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Abstract

Why do gradient-based explanations struggle with Trans-
formers, and how can we improve them? We identify gradi-
ent flow imbalances in Transformers that violate FullGrad-
completeness, a critical property for attribution faithfulness
that CNNs naturally possess. To address this issue, we in-
troduce LibraGrad—a theoretically grounded post-hoc ap-
proach that corrects gradient imbalances through pruning
and scaling of backward paths, without changing the for-
ward pass or adding computational overhead. We evaluate
LibraGrad using three metric families: Faithfulness, which
quantifies prediction changes under perturbations of the
most and least relevant features;, Completeness Error, which
measures attribution conservation relative to model out-
puts; and Segmentation AP, which assesses alignment with
human perception. Extensive experiments across 8 archi-
tectures, 4 model sizes, and 5 datasets show that LibraGrad
universally enhances gradient-based methods, outperform-
ing existing white-box methods—including Transformer-
specific approaches—across all metrics. We demonstrate
superior qualitative results through two complementary
evaluations: precise text-prompted region highlighting on
CLIP models and accurate class discrimination between
co-occurring animals on ImageNet-finetuned models—two
settings on which existing methods often struggle. Libra-
Grad is effective even on the attention-free MLP-Mixer ar-
chitecture, indicating potential for extension to other mod-
ern architectures. Our code is freely available at https:
//nightmachinery.github.io/LibraGrad/.

1. Introduction

Understanding how deep learning models make decisions
is crucial for deploying them in critical applications such as
healthcare and autonomous driving. Input attribution meth-
ods, which quantify the influence of individual input fea-
tures on a model’s output[12, 48, 49, 67], help us under-
stand a model’s decision for a single input and also serve
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Figure 1. Qualitative comparison on EVA2-CLIP-Large. Our pro-
posed Libra FullGrad+ generates prompt-specific attribution maps
(top) and demonstrates improved localization compared to exist-
ing methods when explaining the model output for the “spoons
and forks” prompt (bottom). For more qualitative examples, see
Fig. 2 and Appendix C.

as building blocks for advanced explanation techniques like
CRAFT [31].



In the field of CNN interpretability, gradient-based at-
tribution techniques—particularly Integrated Gradients [78]
and FullGrad [76]—established a foundation for model
explanation. However, the architectural paradigm shift
brought about by Vision Transformers (ViTs) [25, 83] has
exposed limitations in these gradient-based methods, with
attention-based attribution methods sometimes achieving
more success. Hybrid methods, including GenAtt[16],
TokenTM [88], and AttCAT [62], attempt to bridge this
gap by integrating gradient and attention-based approaches.
Nonetheless, significant challenges persist: these meth-
ods lack theoretical foundations, struggle to distinguish be-
tween classes effectively, produce noisy attribution maps,
and often work only with specific model architectures (cf.
Appendix E.4).

In this work, we identify the root cause of the failure
of gradient-based methods: unbalanced gradient flow dur-
ing backpropagation leads to unfaithful attribution scores.
We demonstrate that while classical CNNs naturally pre-
serve proper gradient flow through their locally affine oper-
ations, several components in modern Transformers disrupt
this property.

Our solution, LibraGrad, takes a different approach: in-
stead of working around distorted gradients, it prevents
the distortion from occurring in the first place by theoret-
ically motivated pruning and scaling of backward paths,
leaving the forward pass untouched. Our comprehensive
experiments across 8 architectures, 4 model sizes, and 5
datasets show that this not only improves all gradient-
based attribution methods but also reveal that specialized
attention-gradient hybrids are unnecessary—once gradi-
ents flow properly, the general-purpose Libra FullGrad+
achieves superior or comparable performance. We also ex-
tend Integrated Gradients (IG) [78] and compose it with
other gradient-based methods, and compare the universal
improvement aspect of LibraGrad and IG, showing Libra-
Grad vastly outperforms IG. Furthermore, we theoretically
prove that this is to be expected.

2. Background and Related Work

Given a multi-output neural model, let f : R" — R be
a selected output function. For instance, if Model(z) =
(p1, ..., pr) represents class probabilities, we might choose
f(x) = p; to analyze the model’s prediction for the i-th
class. An attribution method A generates relevance scores
A(f)(x); for each feature x;.

2.1. Gradient-Based Attribution Methods

Input x Grad. IxG[4, 72, 73] assigns feature relevance
by IxG (f)(x) = = ® V;f(x), where ® denotes element-
wise multiplication.
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FullGrad. Expanding on Input x Grad, FullGrad [76] in-
cludes not only the input features but also the bias terms of
each layer in the neural network. The FullGrad attribution
map is calculated as:

L-1
FullGrad(f) (o) = IxG (f)(z0) + ) > IxG () (D)

1=0 beB,

where IxG (f)(zo) denotes the Input x Grad for the input
xo (the input to the first layer), and IxG (f3)(b) is the In-
put x Grad attribution map of the sub-network f;, with a
bias term b from layer [ as the input. Also, f; is the sub-
network of f starting from the bias term b and going un-
til the end of the model, whereas B; denotes the set of all
bias terms in layer /. FullGrad+ o PLUS (henceforth Full-
Grad+) [50] is defined as follows:

FullGrad+ (f)(zg) =
L-1 L-1
STIG(f) (@) + Y Y IxG (£,)(b)
1=0 =0 beB;

where IxG (f;)(x;) is the Input x Grad attribution map of
the sub-network f; with input z; (the input to the /th layer).
FullGrad+ aggregates the input attribution maps of each
layer along with the attribution maps of all bias terms in
each layer.

Integrated Gradients. 1G[78] computes attributions
w.r.t. a baseline input Z (e.g., zero):

IG (f)(z) = (z — ) @/:0 V. f(Z+ alz — z))da

In practice, we approximate the integral using a 50-step
Riemann summation.

2.2. Other Attribution Methods

In addition to the primary gradient-based methods
above, we apply LibraGrad to several other general-
purpose gradient methods, including HiResCAM [26],
GradCAM o PLUS (henceforth GradCAM+) [42, 50, 68],
and XGradCAM+ o PLUS (henceforth XGradCAM+) [33,
50]. We further apply it to hybrid attention-gradient ap-
proaches specifically designed for Transformer architec-
tures: GenAtt (also known as GAE) [16], TokenTM [88],
and AttCAT[62]. To ensure a comprehensive evalua-
tion, we also compare against attention-based attribution
methods RawAtt[15, 17, 35], Attention Rollout[1], and
DecompX-NoBias (henceforth DecompX) [53], as well as
Transformer-specific Layer-Wise Relevance Propagation
(LRP)-based [6] techniques Conservative-LRP (henceforth
AIliLRP) [3] and AttnLRP [2]. For a detailed overview of
related work, see Appendix E.



3. Method

Understanding how input features contribute to a model’s
output is the central goal of attribution methods. For attri-
butions to be faithful, they must accurately reflect the influ-
ence of each input feature on the output. This requires de-
composing model outputs into input and bias contributions,
formalized as:

Definition 1. A function f is FullGrad-complete (or FG-
complete) if, for all x € R™,

f@)=Juf -w+ Y Jof-bi

where J, f = % € R™*" is the Jacobian matrix of f with
respect to x, and Jp, f = % € R™*di gre the Jacobian ma-

trices of f with respect to the bias terms b;. (Cf. Proposition
6in [76].)

FG-completeness ensures that the sum of the attributions
equals the model’s output, leaving no unexplained residual.
This is a necessary condition for faithful interpretability, as
it guarantees that all factors influencing the output are ac-
counted for in the attribution scores, and no extraneous in-
fluence is attributed to the inputs. Throughout this paper,
we use the term “balanced gradient flow” interchangeably
with FG-completeness. In the following sections, we:

» Establish that classical neural architectures are FG-
complete, thereby explaining the historical success of
gradient-based attribution on these models (§3.1).

¢ Identify non-locally-affine layers in Transformers that
break FG-completeness (§3.2).

* Analyze how this causes gradient flow imbalance (§3.3).

* Develop theoretical solutions to restore balanced gradi-
ents, introducing LibraGrad (§3.4).

» Present practical implementations of LibraGrad for com-
mon Transformer components (§3.5).

» Explain the intuition behind a balanced gradient flow us-
ing a simple and concrete example (Appendix A.2).

Proofs of theorems and propositions are provided in Ap-
pendix A.3.

3.1. FG-Completeness of Classical Architectures

We begin by demonstrating that classical convolutional neu-
ral networks (CNNs) and multilayer perceptrons (MLPs)
satisfy FG-completeness, which explains why gradient-
based attribution methods are effective for these architec-
tures. First, we introduce the concept of a locally affine
function.

Definition 2. A function f : R" — R™ is locally affine
at a point xy € R” if there exists an open neighborhood
U C R”™ containing xg, a matrix W(xzg) € R™*", and a
vector b(zg) € R™ such that

fx) =W(zo)x + b(xo), VreU.
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Many activation functions used in neural networks, such
as ReLU, are piecewise linear and therefore locally affine
almost everywhere. Our next theorem shows that locally
affine functions satisfy FG-completeness.

Theorem 1. Any locally affine function at xo is FG-
complete in a neighborhood of xy.

Moreover, we can compose such functions and retain
FG-completeness:

Theorem 2. The composition of a finite number of FG-
complete functions is FG-complete.

Next, we show that FG-completeness is preserved under
addition. This property is relevant for neural networks with
residual connections, where the output of a layer is added to
its input.

Theorem 3. Let fi1, fo be FG-complete functions. Then
their sum f = f1 + fo is FG-complete.

We can now assert that classical neural network architec-
tures are FG-complete:

Corollary 1. Classical neural networks employ several

types of affine transformations f(x) = Wz + b:

1. Linear: W € R™*™ p ¢ R™

2. Convolutional: W with spatial weight-sharing, b broad-
cast per channel

3. Pooling: AveragePool, Global-Average-Pool (special
cases of Conv)

4. BatchNorm (eval): W = diag(y/o), b= 8 — py/o

5. LayerScale: W = diag(a), b=

Combined with piecewise-linear activations (Theorem 1)

and skip connections (Theorem 3), these networks are FG-

complete on R™\ S (Theorem 2), where S denotes the union

of boundaries between linear regions

3.2. Non-Locally-Affine Layers in Transformers

Despite the FG-completeness of classical architectures,
modern Transformer models introduce several non-locally-
affine operations that disrupt this property:

1. Gated Activations: Functions like GELU and SiLU
(Swish) [70] involve non-linear gating mechanisms.

2. Attention Mechanisms: Self-attention and cross-
attention layers perform weighted averaging based on
nonlinear attention scores.

3. Multiplicative Feature Fusions: Operations such as
self-gating (e.g., SWiGLU [70], MambaOut [92]) involve
element-wise multiplication of different feedforward
branches.

4. Normalizations: LayerNorm divides by the standard
deviation, introducing a division operation.



These operations involve multiplicative (of which divi-
sion is a special case) interactions and non-linear trans-
formations that break the linearity required for FG-
completeness, leading to imbalanced gradient flow and at-
tribution failures, as we will discuss in the next section.

3.3. Analysis of Gradient Flow Imbalance

We now analyze how each non-locally-affine operation af-
fects gradient flow. First, consider the element-wise multi-
plication of two FG-complete functions:

Proposition 1. Let f1, fo be FG-complete functions and let
f(z) = fi(z) © fa(x) be their element-wise product with
Jacobians:

Jacf = diag(fg(x)) : Jacfl +diag(f1(x)) ' JIfQ

Jo, | = diag(f2(x)) - Jo, f1 + diag(f1(x)) - Jo, f2
Then f is not FG-complete. Specifically:

Jof cx+ Y Jo f b = 2f(x)

So far, we’ve assumed both paths are FG-complete be-
fore multiplication. What happens when they’re not? While
each such case needs its own mathematical proof, multipli-
cation tends to exacerbate any existing gradient flow imbal-
ances rather than restore FG-completeness. Two key ex-
amples illustrate this: division (a non-linear multiplicative
operation), which we analyze next, and SiLU, which Propo-
sition 4 (in the Appendix) proves to lack FG-completeness.

Proposition 2. Let f1, fo be FG-complete functions with
fo non-zero. FullGrad vanishes to exactly zero on their
element-wise quotient f(x) = f1(z) @ fa(x).

Proposition 2 demanded FG-completeness of both
terms—a condition LayerNorm’s denominator fails to sat-
isfy. Nevertheless, as we show next, this does not spare
LayerNorm from vanishing FullGrad attributions.

Proposition 3. For the LayerNorm operation without affine
parameters:

Ti— [
LN(z); = ———,
(@)s 0% +¢
where i = £ S0 w and 0> = &S0 (on — ),

FullGrad approaches zero as € approaches zero:
lim J,LN -2 = 0.
e—0

3.4. LibraGrad: Theoretical Foundations

We now develop theoretical solutions to restore balanced
gradient flow.

Theorem 4. Let f1, fo be FG-complete functions. Then
their element-wise product f(x) = f1(z) © fa(z) is FG-
complete when its Jacobians are defined with scaling coef-
ficients a,b € R where a +b = 1:

Jof = aldiag(f2(x)) - Ju f1] + bldiag(f1(x)) - Ju fo]

Jo. | = aldiag(f2(2)) - Jo, 1] + bldiag(f1(x)) - Iy, f2]

The constraint a 4+ b = 1 naturally suggests dividing the
gradients of each branch by two, i.e., a = b = 0.5. We use
the previous theorem to correct the gradients of the Self-
Gating module (see Libra Self-Gating in §3.5) where two
FG-complete branches are multiplied together. However,
other nonlinear modules in Transformers have a nonlinear-
ity multiplied by an FG-complete branch. While the previ-
ous theorem cannot handle such modules, a specific choice
of a = 1, b = 0 (assuming b is the scaling factor of the
nonlinear branch) works effectively, as demonstrated in the
next theorem.

Theorem 5. Let f1, fo be arbitrary functions (not neces-

sarily FG-complete), and let f(x) = f1(x) ©® f2(x) be their

element-wise product. Consider f with scaled Jacobians as
defined in Theorem 4. Then:

1. When a = 0, yielding f(x) = [f1(2)]esr. © fa(x) where
[']cst. is the constant operator that zeroes gradients, f is
FG-complete if fo is FG-complete.

2. By symmetry, when b = 0, f is FG-complete if f is
FG-complete.

While the above theorem can be viewed as a special
case of Theorem 4, it deserves separate consideration. By
treating the nonlinear multiplicand as constant, we con-
struct a locally linear approximation of the original nonlin-
ear function that is exact for each particular input. In other
words, we create different locally linear approximations of
the model for each given input, and these approximations
are exact for those specific inputs. (Recall that locally linear
functions are FG-complete, per Theorem 1.) The theorem
above also extends to matrix multiplication, again reducing
to Theorem 1. §3.5 applies this theorem to make Attention,
LayerNorm, and Gated Activations FG-complete.

Our approach differs from conventional Taylor lineariza-
tion. A first-order Taylor expansion approximates a func-
tion f(x) around a point g as f(zo) + f'(x0)(z — x0),
where the constant term f(z¢) — f'(x0)x serves as an im-
plicit bias term. Gradient-based attribution methods typi-
cally ignore this bias term entirely, and distributing this bias
term’s attribution across input features presents a non-trivial
challenge. Our method circumvents this issue by construct-
ing locally-exact linear approximations without introducing
such bias terms.



Method Computation = Memory
Input x Grad o(1) O(y/Layers)

Integrated Gradients ~ O(Steps) O(y/Layers)
DecompX O(Tokens)  O(Tokens)

FullGrad+ 0(1) O(+/Layers)
Libra FullGrad+ o) O(y/Layers)

Table 1. Computational and memory complexities of attribution
methods relative to one forward pass [2, 21, 53, 76, 78].

Summary. When handling multiplicative interactions, we
face a choice: ideally, we can scale gradients if both paths
are FG-complete (Theorem 4), preserving information from
both paths, or—when one path lacks FG-completeness—we
can prune paths to restore FG-completeness by relying on
just one FG-complete path (Theorem 5).

Corollary 2. Division can be made FG-complete by treat-
ing it as element-wise multiplication with a gradient-pruned
non-linear reciprocal: f(x) = fi1(x) ® [1/ fa(x)]es. which
satisfies FG-completeness, by Theorem 5.

For division operations like those in LayerNorm, Corol-
lary 2 shows how treating the denominator as constant in
the backward pass restores proper gradient flow.

These theoretical results suggest a general principle: bal-
anced gradient flow can be achieved through strategic prun-
ing and scaling of backward paths, without modifying the
forward computation. Such pruning and scaling can be
achieved using the following two gradient manipulation op-
erators:

Constant Operator.
R™ satisfies:

The constant operator [-|ce. : R™ —

[y]csl. =Y, I [y}cst. =0

SwapBackward. The SwapBackward : (f,g) — h oper-
ator, where f, g, h : R — R™, is defined by:

h(zx) = f(x),

Jzh = Jgg

Further theoretical insights about these operators, their
computational complexity (unchanged compared to stan-
dard gradients, Table 1), and practical PyTorch implemen-
tations are available in Appendix A.1.

3.5. LibraGrad: Practical Implementation

Libra Neural Operations. We now define FG-complete
versions of common non-affine operations. Libra Attention,
Gated Activations, and LayerNorm use Theorem 5, while
Libra Self-Gating uses Theorem 4.
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Libra Attention. In attention mechanisms, we discard the
gradient of the nonlinear softmax.

Libra-Attention(Q, K, V') = [softmax(QK™)]es. - V

Libra Gated Activation. For gated activations like
GELU and SiLU, we discard the non-linear gate’s gradient.

Libra-GatedActivation(z) = = ® [NonLinearGate(z)]cs.

Libra LayerNorm. We discard the gradient of the nonlin-
ear denominator in LayerNorm. Note that the expectation
(u = E[z]) is linear.

T —p

Libra-LayerNorm(z) = ————
[V o2+ E]cst.

Libra Self-Gating. In self-gating operations like
SwiGLU, the input flows through dual parallel feedforward
paths (f1, f2) and reunifies via element-wise multiplication.
To balance the gradient flow between branches, we scale
each branch’s gradient by % (Theorem 4).

Libra-SelfGate(x) = SwapBackward(f1®f2, 3(f10.f2))(z)

Corollary 3. A Transformer architecture attains FG-
completeness when all non-linear components—specifically
its attention mechanisms, activation functions, self-gating
operations, and LayerNorms—are replaced with their Li-
bra counterparts.

Universal Improvement. While our theoretical discus-
sion focuses on achieving FG-completeness, empirical
results demonstrate that LibraGrad’s gradient balancing
mechanism universally enhances gradient-based attribution
methods.

4. Experiments

We evaluate LibraGrad through three complementary met-
rics: Faithfulness, Completeness Error, and Segmentation.
For statistical validity, we report standard deviation upper
bounds for empirical results. In tables, we denote the best
and second-best results in each column with bold and un-
derline formatting, respectively.

4.1. Experimental Setup

Our evaluation spans two dimensions:

e Architectures: Eight model families (ViT[25],
EVA2[28, 29, 77], BEiT2[7, 60], FlexiViT[l1],
SigLIP' [93], CLIP[63], DeiT3[81, 82], MLP-

I'SigLIP lacks a CLS token, making certain attention-based methods
inapplicable.
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Figure 2. Cross-method comparison of class discriminativity on ViT-B. Cf. Fig. | and Appendix C.

Mixer [80]),
finetuned variants.

* Model Sizes: All ViT variants: tiny (ViT-T), small (ViT-
S), base (ViT-B), and large (ViT-L).

using their largest’ ImageNet-1k[24]

Faithfulness Metrics. We evaluate various attribution
methods using faithfulness metrics, which quantify how ac-
curately the attribution scores reflect the importance of in-
put features in the model’s predictions. These widely used
metrics [13, 20, 32, 50, 53, 55, 88] measure changes in
model behavior as we progressively occlude input features
in different orders. Here, we report the Most-Influential-
First Deletion (MIF) metric with predicted labels and ac-
curacy measurement, which tracks performance degrada-
tion when occluding features by decreasing attribution im-
portance. Full details of this and related metrics (Least-
Influential-First Deletion, LIF and Symmetric Relevance
Gain, SRG) are provided in Appendix B.2, with compre-
hensive results on all metrics available in Appendix D.

We evaluate all architectures on the ImageNet[24]
dataset—the standard benchmark in the attribution litera-
ture [17, 50, 88, 90]. On ViT-B, we also experiment with
multiple other datasets: ImageNet-Hard [79], and follow-
ing [22], MURA (a medical X-ray dataset) [64] and Oxford-
IIIT Pet[59]. ImageNet-Hard is a challenging dataset
combining images from various existing ImageNet vari-
ants: ImageNet-V2 [65], ImageNet-Sketch [85], ImageNet-
C[36], ImageNet-R [37], ImageNet-Real [10], ImageNet-
A [38], and ObjectNet [8]. We randomly select 1000 images
from each dataset using a fixed seed.

Completeness Error. We use Completeness Error to ver-
ify theoretical guarantees and validate implementation cor-

2Huge for CLIP and DeiT3, large for others—except EVA2-S, chosen
due to hardware constraints with larger EVA2 variants’ input resolutions.
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rectness:

(1

CE(f,I,A) = Hf(x) - :

Lower CE values indicate better conservation of the model’s
output in the attribution scores. As this is just a sanity
check, we use only 100 random images from the ImageNet
dataset. See Appendix B.1 for further details.

Segmentation. For segmentation, following [50], we opt
for ImageNet-S [34], which encompasses 919 distinct
classes, using a random subset of 5000 images from the val-
idation set. Since segmentation masks provide ground truth
annotations of object boundaries, they serve as an objective
reference to evaluate how well feature attribution methods
identify the truly relevant image regions that contribute to
model predictions. See Appendix B.3 for further details.

FunnyBirds. We further assess FullGrad+ and its Libra
enhancement using FunnyBirds [39], a synthetic dataset ex-
plicitly developed, along with tailored metrics, to bench-
mark attribution methods. See Table 3.

4.2. Quantitative Results

Our evaluations demonstrate that LibraGrad universally en-
hances gradient-based attribution methods across all tested
models, architectures, and datasets (see Appendix D for
comprehensive results). Significant improvements are ob-
served in both faithfulness and segmentation metrics (Ta-
bles 6 and Appendix D.2.1), and Libra FullGrad achieves
optimal Completeness Error (Table 4). These enhance-
ments remain consistent across different model scales (Ap-
pendix D.3) and datasets (Table 2, Appendix D.4), and ex-
tend to the attention-free MLP-Mixer (Appendix D.5.1),
validating that gradient flow imbalance, not attention mech-
anisms, is the core issue.



ImageNet- Oxford-
Method ImageNet Hard MURA MIT Pet Avg.
Random 26.5 524 15.1 13.7 269
RawAtt 44.6 65.9 24.8 372 431
Attn. Rollout 354 62.2 21.5 212 351
AlLRP 333 64.1 19.2 19.0 339
AttnLRP 385 70.8 22.8 30.3  40.6
DecompX 37.8 67.7 21.6 225 374
Int. Gradients 354 66.6 23.8 20.7  36.6
Input x Grad 344 67.6 255 204 370
w/ Libra 38.6 68.8 21.6 235 381
AttCAT 46.9 82.3 31.1 37.3 494
w/ Libra 63.5 81.3 409 553 618
GenAtt 58.2 81.3 30.0 44.1 534
w/ Libra 61.6 82.8 30.1 46.5 552
TokenTM 56.8 79.3 28.0 44.0 520
w/ Libra 59.1 80.0 28.0 454 531
GradCAM+ 45.6 75.8 24.0 326 445
w/ Libra 61.4 83.4 34.7 47.8 56.8
HiResCAM 45.4 74.2 222 18.0 399
w/ Libra 56.7 79.7 30.1 394 515
XGradCAM+  38.6 72.1 23.7 332 419
w/ Libra 63.9 84.7 36.6 526 594
FullGrad+ 442 80.1 32.8 353 481
w/ Libra 63.1 87.6 43.2 573 628

Table 2. Cross-dataset analysis of Most-Influential-First Deletion
(MIF) Accuracy evaluated using predicted labels on ViT-B. All
standard deviations were bounded by 0.1 (omitted for brevity).

Method CSbC pC DC D BI SD TS

FullGrad+ 61.0 55.0 56.8 445 99.7 55.4 843
w/ Libra 92.7 91.4 90.2 91.1 99.7 69.4 97.1

Table 3. Evaluation of FullGrad+ and its Libra enhancement on
ViT-B using FunnyBirds [39] (metrics defined in their Table 1).
FullGrad+ is implemented without biases for this evaluation.

Integrated Gradients. We also extend IG[78] and com-
pose it with other gradient-based methods, and compare the
universal improvement aspect of LibraGrad and IG in Ap-
pendix D.1, showing that LibraGrad vastly outperforms IG.
Due to numerical instability, the practical approximation of
IG fails to meet its theoretical promise of completeness rel-
ative to the zero baseline (Table 4). Furthermore, we prove
that the numerical instability observed is theoretically un-
avoidable for a fixed-step approximation (Proposition 5 in
the Appendix).

General-Purpose Methods Are Enough. Once gradi-
ent flow is corrected, the general-purpose FullGrad+ out-
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performs Transformer-specific methods like GenAtt, To-
kenTM, and AttCAT across most metrics and models, with
only a few exceptions where its performance remains com-
petitive. This suggests that specialized architectures may
not require specialized attribution methods when gradient
flow is properly balanced.

Ablation Studies. Our ablation study (Table 5) reveals
three key insights: First, while gated activations theoret-
ically break FG-completeness (Proposition 4), their prac-
tical impact is minimal as they often operate in saturated
regimes. Second, LayerNorm’s theoretically predicted van-
ishing attribution problem is empirically confirmed as the
most significant factor. Finally, while bias terms are nec-
essary for theoretical completeness, their practical impact
is modest, suggesting that implementations can optionally
omit them without severe consequences.

4.3. Qualitative Analysis

We evaluate Libra FullGrad+ through two complementary
scenarios: (1) text-prompted region attribution using CLIP
models, demonstrating precise localization of prompted el-
ements in complex scenes (Fig. 1, Appendix C.1), and (2)
class discrimination on COCO [47] images, showing accu-
rate distinction between co-occurring animals (Fig. 2, Ap-
pendix C.2). Both reinforce our quantitative findings that
proper gradient flow enables general-purpose methods to
outperform specialized approaches. Detailed protocols are
in Appendix B.4.

5. Conclusion

We introduced LibraGrad, correcting gradient flow im-
balances via pruning and scaling backward paths. FG-
completeness, formalized here, ensures attributions decom-
pose outputs faithfully. We prove that while classical
CNNs were naturally FG-complete (explaining their histor-
ical success with gradient-based methods), several opera-
tions in modern Transformers break this property. We pro-
vide both theoretical proofs for restoring FG-completeness
and practical solutions that require no forward-pass mod-
ifications. Empirically, LibraGrad universally enhances
gradient-based attributions across architectures, model
sizes, and datasets, enabling general-purpose methods like
FullGrad+ to outperform Transformer-specific approaches.
This suggests that specialized architectures may not require
specialized attribution methods when gradient flow is prop-
erly balanced. Our qualitative results further validate this
insight. Future work can explore compositions with other
gradient-based methods, applications as a gradient regular-
izer, and extensions to emerging architectural innovations.



Method VITL| EVA2-S| BEiT2-L| FlexiViTL] SigLIP-L| CLIP-H| DeiT3-H|  Avg |

Input x Grad 13.6+0.3 89+ 02 9.0+ 0.1 7.1+0.1 93+ 0.1 13300  8.6+0.1 83+ 0.2
Integrated Gradients ~ 8.5+1.5 48+ 0.1 67+ 0.1 40204 51+ 02 82401  6.4%05 6.2+ 0.6
DecompX 113413 91124337 1992104 55405 24214287 167+0.8  7.7+0.6  199.1+17.2
AIiLRP 295441 1233.1+46.7 1394+ 62  7.8+03 69.0+ 88 154+14 181407 216.1+18.2
AttnLRP 11.0+0.5 22+ 02 382+ 21 4303 304+ 1.7 29+02  59+02  13.6+ 1.0
FullGrad 11407 95+ 05 118+ 05 19.8+0.6 67+ 04 73+07 10.6+03  11.0+ 05
Libra FullGrad 0.0+0.0 0.0+ 00 00+ 00 00200 0.0+ 0.0 0000 0000 0.0+ 0.0

Table 4. Completeness Error (lower is better) across models for attribution methods. CE for IG has been computed relative to the zero
baseline. Methods without a theoretical basis for completeness (e.g., Attention Rollout) are excluded, as their incompleteness is evident.

Method MIF Deletion (GT) MIF Deletion (Predicted) Segmentation
Accuracy AOPC Accuracy AOPC AP

Libra FullGrad+ 74.1 +0.1 455 +0.3 71.7 0.1 50.5 +0.2 79.4 +0.3
No Att. 68.0 0.1 ( ) 40.8+£0.3( ) 65.2+0.1( ) 45.5+0.2¢( ) 722 +0.3( )
No LN 55.3 0.1 ( ) 30.0+0.3( ) 49.9+0.1( ) 333202( ) 72.1+0.3( )
No Att. & LN 63.6 0.1 ( ) 36.6+0.2( ) 61.2+0.1¢( ) 41.1+0.2( ) 66.2+0.3( )
No Act. 74.0 +0.1 ( ) 454 +0.3( ) 71.6+0.1( ) 50.4+0.2¢( ) 79.3+0.3( )
No Gate 69.8 0.1 ( ) 41904 ( ) 67.0+0.1( ) 46.7+£0.3( ) 71.1£0.3( )
No Bias 73.9 £0.1 ( ) 45303 ( ) 71.5+0.1¢( ) 50.3+0.2( ) 79.2+0.3( )

Normal FullGrad+  50.9 +0.1 ( ) 25.7+0.2( ) 48.0+0.1¢( ) 30.0+0.2¢( ) 51.5+0.3( )

Table 5. Ablation study on the EVA2-S model showing the impact of removing individual components from LibraGrad. Abbreviations
used: Att. (Attention), LN (LayerNorm), Act. (Gated Activation Functions), Gate (SwiGLU Self-Gating).

Method ViT-L EVA2-S BEiT2-L FlexiViT-L SigLIP-L CLIP-H DeiT3-H Avg.

Random 29.5+0.1 21.2+0.1 18.3+0.1 19.2+0.1 32.8+0.1 28.0+0.1 29.0+0.1 25.4+0.1
RawAitt 39.1+0.1 50.8 +0.1 29.5+0.1 41.7+0.1 - 42.5+0.1 52.0+0.1 42.6+0.1
Attention Rollout 31.4+0.1 41.1+0.1 19.7+0.1 23.2+0.1 - 41.3+0.1 31.2+0.1 31.3+0.1
AlLRP 33.2+0.1 48.0+0.1 26.2+0.1 24.9+0.1 55.4+0.1 34.4+0.1 56.3+0.1 39.8+0.1
AttnLRP 41.8+0.1 63.5+0.1 37.7+0.1 21.8+0.1 62.2+0.1 46.7+0.1 40.7 +0.1 44.9+0.1
DecompX 38.9+0.1 46.8 +0.1 31.7+0.1 35.5+0.1 51.1+0.1 42.4+0.1 47.2+0.1 42.0+0.1
Integrated Gradients 35.9+0.1 34.8+0.1 23.2+0.1 22.3+0.1 44.0+0.1 31.0+0.1 33.2+0.1 32.1+0.1
Input x Grad 33.9+0.1 32.3+0.1 21.8+0.1 19.9 +0.1 40.8+0.1 31.4+0.1 35.1+0.1 30.7 +0.1
Libra Input x Grad 40.5+0.1 64.1+0.1 33.0+0.1 36.4+0.1 51.1+0.1 43.1+0.1 47.7+0.1 45.1+0.1
AttCAT 44.8 +0.1 54.1+0.1 33.9+0.1 41.9+0.1 45.9+0.1 39.0+0.1 44.0+0.1 43.4+0.1
Libra AttCAT 61.3+0.1 69.5+0.1 48.9+0.1 58.4+0.1 77.4+0.1 58.5+0.1 70.5+0.1 63.5+0.1
GenAtt 51.8+0.1 40.7+0.1 30.8 0.1 53.0+0.1 - 51.0+0.1 64.6 +0.1 48.7+0.1
Libra GenAtt 55.4+0.1 42.1+0.1 32.9+0.1 54.1+0.1 - 58.1+0.1 66.5+0.1 51.5+0.1
TokenTM 50.0+0.1 44.7+0.1 39.6+0.1 49.3+0.1 - 51.9+0.1 63.3+0.1 49.8 +0.1
Libra TokenTM 52.5+0.1 46.0+0.1 38.3+0.1 51.0+0.1 - 57.4+0.1 65.2+0.1 51.7+0.1
GradCAM+ 48.6 +0.1 47.1+0.1 33.4+0.1 28.7+0.1 43.5+0.1 33.0+0.1 44.5+0.1 39.8 +0.1
Libra GradCAM+ 56.5+0.1 67.0+0.1 37.5+0.1 33.7+0.1 47.4+0.1 36.2+0.1 48.7+0.1 46.7+0.1
HiResCAM 25.7+0.1 59.1+0.1 35.8+0.1 23.8+0.1 31.4+0.1 37.6+0.1 25.8 +0.1 34.2+0.1
Libra HiResCAM 49.0+0.1 62.6+0.1 37.2+0.1 56.5+0.1 46.1+0.1 48.9+0.1 53.8+0.1 50.6 +0.1
XGradCAM+ 45.9+0.1 50.2+0.1 30.6 +0.1 26.6+0.1 51.4+0.1 39.4+0.1 45.1+0.1 41.3+0.1
Libra XGradCAM+ 58.8+0.1 69.3+0.1 45.6+0.1 44.3+0.1 63.6+0.1 57.7+0.1 66.1+0.1 57.9+0.1
FullGrad+ 45.1+0.1 48.0+0.1 29.0+0.1 38.9+0.1 43.6+0.1 37.6+0.1 41.9+0.1 40.6+0.1
Libra FullGrad+ 62.4+0.1 71.7+0.1 50.0+0.1 59.1+0.1 73.5+0.1 61.1+0.1 71.5+0.1 64.2+0.1

Table 6. Most-Influential-First Deletion (MIF) Accuracy evaluated using predicted labels across multiple models.
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