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Abstract5

Dense prediction systems increasingly combine high-6

resolution convolutional features with semantically rich7

transformer tokens. Existing fusion modules usually treat8

every scale as equally trustworthy, even though corruption,9

motion blur, and domain shift affect scales differently. We10

introduce TriFuse, a reliability-guided fusion module that11

estimates token uncertainty before cross-scale aggregation.12

A lightweight reliability head predicts a spatial confidence13

field for each feature level; confidence-normalized gates14

then control both token selection and residual mixing.15

The design adds less than three percent computation to a16

standard hierarchical backbone and can be inserted into17

segmentation or depth-estimation decoders without chang-18

ing their losses. In an illustrative evaluation protocol19

spanning clean, corrupted, and cross-domain data, TriFuse20

improves mean intersection-over-union while reducing ex-21

pected calibration error. Controlled ablations isolate the22

effects of reliability supervision, confidence-aware token23

pruning, and scale-consistency regularization. The results24

motivate treating feature reliability as a first-class signal25

in multi-scale vision models.26

1 Introduction27

Dense visual prediction requires both fine spatial detail and28

broad semantic context. Convolutional feature pyramids29

preserve local structure, while vision transformers model30

long-range interactions [5, 3, 9]. Modern systems there-31

fore fuse representations from several resolutions before32

producing pixel-level outputs [8, 2]. This recipe performs33

strongly on in-distribution images, but its behavior under34

image corruption or domain shift is less predictable. A35

blurred boundary can make the highest-resolution stream36

unreliable, whereas small objects may disappear from a37

coarse semantic stream. Unconditional fusion propagates 38

whichever error happens to dominate. 39

This paper studies a simple question: can a model es- 40

timate which scale to trust at each spatial location before 41

fusing its tokens? We answer with TriFuse, the module 42

shown in figure 1. Rather than adding a separate uncer- 43

tainty model after decoding, TriFuse predicts reliability 44

directly from intermediate features. The reliability maps 45

determine a fixed-budget token subset and reweight the 46

residual contribution of each scale. A consistency objective 47

prevents the gates from becoming overconfident when two 48

augmented views disagree. 49

The approach has three useful properties. First, reliabil- 50

ity is local: the model may trust fine features along one 51

boundary and coarse features inside a large object. Second, 52

token pruning and feature mixing share the same signal, 53

so efficiency and calibration are optimized together. Third, 54

the module is task-agnostic and leaves the prediction head 55

unchanged. 56

Our main contributions are: 57

• a reliability-guided cross-scale fusion rule that assigns 58

spatially varying trust to hierarchical visual features; 59

• a confidence-aware pruning strategy with a strict token 60

budget and a differentiable training surrogate; and 61

• a reproducible evaluation protocol that reports task 62

accuracy, calibration, corruption robustness, and com- 63

putational cost together. 64

2 Related Work 65

Multi-scale dense prediction. Feature Pyramid Net- 66

works combine top-down semantic features with lateral 67

high-resolution features [8]. Transformer backbones ex- 68

tend this idea using hierarchical attention [9], while 69

mask-classification decoders attend to multi-scale features 70

through learned queries [2]. These methods learn how 71

to transform each scale, but do not explicitly represent 72

whether a feature is reliable for a particular pixel. TriFuse 73

augments the fusion operation rather than replacing the 74

encoder or prediction head. 75

Uncertainty and calibration. Neural networks can be 76

accurate but poorly calibrated [4]. Predictive uncertainty 77

often degrades under dataset shift [10], precisely when 78

a confidence signal would be most valuable. Prior work 79
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generally estimates uncertainty at the output. We instead80

use intermediate reliability to control computation and81

representation mixing, then evaluate the final predictions82

with expected calibration error (ECE).83

Efficient token processing. Dynamic token methods84

reduce transformer cost by pruning or merging redundant85

tokens [11, 1]. Their selection criteria primarily target86

classification utility or token similarity. Our selection score87

is tied to a cross-scale reliability estimate and is evaluated88

for dense outputs, where discarding a small uncertain89

region can disproportionately harm boundaries.90

Robust visual recognition. Corruption benchmarks91

reveal that models with similar clean accuracy may differ92

substantially under blur, noise, or weather artifacts [6].93

Large pretrained models such as SAM broaden transfer94

capabilities [7], but deployment still requires calibrated95

confidence. Our protocol separates clean accuracy, cor-96

ruption retention, and calibration instead of compressing97

them into one score.98

3 Method99

3.1 Problem Formulation100

Let a hierarchical encoder produce L feature maps101

{Xℓ}L
ℓ=1, where Xℓ ∈ RHℓ×Wℓ×Cℓ . Projection and bi-102

linear resampling map them to a common grid and width,103

F ℓ ∈ RH×W ×d. A conventional fusion block computes104

a weighted sum or concatenation with weights that are105

shared across positions. We seek a fused representation106

Z ∈ RH×W ×d whose scale weights vary with both the107

input and spatial location.108

3.2 Spatial Reliability Estimation109

For each level, a depthwise 3 × 3 convolution provides local110

context and a shared two-layer multilayer perceptron pre-111

dicts a logit aℓ
p at grid position p. Reliability is normalized112

across scales:113

rℓ
p =

exp(aℓ
p/T )∑L

j=1 exp(aj
p/T )

,

L∑
ℓ=1

rℓ
p = 1, (1)

where T > 0 is a learned temperature constrained to114

[0.1, 10]. The normalized form prevents every level from115

simultaneously declaring high confidence and makes the116

maps directly interpretable as relative trust.117

The initial fused token is118

z̄p =
L∑

ℓ=1
rℓ

pWℓf
ℓ
p, (2)

with learned projections Wℓ ∈ Rd×d. A residual gate119

preserves the reference-resolution feature f ref
p :120

zp = z̄p + σ
(
w⊤z̄p

)
f ref

p . (3)

3.3 Confidence-Aware Token Budget 121

Computing cross-scale attention for all HW positions is 122

wasteful in uniform, high-confidence regions. We define 123

ambiguity up = 1 − maxℓ rℓ
p and retain the K positions 124

with largest up +γep, where ep is the local feature-gradient 125

magnitude. The edge term protects thin structures whose 126

scale confidence may otherwise be sharp. Selected tokens 127

receive full cross-scale attention; unselected tokens use 128

equation (2). Thus, for L levels, attention cost decreases 129

from O(L(HW )2) to O(LK2), while dense residual mixing 130

remains linear. 131

The hard top-K operator is used during inference. Dur- 132

ing training we apply a straight-through estimator to 133

a temperature-controlled sigmoid around the Kth score. 134

The deployed token count is therefore deterministic and 135

does not depend on a threshold calibrated to a particular 136

dataset. 137

3.4 Training Objective 138

The task loss Ltask is the standard cross-entropy plus Dice 139

loss for segmentation, or scale-invariant log loss for depth. 140

Reliability is regularized using two augmented views x 141

and x′ whose geometric alignment is known. Let W warp 142

fields from x′ into the coordinates of x. We minimize the 143

symmetric consistency loss 144

Lcon = 1
2HW

∑
p,ℓ

(
rℓ

p − W(r′ℓ)p

)2
. (4)

To prevent premature one-hot gates, an entropy floor is 145

applied only during the first 20% of training. The complete 146

objective is 147

L = Ltask + λconLcon + λent max(0, h0 − H(r)). (5)

4 Experimental Protocol 148

4.1 Tasks and Metrics 149

The primary protocol uses semantic segmentation with 150

three complementary test conditions: a clean in-domain 151

split, a corruption suite covering noise, blur, weather, and 152

digital artifacts, and an unlabeled target-domain split. 153

We report mean intersection-over-union (mIoU), boundary 154

F-score (BF), ECE with 15 equal- width bins, through- 155

put, and parameter count. Corruption retention is the 156

mean corrupted mIoU divided by clean mIoU. A secondary 157

monocular-depth experiment reports absolute relative er- 158

ror to test whether the fusion module transfers beyond 159

semantic masks. 160

4.2 Implementation Details 161

All comparisons use the same four-stage hierarchical back- 162

bone, input size 512 × 512, decoder width d = 256, and 163

data augmentation. Models are optimized for 160k steps 164

using AdamW, a base learning rate of 6 × 10−5, weight 165

decay 0.05, linear warm-up for 1,500 steps, and polyno- 166

mial decay. Unless stated otherwise, K = 1024, γ = 0.25, 167

λcon = 0.2, and λent = 0.01. Throughput is measured 168
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TriFuse module
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Ŷ

Figure 1: Overview of TriFuse. Projected multi-scale features feed a shared reliability head. The resulting confidence
fields control token selection and residual scale mixing before an unchanged task decoder.

after 50 warm-up iterations with batch size one and mixed169

precision. Every result is the mean of three seeds; paired170

bootstrap intervals are used for the main comparison.171

4.3 Baselines172

We compare sum fusion, concatenation followed by a 1 × 1173

projection, feature-pyramid fusion [8], and a dense cross-174

scale attention block. All baselines match the encoder,175

decoder, training budget, and input resolution. This con-176

trol is essential: changing the pretrained backbone can177

produce a larger gain than the fusion mechanism itself.178

5 Results179

Accuracy and robustness. The illustrative results in180

table 1 show the intended analysis: dense cross-scale at-181

tention improves clean accuracy but carries a substantial182

throughput cost, whereas reliability-guided allocation re-183

covers most of that speed and improves corrupted per-184

formance. The larger gain under corruption is consistent185

with the motivating hypothesis that different scales fail in186

different regions. A valid study should report confidence187

intervals and test whether the robust gain remains after188

matching computational budgets.189

Calibration. The ECE column captures a distinct ef-190

fect from mIoU. Output temperature scaling can reduce191

ECE without changing predictions [4]; by contrast, Tri-192

Fuse changes the representation using confidence before193

decoding. A reliability diagram and negative log-likelihood194

should accompany ECE in a full evaluation because bin-195

based metrics can conceal class imbalance.196

Ablation. The structure of table 2 separates represen-197

tation quality from efficiency. Reliability-guided mixing198

supplies the largest accuracy gain. Token pruning restores199

throughput and slightly improves accuracy, suggesting a200

useful regularization effect. Consistency supervision pri-201

marily improves calibration. The final paper should addi-202

tionally sweep K, T , and λcon rather than selecting them203

on the test set.204

token budget K

mIoU

256 512 1024 2048

49

50

51

52

shaded band: illustrative
three-seed variation

Figure 2: Illustrative sensitivity to token budget. Per-
formance saturates as the budget grows, motivating the
default K = 1024.

6 Discussion and Limitations 205

TriFuse relies on relative confidence across scales. It can- 206

not recover evidence that is missing from every encoder 207

level, and a shared failure can still produce a sharp but 208

incorrect gate. The top-K rule also couples accuracy to 209

input resolution: a fixed budget covers a smaller fraction 210

of a larger image. Adaptive budgets may address this issue, 211

but would weaken deterministic latency. 212

The corruption protocol approximates only a narrow sub- 213

set of deployment shift. Geographic, demographic, sensor, 214

and annotation shifts require separate study. Calibration 215

should be measured per class and subgroup where legally 216

and ethically appropriate. Finally, efficiency claims depend 217

on the kernel and hardware; theoretical FLOPs do not re- 218

place wall-clock measurements on the target platform. 219

7 Conclusion 220

We presented TriFuse, a compact module that estimates 221

local scale reliability before multi-scale token fusion. One 222

confidence field controls both residual mixing and fixed- 223

budget token selection, connecting robustness and effi- 224

ciency in a single mechanism. The accompanying protocol 225

emphasizes clean accuracy, corruption retention, calibra- 226

tion, and measured throughput. The central lesson is 227

broader than this particular architecture: when representa- 228

tions fail in different ways, a fusion module should reason 229

about trust instead of assuming that every source is equally 230

dependable. 231
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Table 1: Illustrative main comparison. Higher is better for mIoU, BF, retention, and throughput; lower is better for
ECE. Values are placeholders for a reproducible manuscript example, not measured claims.

Method Clean mIoU ↑ BF ↑ Corrupt mIoU ↑ Retention ↑ ECE ↓ Images/s ↑ Params (M)

Sum fusion 48.6 61.2 34.1 70.2 8.7 31.8 46.1
Concatenation 49.1 61.8 34.8 70.9 8.2 29.7 47.6
Feature pyramid [8] 49.4 62.4 35.3 71.5 7.9 30.2 47.0
Dense cross-scale attention 50.3 63.1 36.0 71.6 7.5 21.4 50.8
TriFuse 51.2 64.5 38.2 74.6 5.3 28.9 48.2

Table 2: Illustrative ablation of TriFuse components. R:
reliability-guided mixing; P: token pruning; C: consistency
loss.

R P C mIoU ↑ ECE ↓ Images/s ↑

48.6 8.7 31.8
✓ 50.4 6.7 27.6
✓ ✓ 50.7 6.4 29.2
✓ ✓ ✓ 51.2 5.3 28.9
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A Reproducibility Checklist272

For a real submission, the following items should accom-273

pany the reported results:274

1. exact dataset versions, split hashes, preprocessing, and275

licenses;276

2. optimizer, schedule, seed list, augmentation ranges, and277

stopping rule;278

3. parameter counts, multiply–accumulate counts, hard-279

ware, software versions, precision, batch size, and timing280

protocol;281

4. per-seed results and confidence intervals, plus the sta-282

tistical test used for each central claim;283

5. qualitative successes and failures selected by a stated284

procedure; and285

6. source code for reliability visualization, metric compu-286

tation, and all table generation.287

B Additional Derivation288

When K < HW , the attention portion of the fusion block289

has the approximate complexity ratio290

ρ = LK2d

L(HW )2d
=

(
K

HW

)2
. (6)

This ratio excludes the linear reliability head, projections,291

memory traffic, and decoder. Consequently, it is an upper-292

level algorithmic comparison rather than a prediction293

of wall-clock speed. The gap between ρ and measured294

throughput should be discussed explicitly.295

C Suggested Qualitative Analysis296

A complete qualitative figure should show, for each exam-297

ple, the input image, ground truth, baseline prediction,298

TriFuse prediction, reliability maps for all scales, and the299

selected-token mask. Examples should cover blur, small300

objects, thin structures, and a shared failure across all301

scales. This presentation makes it possible to distinguish302

a useful reliability estimate from a confidence map that303

merely follows object boundaries.304
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