal tear
Linear 2561 = logit

— Single-task baselines:
identical network with one head

FC 768-256

ReLU - Dropout 0.5

convl - layerl-2: frozen (BN eval)
layer3-4: fine-tuned
global avg-pool - 2048-d per slice

” ittal sii
sagittal IS Linear 2048256
I
S x 256 x 256 RelU - sagittal proj.

Max-pool

over slices - 256

Loss: mean over tasks of per-task BCE with pos_weight = neg/pos (training split). Batch = 1 exam; each plane has a variable number of slices S.

Figure 2 — MVMT-MRNet architecture. A shared ImageNet-pretrained ResNet50 (conv1, layerl
and layer2 frozen) extracts a 2048-dimensional vector from every slice; plane-specific projections
(2048 — 256, ReLU) and max-pooling over slices give one 256-dimensional vector per plane,
which are concatenated (768) and passed through a shared layer (768 — 256, ReLU, dropout 0.5)
feeding three binary heads. The single-task baselines use the same network with one head.

The three view vectors are concatenated (768) and passed through a shared
fully connected layer (768 — 256, ReLU, dropout 0.5), and three linear layers
(256 — 1) produce one logit per pathology. As baselines, three single-task models
(abnormality, ACL tear, meniscus tear) use the identical architecture and training
protocol with one classification head each.

The backbone is initialised with ImageNet-1K weights. To reduce GPU
memory and overfitting, the initial convolution, batch normalisation and the first
two residual stages (layerl and layer2) are frozen, with their batch normalisation
layers kept in evaluation mode; only layer3, layer4 and the projection, fusion and
classification layers are trained. The multi-task model has 25.28 M parameters
(23.83 M trainable); the three single-task baselines together contain about 75.8 M.

Each task is an independent binary classification problem, and the total loss is
the mean of the class-weighted binary cross-entropy losses of the three tasks:

L=(1/3) X tBCE w(y_t,y_ t), t€ {abn, acl, men},

BCE w¥ t,y t)y=—[w t-y t-logo(y t)+(1—y_t)- log(l —o(¥_t))]
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where ¥t is the predicted logit, y t € {0, 1} the ground-truth label for task t, ¢
the logistic sigmoid and w_t the positive-class weight, set to the ratio of negative
to positive examinations in the training subset (0.237 for abnormality, 4.424 for
ACL tear and 1.849 for meniscus tear). The tasks are weighted equally.

The model is optimised with Adam (learning rate 8x107°, weight decay
1x107°) under a cosine annealing schedule over at most 100 epochs, down to a
minimum of 8x1077 (Loshchilov & Hutter, 2017). Because slice counts vary, one
examination is processed per forward pass, and gradients are accumulated over
eight examinations per optimiser step, giving an effective batch of eight and 120
steps per epoch. Padding volumes to a common slice count was rejected, because
padded slices would enter the max-pooling over slices and could add spurious
evidence; accumulation gives the same averaging while leaving every volume as
acquired. The learning rate was scaled with the effective batch, from 1x107° at
one examination per update to 8x10° at eight. Automatic mixed precision (FP16
autocast with a GradScaler) reduced peak allocated GPU memory from 4,609 MB
to 2,597 MB (43.7%) and sped up training 1.76 times in a short benchmark. The
framework uses PyTorch 2.9.1 with CUDA 12.8 on a single NVIDIA GeForce
RTX 5060 Ti GPU (8 GB). The checkpoint with the highest validation mean AUC
is kept, and training stops when this value has not improved for 20 epochs, but not
before epoch 30.

Hyperparameters were selected by limited manual tuning, given the
computational budget of a single consumer GPU. The weight decay and the
single-examination learning rate of 1x10~° follow the MRNet settings of Belton
et al. (2021) and Dunnhofer et al. (2021); the augmentation ranges, dropout rate
and early-stopping patience were fixed in advance. A learning rate of 1x10™*
collapsed: with the class-weighted loss, the model became a constant predictor
within two epochs (training loss 0.766 against 0.765 for a constant output) and its
validation mean AUC never exceeded 0.61. Diagnostic runs showed that at this
rate the fraction of active projection ReL U units fell to 0-2% and the logits lost
their spread, whereas at 1x10° about three quarters stayed active. Because a larger
effective batch reduces gradient noise, the batch size and learning rate were chosen
together over the four configurations in Table 4, on the validation subset alone; the
test set played no part in any of these choices.
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Figure 3 — Cosine annealing learning rate of the multi-task run, defined over 100 epochs from 8 x
107° to 8 x 1077; early stopping ended training at epoch 30, when the rate had fallen to 6.47 x 107.

The selected checkpoint is evaluated once on the test set. For each task we
report the AUC-ROC and the mean AUC over the three tasks, with 95% confidence
intervals from a percentile bootstrap over examinations (2,000 resamples, seed 42).
Sensitivity and specificity are reported at the threshold that maximises Youden's
J statistic on the validation subset and at the default threshold of 0.5. The single-
task baselines use exactly the same splits, augmentation, loss, optimiser, schedule
and early-stopping rule. The comparison between the two designs is paired: the
same resampled examinations are drawn for both models and the AUC difference
is computed within each resample, so the intervals account for the correlation
between predictions made on the same examinations.

Results. AUC is used as the primary metric because it is threshold-independent
and robust to class imbalance, which matters given the 80.8% prevalence of the
abnormality label.

The multi-task model trained for 30 epochs in 70 minutes on a single RTX
5060 Ti (139 s per epoch, peak allocated memory 2,836 MB). Validation mean
AUC peaked at epoch 6 at 0.838 (0.834 for abnormality, 0.885 for ACL tear and
0.793 for meniscus tear) and never improved again, so early stopping ended the
run at epoch 30; the epoch-6 checkpoint was carried forward to the test set. The
curves show clear overfitting: training loss falls from 0.769 at epoch 1 to 0.500 at
epoch 6 and 0.091 at epoch 30, while validation loss is lowest (0.65) at epoch 2,
stands at 0.70 at the selected epoch, and peaks at 3.55 at epoch 26 before ending
at 2.24 (Figure 4).

Validation mean AUC is far more stable than the loss, staying between 0.64 and
0.84 and ending at 0.730. Per task (Figure 5, left), ACL tear stays between 0.71 and
0.89 and ends at 0.885, whereas abnormality and meniscus tear peak in the first six
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epochs and fall to 0.628 and 0.677 by epoch 30. Training mean AUC passes 0.92
by epoch 12 and reaches 0.980 (Figure 5, right), so the model memorises the 960
training examinations; early stopping on validation mean AUC keeps the selected
checkpoint useful on unseen examinations.

Training and validation loss

= Training
—— Validation
---- Selected epoch (6)

3.5 1

3.0 1

2.5 1

2.0

Loss (mean weighted BCE over tasks)

16
Epoch

12 20 24 28

Figure 4 — Mean class-weighted binary cross-entropy loss of the multi-task model on the training
and validation subsets over 30 epochs. The dashed line marks the selected epoch (6).

The epoch-6 multi-task checkpoint and the three single-task checkpoints were
each evaluated once on the 120 held-out examinations (Table 2, Figure 6). The
multi-task model reaches 0.844 for abnormality, 0.914 for ACL tear and 0.664 for
meniscus tear (mean 0.807); the single-task models reach 0.825, 0.944 and 0.790
(mean 0.853). Every confidence interval excludes 0.5, but the intervals are wide,
spanning up to 0.19 of AUC on a single task.

Table 2 — Held-out test-set AUC (120 examinations) of the multi-task and single-task models
with 95% percentile bootstrap confidence intervals (2,000 exam-level resamples), and the paired
difference between them

Task Multi-task AUC | Single-task AUC [95% | Difference, multi — single [95% CI]
[95% CI] CI]

Abnormality | 0.844 [0.752, 0.922] | 0.825[0.724, 0.914] +0.019 [-0.108, +0.150]
ACL tear | 0.914[0.857,0.959] | 0.944 [0.896, 0.978] —0.030 [-0.095, +0.032]
Meniscus | 0.664 [0.567, 0.757] | 0.790 [0.703, 0.868] —0.126 [-0.231, —0.020]

tear
Mean 0.807 [0.749, 0.860] | 0.853 [0.802, 0.897] —0.046 [-0.115, +0.015]

On the mean, the two designs are statistically indistinguishable: the paired

difference is —0.046 (95% CI —0.115 to +0.015). Per task, sharing the encoder
costs 0.126 of AUC on meniscus tear (—0.231 to —0.020), the only interval that
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excludes zero; it is nominally worse on ACL tear by 0.030 (—0.095 to +0.032) and
nominally better on abnormality by 0.019 (-=0.108 to +0.150). On the same 120
examinations, ELNet reports 0.941, 0.960 and 0.904 for abnormality, ACL tear
and meniscus tear (Tsai et al., 2020), MRPyrNet reports 0.976 for ACL tear and
0.889 for meniscus tear (Dunnhofer et al., 2021), and the only other single multi-
label model reports a mean of 0.828 (Azcona et al., 2020). Our single-task ACL
tear result of 0.944 is close to these, and the multi-task 0.914 is not far behind;
abnormality and especially meniscus tear detection remain clearly below them.
The AUCs of Bien et al. (2018) were measured on the hidden test set and are not
directly comparable.

Table 3 reports the sensitivity and specificity of the multi-task model at the
validation-derived Youden threshold and at 0.5. The validation thresholds are
0.288 for abnormality, 0.565 for ACL tear and 0.529 for meniscus tear. At these
thresholds the ACL head finds 46 of the 54 ACL tears at a specificity of 0.848, the
abnormality head finds 90 of the 95 abnormal examinations at a specificity of only
0.400, and meniscus tear detection reaches a sensitivity of 0.827 at a specificity
of 0.426.

Table 3 — Sensitivity and specificity of the multi-task model on the held-out test set, at the
threshold that maximises Youden's J statistic on the validation subset and at the default threshold of

0.5
Task Validation threshold | Sensitivity | Specificity | Sensitivity at 0.5 | Specificity at
0.5
Abnormality 0.288 0.947 0.400 0.884 0.560
ACL tear 0.565 0.852 0.848 0.907 0.818
Meniscus tear 0.529 0.827 0.426 0.827 0.382

The practical case for sharing is size and cost. The multi-task model holds
25,279,299 parameters (23,834,371 trainable); each single-task model holds
25,278,785, so the three together hold 75,836,355, and classifying one examination
requires three forward passes instead of one. Training took 70 minutes for the
multi-task model against 69, 129 and 69 minutes for the abnormality, ACL tear and
meniscus tear models, 267 minutes in total. The shared model therefore delivers
comparable mean accuracy at one third of the parameters and inference cost and
about a quarter of the training time, while giving up 0.126 of AUC on meniscus
tear.
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Figure 5 — Left: validation AUC per task and their mean for the multi-task run. Right: training
mean AUC (with augmentation and dropout active) against validation mean AUC. The dashed line
marks the selected epoch (6).

Held-out test set (official split, n = 120)

® Multi-task (one model) ® Single-task (one model per task)
1.0 A
® 0.944
= ® 0.914
O 0.9 A
N 1 T
4 0.853
9 ® 0.844 ® 0.
5 ® 0.825
i ® 0.807

S 08 ® 0.790
N
n
e
@]
2 0.7 9 I
<
(@) ® 0.664
(]
-4
@
K, 0.6

(0T T L T . chance

T T T T
Abnormality ACL tear Meniscal tear Mean

Figure 6 — Test-set AUC of the multi-task and single-task models on the 120 held-out
examinations, with 95% percentile bootstrap confidence intervals (2,000 exam-level resamples).

Effect of the effective batch size and the learning rate. Because a batch of
one examination gives noisy gradient estimates, we compared four configurations
of the multi-task model that differ only in the number of examinations averaged per
optimiser step and in the learning rate; everything else is identical. Table 4 gives
the validation mean AUC on which the choice was made and, for completeness,
the test results.
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Table 4 — Effect of the effective batch size and the learning rate on the multi-task model. The
protocol was chosen on the validation mean AUC; test AUCs (95% bootstrap confidence intervals)

are reported for completeness only. The third row is the final protocol.

Exams per |Learning| Best epoch/ | Validation | Test AUC (abn/ACL | Test mean AUC
update rate epochs run | mean AUC / men) [95% CI]
1 (previous | 1x10°° 15/35 0.768 0.775/0.914/0.645 | 0.778 [0.713, 0.836]
protocol)
8 1x10°° 5/30 0.751 0.700/0.754 / 0.600 | 0.685 [0.618, 0.745]
8 (final 8x107 6/30 0.838 0.844/0.914/0.664 | 0.807 [0.749, 0.860]
protocol)
1 (control) | 8x10° 4/30 0.628 0.702/0.435/0.616 | 0.584 [0.509, 0.659]

A larger effective batch helps only when the learning rate is scaled with it.
Averaging over eight examinations at 1x10~° makes matters worse (validation
mean AUC 0.751 against 0.768, test 0.685 against 0.778), because each epoch
now contains one eighth as many optimiser steps and the model is undertrained.
Raising the rate to 8x107° recovers those steps and improves on both runs, to 0.838
on validation and 0.807 on test. The same rate at one examination per update
diverges: validation mean AUC falls to 0.628 and test ACL tear AUC collapses
to 0.435, below chance — the same failure described in Methods for 1x107*. At a
batch of one the class-weighted objective tolerates 1x107° but not 8x107°, whereas
averaging over eight examinations makes 8x107° the best of the four. The choice
was made on the validation column of Table 4 alone.

Discussion. One shared model carries three knee MRI tasks at an average
accuracy that cannot be told apart from three separate models, but not at the same
accuracy on every task. The mean test AUCs are 0.807 and 0.853 (paired difference
—0.046,95% CI—0.115t0+0.015), while the shared model holds 25.3 M parameters
against 75.8 M and needs one forward pass instead of three. The cost appears per
task: meniscus tear detection loses 0.126 of AUC (—0.231 to —0.020), ACL tear
detection is nominally worse by 0.030 and abnormality detection nominally better
by 0.019. Parameter sharing redistributes accuracy across the tasks rather than
adding it.

The direction of these shifts follows from the labels. General abnormality
is the broadest, positive for any deviation from a normal knee, so most of the
evidence the other two heads need is evidence for it as well; a shared encoder has
little to lose on this task, the classic condition under which multi-task learning
helps (Caruana, 1997). A meniscus tear is the opposite case: often a subtle intra-
substance signal change confined to a few slices, with the least stereotyped
appearance of the three. A representation shaped largely by the broad abnormality
label and the more conspicuous ACL findings is a worse basis for it than one
trained on the meniscus label alone. ACL tears lie in between: localised findings
with a stereotyped appearance — fibre discontinuity, raised T2 signal, an altered
ligament slope — that both designs detect well. Both meniscus results remain
below the 0.904 of ELNet on the same examinations (Tsai et al., 2020), so

153



Academic Scientific Journal of Computer Science 3.2026

representing subtle meniscal change is a limitation of this architecture as a whole,
not only of sharing it.

Overfitting has been reduced rather than eliminated. Volume-level augmentation,
applied consistently to every slice of an examination, is used for all training
volumes; a systematic review of more than 300 medical imaging studies found
such geometric and intensity transformations effective across organs, modalities,
tasks and dataset sizes (Garcea et al., 2023). Together with early stopping, this
makes the selected checkpoint useful on unseen data (validation mean AUC 0.838,
test 0.807). Still, training mean AUC is 0.859 at the selected epoch and 0.980 by
epoch 30 while validation loss rises from epoch 3, and the larger effective batch
has if anything sharpened this pattern. Stronger regularisation and freezing the
backbone through layer3 remain untested.

The batching study (Table 4) shows how much of the earlier gap came from
optimisation rather than architecture. Changing only the effective batch size
and learning rate moved the multi-task test mean AUC from 0.778 to 0.807 and
single-task meniscus tear detection from 0.644 to 0.790. Gradient accumulation
thus answers the objection to a batch of one examination without the padding that
max-pooling over slices makes unattractive, and the batch size and learning rate
cannot be tuned independently here. What better optimisation does not remove
is the meniscus deficit under sharing, which is now larger and is the one per-task
difference that the confidence intervals resolve.

Class imbalance runs in opposite directions across tasks: the abnormality label
is positive for 80.8% of the training subset and the ACL label for only 18.4%.
The per-task positive weights (0.237, 4.424 and 1.849) show their effect mainly
in the operating points: with one examination per update the ACL head reached a
sensitivity of 0.870 only at a validation-chosen threshold of 0.027, whereas under
the final protocol the thresholds are 0.288, 0.565 and 0.529. The abnormality head
still buys a sensitivity of 0.947 at a specificity of only 0.400, so any deployment
would have to choose its thresholds explicitly. The weighting also interacts with
the learning rate, driving the network to a constant predictor at 1x10™* and ACL
tear detection below chance at 8x10° with one examination per update. Focal loss
(Lin et al., 2017) and post-hoc calibration are natural alternatives to test.

Several architectural alternatives merit investigation. Attention-weighted
slice aggregation, as explored for ACL tear detection on MRNet (Wang et al.,
2024), could down-weight uninformative slices instead of treating one maximally
activating slice as representative of the whole volume, a simplification that may be
costly for diffuse or multi-focal pathology. Task-specific rather than fully shared
fusion layers could retain a shared low-level representation while allowing task
specialisation, potentially recovering the meniscus tear accuracy lost under full
sharing. Transformer-based multi-view fusion is a further option once sufficient
pretraining is available (Azad et al., 2024).

This study has several limitations. First, no external cohort was used: all data
come from a single institution, so unlike the external validations of Tran et al.
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(2022) and Rizk et al. (2021), we have no evidence of transfer to other scanners and
protocols. Second, the official MRNet test set is withheld and was not evaluated,
so our results are not directly comparable with Bien et al. (2018). Third, each
configuration was trained once from a single seed; the paired bootstrap covers the
sampling of examinations but not run-to-run variance, so the per-task differences
and the ordering in Table 4 are indicative rather than established. Fourth, the protocol
was selected over only four configurations on 170 validation examinations, which
selects noisily. Fifth, the 120-examination test set gives wide intervals, about
+0.06 on the mean AUC and +0.10 on a single task. Sixth, overfitting has been
contained but not solved. Seventh, meniscus tear detection (0.664 shared, 0.790
single-task) is below published work on the same examinations and would have
to improve before any clinical use. Finally, multi-centre external validation with
reader studies, as performed for a multi-abnormality knee MRI model (Qiu et al.,
2024), and prospective evaluation would be necessary before clinical deployment.

Conclusion. We presented MVMT-MRNet, a multi-task, multi-view framework
that classifies three knee MRI pathologies with one ResNet50 backbone shared
across the axial, coronal and sagittal planes and across all tasks, trained with
gradients averaged over eight examinations per update. On the 120 held-out
examinations of the public MRNet validation set it reaches a mean AUC of 0.807
(95% CI10.749-0.860), with 0.844 for abnormality, 0.914 for ACL tear and 0.664
for meniscus tear. Three single-task models of the same architecture reach 0.853
(0.802—0.897), and the paired difference of —0.046 (—0.115 to +0.015) includes
zero. The shared model is thus statistically indistinguishable on average accuracy
while holding 25.3 M parameters instead of 75.8 M and needing one forward pass
instead of three, but it is significantly worse on meniscus tear detection (—0.126,
—0.231 to —0.020): parameter sharing redistributes accuracy rather than adding
it. A larger effective batch helps only when the learning rate is scaled with it, and
much of the gap observed with one examination per update was due to optimisation
rather than architecture. Abnormality and especially meniscus tear detection remain
below published results, and overfitting on 960 training examinations remains
the binding constraint. The code is publicly available to support reproducibility
(https://github.com/Amanekkkk/MRNet multihead).

More broadly, on small, high-dimensional medical imaging datasets, cross-task
sharing saves parameters but is not free on every task, and optimisation deserves at
least as much attention as architecture: changing only the effective batch size and
learning rate moved the results by more than sharing the encoder did.
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